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1

Introduction

Equity smart beta and factor investing has become a highly discussed and debated 
topic within the industry over the last few years. Indeed, investor surveys consistently 
highlight not only the increasing popularity but also adoption of smart beta invest-
ing. As an example, in the FTSE Russell 2018 Global Survey Findings from Asset 
Owners, which surveyed asset owners representing an estimated $3.5 trillion in assets 
across North America, Europe, Asia Pacific, and other regions, 77% of asset owners 
responded that they have already implemented, are currently evaluating implementa-
tion, or plan to evaluate smart beta strategies in the near future. The survey also found 
that smart beta adoption rates increased from 26% in 2015 to 48% in 2018. More 
interestingly perhaps, while FTSE Russell surveys in previous years showed a signifi-
cantly higher adoption rate for large asset owners with more than $10 billion in as-
sets, in this most recent survey, the adoption rates were more evenly distributed across 
small (39%), medium (43%), and large (56%) asset owners. In terms of adopted 
smart beta strategies, multifactor offerings showed the highest adoption rate (49%), 
followed by single factor low volatility (35%) and value strategies (28%). The growth 
in the adoption rate of multifactor offerings, most likely driven by a better under-
standing of the diversification benefits offered by a combination of lowly correlated 
equity common factors, appears to come at the expense of other smart beta strategies 
that have concentrated exposures to certain factors, such as fundamentally weighted 
strategies, which have seen adoption rates decline from 41% in 2014 to 19% in 2018.

In our opinion, smart beta is an important innovation in the field of investments, 
and its growing adoption across the industry is driven by many considerations. First, 
in our experience, many public and private pension plans have a 6% to 8% return re-
quirement from their investment portfolio (actuarial rate of return) in order to meet 
their expected liabilities. In a low expected return environment, such return targets 
may become difficult to achieve without significantly increasing the allocation to 
equities. At the same time, some asset owners also have a desire to lower the volatility 
of the overall investment portfolio as well as the volatility in funding contributions 
and earnings, while retaining the equity allocation. Asset owners, therefore, appear to 
be confronted with conflicting objectives: (1) improve portfolio returns, but without 
increasing the equity allocation and/or (2) reduce portfolio volatility, but without 
lowering the allocation to equities. Smart beta investing may provide potential solu-
tions to meet these goals. Certain smart beta offerings, such as multifactor strategies, 
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2� Introduction

offer the potential to improve expected returns, while keeping portfolio volatility at 
a level similar to that of the market. Certain other smart beta offerings, such as low-
volatility strategies, provide the potential to lower overall portfolio risk, while seeking 
to generate market-like returns. As such, smart beta investing may allow investors to 
meet the objectives of return enhancement and/or risk reduction, without meaning-
fully altering the equity allocation.

Second, the introduction of smart beta investing, alongside active management, 
offers the potential to significantly improve the diversification benefits in a portfolio. 
Indeed, in combining smart beta with true alpha, investors can introduce multiple 
layers of diversification, which drive important efficiency gains (i.e. higher relative 
risk adjusted returns) in the overall portfolio.

Third, in our interactions with large asset owners, we find that, as the portfolio size 
grows, it may become progressively more difficult for these asset owners to find ad-
ditional skilled active managers and/or increase the allocations to the best performing 
managers, as manager concentration may lead to capacity and/or manager risk con-
straints. Such asset owners are confronted with the problem of delivering a reasonable 
alpha on a large and growing asset base. In our experience, these asset owners have 
tended to look at certain smart beta strategies, mainly low tracking error multifactor 
offerings, as transparent and systematic strategies capable of delivering alpha (excess 
returns relative to the market portfolio) with high capacity and cost-efficiency.

Fourth, from an investment process point of view, the increasing popularity of 
smart beta investing can also be attributed to the fact that it seeks to combine the 
most attractive features of both active and index investing. Smart beta offerings often 
seek to capture the same sources of excess returns (i.e. factors) that active managers 
commonly emphasize, and that have depicted persistent market outperformance. But 
unlike active management, these sources of excess returns are now delivered in index-
like approaches, which aim to mitigate investment process and transparency risks and 
provide meaningful implementation cost and management fee savings.

Fifth, as product structurers have more or less exhausted offerings based on cap-
italization-weighted indexes, their focus has shifted to smart beta indexes and as-
sociated products. According to Morningstar Research (2017), “A Global Guide to 
Strategic-Beta Exchange-Traded Products,” strategic-beta (Morningstar's terminol-
ogy for smart beta) exchange-traded products (ETPs) were introduced in the United 
States in May 2000. As of June 2017, strategic-beta ETPs had grown to 1,320, with 
aggregate assets under management of US$707 billion worldwide. In fact, the rate of 
growth in strategic-beta ETPs and associated assets has accelerated in the recent past. 
For instance, from June 2016 to June 2017, strategic-beta ETPs recorded an increase 
in inflows of 28.3%.

Moving forward, based on our discussions and experiences with clients, we expect 
growth in smart beta investing to continue. For retail investors, structured smart 
beta products, priced significantly below traditional active and close to traditional 
passive, in our opinion, are likely to attract the majority of allocations. For institu-
tional investors, although the starting allocations to smart beta are small, we expect 
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Introduction� 3

a typical equity portfolio structure to comprise 50% capitalization-weighted passive, 
25% smart beta, and 25% active in the long run. At the same time, we also note that 
many investors have not yet adopted smart beta investing. According to various sur-
veys, such as the FTSE Russell 2018 Global Survey, the need for better education on 
topics such as how to approach and position smart beta, how to analyze and conduct 
due diligence, on the large number of smart beta offerings, and how to determine the 
best strategy or combination of strategies for a given portfolio structure, remains the 
most important barrier for investors to implement smart beta investing.

The need for continued investor education provides the motivation for this book. 
Our hope is that investment practitioners will find the content of this book relevant 
and useful in understanding the theoretical underpinnings of smart beta investing, 
analyzing and selecting appropriate smart beta strategies that meet their specific ob-
jectives, structuring more efficient portfolios by incorporating smart beta with true 
alpha, and, perhaps most importantly, gaining insights from other practitioners who 
have successfully implemented smart beta investing in their portfolios.

Overview of Book Chapters

In Chapter 1, we start by reviewing the evolution of the equity smart beta space as 
well as some desired characteristics of smart beta offerings. This review of the evolu-
tion of smart beta investing provides useful insights in understanding the definition 
and current composition of the smart beta space.

Since smart beta has over time become closely aligned with factor investing, in 
Chapters 2 and 3 we provide an overview of equity common factors and factor invest-
ing. Chapter 2 briefly reviews the origins and theory of factor investing. We also ad-
dress topics such as why investors should care about equity factors and which specific 
factors have become the focus of various smart beta offerings. Chapter 3 focuses on 
explaining smart beta factor return premia. We discuss the risk-based, behavioral, and 
structural explanations for why factor premia exist, why they have persisted histori-
cally, and why they can be expected to persist going forward.

The wide variety of smart beta products available in the marketplace can some-
times be overwhelming for investors, who often struggle with how to analyze and 
select such products. Differences in smart beta offerings can arise from many sources, 
such as factor specifications, weighting schemes, and methodologies used to control 
turnover, diversification, or capacity. The various considerations involved in captur-
ing smart beta factors and selecting smart beta strategies are discussed in Chapters 
4, 5, and 6. In Chapter 4, we propose a simple framework for understanding some 
of the various weighting schemes employed to capture smart beta factor returns. We 
also analyze the efficiency in factor capture achieved by these weighting schemes. In 
Chapter 5, we discuss some of the various factor signal specifications that are com-
monly used in the design of smart beta products. In addition to the choice of the 
weighting scheme, factor signal specifications can also drive differences among the 
various smart beta offerings. And in Chapter 6, we analyze a large number of publicly 
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4� Introduction

available smart beta strategies, using the factor portfolios we construct in Chapter 4. 
Although our focus is on smart beta strategies, we also use these factor portfolios to 
conduct a risk decomposition of certain active strategies. The analysis conducted in 
this chapter provides useful insights in understanding the drivers of performance for 
smart beta and active strategies as well as assessing the efficiency of factor capture or 
the existence of manager skill more generally.

In Chapters 7, 8, and 9, our focus shifts to understanding the performance char-
acteristics of smart beta factor strategies. We start by analyzing the historical perfor-
mance of individual smart beta factor portfolios in Chapter 7. We discuss perfor-
mance across three regions, namely, US, Developed Markets ex. US, and Emerging 
Markets. We adjust performance for implementation costs in order to make historical 
simulations potentially more representative of “live” implementation. This chapter 
seeks to provide insights into how factors differ in terms of their total and relative 
risk and return attributes as well as their performance in different market regimes. 
In Chapter 8, we move from individual factors to factor diversification strategies. 
We discuss the attractive correlation attributes of smart beta factors and show how 
combining factors results in improved relative risk-adjusted performance, while also 
potentially mitigating market underperformance risk. It is often said that diversifi-
cation is the only free lunch in finance. Multifactor smart beta strategies may well 
represent an example of the significant benefits that can be achieved through diversi-
fication. In Chapter 9, Roger Clarke, Harindra de Silva, and Steven Thorley provide 
an insightful discussion relating to low-volatility investing. The authors review (1) 
the historical performance of the low volatility factor and explanations advanced to 
explain it, (2) whether the anomaly is driven by systematic or idiosyncratic risk, (3) 
the characteristics of the low volatility factor, such as correlation with other factors, 
and (4) techniques commonly used for building low volatility portfolios.

With regard to smart beta implementation and portfolio structuring, Chapter 
10 analyzes various potential challenges that investors face in designing multistrat-
egy, multimanager portfolios. These challenges partially arise from current portfolio 
structuring practices, which, in our opinion, do not provide adequate guidance on 
how to implement efficient style and manager diversification. Therefore, we propose 
an alternative portfolio structuring framework that seeks to improve on current prac-
tices by facilitating the building of potentially more efficient overall portfolio struc-
tures that incorporate smart beta strategies alongside active management.

Investors have an increasing desire to reflect environmental, social, and gover-
nance (ESG) values and perspectives in their overall equity portfolios. In Chapter 
11, we propose a framework for incorporating ESG factors as well as combining 
ESG factors with smart beta factor investing. The framework emphasizes customiza-
tion and transparency in performance attribution, while maintaining some degree of 
benchmark-awareness.

Chapter 12 provides an example of the application of factor investing beyond 
equities. In this chapter, Oliver Bunn outlines a factor-based approach to identify-
ing the systematic risk exposures taken by hedge funds. These economically intuitive 
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Introduction� 5

factors based on academic research are well-defined, liquid, and can be implemented 
at relatively low cost. A portfolio of these systematic factors can provide investors 
with access to a hedge fund-like return profile.

The remainder of the book chapters comprise contributions from practitioners 
who have successfully implemented or are considering implementing smart beta in-
vesting in their equity portfolios. Asset owner perspectives are provided in Chapters 
13 through 15. The implementation of smart beta at California Public Employees' 
Retirement System (CalPERS) is discussed by Steve Carden in Chapter 13. The evo-
lution of the smart beta program at CalPERS constitutes an interesting case study 
because it closely mirrors the evolution of smart beta investing in the industry, in 
general, from an alternative beta strategy to multifactor investing. In 2006, CalP-
ERS adopted fundamental indexation as a mean-reversion strategy that could poten-
tially address the perceived shortcomings of a trend-following market capitalization-
weighted portfolio. As fundamental indexation was implemented and monitored 
over the next four or five years, an understanding was gained that the excess returns 
of this strategy were driven by a high exposure to the value factor. This exposed the 
portfolio to the significant cyclicality of value returns. As a result, over time, the focus 
shifted toward diversifying the value exposure with other factors, such as momentum, 
quality, and low volatility, which have a low or negative correlation with value but 
independently deliver positive excess returns in the long run. CalPERS was also an 
early adopter of a hybrid implementation model, which combines active and index 
management for implementing systematic smart beta and factor strategies. In this 
model, external strategies are sourced from smart beta managers as a custom in-
dex through a licensing agreement and replicated in-house by CalPERS. The hybrid 
implementation model has resulted in meaningful trading cost and management fee 
savings for CalPERS. In the next case study in Chapter 14, Hans de Ruiter discusses 
the design and implementation of a smart beta program at the Pensionfund TNO. 
Historically, TNO had allocated to equities in a passive fashion using traditional 
index funds. The advent of smart beta offerings provided an opportunity to include 
additional sources of excess returns in order to potentially improve the risk-adjusted 
performance of the portfolio. As such, Pensionfund TNO approached smart beta as a 
form of enhanced indexing that would allow the fund to partially transition the port-
folio from a single-beta to a multiple-beta passive strategy. In considering smart beta, 
Pensionfund TNO laid out the important questions that needed addressing, such 
as: Which smart beta factors to focus on and why? Which smart beta strategies to 
consider if mitigating short-term market underperformance risk is an important ob-
jective? How to address persistence of smart beta factor premiums at a practical level? 
How to construct multifactor smart beta strategies? How to assess and mitigate the 
impact of implementation costs? And which benchmark to use for the implemented 
smart beta strategies? This case study provides useful insights into how Pensionfund 
TNO addressed these questions. Another early adopter of smart beta factor investing 
is the Barclays Bank UK Retirement Fund (BUKRF). In Chapter 15, Ilian Dimitrov 
explains how smart beta over the years has contributed meaningfully to improve the 
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risk-adjusted returns of the overall equity allocation. Initially, at BUKRF, smart beta 
was used for portfolio completion and exposure management purposes with the goal 
of achieving a diversified and balanced exposure to certain targeted factors. In recent 
years, the use of smart beta has broadened to include strategies that capture a specific 
risk premium at low cost as well as multifactor strategies that serve as an alternative 
to active management in highly efficient segments of global equity markets. This case 
study also discusses the various challenges faced by BUKRF in the implementation 
of their smart beta program, the criteria used in selecting appropriate smart beta 
strategies, the process used to determine an allocation to smart beta, and the various 
considerations relating to governance, monitoring, and performance benchmarking 
of smart beta strategies.

Chapters 16 and 17 provide investment consultants’ perspectives on smart beta. 
Although some investment consultants have not formed a formal, public view on 
smart beta investing, others, such as Willis Towers Watson (WTW), have been early 
advocates of such strategies. In Chapter 16, James Price and Phil Tindall from WTW 
discuss smart beta from an asset owner's perspective. The authors argue that smart 
beta has resulted in a meaningful change in the investment landscape for asset owners 
as it shifts the emphasis from manager selection to investment strategy selection and, 
hence, requires a different set of skills. Smart beta requires increased up-front gover-
nance, which also means that asset owners need to form beliefs regarding smart beta, 
distinguish between absolute and relative return worlds, and avoid short-termism in 
strategy evaluation and monitoring. In this new world, asset owners also face some 
challenges, such as potential crowding of smart beta factors and timing allocations 
to strategies, which they will need to address. In the US, Wilshire Consulting have 
also been one of the early advocates of smart beta investing. In Chapter 17, Andrew 
Junkin, Steven Foresti, and Michael Rush discuss the perspectives of Wilshire Con-
sulting with regard to smart beta. They argue that investors consider adopting smart 
beta as a replacement for or complement to active management, as smart beta cap-
tures many of the systematic sources of returns that active managers also implement, 
but does so in a systematic, transparent, and less expensive manner. Smart beta may 
also be appropriate as a replacement for traditional passive for those investors who are 
looking to improve risk-adjusted returns of their portfolios but wish to achieve that at 
a reasonable cost. In the end, Wilshire Consulting believes that smart beta strategies 
potentially represent an effective solution for those asset owners wrestling with the 
current low expected return environment.

Chapters 18 and 19 focus on the potential motivations for retail investors to con-
sider smart beta investing. In Chapter 18, Lisa Huang and Petter Kolm at Fidelity 
Investments and Betterment, respectively, lay out the case for retail advisors to offer 
a complete smart beta solution to their clients. Supported by academic evidence and 
declining costs of implementation via exchange traded products, the authors argue 
that smart beta strategies represent an interesting vehicle for building more efficient 
and cost-effective portfolios in the retail space. In Chapter 19, Jerry Chafkin from 
AssetMark addresses the potential positioning of smart beta with retail investors. In 
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his opinion, smart beta is a disciplined and systematic approach to alpha generation, 
which facilitates the basic objective of active management, but with greater reliability 
and transparency. Smart beta is a compelling proposition for retail investors because 
it combines the advantages of both passive (low-cost, disciplined, and transparent) 
and active (potential for market outperformance) investing. One of the most im-
portant appeals of smart beta investing is that as systematic strategies they help both 
investors and managers set appropriate expectations and maintain discipline during 
difficult times. This potentially significantly improves the ability to achieve investor 
objectives in the long run.

Finally, Chapters 20 and 21 provide some concluding remarks, including address-
ing some skepticisms regarding smart beta investing.
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Chapter 1
Evolution and  
Composition of  

the Equity Smart  
Beta Space

This chapter reviews the evolution of the equity smart beta space as well as some 
desired characteristics of smart beta offerings. This review of the evolution of smart 
beta investing provides useful insights in understanding the definition and current 
composition of the smart beta space.

Chapter Summary

•• The origins of smart beta investing can potentially be traced back to research in-
vestigating the shortcomings of the capitalization-weighted market indexes. These 
efforts and the identified shortcomings led researchers to investigate alternative 
non-capitalization-weighted methodologies, such as equal-weighting, minimum 
variance, and fundamental weighting.

•• Empirical analysis of products based on these alternative weighting methodologies 
depicted higher risk-adjusted returns (Sharpe ratios) compared to the market index, 
thereby suggesting that the capitalization-weighted market index may not be as  
efficient as theory (the Capital Asset Pricing Model, or CAPM) would suggest.

•• These products were initially referred to as alternative equity betas in the academic 
literature. Today, the term “smart beta” is commonly used in reference to such 
strategies.

•• Risk decomposition analyses of alternative equity beta strategies revealed that these 
strategies derive much of their market outperformance through high exposures to 
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equity common factors, such as size, low volatility, or value, which have been well 
documented in the academic literature over several decades.

•• As such, in our experience, investor focus shifted to capturing the equity com-
mon factors more directly and/or in a more customizable benchmark-aware 
implementation (an active beta perspective), which does not require replacing the 
capitalization-weighted market index as the policy benchmark (an alternative beta 
perspective).

•• The composition of the smart beta space, therefore, evolved from alternative equity 
beta strategies to a combination of alternative beta and various factor offerings.

•• The risk decomposition of alternative equity beta strategies also shows that, at least 
in terms of investment outcome, smart beta can be defined as mostly factor invest-
ing, as the continued success of alternative equity beta strategies critically depends 
on the persistence of various factor premia.

•• Factor investing is not new both from a passive as well as an active implementa-
tion perspective. What is new with regard to smart beta strategies, however, is a 
value-adding repackaging of factor investing. Smart beta strategies create a hybrid 
solution that retains the attractive features of both passive and active management. 
Such strategies offer characteristics that emphasize efficiency, transparency, low 
turnover, improved diversification and capacity, and low fees.

I.  Introduction

When asked about smart beta, William Sharpe’s response was that the term makes 
him “definitionally sick.”1 Indeed, in the CAPM, Sharpe (1964) and others (Treynor 
(1961), Lintner (1965), and Mossin (1966)) provided a definition of the terms “beta” 
and “alpha.” Beta is the sensitivity (regression coefficient) of an asset to the capital-
ization-weighted market portfolio (the factor). A stock with a beta of one behaves 
just like the market. A stock with a beta above (below) one is more (less) risky than 
the market. Alpha is the return in excess of the beta-adjusted market return. Today, 
however, practitioners commonly use the term beta to refer to the market portfolio 
or some other benchmark index. That is, for practitioners beta refers to the factor 
itself, rather than the exposure to the factor. A beta capture typically means a passive 
approach, which seeks to replicate the performance of the factor or benchmark index. 
Returns in excess of the benchmark are referred to as “alpha,” based on the (implicit) 
assumption that the portfolio has a beta of one to the benchmark index.2 But, what 
are practitioners referring to with regard to smart beta investing?

The definition and composition of the equity smart beta space is a source of confu-
sion in the industry. Smart beta goes by many names, such as alternative beta, system-
atic beta, advanced beta, exotic beta, beta prime, or active beta, and many investment 

1 Authers (2014).
2 This interpretation of the terms alpha and beta may be viewed by academics as a misuse of 
how these terms have been defined in the literature.
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strategies with seemingly quite different characteristics are lumped into the smart beta 
category. At the outset, smart beta strategies were designed to address the potential 
shortcomings of capitalization-weighted market indexes and, as such, were positioned 
as a more efficient non-capitalization-weighted alternative. Over time, however, the 
term smart beta has become closely linked with factor investing. A review of the 
evolution of smart beta investing provides useful background and insights into the 
changing perspectives and the current composition of the smart beta space.

II. E volution of Equity Smart Beta

A.  Benefits of Capitalization Weighting

The CAPM (further detailed in the next chapter) demonstrates that under some sim-
plifying assumptions the capitalization-weighted market portfolio is the most efficient 
portfolio on the efficient frontier, on an ex ante basis. In other words, the capitaliza-
tion-weighted market portfolio is mean-variance optimal. Under the assumption of 
market efficiency, investors cannot do better than this portfolio. The CAPM clearly 
provided the theoretical motivation for the creation of capitalization-weighted equity 
market indexes and their widespread use in performance benchmarking and port-
folio implementation. For investors, capitalization-weighted equity market indexes 
also offer other practical benefits, such as high capacity, high liquidity, low turnover, 
easy replicability, and low fees. It is no surprise, then, that capitalization-weighted 
equity market indexes have gained tremendous popularity with investors. Given the 
widespread use of such indexes around the globe, a reasonable question is whether 
such indexes are as efficient as theory (CAPM) would suggest. Therefore, analyzing 
the potential shortcomings of capitalization weighting became an important topic of 
research within the industry.3

B.  Potential Drawbacks of Capitalization Weighting

Criticisms of capitalization weighting tend to center on three areas: concentration, 
volatility, and propensity to invest in expensive stocks.

At the individual stock level, concentration refers to a few companies having a 
large weight in the index, which exposes investors to significant stock-specific risk.4 

3 In the following section, we discuss the shortcomings of capitalization weighting. Another 
separate argument, first raised by Mayers (1976), is whether the equity market portfolio itself 
is a reasonable proxy for the ex ante mean-variance efficient CAPM market portfolio, which 
includes all marketable assets, such as equities, bonds, commodities, and real estate, as well as 
nonmarketable assets, such as human capital. Indeed, Stambaugh (1982) reported improved 
results for CAPM tests when the market portfolio included nonequity asset classes.
4 In theory, stock-specific risk is not rewarded because it can be diversified away. Only the 
market risk is rewarded.
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In many countries, in fact, just a handful of names may account for a large propor-
tion of the weight of the market index. At the end of 2017, as an example, the three 
largest Belgian companies trading on Euronext Brussels had an aggregate market 
capitalization larger than that of the remaining 130 companies combined. Capital-
ization-weighted market indexes can also become heavily concentrated in individ-
ual industries/sectors (e.g. the technology sector in the S&P 500 Index during the 
technology bubble) or even countries (e.g. Japan in the MSCI EAFE Index in the 
mid- to late 1980s).

Another potential drawback of capitalization weighting is that it may expose pas-
sive investors to high levels of volatility. Higher volatility may be caused by the noisy 
nature of market prices as well as the interaction between the speculative behavior of 
investors and concentration. For instance, overenthusiasm of investors may lead to 
overpricing in individual stocks and/or industries. Rising prices for these stocks and/
or industries increases their capitalization and weights in the market index, thus caus-
ing concentration. Concentration, in turn, may force passive investors, who closely 
replicate the market indexes, to hold more of the overpriced stocks and/or industries. 
As mispricing eventually corrects, investors experience significant volatility and suffer 
significant losses by virtue of being overly concentrated in the most overpriced stocks 
and/or industries of the market. The formation of bubbles, and their subsequent 
bursting, may imply that investors replicating the capitalization-weighted market in-
dexes end up taking more risk than would otherwise be needed to capture the equity 
risk premium. One well-known example of such dynamics is the price-to-earnings 
(PE) ratio as well as the weight of technology stocks in the S&P 500 Index during 
the technology bubble. Between 1998 and 2000, as the overenthusiasm of investors 
led to the doubling of valuation ratios for technology stocks, their weight in the S&P 
500 Index increased from 13% in 1998 to more than 30% at the start of 2000. As 
the technology bubble burst, the valuations and weight of technology stocks shrunk 
considerably, causing passive investors to experience significant portfolio volatility 
and losses.

Arnott et al. (2005) identified the performance drag as another potential draw-
back of capitalization-weighted market portfolios. Under the assumption that market 
prices tend to revert to underlying fundamental values, capitalization weighting tends 
to overweight overvalued stocks and underweight undervalued stocks, thus introduc-
ing a potential performance drag as the mispricing inevitably corrects. The perfor-
mance drag may be another reason why the capitalization-weighted market portfolio 
may not be optimal.

C. Suggested Solutions

To address the concentration issue, weighting schemes that provide more diversifica-
tion were explored. These efforts led to the development of equal-weighted indexes, 
capped indexes (which limit the weight of individual stocks at a certain level, such as 
5% or 10%), diversity indexes (e.g. Fernholz (1998)) and maximum diversification 
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indexes (e.g. Choueifaty and Coignard (2008)). Empirically, these portfolios were 
shown to outperform capitalization-weighted market indexes, on a risk-adjusted ba-
sis, thereby suggesting that concentration risk is not rewarded over time and makes 
capitalization-weighted indexes less efficient than those employing weighting schemes 
that realize more diversification. In relation to the higher volatility of capitalization-
weighted market portfolios, Haugen and Baker (1991) investigated the characteristics 
of the minimum-variance portfolio on the efficient frontier for US stocks and found 
that such portfolios realized approximately 25% total risk reduction compared to the 
market portfolio, without sacrificing returns. Clarke et al. (2006) corroborated these 
results. With significant total risk reduction and market-like returns, minimum-
variance portfolios realized much higher risk-adjusted returns (Sharpe ratio) relative 
to the market. On an empirical basis, minimum-variance portfolios, as well as other 
low-risk strategies, such as risk-weighting, provided another challenge to the notion 
that the capitalization-weighted market portfolio is mean-variance optimal. With  
regard to the potential performance drag embedded in capitalization weighting,  
Arnott et al. (2005) showed that portfolios weighted by fundamental variables of size, 
such as sales or cash flows, as opposed to market capitalization, outperformed the 
market by about 2% per annum at similar levels of risk.5

Figure 1.1 summarizes the challenges posed by capitalization weighting and some 
of the solutions that have been proposed to address them.

The non-capitalization-weighted strategies mentioned earlier, along with some 
others, such as EDHEC’s Risk Efficient Index (Amenc et al. 2010), were positioned 
by their providers as an alternative for the less-efficient capitalization-weighted mar-
ket portfolio. As such, these strategies were initially referred to as “alternative equity 
betas” (AEB) or simply “alternative betas.” Over time, however, the term “smart beta” 
became more commonly used.

With the emergence of AEB, another important question arose: What explains 
the outperformance of these strategies compared to the capitalization-weighted 
market indexes?

D. Risk Decomposition of Alternative Equity Betas

The outperformance of AEB seemed to challenge the basic conclusions of the CAPM, 
but they weren’t the only strategies to do so. Over multiple decades, the academic 
literature has also documented a number of “factors,” or common characteristics of 
companies that were shown to explain relative risk and return differences for stocks 
much better than CAPM beta. For instance, Fama and French (1992) provided evi-
dence that size and value explained the cross-section of average returns better than 

5 As pointed out by Arnott et al. (2005), fundamental weighting as a portfolio construction 
approach has been pursued by many investment managers, such as Goldman Sachs Asset 
Management, Global Wealth Allocation, Barclays Global Investors, and Paul Wood, at various 
points in time, some going back to the early 1990s.
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market beta. Given the extensive evidence on the existence and performance of cer-
tain factors, a reasonable area of enquiry was to investigate whether the market out-
performance of AEB could also be explained by these factors.

To answer this question, researchers conducted a risk decomposition analysis of 
various AEB. Typically, this analysis entails analyzing the exposures and efficiency 
of a strategy against the Fama-French 3-factor model (1992), which comprises of 
the market, size, and value factors, or the Carhart 4-factor model (1997), which 
also includes momentum. These analyses revealed that the market outperformance of 
various analyzed AEB strategies was explained by high and significant exposure to the 
considered factors, with no meaningful alpha being generated by the analyzed strate-
gies against the 3-factor and 4-factor models (e.g. Chow et al. 2011). As an example, 
equal-weighted, diversity, and maximum diversification indexes outperformed the 
market because they had a high exposure to size (small cap). Minimum-variance and 
risk-weighted portfolios outperformed because they had a high exposure to low-beta, 
low-volatility stocks. And fundamentally weighted portfolios outperformed because 
they had a high exposure to value.

Although AEB strategies analyzed by Chow et al. (2011) as a group gener-
ated no meaningful alpha relative to the 3-factor and 4-factor models, another 
important topic to address was whether these strategies at least provided a higher 
efficiency capture of factor returns compared to the existing size and style indexes 
offered by index providers. Capitalization-weighted size (large/mid/small) and style 

• Equal-weighting, diversity-weighting,
  maximum diversification, etc.

Concentration

May result from a few stocks,
industries, and/or countries
having a large weight in the

market index

Higher Volatility

May result from the noisy nature of
market prices and the interaction

of speculative behavior of
investors and concentration

• Fundamental weighting, value-weighted,
  etc.

• Minimum variance, risk-weighted, etc.

Performance Drag

May result from systematic
overweighting of overvalued
stocks and underweighting of

undervalued stocks

Figure 1.1  Drawbacks of Capitalization Weighting and Suggested Solutions
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(value/growth) indexes constitute the first attempt at capturing equity common 
factors in an indexing framework. Chow et al. (2011) showed that AEB, in gen-
eral, represented an improvement over the existing capitalization-weighted size and 
style indexes as they delivered higher efficiency in factor capture. Specifically, in 
a risk decomposition analysis against the Fama-French 3-factor model, AEB did  
not generate negative alphas, while capitalization-weighted size and style factor 
indexes did.

If AEB derive their market outperformance through exposures to well-known  
equity common factors, then why wouldn’t investors capture these factors more 
directly through methodologies that deliver higher efficiency compared to capitaliza-
tion-weighted size and style indexes and more flexibility compared to AEB?

E. R enewed Focus on Factor Investing: Potential Advantages of 
Factor Offerings

In recent years, in our experience, investor focus has clearly shifted toward new factor 
products that seek to deliver the following additional value-adding features compared 
to capitalization-weighted size and style indexes as well as AEB.

a.  Enhanced Efficiency in Factor Capture

Compared to the existing capitalization-weighted size and style indexes, many new 
factor offerings seek to deliver higher efficiency in factor capture through the use of non-
capitalization-weighted methodologies. These include capitalization-scaled weighting, 
signal weighting, optimized, and other weighting schemes that seek higher levels of effi-
ciency in factor capture. The improved efficiency may be demonstrated either in the form 
of higher risk-adjusted returns or, perhaps more appropriately, in the form of statistically 
significant factor-adjusted alphas.6

b.  Customizable Benchmark-Aware Portfolio Construction

The alternative beta implementation perspective adopted by most AEB, which may 
involve replacing the capitalization-weighted policy benchmark, poses some chal-
lenges for certain investors. Some investors may not consider capitalization weighting 
as inefficient but may believe in the existence of extra-market factor premia. Other 
investors may find replacing the capitalization-weighted policy benchmark difficult 
for various implementation and governance reasons, even when they have reason-
able doubts about the efficiency of capitalization-weighted equity benchmarks. Such 
investors generally would prefer to implement desired factor tilts in a benchmark-
aware fashion, which does not require a respecification of the policy benchmark. 
Benchmark-aware means that investors can implement specific factor tilts relative to 

6 We review these weighting schemes and their investment efficiency in more detail in Chapter 4 
and Chapter 6.
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their existing policy benchmarks, whether they are commonly used capitalization-
weighted benchmarks or client-specific custom benchmarks, and at desired levels of 
tracking error relative to the policy benchmark. We refer to such implementations as 
an “active beta,” as opposed to an alternative beta, perspective. As such, benchmark-
aware factor strategies offer a much higher degree of “customization” and potential 
risk control compared to most AEB. The main features of alternative beta and active 
beta perspectives are summarized in Figure 1.2.

Most AEB either are not conditioned on or derived from commonly used bench-
marks and/or do not provide the ability to target specific levels of tracking error 
relative to client-selected policy benchmarks. AEB may be used in an active beta 
implementation, but they are not ideal solutions. For example, the FTSE RAFI 1000 
index (a fundamentally weighted index) tends to have an average long-term tracking 
error of about 4% to the Russell 1000 Index (e.g. Arnott et al. 2005). So, it could 
be implemented as a 4% tracking error active value strategy relative to the Russell 
1000 Index. However, the FTSE RAFI 1000 Index is not conditioned on the Russell 
1000 Index. Its starting universe is determined from a ranking based on fundamen-
tal variables of size as opposed to market capitalization. As such, the FTSE RAFI 
1000 Index has a different set of constituents than the Russell 1000 Index, which 
raises potential benchmark mis-fit issues for investors using the Russell 1000 Index 
as the policy benchmark for US Large Cap. Furthermore, the tracking error of the 
FTSE RAFI 1000 Index to the Russell 1000 Index is not explicitly targeted. It is a 
by-product of the methodology used and turned out to be an average of about 4% 
in the long run.

c. Factor Diversification

In our experience, the benefits of factor diversification are also now well-understood 
by investors. Individual factors depict tremendous cyclicality in returns (e.g. value 
can go in and out of favor), which exposes investors to pronounced and prolonged 

Figure 1.2  Implementation Perspectives
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periods of market underperformance. At the same time, factors also depict low or 
negative pair-wise active return (return in excess of the benchmark) correlation, 
which tends to deliver significant gains from diversification. As a result, factor di-
versification strategies tend to dominate individual factors, as documented by many 
studies (e.g. Asness et al. 2009, Hjalmarsson 2009, and Ghayur et al. 2013). That is, 
they generate higher relative risk-adjusted returns (IR), while potentially significantly 
mitigating market underperformance risk. Although AEB deliver exposure to multi-
ple common factors, they are not explicitly designed for implementing balanced fac-
tor diversification strategies. Most AEBS tend to have concentrated factor exposures. 
As an illustration, RAFI has a much higher exposure to value than to other factors 
(e.g. Chow et al. 2011), while minimum-variance portfolios are composed primarily 
of low-volatility, low-beta stocks (e.g. Clarke et al. 2011).

As a result of the above considerations, we believe investor interest in recent years 
has shifted toward more efficient, customizable, and benchmark-aware single factor 
and factor diversification strategies. Smart beta has become closely linked with factor 
investing, and factor offerings now form an important component of the smart beta 
landscape, in addition to the various AEB.

Figure 1.3 depicts the timeline relating to the launch of some of the smart beta 
offerings.

III. D esired Characteristics of Smart  
Beta Strategies

If smart beta has become closely linked with factor investing, then what is new about 
smart beta? After all, factor investing has been implemented both from passive and 
active perspectives for a long time. Capitalization-weighted size and style indexes 
were introduced in 1989, and active managers, for decades, have attempted to beat 
the market by gaining exposure to equity common factors.

From the perspective of the source of excess return (i.e. factors), there may not 
be anything new in smart beta factor investing. From the perspective of how these 
excess return sources are captured and delivered, smart beta is creating a value-add-
ing repackaging of factor investing. Smart beta factor strategies are a hybrid solution 
that seeks to harness the attractive features of both passive and active management 
in capturing factor returns. Compared to traditional capitalization-weighted size and 
style indexes, smart beta offerings deliver a more efficient exposure to factors through 
alternative weighting schemes, and in many cases in a benchmark-aware, tracking 
error-targeted fashion. Compared to traditional active management, smart beta factor 
strategies differ in terms of product design, product structure, and product delivery. 
From the perspective of product design, smart beta strategies tend to focus on factors 
and factor specifications that have been researched, scrutinized, and vetted in the aca-
demic literature over multiple decades. These factors, also known as rewarded factors, 
have been shown to retain statistical significance in multiple testing approaches that 
account for the problems associated with data mining and have been demonstrably 
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linked with persistence on an out-of-sample basis.7 In terms of product structure, 
smart beta investment processes tend to be characterized by simplicity and transpar-
ency, such that the sources of risk and return embedded in the investment process are 
well understood by investors. Smart beta offerings seek portfolio construction and 
implementation methodologies that are rules-based and incorporate additional fea-
tures designed to mitigate turnover and improve diversification and capacity. Finally, 
in terms of product delivery, smart beta strategies are offered at lower fees than tradi-
tional active management and seek to provide implementation flexibility to investors. 
Implementation flexibility means that the strategies are offered either in fully managed 
separate accounts or in various forms of index-like licensing arrangements.

IV.  Composition and Definition of Equity  
Smart Beta

In our opinion, equity smart beta could be defined in terms of investment objectives 
and desired characteristics of smart beta offerings. In terms of investment objectives, eq-
uity smart beta strategies seek to (1) address the potential shortcomings of capitalization 
weighting through alternative weighting methodologies, and/or (2) gain efficient expo-
sure to well-documented and rewarded equity common factors.8 Therefore, the smart 
beta space comprises two types of offerings: AEB and factor investing. Additionally, 
smart beta offerings would tend to emphasize characteristics, such as transparency, low 
turnover, high diversification and capacity, implementation flexibility, and lower fees.

V. T ypical Investor Questions

1.1 D oes Smart Beta Imply That the Capitalization-Weighted 
Market Index Is Dumb?

The smart beta terminology lends to the implication that capitalization-weighted 
market indexes are dumb, and some smart beta product providers have encouraged 
such implications. This is, of course, quite unreasonable. Smart beta products may 
provide improved investment efficiency, but capitalization-weighted market index-
es remain the highest-capacity, highest-investability, lowest turnover, and cheapest 
option to capture the equity market return. That is why many practitioners, such as 
the consultant Willis Towers Watson, refer to the market beta as “bulk beta.” Decades 
of academic research and practical experience of investors have provided support to 
the argument that minimizing implementation costs is an intelligent way of maxi-
mizing after-cost returns in the long run. There is nothing dumb about bulk beta and 
capitalization-weighted market indexes.

7 We discuss the issues relating to multiple testing and persistence as well as the concept of 
rewarded factors in more detail in the next chapter.
8 We discuss these factors in the next chapter.
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1.2 Should Smart Beta Be Defined More Narrowly?

Some product providers have attempted to provide narrower definitions of smart 
beta arguing that the term needs a more precise meaning. As an example, Arnott 
and Kose (2014) write that “the way the term is bandied about, without regard for 
meaning, is a disservice to investors.” So, they proceed to define what smart beta 
means to them: “A category of valuation-indifferent strategies that consciously and 
deliberately break the link between the price of an asset and its weight in the port-
folio, seeking to earn excess returns over the cap-weighted benchmark by no longer 
weighting assets proportional to their popularity, while retaining most of the posi-
tive attributes of passive indexing.” According to this particular definition, many 
perfectly reasonable smart beta products, such as those conditioned on a capitaliza-
tion-sorted or weighted starting universe or price-based factors, such as size, value, 
or momentum, would not be viewed as smart beta. Limiting the smart beta space 
to valuation-indifferent strategies is, of course, not a fair depiction of the various 
offerings that the vast majority of industry participants would view as reasonably 
comprising the smart beta space.

1.3  Is Smart Beta Just Factor Investing?

On the one hand, since the market outperformance of AEB is largely explained by 
exposures to equity common factors, it would be reasonable to argue that smart beta 
is just about factor investing. On the other hand, it may be argued that investors have 
different investment objectives and/or philosophical beliefs, which may lead them to 
invest in AEB rather than seek direct exposure to well-recognized factors. In other 
words, non-capitalization-weighted alternatives (AEB) directly address the potential 
shortcomings of capitalization weighting, which may be a different investment objec-
tive than gaining an explicit exposure to certain common factors.

For example, an investor may not view market capitalization as an appropriate 
measure of economic size and may prefer a fundamentally weighted approach. This 
investment philosophy and objective may be quite different from another investor 
who philosophically believes in the existence and persistence of the value premium 
and, accordingly, seeks a direct and more pure capture of value. However, to the  
extent that the market outperformance of a fundamentally weighted portfolio is 
largely explained by value, the investment proposition for fundamental indexation 
becomes very closely linked with value investing. That is, to believe in the persistence 
of the investment performance of a fundamental index, one also has to believe in the 
persistence of the value premium.

Similarly, an investor concerned with the concentration inherent in capitaliza-
tion weighting may consider an alternatively weighted solution, such as an equal-
weighted or diversity-weighted index. Again, in such cases, even though the investor 
is not seeking a direct capture of size, the investment outcome is critically linked to 
the persistence of the size (small cap) premium.
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Finally, consider the case of the minimum variance portfolio. According to  
finance theory, such a portfolio will have a lower risk than the market portfolio, but 
also lower returns. In risk-adjusted terms, the minimum variance portfolio is not 
expected to have a higher Sharpe ratio than the market. But in empirical studies (e.g. 
Haugen and Baker 1991) and in live experience (e.g. MSCI Minimum Volatility  
Indexes) it does, because this portfolio realizes market-like returns with lower risk. 
This disconnect between theory and practice is due to the low volatility premium. 
That is, the low volatility anomaly. As such, the investment proposition for mini-
mum variance and other low-risk strategies is directly related to the persistence of the 
low volatility premium.

From an investment outcome perspective, therefore, a reasonable case can be 
made that smart beta is mostly about factor investing. However, from an imple-
mentation perspective, it is also true that explaining ex post performance is not 
equivalent to exactly replicating ex ante performance. That is, even though the  
ex post performance of AEB is explained by common factors (i.e. average expo-
sures), it is quite difficult to design factor strategies that can fully replicate their ex 
ante performance. This is because AEB methodologies may result in time-varying 
factor exposures as well as some element of factor timing. As a consequence, factor 
strategies may be able to closely approximate, but not exactly replicate, the perfor-
mance of AEB. This may lead investors to consider various AEB in the implementa-
tion of a smart beta program.

1.4  Is Smart Beta Active or Passive?

There is considerable debate in the industry as to whether smart beta strategies 
are active or passive. Some of the confusion in this debate stems from the fact  
that investors use the terms active and passive from different perspectives and 
meanings. We address these various perspectives below in the hope of clarifying 
this discussion.

Some investors argue that smart beta strategies are active because they deviate 
from capitalization weights. Such investors likely approach the discussion from a 
portfolio structuring perspective. In portfolio structuring, the process typically starts 
with the specification of a long-term, strategic policy benchmark, around which the 
entire portfolio is anchored. The replication of the policy benchmark represents the 
“only” passive component of the portfolio. Any strategy that deviates from the policy 
benchmark, with associated tracking risk, becomes active and is implemented in the 
active component of the portfolio. Therefore, when investors argue that smart beta is 
active because it deviates from capitalization-weighted benchmarks, it is because they 
use such benchmarks as their policy benchmarks. From the perspective of portfolio 
structuring, if a smart beta strategy were used as the policy benchmark, then it would 
become passive in the context of that portfolio, while capitalization-weighted portfo-
lios might well be viewed as active.
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Other investors adopt a portfolio management and implementation perspective. In 
this context, the replication of an index, which entails taking limited active deci-
sions, is considered passive investing. As such, some investors may argue that smart 
beta is passive because many smart beta products are offered as an index, which  
can easily be replicated, much like the replication of a capitalization-weighted mar-
ket index.

Some other investors argue that smart beta is active because, compared to cap-
italization-weighted market portfolios, the creation and selection of smart beta 
products involves taking many active decisions. For example, in the consideration 
of a factor diversification strategy, which factors to include, how to define them, 
and how to weight them would be examples of active decisions that would have to 
be taken.

We believe it is most helpful to approach the active versus passive debate from a 
portfolio structuring perspective. For a given portfolio, the replication of the selected 
policy benchmark is passive, and strategies that deviate from the policy benchmark 
are active. The fact that an active strategy can be designed and structured as an index 
and implemented through index replication does not make it passive. Therefore, in 
our view, it is helpful to distinguish between passive investing and indexing or index 
management. When a smart beta strategy is used as the policy benchmark in a port-
folio, it becomes passive, independently of how many active decisions were taken in 

Application Example 1.1

A university endowment fund uses MSCI ACWI as the policy 
benchmark for global equities. For this fund, the replication of 
MSCI ACWI is passive. Any strategy that deviates from MSCI 
ACWI weights would be considered active, including smart 
beta index approaches derived from MSCI ACWI, such as MSCI 
ACWI Minimum Volatility Index or MSCI ACWI Value-Weighted 
Index.

Now consider a family office that holds a philosophical belief 
that capitalization weighting is inefficient and, hence, recently 
changed its policy benchmark from MSCI ACWI to MSCI ACWI 
Minimum Volatility Index. For this investor, the replication of 
MSCI ACWI Minimum Volatility Index now constitutes passive 
investing. Strategies that deviate from this policy benchmark would 
be considered active, including the replication of the capitalization-
weighted MSCI ACWI. In fact, a MSCI ACWI replication strategy 
would be considered highly active with a tracking error of more 
than 6% to the policy benchmark (MSCI ACWI Minimum Volatility 
Index).
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the creation and selection of the strategy. Otherwise, smart beta should be considered 
as active.

1.5  Is Smart Beta Just Active Management Implemented Passively?

This is another example of investors using the terms passive and indexing synony-
mously. In this question, the term “passively” refers to an indexing approach, not 
passive investing, as we have defined earlier.

As discussed, an active strategy implemented through index management doesn’t 
make it passive. Additionally, active management, broadly speaking, exploits many 
potential sources of excess returns, such as common factors, fundamental stock 
picking, market timing, factor timing, and country tactical allocation. Some of 
these sources, such as common factors, can indeed be captured in an indexing-
type framework and that is what many smart beta factor products attempt to do. 
The other sources of active management excess returns cannot be captured in this 
manner, at least for now. Therefore, many smart beta products are an indexing-type 
alternative to “factor-based” active management, not all forms of active manage-
ment, broadly speaking.

1.6  Can Smart Beta Be Defined as Low Tracking Error Strategies 
to the Market Portfolio?

It is not appropriate to define smart beta only in terms of low tracking error strate-
gies to the market portfolio, as some investors do. Many quite reasonable smart beta 
products, such as a minimum variance portfolio, are designed and implemented as an 
alternative beta. Their tracking error to the capitalization-weighted market portfolio 
tends to be high, but that is not a consideration in an alternative beta implementa-
tion. In our view, defining smart beta as low tracking error strategies limits smart beta 
to more or less just benchmark-aware factor investing.

1.7 A  Rules-Based and Transparent Methodology Is a Desired 
Characteristic of Smart Beta Products. What Exactly Is Meant by 
These Terms and Why Are These Features Important in the Design 
of Smart Beta Strategies?

Rules-based and transparent means that portfolio construction (weighting scheme, 
rebalancing, etc.) follows prespecified and well-defined rules, which are fully dis-
closed. Equal-weighting, risk-weighted, or value-weighted are examples of such 
construction approaches. Once the rules are specified, the interpretation of security 
weights at any point in time is intuitive. Rules-based approaches also imply that in 
the implementation of the strategy, portfolio implementers and/or traders have no 
discretion to deviate from the selection or weighting of securities as derived from the 
portfolio construction methodology.
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Application Example 1.3

Much like active managers, index providers also often launch new 
products. When a new index is launched, index providers typically 
provide a 10- or 15-year calculated performance history (backtest) of 

In our experience, one reason why rules-based and transparent approaches are pre-
ferred by investors in the assessment and selection of smart beta products is that they 
facilitate an understanding of the source of return and risk in the strategy. That is, 
investors may be able to gain a better understanding of what they are buying and what 
performance characteristics to expect from the strategy. A clearer understanding of the 
source of return and risk would also require portfolio methodologies that facilitate a ful-
ly transparent, cause-and-effect historical performance attribution of the strategy. These 
features make smart beta quite different from active management, where understanding 
the sources of risk and return may be a relatively more difficult and complex exercise.

Another important reason emphasis is placed on rules-based and transparent 
methodologies is that smart beta strategies are typically new products and, as such, 
have no or short live track records. These products are generally assessed based on a 
historical backtest or simulation. The main advantage of an investment process that 
is rules-based and transparent is that, when fully disclosed, the historical performance 
generated by the process can be independently replicated by investors. This provides 
verification and confidence to investors that, in addition to a clear understanding 
of the source of return and risk, the proposed strategy is actually investable and its 
historical performance replicable. In our experience, this is one reason why some 
investors approach optimized smart beta solutions with caution. In some instances, 
the historical backtested performance of such solutions is difficult to independently 
verify, as it is dependent on the specific risk-model and optimizer used, especially if it 
is an internally developed risk model.

Application Example 1.2

An investment manager offers value- and size-based portfolios, 
constructed using a clearly defined characteristic specification and 
weighting scheme. However, portfolio implementers have discretion 
over which trades to execute through the use of a momentum signal. 
A stock may not be bought in the final portfolio if the portfolio 
implementer considers it to have poor momentum. In this particular 
case, the manager’s overall investment process cannot be viewed as 
being fully transparent and rules-based.
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the new index. Investors generally tend to have more confidence in 
the calculated history of a new index than they do in the historical 
simulation of a new strategy proposed by an active manager. Why?

In the case of an index provider, the launch of a new index is 
always accompanied by a methodology book, which details the 
rules of index construction and maintenance. A good and useful 
methodology book makes the index fully transparent, as to source of 
return/risk as well as construction. The methodology book allows 
investors to independently reconstruct the new index and replicate 
its historical performance. And many passive and active managers 
actually do that. This kind of detailed disclosure is not often provided 
by active managers when they launch new products.

Finally, the implementation of smart beta investing shifts the investment strat-
egy decision making from the asset manager to the asset owner. In the context of 
active management, the strategy selection and implementation decisions are del-
egated to the active manager. That is, the active manager decides which sources 
of excess returns (e.g. factors) to exploit and how to exploit them. With smart 
beta, factor selection and portfolio implementation become the responsibility of 
the asset owner. Once factors are selected, in our experience, asset owners generally 
have a preference for transparent portfolio construction methodologies as a way to 
ensure that the investment process is indeed delivering a capture of the targeted or 
selected factors.

1.8 L ow Cost Is Another Important Feature of the Smart Beta Value 
Proposition. What Are the Characteristics of a Low-Cost Offering?

The low-cost feature of smart beta has many dimensions to it. One dimension is that 
smart beta strategies should be designed in a way that carefully controls implementation 
costs. An important component of implementation costs is turnover. The capitalization-
weighted market portfolio has the lowest turnover as no rebalancing is needed (although 
periodic rebalancing is conducted to meet security inclusion/exclusion criteria). As such, 
capitalization-weighted broad market indexes, such as the S&P 500 Index or the Russell 
1000 Index, generally have annualized turnover rates of less than 5%. Any strategy that 
deviates from capitalization-weighting and/or incorporates factor tilts relative to the 
market portfolio will require periodic rebalancing (e.g. to keep factor tilts current) 
and, therefore, incur additional turnover. Conventional small cap and value-growth 
indexes, as an example, have annual turnover of 15% to 20%. AEB and smart beta 
factor strategies inherently face a trade-off between keeping the portfolio current and 
managing turnover to a reasonable level. Delivering on the investment proposition, 
while keeping turnover reasonable, would clearly be a desirable feature in a smart 
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beta offering. And this feature assumes more importance when a smart beta strategy 
incorporates tilts to high-turnover factors, such as momentum.

Application Example 1.4

Some strategies and factors, such as quality, value, and low 
volatility are relatively slow moving. Their capture can usually be 
implemented at reasonable levels of turnover. For example, the MSCI 
Quality Index series, the FTSE RAFI Fundamental Index series and 
the Russell Defensive Index series tend to have long-term average 
annual turnover of 20% or less.

More recently, smart beta managers have developed innovative 
turnover control techniques that allow them to offer factor 
diversification strategies at annual turnover rates of less than 20%, 
while including high turnover factors, such as momentum. This 
makes it possible for the strategy to incorporate the diversification 
benefits of factors, such as momentum, while keeping overall 
portfolio turnover at a reasonable level.

Application Example 1.5

Some strategies positioned as smart beta tend to have considerably 
higher turnover rates. The providers of such strategies argue that 
investors should focus on after-cost returns, not on turnover rates. 
However, in our experience, asset owners place a special emphasis 
on turnover management techniques because turnover is viewed as 
a given cost of implementing the strategy, whereas the possibility of 
excess returns is just an expectation. As a result, it is not uncommon 
to see (e.g. in public searches) that asset owners specify annual 
turnover limits (e.g. 25%) in the screening and selection process of 
smart beta products.

Another dimension of low cost is related to management or licensing fees. Smart 
beta fees generally tend to be much lower than traditional active management, whether 
delivered in separate accounts or structured products, and are getting closer to the fees 
charged for traditional passive. For instance, some recent launches of factor diversifica-
tion ETFs by smart beta managers have been at fee levels similar to those charged by the 
largest capitalization-weighted ETFs by assets under management. These new products 
thus make smart beta factor investing available to investors at the price of “bulk beta.”
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One final dimension of low cost comes from the implementation flexibility that 
smart beta products provide to asset owners. Smart beta public indexes offered by 
index providers can be implemented much like traditional capitalization-weighted 
market indexes through internal replication or implementation through a passive 
manager. Investment managers, who may offer more advanced smart beta solutions, 
are also providing a variety of implementation options to asset owners. In addition 
to the conventional separate account structure, many managers allow asset owners to 
implement the strategies in-house. That is, the manager delivers a model portfolio 
(securities, weights, trades, etc.) at agreed-upon rebalancing dates, which the asset 
owner replicates (trades) using internal capabilities. The manager is paid only an  
asset-based licensing fee for the delivery of the model portfolio. In some instances, 
the asset owner may ask the manager to provide the model portfolio to an index 
calculation agent, who independently calculates and maintains a custom index and 
delivers it to the asset owner. This custom index is then replicated either by the asset 
owner internally or through a passive manager of their choice. Again, the manager 
is paid an asset-based licensing fee for the model portfolio and the index calculation 
agent is paid a fixed dollar amount for calculating and maintaining the custom index. 
These implementation options represent a significant departure from how traditional 
active management was delivered to asset owners and result in meaningful imple-
mentation cost savings for asset owners.

1.9  Why Is Diversification Important in the Context of a  
Factor Capture?

As we discuss in the next chapter, the theory of factor investing postulates that  
factor risk is rewarded because it cannot be diversified away, while other risks, such 
as stock-specific risk, which can be diversified, are not rewarded. This implies that a 
portfolio construction methodology that seeks to capture factor returns should also 
emphasize a high level of diversification in order to minimize stock-specific risk. 
Additionally, according to our analysis, high diversification coupled with low imple-
mentation costs improves the capacity of a given smart beta strategy. This is why a 
high level of diversification may also be viewed as a desired feature in the design of 
smart beta strategies.

Based on the earlier discussion, some of the desired characteristics of smart beta 
offerings are summarized in Figure 1.4.

1.10 S hould Strategies Offered by Active Managers That Explicitly 
Target Common Factors Be Viewed as Smart Beta?

Some active managers, especially quant managers, offer investment strategies that  
explicitly target certain common factors, such as value, momentum, and quality. If 
such strategies possess some of the desired characteristics of smart beta, such as trans-
parency, low turnover, high capacity and diversification, implementation flexibility, 
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and low fees, then they should be viewed as smart beta. Otherwise, they may be 
better classified as active management, in our view. The important point here is that 
smart beta is not only about capturing common factor returns. It is about captur-
ing the smart beta factor returns with methodologies and structures that emphasize 
certain differentiating characteristics relative to traditional active management, as we 
have discussed in earlier sections.

VI.  Conclusion

The evolution of the equity smart beta space can be traced as follows. In Stage 
1, addressing the potential shortcomings of capitalization weighting led to the 
development of various AEB strategies. In Stage 2, risk decomposition of such 
strategies showed that AEB market outperformance is almost entirely explained 
by high and significant exposures to equity common factors. In Stage 3, investor 
focus shifted to capturing these factors in a more direct and/or benchmark-aware 
fashion. This led to the development of various single-factor and factor diversifica-
tion strategies.

As a result, the equity smart beta space has evolved from AEB strategies to a 
combination of AEB and factor investing. In terms of investment outcome, however, 
smart beta is mostly about factor investing. Smart beta strategies differ from tradi-
tional passive factor investing in terms of characteristics such as higher efficiency and 
benchmark-aware implementation. Smart beta strategies also differ from traditional 

Figure 1.4  Desired Characteristics of Smart Beta Offerings

• Source of excess return / risk clearly specified and well understood
• Cause-and-effect performance attribution to facilitate an

understanding of historical performance
Transparent

• Constructed based on prespecified and well-defined rules
• No discretionary overrides in portfolio implementation

Rules-Based

• Low turnover and transaction costs
• Low management / licensing fees
• Implementation flexibility

Low-Cost

• Low stock-specific risk
• Improved capacity

Diversified
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active factor investing in terms of characteristics such as better transparency, lower 
turnover, higher diversification and capacity, more implementation flexibility, and 
lower fees.

Since factor investing has become an important component of equity smart beta, 
in the next chapter, we provide an overview of the evolution and application of equity 
common factors and factor investing.
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Chapter 2
An Overview of Equity 
Common Factors and 

Factor Investing

As discussed in the previous chapter, smart beta has, over time, become closely aligned 
with factor investing. In this chapter, therefore, we briefly review the origins and 
theory of factor investing. We also address topics such as why investors should care 
about equity factors and which specific factors have become the focus of various smart 
beta offerings and why.1

Chapter Summary 

•• Equity common factors are stock-level characteristics that explain relative (cross-
sectional) risk and return differences.

•• The evolution of equity common factors and factor investing started with the Capi-
tal Asset Pricing Model (CAPM).

•• The CAPM provided the basic insights that (1) the premium is earned by an undi-
versifiable common factor (the market portfolio under CAPM), (2) the risk of an 
asset is determined by its exposure to the common factor (market beta), and (3) the 
level of risk premium earned by an asset is driven by its diversification potential and 
performance during bad times (or systematic risk events).

•• Attempts to empirically validate the CAPM led to the general conclusion that 
market beta does a poor job of explaining the cross-section of expected returns. 
Academic research focus, therefore, shifted to identifying other stock characteristics 
that might do a better job.

1 For a comprehensive and illuminating discussion of common factors and factor investing, 
please refer to Ilmanen (2011) and Ang (2014).
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•• Over multiple decades, hundreds of stock characteristics, or extra-market common 
factors, have been identified that explain cross-sectional return differences better 
than market beta. But these findings may be exposed to data mining or multiple 
testing, which can lead to the discovery of spurious factors, that is, factors that 
turned out to be statistically significant just by chance and are unlikely to perform 
well out-of-sample.

•• In order to identify truly useful factors, also known as rewarded factors, we need to 
assess their statistical significance in a multiple testing framework that accounts for 
the problems associated with data mining. Additionally, rewarded factors are those 
that (1) depict persistence across market segments, geography, and time, (2) better 
explain the cross-section of expected returns, and (3) help to identify redundant 
factors.

•• A reasonable set of rewarded factors may comprise size, value, momentum, volatil-
ity, and quality (profitability). These factors are also the focus of various smart beta 
factor strategies. Therefore, we refer to them as “smart beta factors.”

•• Smart beta factors retain statistical significance in multiple testing approaches, de-
pict persistence in performance on an out-of-sample basis, and better explain cross-
sectional return differences as well as the performance of a large number of other 
factors and strategies.

•• A risk decomposition analysis of various alternative beta strategies suggests that 
their outperformance relative to the market index can be largely explained by expo-
sures to various smart beta factors.

•• A risk decomposition of active manager performance highlights that growth man-
agers are actually momentum players and managers also pursue other styles, such as 
low volatility and quality. This raises concerns regarding the relevance and useful-
ness of the current value-growth style paradigm.

•• Investors should care about rewarded factors because (1) they have delivered per-
sistent long-term market outperformance across market segments, countries, and 
time, and (2) may represent systematic influences that also help to explain the 
sources of risk and return in active strategies and composite portfolios. 

I.  Introduction: What Are Equity Common 
Factors?

Equity common factors are stock-level characteristics that explain the cross-section of 
expected returns and/or risk. Explaining expected returns in the “cross section” means 
understanding why expected returns differ across securities within a given universe 
and at a point in time. So, when we study the cross-section of expected returns we 
want to analyze and explain why stock A has a higher or lower expected return than 
stock B at a given point in time. Studying expected returns in the cross-section, 
therefore, is different from studying expected returns in the “time series,” which ex-
plains how expected returns vary over time. A factor that explains the cross-section of 
expected returns is called a common factor because it represents a common influence 
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in the pricing of individual securities. In the CAPM, for instance, the cross-section of 
expected returns is explained by the exposure (i.e. beta) that individual stocks have to 
the capitalization-weighted market portfolio. High beta stocks are expected to have 
higher expected returns and risk than the market factor and the low beta stocks.

The academic literature uses a variety of terms, such as common factors, rewarded 
factors, tradable factors, asset class factors, static factors, dynamic factors, style fac-
tors, or simply factors, which practitioners may find confusing. But all these terms 
have the same broad meaning: a common influence that explains the cross-section of 
expected returns.

II. E volution of Equity Common Factors  
and Factor Investing

The CAPM is considered to be the first formal and coherent theory of factor invest-
ing. The work done by Markowitz (1952) on diversification and mean-variance op-
timization provided the impetus for Treynor (1961), Sharpe (1964), Lintner (1965), 
and Mossin (1966) to develop the CAPM.

A. T he Capital Asset Pricing Model

Prior to the publication of the CAPM, it was generally believed that the total volatil-
ity of an asset determined its risk and return. The CAPM challenged that prevailing 
conventional wisdom. It provided new perspectives on what constitutes risk and how 
risk is rewarded. The basic insights provided by the CAPM may be summarized as 
follows.

a.  Factor Earns the Risk Premium

Building on the concept of portfolio diversification, the CAPM shows that the capi-
talization-weighted market (factor) portfolio is the most efficient portfolio that inves-
tors can hold. In this portfolio, most idiosyncratic or stock-specific risk is diversified 
away. What we are left with is largely systematic risk associated with the factor itself. 
Since the systematic risk cannot be eliminated, investors have to be rewarded for 
bearing that risk. This implies that the factor carries the risk premium, since it also 
comes with a nondiversifiable risk. Further, under the CAPM assumption that inves-
tors have homogenous (identical) expectations regarding returns, risk, and correla-
tions, the market portfolio is also shown to be mean-variance efficient and is the only 
common factor that matters in the pricing of individual assets.

b.  Factor Exposure Defines Risk

A stock’s total risk consists of two components; a systematic component, which is 
a function of the asset’s sensitivity to the market portfolio, and a nonsystematic or 
idiosyncratic component, which is independent of the market (i.e. stock-specific). 
Since the idiosyncratic risk can be largely diversified away in a portfolio context, it is 
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not rewarded by the market. Only the exposure to nondiversifiable, systematic risk is 
rewarded. In other words, the factor (market portfolio) carries the risk premium and 
the risk/return for an individual asset is determined by how much exposure (beta) the 
asset has to the factor. This is the reason why, under CAPM, total volatility of an asset 
is not important, or even relevant, in determining risk and expected return. What 
matters is the asset’s co-variation (exposure) with the common factor.

c.  Diversification Potential and Performance in Bad Times Drive Risk Premium

Under the CAPM, stocks that have a high exposure (i.e. high beta) to the market 
factor earn higher risk premium. As pointed out by Ang (2014), the intuition behind 
this result is that the required return on a stock is determined not by its total risk, 
but by the contribution that the stock makes to the risk of the overall portfolio. Since 
beta measures an asset’s contribution to portfolio risk, high-exposure stocks have 
limited diversification potential. They contribute more to overall portfolio risk and, 
therefore, command a higher risk premium. On the other hand, low-exposure (i.e. 
low beta) stocks provide better portfolio diversification and risk reduction potential. 
Investors, therefore, are willing to hold such securities at a lower level of expected 
risk premium.

In more recent research, another important perspective for understanding asset 
pricing and factor investing is the concept of “bad times.” Bad times correspond 
to environments when the marginal utility of wealth is high, and an additional 
dollar earned or lost is highly valued by investors. Examples of high-marginal-utility 
environments may include recessions, high unemployment, rising inflation, falling 
consumption, tightening monetary policy, and financial crises. Ilmanen (2011) pro-
vides examples of financial and economic bad times, which include the Great Depres-
sion of the 1930s, the postwar stagnation of 1946–1949, the stagflationary recession 
of 1969–1970, 1973–1975, and 1980–1982, the equity market crash of 1987, the 
Russian and LTCM crises of 1998, the dot-com bust and recession of 2000–2002, and 
the financial crisis and recession of 2007–2009. Assets that perform poorly (e.g. equi-
ties) during bad times, when marginal utility is high, require a higher risk premium 
to compensate generally risk-averse investors for the higher degree of risk assumed. 
On the other hand, investors are willing to hold less-risky assets (e.g. government 
bonds and bills) that provide some level of protection during economic and  
financial crises at lower or even negative levels of risk premium.

In the CAPM, the market portfolio is the only factor. So, bad times refer to peri-
ods of poor performance by the stock market, which may be driven by macro factors, 
such as low growth, high inflation, or a financial crisis. Individual assets that do even 
worse than the market (i.e. high beta stocks), when the market crashes, are viewed 
as highly risky and require a higher risk premium than the factor itself. These assets 
generate a higher risk premium by performing significantly better than the factor 
during good times. Stocks that perform well during market downturns are viewed 
as desirable by risk-averse investors, who are willing to own such assets for a much 
lower risk premium.
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The above results can be summarized:

•• Risk premium is associated with factors, as they embed systematic risks, which 
cannot be diversified away.

•• The appropriate measure of risk for individual assets is their exposure to the factor, 
not their total volatility.

•• The level of risk premium earned by an asset is a function of the diversification 
benefits it brings to the overall portfolio and its performance during high-marginal-
utility periods (i.e. bad times). 

B. M arket Beta and Expected Returns

The CAPM asserts that the market beta explains the cross-section of expected returns. 
The publication of the CAPM, therefore, naturally led researchers to seek empirical 
validation of the theory. Does market beta explain the cross-section of stock returns?

Initial tests (e.g. Black et al. 1972; Fama and MacBeth 1973) found some evidence 
of a positive linear relationship between beta and average returns. Later studies, such 
as Reinganum (1981) and Lakonishok and Shapiro (1986), documented a much 
weaker link. Fama and French (1992) corroborated the results of later studies by 
reporting that no relation exists between beta and average returns for the 1963–1990 
time period. Further, they found the relation to be weak for an extended 50-year 
sample period from 1941 through 1990.

Other articles have also highlighted the shortcomings of typical studies that have in-
vestigated the CAPM relationship. In particular, Mayers (1976) pointed out that in the 
CAPM, the market portfolio is defined as one that holds all assets in positive net supply, 
and not just equities. Therefore, studies that have rejected the CAPM based on capitaliza-
tion-weighted stock market portfolios may simply be rejecting the use of the stock market 
portfolio as a proxy for the CAPM market portfolio. Nonetheless, despite the various 
issues associated with testing the CAPM, Fama and French (1992) concluded that their 
tests do not support the basic prediction of the CAPM model, that average stock returns 
are positively related to market betas. Given the stature of the authors in the marketplace, 
this statement was interpreted as signaling the “death of beta.”

C. E xtra-Market Common Factors and Smart Beta Factors

Over multiple decades, researchers have looked for stock characteristics or factors 
that might explain the cross-section of expected returns better than market beta. 
These research efforts have produced hundreds of “statistically significant” factors. 
These findings, however, also raise concerns relating to the validity of the reported 
results. In particular, how do we distinguish between factors that carry a true return 
premia (rewarded factors) and factors that turned out to be statistically significant in 
an empirical analysis just by chance (“lucky” factors)?

How can factors be statistically significant just by chance? In the context of data 
mining or multiple testing, it is absolutely possible. Suppose we conduct individual 
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tests of a large number of factors, all with a true mean excess return of zero. Statisti-
cal inference tells us that we should expect to find some factors with an excess return 
different from zero. That is, as long as we conduct enough tests, we are likely to find 
some factors with statistically positive mean returns. But this result can still be attrib-
utable to luck. And these lucky factors are unlikely to perform well out-of-sample. As 
such, when researchers test a large number of factors, but report only the statistically 
significant results, their findings potentially become susceptible to multiple testing, 
as the reported factors may be spurious (i.e. be significant by chance). Consider flip-
ping 10,000 fair coins 10 times and finding that one coin came up heads every time. 
Would you want to bet your retirement assets on that coin coming up heads again in 
even 6 of the next 10 flips?

In order to identify rewarded factors, we need to assess them along multiple di-
mensions. One dimension is that factors need to be analyzed in the context of a 
multiple testing framework that takes into account the problems associated with data 
mining. Generally speaking, this involves using higher hurdles (adjusted t-ratios) in 
assessing the statistical significance of the return premia associated with factors. An-
other dimension is persistence. Rewarded factors and factor specifications, such as 
book value-to-price for value, depict persistence across market segments in a given 
universe (i.e. work in large/mid/small segments), across geographies (i.e. work in 
different countries and regions, globally), and across time (i.e. work on an out-of-
sample basis). In reasonable portfolio construction methods, if a common influence 
appears in nearly every universe and across various time periods, then we have more 
confidence that it is real, that is, reliable and not noise. Yet another dimension is 
that the set of rewarded factors creates a parsimonious multifactor model that bet-
ter explains the cross-section of expected returns compared to other models, such as 
the CAPM. An ideal multifactor model would consist of orthogonal (independent) 
factors and would span the entire asset return spectrum. The final dimension is that 
the multifactor model of rewarded factors helps to explain other factors or identify 
redundant factors. That is, a large number of factors or strategies can be explained 
through exposures to the rewarded factors in a risk decomposition analysis.

Based on the above considerations, it is generally recognized that size, value, 
momentum, volatility, and profitability (an aspect of quality) constitute a reason-
able set of rewarded factors. In studies that adjust significance for multiple testing, 
these factors remain significant at higher t-ratio thresholds. For instance, in the 
multiple testing framework of Harvey, Liu, and Zhu (2016), size, value, momen-
tum, and volatility were found to be significant. Feng, Giglio, and Xiu (2017) 
proposed a model selection method that allows the authors to determine the con-
tribution of new factors to an existing set of factors. They found that some recently 
documented factors, such as profitability, had explanatory power above and beyond 
the existing factors. Since smart beta factor strategies tend to focus on size, value, 
momentum, volatility, and quality, we also refer to these rewarded factors as “smart 
beta factors.” Next, we briefly review the historical evidence relating to each one of 
the smart beta factors.
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a.  Size

Banz (1981) discovered that a simple characteristic, namely, Market Equity or market 
capitalization (i.e. price times number of shares outstanding), explained cross-sectional 
average returns for US stocks much better than beta. He found that smaller companies 
produced returns much higher than their market betas would suggest and also realized 
higher beta-adjusted returns than larger companies. Reinganum (1981) also reported 
similar results. Hawawini and Keim (1995, 1998) and Heston at al. (1995) extended the 
analysis to international markets and reported evidence of the size effect.

Dimson et al. (2017) studied the out-of-sample performance and persistence of vari-
ous smart beta factors by analyzing the performance of the factors (1) for periods that 
precede the in-sample period, (2) for periods following the publication of the factor 
premium, and (3) in 23 countries using the longest possible data set for each country. 
With regard to the size premium in the US, from 1926 through 2016, they found a size 
premium of 2.4% per annum compared to large cap stocks. Small cap stocks, however, 
depicted highly cyclical performance patterns. For some time periods, for example, from 
1975 to 1983, small cap stocks performed well and generated a large premium over large 
cap stocks. For other time periods, for example, from 1926 through 1940 (i.e. 15 years) 
and from 1984 through 1999 (i.e. 16 years), small cap stocks provided no premium over 
large cap stocks. The dismal performance of small cap stocks following the publication 
of Banz (1981) led some researchers to conclude that the small cap effect was either a 
“lucky” discovery or has been arbitraged away. The strong out-of-sample performance of 
small cap stocks from 2000 to 2016, however, has challenged these assertions. Over this 
recent period, Dimson, Marsh, and Staunton (2017) found that the small cap premium 
was positive across all countries, except Norway. And the average small cap premium 
across the 23 countries was 5.6% per annum, much higher than the average small cap 
premium realized over the longer term. It seems that the small cap effect, though cycli-
cal, is alive and well, and as noted by Dimson, Marsh, and Staunton (2017), it would be 
hard to make a case for intentionally underweighting small cap stocks.

b.  Value

Value investing needs little introduction. It is perhaps one of the most followed in-
vestment styles in the industry. Early adopters of value investing include Graham and 
Dodd (1934). Modern research into value characteristics originated with Williamson 
(1970) and Basu (1977, 1983). These authors found that in the US, stocks with low 
price-to-earnings multiples had much higher returns than stocks with high multiples, 
after adjusting for CAPM beta. Similar results were found using other valuation ra-
tios, such as book value-to-price (e.g. Stattman 1980 and Rosenberg et al. 1985) 
and cash flow-to-price (e.g. Lakonishok et al. 1994). Chan et al. (1991) reported 
that book value-to-price plays a strong role in explaining the cross-section of average 
return for the Japanese stock market. Capaul et al. (1993) extended the analysis to 
international markets and reported that low book value-to-price stocks earned excess 
returns in every market they analyzed. At a global level, they documented a 1.88% 
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per annum return differential in favor of value stocks. Fama and French (1998) also 
found that the value premium was pervasive across global developed and emerging 
markets. They reported large value premiums in developed markets using book value-
to-price, earnings-to-price, cash flow-to-price, and dividends-to-price and in emerg-
ing markets using book value-to-price and earnings-to-price.

For a long-term perspective on the performance of value stocks, Dimson et al. 
(2017) documented a 3.6% per annum value premium over growth stocks in the US 
from 1926 to 2016. The second longest history (from 1955 to 2016) is available for the 
UK, where the value premium has been even higher at 5.7% per year. Over the recent 
out-of-sample period (2000 to 2016), the value premium was positive in 19 out of the 
23 countries studied by Dimson et al. (2017). At the world level, the value premium 
was 2.5% per annum, higher than the premium realized (2.1%) over the longer term.

A D igression: Capitalization-Weighted Size and Style Indexes

We believe investment consultants, who are typically charged with the responsibil-
ity of measuring and attributing active manager performance, were one of the first 
to notice that size and valuation characteristics-sorted portfolios produced portfolio 
exposures similar to those of large groups of active managers. This discovery gave 
rise to an important question: Are active managers being rewarded for characteristics 
selection or stock selection? Under the single-factor CAPM framework, manager skill 
is measured through the calculation of the CAPM alpha. However, if certain stock 
characteristics were shown to explain stock returns beyond the market beta, then 
there was a clear need to separate that characteristic selection decision from the stock 
selection decision. Some consultants, such as Russell Investments, determined that 
size and valuation characteristics appeared to be well-suited to perform this function.

It is not clear who coined the term “investment styles” to define the characteris-
tic selection of active managers, but this term gained credence when Sharpe (1988, 
1992) introduced his returns-based style analysis methodology to identify the factor 
exposures of a portfolio. Decades of academic research on extra-market factors and 
stock characteristics, along with the keen interest from investment consultants to 
better understand and attribute active manager performance, provided the impetus 
for the creation of size and style indexes and benchmarks. Capitalization-weighted 
size (large/mid/small) and style (value/growth) indexes, such as Russell size and 
style indexes, therefore, were created by index providers, and represented the first 
attempt at capturing equity common factors in a long-only indexing framework. 
Next, we briefly review the historical performance of these indexes.

We source the data for the various size and style indexes from the websites of the 
index providers.2 We consider five universes, namely, the US market using Russell 
Indexes, and Europe, Japan, World ex. USA, and Emerging Markets using MSCI 

2 www.ftserussell.com; www.msci.com.
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Indexes. The start date for the analysis is dictated by data availability for the indexes. 
The end date is June 2017 for all comparisons.

Table 2.1 shows the historical performance of size indexes for the various uni-
verses. This table presents absolute return and risk statistics for the large/midcap 
and small cap segments of each universe as well as relative return and risk statis-
tics for the small cap segment versus the large/mid cap segment. In the US, the 
Russell 1000 Index and the Russell 2000 Index represent the large/mid cap and 
small cap segments, respectively. In other universes, we use the MSCI indexes. 
The MSCI Standard Indexes cover 85% of the float-adjusted market cap and, 
therefore, correspond to the large/midcap segment of the universe. The MSCI 
Small Cap Indexes cover securities that are between 85% and 98% float-adjusted 
coverage of the parent universe.

In the US market, since 1979, the Russell 2000 Index has underperformed the Rus-
sell 1000 Index by 0.21% per year. In other MSCI universes, the start date of the analy-
sis is January 2001. Over this shorter time period, small cap indexes outperformed the 
Standard indexes, and the outperformance ranged from 0.36% per annum for Emerg-
ing Markets to 5.77% per annum for Europe. For comparison purposes, we also show 
the performance of the Russell indexes from 2001 onward. Over this recent period, 

Table 2.1  Historical Performances of Size Indexes—Annualized Results

Start  
Date

Total 
Gross 

Return 
(%)

Total  
Risk  
(%)

Sharpe 
Ratio

Active  
Gross  

Return  
(%)

Active  
Risk  
(%)

Infor-
mation 
Ratio

Russell 1000 Index Jan-79 11.84 15.05 0.49      

Russell 2000 Index Jan-79 11.63 19.35 0.41 -0.21 10.05 -0.02

Russell 1000 Index Jan-01 6.06 14.75 0.36      

Russell 2000 Index Jan-01 8.17 19.14 0.42 2.11 8.84 0.24

MSCI Europe Index Jan-01 4.58 18.79 0.25      

MSCI Europe Small Cap Index Jan-01 10.35 21.64 0.49 5.77 7.88 0.73

MSCI Japan Index Jan-01 2.84 15.99 0.15      

MSCI Japan Small Cap Index Jan-01 6.52 17.12 0.36 3.68 8.36 0.44

MSCI World ex USA Index Jan-01 4.66 16.96 0.26      

MSCI Wld ex USA Small Cap Index Jan-01 9.00 18.27 0.48 4.35 6.12 0.71

MSCI EM Index Jan-01 7.48 23.54 0.33      

MSCI EM Small Cap Index Jan-01 7.84 23.44 0.34 0.36 7.36 0.05

Source: Bloomberg; GSAM; www.ftserussell.com; www.msci.com.
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small cap stocks also performed well in the US, as the Russell 2000 Index outperformed 
the Russell 1000 Index by 2.11% per year. These performance characteristics of small 
cap stocks are consistent with those reported by Dimson, Marsh, and Staunton (2017). 
They also documented prolonged periods of poor and strong performance by small cap 
stocks and a large size premium from 2000 to 2016, as discussed earlier.

Table 2.2 presents the historical performance of the Russell and MSCI Value and 
Growth Indexes. This table reports the absolute performance numbers as well as the 
relative performance of the value and growth indexes compared to the parent bench-
mark. In the five universes studied, the value indexes have outperformed the market 

Table 2.2  Historical Performance of Style Indexes—Annualized Results 

Start  
Date

Total Gross  
Return (%)

Total  
Risk (%)

Sharpe 
Ratio

Active Gross  
Return (%)

Active 
Risk (%)

Information 
Ratio

Russell 1000 Index Jan-79 11.84 15.05 0.49      

Russell 1000 Value 
Index

Jan-79 12.15 14.47 0.53 0.31 4.65 0.07

Russell 1000 
Growth Index

Jan-79 11.17 16.92 0.42 -0.67 4.46 -0.15

MSCI Europe Index Jan-79 10.49 17.42 0.38      

MSCI Europe Value 
Index

Jan-79 10.86 18.40 0.39 0.37 3.58 0.10

MSCI Europe 
Growth Index

Jan-79 9.85 17.12 0.35 -0.65 3.54 -0.18

MSCI Japan Index Jan-79 6.59 20.98 0.17      

MSCI Japan Value 
Index

Jan-79 8.93 20.53 0.28 2.34 5.47 0.43

MSCI Japan 
Growth Index

Jan-79 4.20 22.80 0.08 -2.39 5.56 -0.43

MSCI World ex 
USA Index

Jan-95 5.66 16.25 0.25      

MSCI Wld ex USA 
Value Index

Jan-95 6.43 16.85 0.29 0.77 3.36 0.23

MSCI Wld ex USA 
Growth Index

Jan-95 4.77 16.34 0.20 -0.90 3.35 -0.27

MSCI EM Index Jan-98 7.48 23.54 0.33      

MSCI EM Value 
Index

Jan-98 7.63 23.71 0.34 0.15 3.47 0.04

MSCI EM Growth 
Index

Jan-98 7.20 23.86 0.32 -0.28 3.33 0.09

Source: Bloomberg; GSAM; www.ftserussell.com; www.msci.com.
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and the growth indexes, over different time periods. For the universes studied, the 
outperformance of the value index, relative to the growth index, has ranged from 
0.43% in Emerging Markets to 4.73% in Japan.

Over the years, investors have become quite familiar with size and style indexes of 
index providers and tend to find them a useful tool. They commonly use such indexes 
as policy benchmarks for subasset classes within equities, performance benchmarks for 
active style managers, and as the basis for structured products. Therefore, it is somewhat 
surprising to us that no index provider currently offers capitalization-weighted indexes 
for other styles, such as momentum, low volatility, and quality, which active managers 
typically follow, as we discuss below. It seems that it would be quite useful and instruc-
tive to create a consistent and comprehensive family of capitalization-weighted smart 
beta factor indexes. We construct such a family of indexes in Chapter 4.

c. Momentum

The origins of momentum research can perhaps be traced back to Levy (1967). Prior to 
Levy (1967), research efforts had focused on studying whether the serial correlation in 
individual stock prices (i.e. how stock A performs over time) could predict future returns. 
The general conclusion from these studies was that successive stock price changes are 
independent and, therefore, uphold the random walk hypothesis (RWH). However, Levy 
(1967) and others remarked that a large part of a stock price change co-varies with the 
market, that is, is driven by the market. By measuring relative strength, that is, how stock 
A performs relative to stock B, the effects of the overall market can be eliminated. Levy 
(1967) found that, in doing so, superior profits were earned by investing in stocks with 
high relative strength ranks. This finding challenged the basic premise of efficient mar-
kets and the RWH that past prices are not useful in explaining future returns. Since the 
academic profession was dominated by the proponents of efficient markets in those early 
years, Levy (1967), it seems, was somewhat ignored in the financial literature.

Momentum investing got another boost with the publication of a study by 
Jegadeesh and Titman in 1993. The authors documented that, for US stocks, past  
3- to 12-month winner stocks significantly outperformed past loser stocks for hold-
ing periods of up to one year, and that the momentum effect appeared to persist 
across market segments, beta-based sorts, and time periods. Asness (1994) showed 
that momentum strategies worked even after accounting for common value fac-
tors. Rouwenhorst (1998) found evidence of medium-term return continuation 
in international markets, which lasted on average for about one year. Asness et al. 
(2012) documented the existence of a momentum effect at the asset class level for 
equities, government bonds, currencies, and commodities.

Taking a longer-term perspective, Dimson, Marsh, and Staunton (2017) docu-
mented a 7.4% per year premium for winner stocks over loser stocks from 1926 to 
2016 for the US. Using an even longer history for the UK market, from 1900 to 
2016 (i.e. 116 years), the authors reported that winner stocks outperformed loser 
stocks by 10.2% per annum. Across international markets, for the 2000 to 2016 time 
period, the momentum premium was positive in 21 of the 23 countries. The average 
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outperformance of winner stocks over loser stocks across the 23 countries was 0.79% 
per month. Momentum investing has continued to generate significant excess returns 
on an out-of-sample basis.

Another Digression: Momentum and Active Management

It appears that active managers had discovered and exploited the benefits of momentum 
investing much before the publication of Jegadeesh and Titman (1993). For instance, 
Richard Driehaus, founder of Driehaus Capital Management, is considered by many 
to be the father of momentum investing and has been practicing momentum invest-
ing for decades. Following the publication of Jegadeesh and Titman (1993), Grinblatt 
et al. (1995) also conducted a study to investigate whether the superior performance of 
growth-oriented funds documented in two earlier studies (Grinblatt and Titman 1989, 
1993) was explained by the momentum effect. They found that to be the case. Among the 
various fund categories analyzed in their study, growth-oriented funds showed the highest 
exposure to momentum. About 89% of funds classified as aggressive-growth and 82% 
of funds classified as growth were momentum players. Only the income funds (value-
oriented funds) showed an insignificant level of momentum exposure, but a significant 
level of outperformance. Grinblatt et al. (1995) also reported that 77% of all active funds 
in their study bought past short-term winner stocks and/or sold past short-term loser 
stocks, thus following a typical momentum strategy. Chan et al. (1999) also discovered 
that mutual funds, in general, had a preference for holding momentum stocks, thus con-
firming Grinblatt et al.’s (1995) finding. Daniel et al. (1997) analyzed the stock charac-
teristics chosen by active funds and found that growth-oriented funds showed statistically 
significant loadings to the momentum factor. Carhart (1997) documented that the “hot 
hands” phenomenon relating to the persistence in mutual fund performance reported by 
Hendricks et al. (1993) was largely explained by the momentum effect. Finally, Mulvey 
and Kim (2008) reported that growth-oriented institutional money managers across size 
segments, on average, had an excess return correlation with an industry-level momentum 
strategy of 40%, over the 1987–2006 time period, with the correlation rising to almost 
47% for large-capitalization growth managers. Mulvey and Kim (2008) found that core 
institutional managers have high exposures to momentum as well.

d.  Low Volatility

Given the high level of volatility experienced in stock markets globally, low-volatility in-
vesting has attracted more attention and funds in recent years. But risk-based pricing 
anomalies have been documented in the literature for a long time. One of the first studies 
came from Black et al. (1972). This study found that, between 1931 and 1965, low-
beta (high-beta) stocks realized a much higher (lower) return than that predicted by the 
CAPM. Fama and French (1992) extended the analysis to 1990 and found similar results, 
that is, a pattern of abnormally high returns for low-beta stocks and abnormally low re-
turns for high-beta stocks. In more recent studies, Ghayur et al. (2013) observed that the 
lowest volatility decile of stocks within the Russell 1000 universe realized an annualized 
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return of 13.8%, over the January 1979 to September 2012 period, with a total volatility 
of 11.08% compared to an annualized return of 2.95% and a total risk of 36.17% for the 
highest volatility decile of stocks. This corresponds to a Sharpe ratio of 0.76 for the low-
est volatility decile versus 0.12 for the highest volatility decile, an astonishing difference 
in risk-adjusted returns. Ang et al. (2006) reported that US stocks with low idiosyncratic 
volatility outperformed stocks with high idiosyncratic volatility. Ang et al. (2009) then 
extended the analysis to global markets and discovered the low-volatility anomaly across 
23 developed markets.

Many other risk-based strategies are also driven by the low-volatility, low-beta 
anomaly. For instance, Haugen and Baker (1991) and Clarke et al. (2006) dem-
onstrated that minimum-variance portfolios in the US realized a 25% total risk re-
duction compared to the market, while delivering market-like returns. But Scherer 
(2010) provided analytical proof that the minimum-variance portfolio essentially in-
vests in low-idiosyncratic and low-beta stocks. Clarke et al. (2011) also showed that 
low-beta stocks accounted for a large proportion of long-only, minimum variance 
portfolios. Along similar lines, Leote de Carvalho et al. (2011) found that long-only, 
minimum-variance portfolios are invested in a relatively small number of low-beta 
stocks. They further argued that minimum-variance and maximum diversification 
(Choueifaty and Coignard 2008) are essentially similar strategies that produce largely 
overlapping portfolios.

The low-risk anomaly reported by Black et al. (1972) for the 1931–1965 time 
period is one of the first documented anomalies, and it has persisted over time. For 
instance, French (2017) showed that, between 1963 and 2016, the lowest risk stocks 
outperformed the highest risk stocks by 6.8% per annum in the US. In the UK, 
Dimson, Marsh, and Staunton (2017) documented a 7.4% per year return advantage 
for the lowest risk stocks from 1984 to 2016.

e.  Quality

Like value, the origins of quality investing date back at least to Graham and Dodd 
(1934). But unlike other common factors, there is no commonly accepted definition 
of quality. Quality investing may incorporate many dimensions, such as focusing 
on profitable companies, well-managed companies, less-risky companies, or growing 
companies. These various dimensions of quality have been studied in the academic 
literature over the years and the general conclusion is that high-quality stocks tend to 
outperform low-quality stocks. In a recent article, Novy-Marx (2014) studied profit-
ability, defined as gross profits divided by total assets, and found that this measure 
had the same ability to predict the cross-section of expected returns as the traditional 
book value-to-price value measure. He also found that profitability performs better 
than some other measures of quality, such as Graham and Grantham’s quality crite-
ria, Sloan’s (1996) earnings quality measure based on accruals, or Piotroski’s (2000)  
F-score measure of financial strength. Asness et al. (2013) considered a comprehen-
sive definition of quality along the dimensions of profitability, growth, safety, and 
payout. They reported that high-quality companies deliver much higher risk-adjusted  
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returns than low-quality companies in the US and globally across 23 markets.  
(We discuss some of the various quality specifications used by smart beta providers in 
much more detail in Chapter 5.)

D. M ultifactor Pricing Models

While each smart beta factor has been shown to work individually, a natural question 
arises as to whether these factors are orthogonal or independent enough to be com-
bined in a multifactor framework to enhance explanatory power. Fama and French 
(1992) is an influential and celebrated article in this regard. Developing on research 
findings relating to size and value mentioned earlier, Fama-French constructed two 
zero investment, factor mimicking portfolios to capture the size and value premia. 
They showed that in univariate (single factor) tests the relation between market beta 
and average returns was weak, while the relations between size and average returns 
and value and average returns were strong. More importantly, the 3-factor model 
did a much better job of explaining the cross section of expected returns compared 
to the CAPM. Since the publication of the Fama-French (1992) article, the basic 
3-factor model has been enhanced to incorporate other cross-sectional anomalies that 
were not fully explained by the 3-factor model. For instance, after the publication of 
Jegadeesh and Titman’s (1993) momentum effect, it was noticed that the cross-sec-
tional variation in momentum-sorted portfolios could not be fully explained by the 
Fama-French 3-factor model. So, Carhart (1995, 1997) extended the Fama-French 
model to include a momentum factor. Clarke et al. (2010) calculated a volatility 
factor, using the Fama-French methodology, and showed that the volatility factor 
was more important than the value and size factors and as important as the mo-
mentum factor in explaining the covariance structure of stock returns. They further 
documented that the relative importance of the volatility factor held throughout the 
analysis period (i.e. 1931 to 2008). Similarly, Asness et al. (2013) created a quality 
factor. They showed that the quality factor had negative correlation with size and 
value factors and a positive alpha against the Fama-French 3-factor model. That is, 
the performance of the quality factor was not fully explained by the 3-factor model. 
Multifactor pricing models are now commonly used in the industry and have re-
placed the CAPM in explaining the cross-section of average returns.

a.  Risk Decomposition Analysis

Multifactor models are often used to explain other cross-sectional anomalies and 
active strategies. This application is commonly referred to as a risk or exposure de-
composition analysis. In a multifactor model, the factors are considered as sources of 
risk (e.g. market, value, or size) and are associated with a risk premium. The idea in 
a risk decomposition analysis, therefore, is to determine whether a given strategy has 
high exposures to and, thus, can be explained by the selected risk factors. The portion 
of a strategy’s excess returns that are not explained by the exposures to the risk factors 
is known as alpha, or the unexplained excess return.
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With respect to an example of cross-sectional anomalies, Bhandari (1988) and 
Basu (1983) documented a positive relation between leverage and average returns 
and price-to-earnings (PE) ratios and average returns, respectively. But, Fama-French 
(1992) showed that the performance of leverage and PE ratios was explained by 
the 3-factor model, that is, the role of leverage and PE ratios was absorbed by value 
(price-to-book value) and size.

For an illustration of a risk decomposition of active strategies, consider Chow et 
al. (2011). The authors analyzed the performance of a number of alternative beta (or 
smart beta) strategies. The analyzed strategies included equal-weighting, risk-clus-
tered equal-weighting, diversity weighting (e.g. Fernholz 1995), fundamental weight-
ing (e.g. Arnott et al. 2005), minimum-variance (e.g. Haugen and Baker 1991), 
maximum diversification (e.g. Choueifaty and Coignard 2008), and risk-efficient 
(e.g. Amenc et al. 2010). The authors found that all the strategies outperformed the 
capitalization-weighted market portfolio. However, the outperformance was largely 
explained by the Fama-French 3-factor model or the Carhart 4-factor model. That 
is, the smart beta strategies outperformed the market index because they had high 
exposures to extra-market common factors. And, statistically, the strategies as a group 
generated no alpha relative to the 3-factor or the 4-factor model. Multifactor models 
are also used to analyze the performance of active managers. The general conclusion 
from such studies is that active managers, on average, do not generate positive factor-
adjusted alpha. For instance, Fama and French (2011) found that only 3% of active 
funds generated a factor-adjusted alpha large enough to cover their management fees.

III. T ypical Investor Questions 

2.1 W hy Should Investors Care About Smart Beta Factors?

Investors should care about smart beta factors for the following reasons. First, 
much like the market factor, smart beta factors may represent systematic sourc-
es of risk, which cannot be diversified away and, hence, command a premium. 
Indeed, these factors have been demonstrably linked with persistent market out-
performance across market segments, countries, and time. These factor payoffs 
may represent the first layer of active returns in structuring equity portfolios, and, 
with the advent of smart beta factor products, investors may be able to capture 
them through transparent, diversified, and low-cost offerings. Second, the risk and 
return of individual securities is also determined by their exposure to these extra-
market rewarded factors. As such, multifactor models do a much better job of ex-
plaining return differences across individual securities than CAPM. That is, smart 
beta factors play a critical role in explaining the cross-section of expected returns. 
Third, since security pricing is influenced by exposure to smart beta factors, most 
active portfolios are likely to also have exposures to smart beta factors through the 
held securities, and their performance is likely to be driven by the magnitude of 
these exposures. Therefore, it is important for investors to understand these factor 
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exposures if they wish to better understand and manage the sources of risk and 
return in their portfolios. Finally, multifactor models have proven to be extremely 
useful, through a risk decomposition analysis, in analyzing and understanding the 
performance of active strategies. Such models allow investors to potentially iden-
tify skill (i.e. factor-adjusted alpha) and, as a result, in combination with smart 
beta factors, create much more efficient overall portfolio structures. (We discuss 
these topics in more detail in Chapter 10.)

2.2  Is There Concensus on a Recognized Set of Common Factors?

The CAPM establishes a theoretical rationale for why the capitalization-weighted 
market portfolio is a rewarded common factor. But many other rewarded factors 
lack such theoretical backing. These extra-market factors are empirical findings. 
And empirically priced common factors are not theory-motivated. This makes 
the widespread acceptance of empirical factors across the industry rather dif-
ficult. But this should not be a cause for concern. In the field of finance, there 
are few topics where one could argue that the industry as a whole has reached a 
consensus. At a very basic level, in the context of the low volatility anomaly, for 
example, academics as well as practitioners cannot even agree on the exact rela-
tionship between risk and return.

At a practical level, however, for extra-market common factors to be truly useful, 
they should at a minimum (1) carry a CAPM-adjusted return premium, (2) depict 
persistence, (3) explain the cross-section of expected returns in a given universe, and 
(4) be able to explain a variety of other cross-sectional anomalies and active strategies.

Persistence may be assessed along multiple dimensions. One dimension is per-
sistence across market segments. This means that the performance of a given factor 
and factor specification is similar in different market segments, such as large, mid, 
and small, so that an argument can be made that the factor works across a given 
universe. Another dimension is geographical persistence. This means that a given fac-
tor is shown to perform similarly across global equity markets, including developed 
and emerging markets, so that an argument can be made that the factor works in a 
systematic manner across global equities and is not linked to specific markets or eco-
nomic environments. Yet another important dimension is persistence over time. This 
means that, on an out-of-sample basis, the factor has performed similarly to how it 
was shown to have performed in-sample, when it was first documented. As discussed 
in this chapter, smart beta factors have been shown to depict persistence along these 
various dimensions.

With regard to explaining the cross-section of expected returns as well as other 
stock anomalies and active strategies, the Fama-French 3-factor model and the Car-
hart 4-factor model have become the industry standard. It is important to highlight 
that the Fama-French 3-factor model was extended to include momentum because 
it was unable to fully explain the performance of momentum-sorted portfolios. 
Along similar lines, the 4-factor model also does not fully explain volatility- and  
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quality-based strategies. As such, as argued by many other researchers, as well as in 
our perspective, it would be reasonable to extend the set of accepted common factors 
to include the volatility and quality factors.

Based on these considerations, there is some level of agreement in the industry 
that size, value, momentum, volatility, and profitability constitute a reasonable set 
of extra-market rewarded factors and, as such, have become the focus of smart beta 
factor strategies.

2.3  If Momentum Is an Important Factor in Explaining Active 
Manager Performance (e.g. Growth Managers), Shouldn’t it Be 
Considered a Style Along with Value and Growth?

The existence of momentum and its ability to explain the performance of many active 
managers, as discussed earlier, do raise serious concerns regarding the applicability 
and relevance of the current value-growth style paradigm. For a stock characteristic to 
be useful in defining a broad investment style, it should represent the actual charac-
teristic selection and, hence, portfolio exposures of a large group of active managers. 
In the current style paradigm, the growth investment style is defined in terms of high 
valuation ratio and/or high earnings growth characteristics. If value works, then these 
growth characteristics are not associated with market outperformance in the long run. 
Why would a large number of active managers invest in such characteristics then? 
Alternatively, why would managers follow a growth investment style when it is well-
known that the long-term premium has been on value? Well, most of the so-called 
growth managers don’t. All the evidence points toward the fact that growth manag-
ers are actually momentum players (e.g. Grinblatt et al. 1995, Ghayur et al. 2010). 
Momentum is also a much better diversifier of value than growth, as it generates 
independent market outperformance, while exhibiting negative active return correla-
tion with value. It is clear that value and momentum much better define the styles 
of active managers than value and growth. Yet, no index provider currently offers 
capitalization-weighted momentum indexes, as they do for value and growth. Similar 
arguments can also be made for other styles, such as low volatility and quality invest-
ing. These are styles that active managers commonly follow. If the goal of style catego-
rization is to help investors structure better portfolios and/or create more appropriate 
benchmarks for style managers, then the current value-growth style paradigm, in our 
opinion, is oversimplified, incomplete, and maybe even a dis-service to the industry.

2.4 W hat Is the Difference Between Smart Beta and Traditional 
Quant Management?

Traditional quant strategies are typically multifactor approaches. The smart beta 
space comprises a variety of product offerings, some of which, such as fundamen-
tal indexation, maximum diversification portfolio, or single factor strategies, are 
quite different from traditional quant management. Smart beta factor diversification 
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strategies may come the closest to traditional multifactor quant management. Smart 
beta factor diversification strategies, however, may differ from traditional quant man-
agement along several dimensions, such as selection of factors and factor specifica-
tion, portfolio construction methodologies, other investment process features, and  
implementation.

Smart beta strategies tend to focus on factors and factor specifications that have 
been researched, scrutinized, and vetted by numerous researchers over multiple 
decades. These factors, known as rewarded factors, retain statistical significance in 
studies that account for data mining or multiple testing and depict persistence in 
performance on an out-of-sample basis. Many quant strategies, on the other hand, 
may include various new proprietary factors and/or include proprietary enhance-
ments to conventional rewarded factor specifications, such as using different value 
metrics for different countries or industries or combining traditional momentum 
with short-term momentum and/or reversals. To the extent that these proprietary 
factors and/or factor specifications are not in the public domain, they have not 
been subjected to public scrutiny in the same way that smart beta factors have been.

Smart beta factor diversification strategies may also differ from traditional quant 
management in terms of portfolio construction methodologies. Smart beta offerings 
tend to use construction methodologies that are simple, rules-based and transparent, 
and facilitate an understanding of the sources of risk and return embedded in the 
strategy. Many smart beta strategies are also delivered in the form of a public index, 
with a fully disclosed index methodology. Active quant strategies typically use more 
complex portfolio construction techniques and may not fully disclose their propri-
etary investment processes.

Some other investment process features may also distinguish smart beta from 
active quant. For instance, smart beta offerings may employ methodologies designed 
to deliver improved diversification, lower turnover, and increased capacity. Finally, in 
terms of implementation, smart beta may represent a lower cost option to capture 
rewarded factors in terms of both management fees and implementation flexibility. 
To the extent that smart beta strategies can be offered as indexes, asset owners can 
replicate them either internally or through their passive managers, in a variety of 
licensing agreements to lower implementation costs.

These distinctions between smart beta and traditional quant mentioned earlier 
should not be interpreted as constituting an edge for smart beta. For instance, all else 
being equal, a thoroughly vetted factor specification may be preferred to a propri-
etary one. However, it is also important to remember that currently accepted smart 
beta factors were once proprietary factors used by active managers (e.g. momentum). 
Simplicity and transparency in portfolio construction may be desired, but it may also 
come with loss of flexibility and ability to better manage risk. Lower turnover may 
be preferred, but it may also lead to a less frequent updating of portfolios to reflect 
changes in factor signals.
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IV.  Conclusion

From a practitioner perspective, a reasonable set of rewarded factors may consist of 
size, value, momentum, low volatility, and quality. Academic research has thoroughly 
documented the existence and significance of these factors, and practical experience 
of investors as well as the performance of public indexes has shown that these factors 
have persisted over time, some over multiple decades.

So far, however, our focus has been to review the documented empirical evidence 
relating to the rewarded smart beta factors. At a conceptual level, we still have to 
answer two important questions: Why do these factors work? And why can we expect 
them to persist going forward? We address these questions in the next chapter.
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Chapter 3
Explaining Smart Beta 
Factor Return Premia

In this chapter, we review the various theories and rationalizations that have been 
proposed in the academic literature to explain the existence and persistence of smart 
beta factors.

Chapter Summary 

•• The CAPM provides a theoretical rationale for why the market portfolio earns its 
risk premium. But what explains the existence and persistence of smart beta factor 
premia?

•• There is a general consensus in the industry today that smart beta factor excess re-
turns are not a result of data mining or data snooping. As analyzed in the previous 
chapter, for these factors, we have multiple decades of out-of-sample persistence in 
excess returns.

•• There are two primary schools of thought to explain the excess returns associated 
with smart beta factors: risk-based and behavioral. A third perspective, referred to 
as structural, which includes market frictions and other impediments, is also some-
times used to explain the excess returns of some of the smart beta factors.

•• Risk-based explanations argue that factor payoffs represent risk premia arising from 
(1) additional risk sources, such as distress for value and illiquidity for size, or (2) 
exposure to factor-specific bad times, or (3) high risk of market underperformance. 
Since extra-market sources of risk, in equilibrium, also need to be compensated by 
extra return, factor risk premia can be expected to persist over time.

•• Behavioral explanations argue that biased preferences and beliefs of investors cause 
mispricing that leads to factor excess returns. These factor (or macro)-level mispric-
ings are difficult to fully arbitrage away, which explains why factor premia persist 
over time.

 



•• Structural explanations are also sometimes used to explain the existence and/or per-
sistence of smart beta factor premia. These generally refer to market frictions, in-
vestment management structures, and constraints or impediments that potentially 
cause relative mispricings and/or limit the ability to fully arbitrage away anomalous 
excess returns.

•• Potential issues with risk-based explanations include lack of agreement on what 
the additional sources of risk might be for each factor, lack of agreement on what 
constitutes factor-specific bad times, and lack of ability to explain the simultaneous 
existence of multiple factors, such as value and momentum.

•• Potential issues with behavioral explanations include lack of agreement on which 
specific biased preferences and beliefs drive factor mispricing for each factor and 
lack of agreement on a theory or framework that seeks to predict asset pricing in 
the context of factor investing.

•• In the absence of strong philosophical beliefs on why smart beta factors work, 
practitioners may find it useful not to take a rigid stance in the risk premium ver-
sus behavioral mispricing debate, as both explanations are somewhat lacking. The 
truth may well be that smart beta factor premia are driven by a combination of risk 
and mispricing as well as structural impediments.

•• The good news is that various explanations have reasonable arguments relating to 
the persistence of smart beta factor premia. As such, although debate continues on 
what explains existence of factor premia, there appears to be some degree of agree-
ment on perhaps the more practically relevant issue of persistence. 

I. I ntroduction

The CAPM is a theoretical model and its usefulness lies in the fact that, under 
certain assumptions, it provides a clear rationale for why the capitalization-
weighted market portfolio is the only factor that matters and why it is rewarded 
over time. However, as discussed in the previous chapter, the CAPM is not vali-
dated in empirical tests. In addition to theoretical models, the financial literature 
also comprises empirical models, which look for factors that have historically 
been rewarded. Once the factors have been discovered, academics then look for 
an economic rationale for why the factors might have worked historically and 
may continue to work going forward. Smart beta factors, that is, size, value, 
momentum, volatility, and quality are all empirically motivated factors. From an 
empirical standpoint, the excess returns of these factors are shown to be statisti-
cally significant and depict persistence across market segments, geographies, and 
time. As such, these factors are often called rewarded factors, as opposed to spu-
rious or lucky factors, whose performance may not persist on an out-of-sample 
basis. From a conceptual/theoretical perspective, however, how do we explain the 
existence and persistence of smart beta factors? In this chapter, we discuss various 
plausible explanations that have been offered.
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II. D ata Mining

Following the publication of Fama and French (1992), Black (1993) became a 
vocal critic of their work. He voiced concerns that their findings might be subject 
to data mining, also referred to as data snooping by Lo and MacKinlay (1990). 
Black (1993) defined data mining as follows: “When a researcher tries many ways 
to do a study, including various combinations of explanatory factors, various 
periods, and various models, we often say he is ‘data mining.’ If he reports only 
the more successful runs, we have a hard time interpreting any statistical analysis 
he conducts. We worry that he selected, from the many models tried, only the 
ones that seem to support his conclusions. With enough data mining, all the re-
sults that seem significant could be just accidental.” When an empirical anomaly 
is documented without an economic theory to support its existence, concerns 
regarding data mining become more pronounced. This is what solicited Black’s 
(1993) criticism of Fama-French (1992). Black (1993) argued that Fama and 
French (1992) showed a relation between size and average returns but provided 
no reason as to why such a relation could be expected to exist. Fama and French 
(1992) also documented a relation between book value-to-price and average  
returns. They speculated that this accounting ratio may capture some kind of a 
rationally priced risk, but did not elaborate further on what the actual risk might 
be and why it should be priced. Lack of reasonable explanations led Black (1993) 
to write: “Lack of theory is a tipoff: watch out for data mining!”

Black’s criticism notwithstanding, it is important to realize that the search for  
rewarded factors tends to be empirically driven and, in that sense, is often theory-free 
at the onset. As argued by Ilmanen (2011), both theoretical and empirical models may 
be very useful. The latter may do a better job of explaining expected returns in the 
cross-section and in the time series. The former may better explain why a factor earns 
its return premium. The bottom line is that, with respect to empirical models, the 
research process tends to first focus on documenting existence and then shifts toward 
explaining existence, and potentially persistence. So, when an empirical anomaly is first 
documented, it raises concerns of data mining, as it often lacks a well-vetted theory 
to support it. However, over time, as economic theories are developed to explain the 
anomaly, and as performance persists on an out-of-sample basis, the anomaly starts to 
gain more credibility. This is why the acceptance and recognition of rewarded common 
factors is a slow process. With regard to the smart beta factors, after multiple decades of 
out-of-sample persistence, across market segments, geographies, and time, in our opin-
ion, it would be fair and reasonable to say that there is now some level of agreement in 
the industry that they are not spurious factors arising from data mining.1

1 In Chapter 2, we discussed the significance of smart beta factors in multiple testing 
frameworks as well as their out-of-sample performance.
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III. R isk-Based Explanations

Risk-based arguments offer the following general perspectives on explaining the exis-
tence and persistence of smart beta factor returns.

A. M ultidimensional Nature of Risk

Fama and French, among others, are proponents of the risk-based explanations for 
the existence of rewarded common factors. In Fama and French (1992), they argued 
that if investors price assets rationally, then their findings would suggest that stock 
risks may be multidimensional. In addition to the market risk being captured by 
the capitalization-weighted market portfolio, size and value factors may well capture 
other dimensions of rationally priced risk. Value may be a compensation for bearing 
a higher level of distress risk as argued by Chan and Chen (1991). Value compa-
nies, with high book value-to-price ratios, may have poor growth prospects and their  
returns, therefore, may be associated with higher levels of risk, such as bankruptcy 
risk. Similarly, small companies are less liquid than large companies, and their return 
premium may well be a compensation for bearing a higher level of illiquidity risk. 
So, size may just be a proxy for a liquidity effect (e.g. Brennan and Subrahmanyam 
1996, Crain 2011).

B.  Factor-Specific Bad Times

In modern asset pricing theories, risk is also defined as covariance with bad times, 
or periods when the marginal utility of wealth is high (e.g. Cochrane 2001). As 
mentioned in the previous chapter, in addition to severe market downturns, high-
marginal-utility environments may include recessions and rising unemployment, 
high inflation, declining consumption, and financial crises. At the asset class level, the 
concept of performance during bad times appears to explain differences in excess re-
turns much better than the relation between total risk and excess return (e.g. Illmanen 
2011, and Ang 2014). Assets that perform poorly during bad times (e.g. equities) 
command higher risk premium. Assets that provide some degree of protection during 
bad times (e.g. government bonds) command low or even negative risk premium.

This notion of risk (covariance with bad times) also can be extended to multifac-
tor equity models. Recall that in the single-factor CAPM, bad times are defined as 
periods of low or negative returns for the market portfolio. This single perspective of 
bad times is of course limiting. Multifactor models approach risk from a more com-
prehensive perspective, as each factor potentially defines its own set of bad times. So, 
the return premia observed for common factors may be a compensation for bad times 
that go beyond just poor performance of the equity market. In the case of value, for 
instance, some examples of considered bad times include firm investment risk (e.g. 
Berk et al. 1999), luxury consumption risk (e.g. Parker and Julliard 2005), housing 
risk (e.g. Lustig and Van Nieuwerburgh 2005), labor income risk (e.g. Santos and 
Veronesi 2006), and production technology risk (e.g. Zhang 2005).
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C. M arket Underperformance Risk

Another risk-based perspective for explaining the return premia of rewarded com-
mon factors, which may be linked to the notion of factor-specific bad times, is that 
factors are highly risky as they tend to experience prolonged and pronounced periods 
of poor performance or underperformance relative to the market (e.g. Ang 2014). 
Value, as an illustration, can go in and out of favor. When value is out of favor, inves-
tors can experience large losses (e.g. during the bull market of the late 1990s). Along 
similar lines, momentum is well known to expose investors to periodic crashes (e.g. 
Daniel and Moskowitz 2014). These crashes occur over short periods and can result 
in large losses. Investors have to bear these high risks of factors (i.e. stay invested dur-
ing difficult times) if they wish to earn the factor premia in the long run.

D. P ersistence

Under risk-based explanations, smart beta factor premia may be expected to persist 
as they represent compensation for bearing additional extra-market sources of risk. 
So, in summary, the risk-based explanations argue that factor excess returns are ac-
tually risk premia arising from exposure to additional sources of risk (e.g. distress 
or illiquidity), and/or exposure to factor-specific bad times, and/or potential risk of 
large losses and market underperformance over extended periods of time. If assets are 
rationally priced, then as compensation for extra risks, factor premia can be expected 
to persist over time.

IV.  Behavioral Explanations

In contrast to risk-based theories, which tend to offer general explanations for 
explaining factor excess returns, behavioral explanations tend to focus on specific 
investor biases and preferences that might drive the abnormal returns associated with 
smart beta factors.

A.  Value

Following the publication of Fama and French (1992), Lakonishok et al. (1994) 
challenged Fama and French’s argument that value stocks deliver higher returns be-
cause they are fundamentally riskier. Lakonishok et al. (1994) documented that value 
stocks do not possess higher risk, as measured by traditional risk metrics, such as mar-
ket beta and standard deviation of returns. They further argued that if value stocks 
are subject to some other sources of risk, which are not captured by the traditional 
measures of risk, then the performance of value and growth stocks should depict 
that in periods when investors become highly risk-averse (i.e. bad times). However, 
Lakonishok et al. (1994) found that value stocks outperformed growth stocks dur-
ing market downturns and during economic contractions, while delivering similar 
returns as growth stocks in up markets and economic expansions. These findings led 
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Lakonishok et al. (1994) to conclude that the value premium is not a result of higher 
risk of value stocks, but a result of irrational behavior of investors, which gives rise to 
a relative mispricing between value and growth stocks. Some behavioral biases that 
may lead to relative mispricing of value and growth securities include (1) the assump-
tion of a trend in stock prices, (2) an overreaction to good or bad news, (3) simply 
a belief that a good company equates to a good investment, irrespective of its price, 
and (4) the tendency of investors to extrapolate past earnings growth too far into the 
future. Value companies tend to be companies that have experienced low earnings 
growth in the past. Growth companies tend to have experienced high growth rates. 
Investors tend to assume that past earnings growth rates will continue far into the 
future and price value and growth stocks accordingly. However, the growth rate of 
earnings tends to mean revert much sooner than investors expect (i.e. there is little 
persistence in growth rates). The duration of earnings growth is, therefore, mispriced 
by investors and that leads to higher returns for value stocks versus growth stocks, as 
subsequent earnings shocks occur. Chan et al. (2003) provided some evidence of this 
behavior by showing that current valuations (book value-to-price ratios) are driven 
by past earnings growth, as opposed to future realized growth. That is, the value pre-
mium may be attributed to investor overreaction.

B. M omentum

There are also many behavioral explanations for the existence of the momentum ef-
fect. For example, one behavioral trait known as “anchoring and adjustment” (e.g. 
Kahneman and Tversky 1974) may explain momentum returns. According to this 
bias, investors update their views only partially when new information becomes avail-
able. As a result, new information is discounted only slowly over time, which creates 
momentum in prices. As such, the momentum effect may be attributed to investor 
underreaction. Other studies, such as Grinblatt et al. (1995), have also linked the 
momentum returns to the herding behavior of investors, who often invest in recent 
winners, thus creating a bandwagon effect.

C.  Simultaneous Existence of Value and Momentum

In the risk framework, the simultaneous existence of value and momentum excess 
returns is sometimes hard to explain. From a behavioral perspective, however, Chen 
et al. (2009) offered a myopic extrapolation explanation for the simultaneous exis-
tence of short-term trend (momentum) and long-term reversal (value) in prices. The 
long-term price reversal was documented by De Bondt et al. (1985). This finding 
refers to the observation that stocks with lower relative returns in the past five years 
tend to outperform, over the next five years, stocks with higher historical relative 
returns. Long-term price reversal is closely linked to value as stocks with lower rela-
tive returns in the past five years also tend to have lower valuation ratios. Chen et al. 
(2009) attempted to reconcile the main behavioral biases identified for momentum 
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(short-term underreaction) and for value (long-term overreaction) through a myopic 
extrapolation hypothesis. The authors argued that the short-term trend and long-
term reversal in prices can be explained by earnings shocks to future cash flows in all 
horizons. That is, there is momentum and then reversal in cash flow shocks, which 
causes momentum and then reversal in prices. This behavior is attributable to inves-
tors’ tendency to revise future cash flows period-by-period, implying that current 
cash flow shocks are expected to last for a long time. Chen at al. (2009) stated: “inves-
tors overweight current earnings shocks but underweight their predictable trends.” 
They refer to this behavior as myopic extrapolation.

D. O ther Factors

More behavioral explanations are also offered to explain the existence of other anoma-
lous returns. For instance, lottery mentality and preferences of investors is often cited 
as the reason for the low-volatility anomaly. According to this explanation, investors 
have a preference for high-volatility, high-beta stocks, which bids up their prices and 
lowers their expected returns relative to low-volatility, low-beta stocks. Hou and Loh 
(2012) analyzed various explanations for the low-volatility anomaly and found that 
lottery mentality of investors was a major contributor in explaining the low volatility 
anomaly, although almost half of the anomalous returns still remain unexplained.

Other contributing influences may include extrapolation and overconfidence bi-
ases. Indeed, Karceski (2002) pointed out that mutual fund investors tended to chase 
returns across asset classes over time and across funds within an asset class that had 
performed well. According to Karceski (2002), these biases may lead fund managers 
to worry more about outperforming in rising markets, then outperforming in fall-
ing markets, which may result in a preference and overpricing of high-beta, high-
volatility stocks.

E. P ersistence

If factor excess returns arise from mispricing attributable to the irrational behavior of 
investors, then why aren’t such mispricings arbitraged away by investors? Numerous 
research articles, generally referred to as limits-to-arbitrage literature, cite many con-
straints to implementing arbitrage trades in real life (e.g. Shleifer and Vishny 1997, 
and Shleifer 2000). Arbitrage activities tend to be highly risky (i.e. can move against 
the arbitrageur) and costly. The Long-Term Capital Management failure is a good 
example in this regard.2 At a micro level, arbitrage trades may be less risky to imple-
ment as assets can be substituted in relative value and hedging trades. For example, 
an individual stock may be substituted with another stock in the same industry and 

2 Long-Term Capital Management was a hedge fund management firm founded in 1993 
that engaged in highly leveraged arbitrage trading strategies and sustained huge losses 
following the 1997 Asian financial crisis and the 1998 Russian financial crisis.
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with similar performance characteristics. At a macro level, such as overall stock market 
and other common factors, highly correlated substitute assets are hard to find, which 
makes the arbitrage potentially highly risky. In addition, in many instances, arbitra-
geurs need to have long investment horizons and significant staying power, as a given 
mispricing can persist and even become more pronounced before it corrects. This is 
very hard to do, especially when the arbitrage is implemented with other people’s 
money, people who may assess performance over shorter time periods. Other consid-
erations may also serve as an impediment to arbitrage activities. For instance, in the 
case of the low volatility anomaly, borrowing restrictions (e.g. Black 1972) and bench-
marks (e.g. Baker et al. 2011) are often cited as limits to arbitrage, as we discuss later.

Even though factor excess returns cannot be fully arbitraged away, presumably 
some portion of those excess returns can be. In this regard, McLean and Pontiff 
(2016) analyzed the out-of-sample and postpublication performance of a large num-
ber of factors shown to predict cross-sectional stock returns. They documented a 26% 
decline in out-of-sample returns and a 58% decline in postpublication returns, rela-
tive to in-sample published performance, on average, which implied a decline of 32% 
(58%–26%) attributable to “publication-informed” trading. These results do not 
suggest a complete disappearance of cross-sectional anomalous returns. Specifically, 
with regards to the smart beta factors, it is also worthwhile to note that these return 
regularities were documented decades ago, as highlighted in the previous chapter. As 
such, any portion of their return premia that could have been arbitraged would have 
disappeared by now. Yet, smart beta factors have continued to generate out-of-sample 
and post-publication return premia.

In summary, we believe behavioral explanations make two main arguments. First, 
the irrational behavior (i.e. biased preferences and beliefs) of investors causes mis-
pricing. Second, such mispricing can potentially persist because it cannot be fully 
arbitraged away (i.e. there are limits to arbitrage).

V.  Structural Explanations

For some smart beta factors, such as volatility, structural explanations have also 
been offered to explain the existence and/or persistence of their anomalous returns. 
Structural explanations typically refer to market frictions, investment management 
structures, or other impediments or constraints that cause mispricings and/or limit 
arbitrage activities. As an example, Black (1972) identified borrowing restrictions as 
a potential reason for the higher risk-adjusted returns observed for low beta stocks. 
Similarly, Baker et al. (2011) identified delegated portfolio management structures, 
in general, and the use of fixed benchmarks, in particular, as another reason why the 
low volatility anomaly persists. Baker et al. (2011) argued that conventional del-
egated fixed-benchmark mandates with leverage constraints create an incentive for 
investment managers to prefer high-beta stocks and shy away from low-beta stocks. 
The use of benchmarks in this manner essentially results in benchmarks themselves 
becoming a potential limit to arbitrage. Finally, we note an interesting study by 
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Asness et al. (2016) that investigated whether the low-risk anomaly was driven by 
leverage constraints, and hence should be measured by systematic risk, or by behav-
ioral biases, and hence should be measured by idiosyncratic or stock-specific risk. To 
address this problem, the authors created new factors or signals that could be used to 
test one theory at a time. They found that signals that attempt to capture the lever-
age constraint perspective produced significant risk factor-adjusted alpha as well as 
depicted persistence on an out-sample basis across geographies and time. The signals 
that attempt to capture the behavioral perspective generally depicted less robust per-
formance, with sentiment-related factors performing the best within this category. 
Based on the evidence presented in this study, the authors concluded that both lever-
age constraints and lottery mentality play a role in explaining the low-risk anomaly.

VI. T ypical Investor Questions 

3.1  What Are Some of the Potential Issues Associated  
with Risk-Based Explanations?

Risk-based explanations argue that factor excess returns are actually risk premia aris-
ing from exposure to additional sources of risk (e.g. distress or illiquidity), and/or 
exposure to factor-specific bad times, and/or potential risk of large losses and market 
underperformance over extended periods of time. Let’s review the merits of these 
arguments.

At one level, in our view, risk-based explanations seem reasonable. After all, if mar-
kets are rational and efficient, then factor return premia must be a compensation for 
bearing higher risk. However, the inability of the rational framework to identify those 
additional sources of risk presents a problem. Even if we accept that the underlying 
extra-market source of risk is distress for value and liquidity for size, there is no general 
agreement on risk sources relating to momentum, volatility, or quality. The risk-based 
explanations also cannot account for the simultaneous existence of factor excess returns, 
such as value and momentum. Fama and French (1998) themselves observe that past 
loser stocks have value-like characteristics, as price declines cause their valuation ratios 
to decline as well. This would imply that past loser stocks, and not past winner stocks 
(high momentum stocks), should have higher returns. This apparent contradiction 
led Fama and French to conclude that value and their 3-factor model cannot explain 
momentum returns. Fama even termed momentum as the “granddaddy” of market 
anomalies. If momentum is such a challenging anomaly, then what about the finding 
that low-volatility stocks outperform high-volatility stocks, which results in low risk 
being associated with higher returns? This finding poses such a problem that some pro-
ponents of efficient markets refuse to accept it even exists. Yet, the low-risk anomaly is 
one of the oldest documented anomalies, which has clearly persisted over time.

The notion that risk should be defined as covariance with bad times also seems 
quite reasonable. This concept of risk implies that factors deliver return premia 
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because they perform poorly during bad times. The typical examples of bad times 
are periods of equity market downturns or economic recessions. Based on these defi-
nitions of bad times, our research does not support the assertion that all common 
factors perform poorly during bad times. Low-volatility and quality factors actu-
ally perform quite well during such periods and provide a high degree of downside 
protection. It may be that smart beta factors are characterized by bad times that are 
in addition to or different from those associated with the overall equity market. But 
again, the inability of academic researchers to reach a consensus on what those bad 
times might be is a source of confusion, which makes the argument less convincing 
in our judgment.

Smart beta factor returns clearly reflect a high degree of cyclicality, as factors do go 
in and out of favor. They also expose investors to severe market underperformance, 
which can last over a multiyear period. So, the observed factor return premia could 
be a compensation for bearing these extra risks, which go beyond the general perfor-
mance risks associated with the market. This argument also seems reasonable, but it 
does not explain why certain factors are empirically and persistently rewarded and 
others not. For instance, Hou et al. (2015) analyzed the performance of 80 anomalies 
and found that almost half of them are insignificant in explaining the cross-section 
of expected returns (i.e. not priced or rewarded). Clearly, even factors that are not 
considered as rewarded common factors and typically not included in multifactor 
pricing models depict cyclicality and market underperformance risk.

3.2  What Are Some of the Potential Issues Associated  
with Behavioral Explanations?

Behavioral explanations argue that the irrational behavior (i.e. biased preferences and 
beliefs) of investors results in mispricing and gives rise to the empirically observed 
factor premia. One major issue with behavioral explanations is that some of them 
appear to be ex post and ad hoc rationalizations, although behavioral portfolio theo-
ries, of course, exist that provide some predictions on asset pricing (e.g. Shefrin and 
Statman 2000). There are so many potential investor biases and preferences that it is 
always possible to find one that explains a given anomaly. As discussed, value is attrib-
uted to investor overreaction, momentum to investor underreaction, low volatility 
to lottery mentality, and so on. In addition, there could be multiple and competing 
explanations for the same anomaly. Consider the case of momentum. Some argue it is 
caused by investor underreaction (e.g. Hong and Stein 2000), while others argue it is 
a result of investor overreaction (e.g. Daniel et al. 1998). What causes underreaction? 
Different studies point to different traits, such as anchoring and adjustment, repre-
sentativeness, conservatism or bounded rationality. Overreaction could be caused by 
conservatism, overconfidence, or self-attribution.

Given the above, proponents of efficient markets often argue that many behav-
ioral explanations lack rigor, theory, and discipline. There may be some degree of 
truth in this criticism.
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3.3 G iven the Vigorous Discussion and Debate, and the Confusion 
That It Inevitably Creates, How Should Investors Approach Two 
Basic Questions: Why Do Smart Beta Factors Exist? and Why Do 
They Persist?

There is no doubt that there is a clear lack of consensus in the academic community 
on what drives smart beta factor excess returns. Proponents of efficient markets argue 
that factor premia are a rational compensation for bearing additional extra-market 
risks. Proponents of inefficient markets counterargue that factor premia arise from 
the irrational behavior of investors. The lack of consensus is also apparent among 
practitioners in the investment industry. Index providers generally refer to factor re-
turns as risk premia (without identifying the extra sources of risk that factors expose 
investors to), while active managers argue that factor premia represent behavioral 
anomalies that they can efficiently exploit (without addressing the various issues 
linked with limits-to-arbitrage).

Why do smart beta factors work? In our opinion, in addressing this question, 
practitioners may find it helpful to keep the following considerations in mind.

a.  Data Mining

In our opinion, smart beta factors are not spurious or lucky factors, whose perfor-
mance is unlikely to persist out-of-sample. There is now some level of agreement in 
the industry that smart beta factor premia are not a result of data mining. As docu-
mented in Chapter 2, these factors remain significant in multiple testing frameworks 
and their performance has persisted on an out-of-sample basis over multiple decades.

b.  Risk or Mispricing or Structural

Investors may have philosophical beliefs on market efficiency and on why certain 
factors work. These philosophical beliefs may lead to preference of certain factors 
over others. For example, in a recent interview at a fiduciary investors’ symposium, 
Eugene Fama put forth the view that momentum is unlikely to be a risk factor, given 
its high turnover. “I have difficulty thinking about a risk factor with a turnover so 
high…. Momentum, in my view, is the biggest embarrassment for efficient mar-
kets,” he said. He further admitted that he was “hoping it goes away.”3 Although 
Fama’s statements are a bit hard to interpret (is his assertion that momentum is too 
risky to be a risk factor?), they do highlight his philosophical beliefs and preferences. 
Many other investors also feel more comfortable with value or quality investing, 
than they do with momentum. From a market efficiency perspective, these investors 
have a hard time understanding why momentum works, as it challenges even the 
weak form of market efficiency. Yet, in our experience, many of these same investors 
also implement low-volatility strategies in their portfolios, which challenge the basic 

3 Whyte (2016).
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positive relation between risk and return that financial theory establishes. Holding 
philosophical beliefs is perfectly reasonable. But, consistency in philosophical beliefs 
is also important.

Irrespective of philosophical beliefs, practitioners should probably strive to com-
prehend the basic arguments relating to risk-based, behavioral, and structural ex-
planations. But, in our view, it would not be a good use of investors’ time to try to 
understand the nuances being argued in the academic literature within each school 
of thought. Is value a proxy for distress risk or some other form of risk? Do the 
extra-market bad times relating to value arise from labor risk or production technol-
ogy risk? Does momentum result from investor underreaction or overreaction? It is 
best to let the academics argue about these topics for now, until further clarity and 
consensus emerges.

c.  Persistence

In the risk-based explanations, smart beta factor premia are expected to persist be-
cause, in equilibrium, extra risk needs to be compensated with extra return. In be-
havioral and structural explanations, smart beta factor premia are expected to persist 
because of limits-to-arbitrage. Under various theories, therefore, there is a reasonable 
argument as to why smart beta factor return premia can be expected to persist over 
time. In this sense, there appears to be some level of agreement on the important issue 
of persistence of factor premia. As such, factor premia are sometimes referred to as 
“systematic” sources of returns. They are systematic in the sense that, whether arising 
from risk or mispricing, they tend to persist over time.

Another practical perspective on persistence is that strategies that are more likely 
to have investors on the other side of the trade are more likely to persist. For instance, 
many investors pursue a contrarian investment philosophy. They buy stocks that have 
recently fallen in price (other side of momentum). Other investors prefer stocks with 
high expected earnings growth and good, attractive stories (other side of value). And 
many investors prefer high-beta, high-volatility stocks in the hope of outperforming 
the market or their benchmarks (other side of low-volatility).

So, what is the bottom line?
The reality is that we do not fully understand why smart beta factors work. 

We have plausible explanations, but not agreement within the industry. Various 
offered explanations have potential shortcomings. Philosophical biases of inves-
tors may lead them to consider factor premia as arising out of either risk or 
mispricing or structural impediments. If no strong philosophical beliefs are held, 
then, in our view, it is not worth taking a rigid position in the risk versus mispric-
ing versus structural debate. The truth may very well be that smart beta factor 
premia are driven by a combination of risk, behavioral, and structural consid-
erations. That is our perspective. When pushed on the relative importance of 
the various explanations, we may have a slight preference for the behavioral and 
structural schools of thought.
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There is good news, however. Various schools of thought do appear to have ra-
tional arguments as to why smart beta factor premia can be expected to persist. And 
from a practitioner viewpoint, persistence is clearly a key consideration.

3.4 I s Smart Beta Becoming a Crowded Trade, Ultimately Leading 
to the Disappearance of Smart Beta Factor Excess Returns?

With the popularity and growth of smart beta investing, some investors worry that it 
is quickly becoming a crowded trade. A crowded trade typically refers to a situation in 
which excess demand for a strategy or asset leads to overvaluation and, hence, lower 
or negative expected returns. Investors often point toward the large inflows experi-
enced by smart beta offerings over the last few years as well as the valuation levels of 
smart beta strategies as evidence of crowding.

It is true that smart beta investing has seen increased inflows in recent years, but 
there may not be a dollar-for-dollar relationship between these inflows and the net 
increase in dollars linked to smart beta factors. For example, if smart beta assets have 
increased by US$500 billion, it does not necessarily mean that dollars invested in 
smart beta factors have also increased by that amount. The reasoning for this is as fol-
lows. At the industry level, over the last few years, we have seen a pronounced trend 
of outflows from active and inflows into passive and smart beta. Passive index invest-
ing, which replicates capitalization-weighted market benchmarks, has zero exposures 
to factors, by definition. Individual active managers typically have exposures to smart 
beta factors, but, as a group, they also look like the market, with no meaningful factor 
exposures, that is, positive and negative exposures of individual managers cancel out 
(e.g. Fama and French 2008). Therefore, a movement of funds from active to passive, 
broadly speaking, may have no impact on the net dollars linked to factor strategies. 
The move from active to smart beta, however, will increase the amount of dollars 
invested in factors, but not on a dollar-for-dollar basis. Recall that one of the primary 
value propositions for smart beta is the ability to deliver sources of excess returns that 
active managers have traditionally exploited in far more transparent investment pro-
cesses and cheaper investment vehicles. Therefore, it would be reasonable to assume 
that some meaningful proportion of inflows into smart beta from active is coming 
from managers with positive factor exposures, but also high active fees. As such, 
net additional dollars linked to smart beta factor exposures may be quite a bit less 
than the total inflows into smart beta. Another perspective on increased smart beta 
inflows and potential crowding is provided by Blitz (2017). Using structured prod-
ucts (ETFs) as an example, he documented that as of December 31, 2015, US-listed 
funds that had at least three years of performance history amounted to US$1.2 tril-
lion in assets, or about 5% of the US equity market. In analyzing the smart beta fac-
tor exposures across the full range of offered funds, Blitz (2017) found that, although 
some funds offered explicit positive exposures to smart beta factors, others pursued 
investment processes that resulted in implicit negative exposures. In the aggregate, 
across all funds, smart beta factor exposures turned out to be close to neutral or zero. 
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Thus, despite increased inflows into smart beta structured products, the data did not 
support the assertion that more dollars were chasing smart beta factor premia. These 
research findings, notwithstanding, crowding could, of course, become a real concern 
if inflows from both active and passive moved into smart beta at an increasing rate. 
But we are quite far from that situation at this stage. Additionally, despite the recent 
growth, smart beta assets remain a relatively small proportion of total equity assets.

Another argument for crowding relates to higher valuation levels of smart beta 
strategies. The issue of assessing the level of valuation of smart beta strategies, how-
ever, is a complicated one. Some researchers, for example, Arnott et al. (2016), argue 
that recent smart beta factor returns have been driven by increases in valuation, due 
to increased inflows. As a result, Arnott et al. (2016) state that some smart beta strat-
egies have become very expensive, with a reasonable likelihood of factor crashes on 
the horizon. Others, for instance, Asness et al. (2015), counterargue that, despite in-
creased popularity, smart beta factors are not overvalued based on value spreads. The 
question of assessing factor valuations is complicated because different methodolo-
gies can lead to different results. For example, our research shows that conventional 
profitability strategies currently look highly overvalued relative to history based on a 
price-to-book valuation metric. But from a price-to-earnings valuation perspective, 
these same strategies look slightly undervalued. In general, as of June 2017, we do not 
find any evidence of a structural overvaluation of factor strategies to the extent that it 
would lead us to seriously question the persistence of factor return premia.

VII.  Conclusion

From a smart beta perspective, size, value, momentum, volatility, and quality typi-
cally constitute the set of rewarded factors. Although the industry has not yet reached 
a consensus on why these factors work, there is considerable and convincing evidence 
on the out-of-sample persistence of excess returns associated with these factors. Fama 
and French factors have been updated on Ken French’s website for more than two 
decades. Live performance is also available for large-small and value-growth indexes 
published by index providers for global equity markets. And factors have depicted 
persistence across market segments (large, mid, small), across geographies (developed 
and emerging), and across time (out-of-sample).

In the next section of this book, we shift our focus from an academic review of 
factors to capturing smart beta factors in real-life implementations. We discuss the 
various portfolio construction methodologies and factor specifications used by pro-
viders to capture smart beta factor returns. We also analyze the historical performance 
of a large number of publicly available smart beta strategies to better understand their 
performance characteristics.
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Chapter 4
Weighting Schemes

The wide variety of smart beta products available in the marketplace can sometimes 
be overwhelming for investors and may pose a challenge with regards to analyzing 
and selecting such products. Differences in smart beta offerings can arise from many 
sources, such as factor specifications, weighting schemes, and methodologies used 
to control turnover, diversification, or capacity. In this chapter, we propose a simple 
framework for understanding the various weighting schemes employed to capture 
smart beta factor returns.1 We also analyze the efficiency in factor capture achieved by 
these weighting schemes. In the next chapter, we discuss differences that could arise 
from factor signal specifications.

Chapter Summary

•• Smart beta products use a variety of weighting schemes and portfolio construction 
methodologies to capture factor returns.

•• The various weighting schemes employed can be classified into two broad catego-
ries: (1) weighting schemes that “tilt” the benchmark capitalization weights toward 
the desired factor characteristics and (2) weighting schemes that “reweight” universe 
constituents from capitalization weighting to weights based on factor characteristics 
or some other construction objective.

•• The first category, “Tilting,” results in constituent total weights being a function of 
benchmark capitalization weights. Constituent active weights (i.e. overweights and 
underweights) may or may not be a function of benchmark capitalization weights 
depending on how the factor tilts are implemented.

•• Some weighting schemes, such as capitalization weighting and capitalization 
scaling, implement factor tilts by multiplying benchmark capitalization weights 
by factor attractiveness scores. As such, these schemes deliver a capitalization-

1 In this chapter, we discuss the weighting schemes used to weight individual stocks in factor 
portfolios. The weighting schemes used to weight factors in the construction of multifactor 
strategies are discussed in Chapter 8.

 



scaled factor tilt, in which active weights also become a function of benchmark 
capitalization weights. These weighting schemes typically have low turnover, low 
implementation costs, and high capacity, but they may also depict high stock-
level concentration and factor tilts that are influenced by capitalization weights.

•• Other weighting schemes, such as active risk constrained optimization and signal 
tilting aim to implement purer factor tilts by making active weights independent 
of benchmark capitalization weights and only a function of factor attractiveness. 
These weighting schemes will typically have higher turnover and lower capacity 
than capitalization weighting and capitalization scaling.

•• The second category, “Reweighting,” which is benchmark-agnostic, seeks to 
reweight a given universe of securities from capitalization weights to weights de-
termined by factor attractiveness or some other investment objective, for example, 
building a minimum variance portfolio. This category includes weighting schemes, 
such as equal weighting, signal weighting, and active risk unconstrained optimiz-
ing. These weighting schemes typically offer high diversification, but may also have 
high turnover, low capacity, and a small cap bias in factor capture.

•• We create smart beta factor portfolios using the various weighting schemes. We ana-
lyze historical backtested performance and conduct an active return and risk decom-
position against capitalization-weighted factor portfolios (cap-scaled factor tilts) and 
signal-tilted factor portfolios (cap-independent factor tilts). The main findings are:

•• All smart beta factor portfolios created using various weighting schemes outper-
formed the market benchmark (Russell 1000 Index).

•• Capitalization-scaled factor portfolios realized only marginal improvement in 
information ratios and generated no meaningful alpha in a risk decomposition 
relative to capitalization-weighted factor portfolios.

•• Signal-tilted factor portfolios produced higher information ratios than capi-
talization-weighted and capitalization-scaled factor portfolios, confirming that 
purer signal tilts tend to deliver better risk-adjusted performance.

•• Equal-weighted and signal-weighted factor portfolios performed similarly 
relative to the Russell 1000 Index. They realized higher information ratios 
compared to capitalization-weighted, capitalization-scaled, and signal-tilted 
factor portfolios. These portfolios also generated large and statistically sig-
nificant alphas in a risk decomposition against the capitalization-weighted  
factor portfolios.

•• As we show in this chapter, equal-weighted and signal-weighted factor portfolios 
are equivalent to starting with an equal-weighted benchmark universe and then 
tilting toward the desired factors. As such, the significant outperformance of 
these factor portfolios is largely explained by the outperformance of the equal-
weighted Russell 1000 portfolio over the Russell 1000 Index.

•• The performance of equal-weighted and signal-weighted factor portfolios is  
almost fully explained in a risk decomposition against the equal-weighted  
Russell 1000 portfolio and the signal-tilted value, momentum, volatility, and 
quality portfolios.
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•• In comparing the efficiency in factor capture of various smart beta methodologies, 
in our opinion, an active return and risk decomposition may be a more insightful 
method to a simple historical performance comparison based on risk-adjusted re-
turns. This is because, given the significant variation in active returns, it is quite 
difficult to achieve statistical significance in evaluating differences in Sharpe ratios or 
information ratios. An active return and risk decomposition, on the other hand, pro-
vides insights to understanding factor exposures and contributions. In this exercise, 
the magnitude, statistical significance, and active risk contribution of the alpha (un-
explained active return) generated is a useful indicator of the efficiency of a strategy.

•• A capitalization-weighted parent universe (e.g. Russell 1000 Index) is not an ap-
propriate performance benchmark for all smart beta strategies. Some weighting 
schemes, such as equal weighting and signal weighting implement factor tilts rela-
tive to an equal-weighted parent universe (e.g. Russell 1000 Equal-Weighted In-
dex), not a capitalization-weighted parent universe. If the objective is to determine 
the efficiency of factor tilts, then their performance should be evaluated relative to 
the equal-weighted parent universe.

I.  Introduction

In the academic literature, it is customary to construct factor portfolios using a meth-
odology similar to the one outlined in Fama and French (1992). The Fama-French 
portfolios are zero-investment, factor mimicking portfolios that rely on the notion of 
diversification to capture the size, value, or momentum effects. But these portfolios 
also have drawbacks. They require shorting, have high turnover, and do not have 
readily available investment vehicles that replicate their performance. Despite their 
usefulness in investment research, the Fama-French factor portfolios are not easily 
and cost-effectively investable and replicable.

Smart beta providers, therefore, design construction methodologies to create long-
only, investable factor portfolios, whose performance investors can actually replicate 
at low cost. In this chapter, we discuss a simple conceptual framework for analyzing 
different weighting schemes used by smart beta providers, as well as gaining a better 
understanding of what drives their performance.

II.  Weighting Schemes Used to Capture  
Factor Returns

All smart beta strategies that seek to capture factor returns have one common feature: 
they employ weighting schemes that deviate from benchmark capitalization weights of 
constituents. The deviation from benchmark capitalization weights can be implement-
ed in two ways: (1) by tilting benchmark capitalization weights toward the desired fac-
tors, and (2) by “reweighting” benchmark constituents by the desired factors or some 
other construction objective, such as equal-weighting or building a minimum variance 
portfolio. These two broad categories of weighting schemes are shown in Figure 4.1.
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Within the Tilting category, the total weight of constituents is a function of 
benchmark capitalization weights. However, weighting schemes within this category 
may differ on how the factor tilts are determined. One approach is to multiply bench-
mark capitalization weights by factor attractiveness (e.g. a factor score). This multi-
plicative process implies that active weights of constituents also become a function 
of benchmark capitalization weights. We refer to such weighting schemes as “cap-
scaled” factor tilting. The second approach determines active weights solely as a func-
tion of factor attractiveness, and independently of benchmark capitalization weights. 
The derived active weights are then added to capitalization weights to determine the 
total weight of constituents. We refer to such additive processes as delivering “cap-
independent” factor tilts, or purer factor tilts as the relation between factor attrac-
tiveness and active weights is improved. Therefore, within the Tilting category, total 
weights of constituents are always a function of benchmark capitalization weights, 
while active weights may or may not be.

In the Reweighting category, since benchmark constituents are reweighted based 
on factor attractiveness or some other construction objective, the total weight of each 
constituent is independent of benchmark capitalization weight, while active weight  
is not.

Figure 4.2 depicts an overview of the categorization of various weighting schemes 
and their total and active weight characteristics.

A. T ilting: Total Weights Linked to Benchmark  
Capitalization Weights

As a broad category, these weighting schemes seek to implement factor tilts relative to 
the benchmark capitalization weights of constituents. The factor tilts can be imple-
mented by scaling benchmark capitalization weights or independently of benchmark 
capitalization weights.

Figure 4.1  Smart Beta Weighting Schemes: Two Broad Categories

Smart Beta Weighting
Schemes

Tilting

Benchmark Weights

Reweighting

Benchmark Constituents
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a.  Cap-Scaled Factor Tilts

This category includes weighting schemes such as capitalization-weighted (CW) and 
capitalization-scaled (CS), in which total and active weights of constituents are a 
function of their benchmark capitalization weights.

i.  Capitalization Weighting

Capitalization-weighted factor portfolios use a weighting scheme that is transparent 
and well understood by investors. Traditional style (value/growth) indexes offered by 
index providers are examples of CW factor portfolios. More generally, independent 
CW factor portfolios may be constructed using a methodology outlined in Table 4.1. 
The construction process starts with the specification of a benchmark universe from 
which the CW factor portfolios are created. All stocks in the universe are indepen-
dently ranked from high to low on a factor signal, such as momentum. The highest-
ranked stocks that provide a certain cumulative coverage of the benchmark universe 

Figure 4.2  Smart Beta Weighting Schemes: Total and Active Weight Characteristics

Smart Beta Weighting
Schemes

TILTING

Total weight linked to
capitalization weight

Cap-Scaled Factor Tilting

Active weight also linked to
capitalization weight 

Cap-Independent Factor
Tilting

Active weight independent
of capitalization weight

REWEIGHTING

Total weight independent
of capitalization weight

Active weight linked to
capitalization weight
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Table 4.1  Illustration of CW Factor Portfolio Construction Process

Stock  
Momentum  

(Total 
Return)

Benchmark 
Weight (%)

Cummulative 
Coverage of 
Benchmark 
Weight (%)

Total  
Weight in  

Momentum 
Portfolio (%)

Active 
Weight in 

Momentum 
Portfolio (%)

Stock 1 90.20 0.50 0.50 1.00 0.50

Stock 2 85.40 1.00 1.50 2.00 1.00

Stock 3… 82.50 0.50 2.00 1.00 0.50

…Stock n… 8.20 3.00 50.00 6.00 3.00

Stock n + 1… 7.50 0.75     -0.75

Source: GSAM.

weight (50% in this illustration) are selected for inclusion in the factor (momentum) 
portfolio. In this case, stocks 1 through n are selected for inclusion, as they provide 
50% cumulative coverage. Then, the selected stocks are weighted by their market 
capitalization. Therefore, the second to last column of Table 4.1 shows that the total 
weight of each stock in the momentum portfolio is twice the weight the stock has in 
the benchmark index because we have 50% coverage of benchmark market capitaliza-
tion. The active weight of each stock is equal to its capitalization weight in the bench-
mark (last column). If the factor index was constructed to target 25% coverage of the 
parent universe weight, then the total weight and active weight of constituents would 
be four times and three times the benchmark capitalization weight, respectively.

The construction process outlined in Table 4.1 is an approach in which con-
stituent selection is based on factor rankings but constituent weighting is based on 
capitalization, whether used in the context of an independent factor portfolio (as 
in this illustration) or in a two-dimensional construct (e.g. traditional value-growth 
indexes). For the selected constituents, total weights and active weights in the fac-
tor portfolio are a function of benchmark capitalization weights and the proportion 
of benchmark coverage, and not a function of factor ranks or attractiveness based 
on the factor signal (these results are derived more formally in Appendix 4.1). For  
example, because Stock n in Table 4.1 is a large stock (benchmark capitalization 
weight of 3%), it receives the highest total weight (i.e. 6%) and the highest active 
weight (i.e. an overweight of 3%), despite the fact that Stock n is the least attractive 
security on momentum among the selected securities. Although CW factor portfoli-
os offer high investability and capacity, their construction methodology also disturbs 
the link between the factor signal and the total and active weight of a constituent.

ii.  Capitalization Scaling

One approach to improve the relationship between factor signals and weights is 
to scale benchmark capitalization weights of constituents by the factor signal. This 
weighting scheme is referred to as capitalization-scaled (CS) weighting. Bender 
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and Wang (2015) provide an example of factor portfolio construction using CS  
weighting. More generally, the weight of a security in a CS factor portfolio is 
determined by multiplying the factor score of the security by its benchmark capi-
talization weight. In this approach, therefore, stocks with high (low) factor scores 
are overweighted (underweighted) relative to their benchmark capitalization weight. 
Within capitalization scaling, some smart beta offerings use the entire universe of 
benchmark constituents, while others use a subset to create more concentrated port-
folios. MSCI Momentum Tilt and Quality Tilt indexes are examples of the former 
case. In the context of value investing, value-weighted indexes are also an example 
of products that capitalization-scale the entire universe. In such indexes, constitu-
ents that have high (low) value characteristics compared to the market are scaled up 
(down) relative to their benchmark weights. Concentrated CS offerings first select a 
subset of the benchmark universe, such as the top 30% of names based on a factor 
score, and then apply the capitalization scaling to the selected constituents. MSCI 
Momentum and Quality Indexes would be examples of such offerings.

CS factor portfolios improve the relationship between factor attractiveness and 
security weights compared to CW factor portfolios and, hence, may provide im-
proved efficiency in factor capture. However, in such portfolios, the relation between 
factor signal and security weights is still not exact, as weights remain a function of 
capitalization weights in the benchmark index. For example, two constituents that 
have the same value characteristics can have different weights in the CS value factor 
portfolio if their capitalization weights in the benchmark index are different. More 
specifically, larger companies will receive a higher total and active weight, even if they 
have similar factor characteristics as smaller companies. Therefore, this multiplicative 
weighting scheme produces a cap-scaled tilt in factor portfolio construction (please 
see Appendix 4.1 for a derivation of these results). Finally, we note that fundamental 
indexation is also equivalent to a CS weighting scheme, despite the fact that funda-
mental indexes do not explicitly consider capitalization weights in their construction. 
This result is also derived in Appendix 4.1.

b.  Cap-Independent Factor Tilts

This category includes weighting schemes such as active risk constrained-optimized 
and signal tilted (ST), where total weights are a function of benchmark capitalization 
weights, but active weights are not.

i.  Active Risk Constrained Optimization

Active risk constrained-optimized factor portfolios offer the ability to implement 
factor tilts at desired levels of tracking error, while also adhering to other constraints, 
such as limits on turnover or sector exposures. Many smart beta managers, typi-
cally quant managers, use this construction approach. In an active risk constrained-
optimized solution, the active weights are determined by a combination of alpha 
signal (i.e. factor signal) and active risk considerations. This significantly improves 
the relationship between risk-adjusted factor signals and active weights. In contrast 
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to cap-scaled tilts introduced by CW and CS weightings, active risk constrained  
optimization results in purer risk-adjusted signal tilts.

ii.  Signal Tilting

Some investors perceive optimized factor portfolios as opaque and as introducing 
a level of complexity that may not be needed in capturing smart beta factors. The 
basic objectives of an optimized solution, however, can also be achieved through 
simpler, rules-based, and more transparent weighting schemes that implement 
a cap-independent factor tilt. In such weighting schemes, the active weight of a 
constituent is determined based on the strength of a factor signal, independent 
of benchmark capitalization weights within the context of a long-only constraint. 
Then, the active weights are added to or subtracted from benchmark weights to 
calculate total weights. Unlike CS weighting, where the signal tilt is achieved by 
multiplying benchmark capitalization weights, these weighting schemes implement 
a purer signal tilt using an additive approach. We refer to these weighting schemes 
as signal tilted (ST).

ST weighting schemes seek to establish a direct relationship between a factor 
signal and active weights assigned to securities in the factor portfolio, subject to 
the long-only constraint, while targeting a specific level of active risk relative to 
the benchmark. A direct relationship implies that the most attractive security on 
a given factor signal receives the highest overweight, the second most attractive 
security receives the second highest overweight, and so on. Similarly, the most 
unattractive security is assigned the highest underweight. On the overweight side, 
the factor portfolios can realize a perfect correlation between factor signals and 
overweights, but not for underweights. The long-only constraint requires that se-
curities cannot be underweighted by more than their benchmark weight, which 
limits the ability to achieve desired underweights in the case of smaller stocks. 
Once the active weights are determined based on factor signals, the total weight 
is defined as capitalization weight plus or minus the determined active weight. ST 
factor portfolios may provide improved efficiency in factor capture, as the active 
weights of securities are independent of benchmark capitalization weights, except 
for the long-only constraint. The FTSE Russell High Efficiency Defensive Index is 
an example of a ST portfolio construction process. Some smart beta managers also 
use ST weighting schemes in the design of their smart beta offerings. Appendix 4.1 
provides a detailed example of a ST weighting scheme that establishes a linearly 
proportional relationship between factor scores and active weights to create ST 
smart beta factor portfolios.

B. R eweighting: Total Weights Independent of  
Capitalization Weights

This second broad category includes weighting schemes such as equal-weighted 
(EW), signal-weighted (SW), and active risk unconstrained-optimized.
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Table 4.2  Illustration of EW Factor Portfolio Construction Process

Stock  
Momentum 

(Total Return)
Benchmark 
Weight (%)

Cummulative 
Coverage of 
Benchmark 
Names (%)

Total Weight 
in Momentum 
Portfolio (%)

Active Weight 
in Momentum 
Portfolio (%)

Stock 1 90.20 0.05 0.20 0.40 0.35

Stock 2 85.40 1.00 0.40 0.40 -0.60

Stock 3. . . 82.50 0.25 0.60 0.40 0.15

. . .Stock 250. . . 8.20 3.00 50.00 0.40 -2.60

Stock 251. . . 7.50 0.75     -0.75

. . .Stock 500 -50.50 1.00 -1.00

Source: GSAM.

a.  Equal Weighting

A popular example of an EW smart beta strategy is the EW benchmark universe, 
such as the Russell 1000 Equal Weight Index. Equal weighting, however, can also 
be used in building factor portfolios from a given benchmark universe. Capitaliza-
tion-weighted and CS factor portfolios may offer higher capacity and investability, 
but, in addition to potentially lower efficiency in factor capture, may also expose 
investors to significant stock-level concentration. To introduce more diversifica-
tion in factor capture, equal weighting is often employed as an alternative portfolio 
construction approach (e.g. Blitz 2012, Amenc et al. 2016). Table 4.2 provides an 
illustration of how an independent EW factor portfolio may be constructed. In this 
example, the starting benchmark universe consists of 500 securities. These securities 
are ranked on a given factor, for instance, momentum. The top 50% of securities 
(i.e. 250 names) are then selected for inclusion in the momentum portfolio. Finally, 
the selected securities are equal weighted. As such, the total weight of each secu-
rity is 0.4% (1/250) and the active weight is 0.4% minus the benchmark capital-
ization weight (last column of Table 4.2). In this construction methodology, total 
weights are independent of benchmark capitalization weights, while active weights 
are still a function of capitalization weights, with smaller companies being over-
weighted and larger companies being underweighted in the final portfolio (please see  
Appendix 4.1 for more details). Therefore, EW factor portfolios deliver a small cap-
biased factor capture.

b.  Signal Weighting

In a SW scheme, the entire benchmark universe of constituents or a subset of the 
benchmark universe are weighted directly by the factor signal. MSCI Risk-Weighted 
Indexes and S&P Low Volatility Indexes are examples of SW factor portfolios. In 
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these indexes, universe constituents are weighted by the inverse of their historical 
return volatility, such that lower volatility stocks receive a higher weight relative 
to higher volatility stocks. In this construction approach, therefore, total weights 
are independent of benchmark capitalization weights, as universe constituents are  
reweighted by the factor signal. The active weights are still a function of capitalization 
weights, as they are derived by subtracting capitalization weight from the total weight 
(refer to Appendix 4.1 for more details).

c.  Active Risk Unconstrained Optimization

Many smart beta products also use an active risk unconstrained-optimization in 
the portfolio construction process. Minimum variance, risk-efficient, and maxi-
mum diversification portfolios are examples of smart beta strategies that employ 
active risk unconstrained optimization. For example, in the construction of a mini-
mum variance portfolio, the total weight of securities is driven by total volatility 
and co-variances, such that low volatility stocks with high diversification poten-
tial receive a larger weight compared to high volatility stocks with low diversifica-
tion potential. As such, total weights are independent of benchmark capitalization 
weights, while active weights are determined by subtracting capitalization weights 
from the total weights.

*  *  *

To summarize this section on the various weighting schemes used to construct smart 
beta factor offerings, we note the following:

•• CW and CS weighting schemes may have low turnover, low implementation 
costs, and high capacity, but they potentially also expose investors to high concen-
tration risk. CW portfolios introduce a factor tilt only in security selection, but 
not security weighting. CS portfolios introduce a cap-scaled (or large-cap biased) 
factor tilt.

•• The EW and SW factor portfolios may provide more diversification, but may result 
in higher turnover, lower capacity, and a small cap bias in factor capture.

•• Active risk constrained-optimized and ST factor portfolios seek to establish a 
direct relationship between factor attractiveness and active weights, and hence 
deliver purer factor tilts. They do so by making active weights a function only 
of factor signal attractiveness, and not benchmark capitalization weights (cap-
independent factor tilts). Such portfolios may have lower capacity than CW 
and CS factor portfolios, although some smart beta managers seek to improve 
capacity by employing methodologies to enhance diversification and lower 
turnover.

In Figure 4.3, we list examples of smart beta offerings corresponding to the 
weighting schemes discussed in this section.
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III. Ass essing the Investment Performance 
and Efficiency of Weighting Schemes Used to 
Capture Factor Returns

We now proceed to analyze the investment performance and efficiency (defined as 
factor-adjusted alpha) of various weighting schemes in capturing factor returns. To 
the extent that actual commercial products encompass a large number of decisions in 
their construction, it becomes very difficult to assess the performance and efficiency 
of just the weighting schemes using such products. For instance, two smart beta 
offerings that employ the same weighting scheme can depict different performance 
characteristics because of different signal specifications and/or methodologies used 
to address other areas of portfolio construction, such as diversification, turnover, or 
portfolio rebalancing. Therefore, in this section, we compare the performance of vari-
ous weighting schemes in a controlled, internally consistent research environment, 
such that apples-to-apples comparisons can be facilitated.

However, before we look at the historical performance comparisons, it may be 
useful to lay out what we would expect to see, based on the conceptual framework 
presented in the previous sections. In general, we would expect:

•• CW smart beta factor portfolios to outperform the market, given the existing 
academic evidence as well as the historical performance of some capitalization-
weighted factor indexes, such as traditional value indexes,

•• CS smart beta factor portfolios to realize higher IRs than CW portfolios, as they 
improve the link between factor attractiveness and active weights,

•• ST smart beta factor portfolios as well as active risk constrained-optimized solu-
tions to realize higher IRs than CW and CS portfolios, as they further improve the 
link between active weights and factor attractiveness, and

•• SW and EW smart beta factor portfolios as well as active risk unconstrained-
optimized solutions to also deliver higher IRs than CW and CS portfolios, as they 
provide a small-cap, as opposed to a large-cap, biased factor capture.

We create the smart beta factor portfolios using the rules-based weighting schemes 
outlined above and excluding the optimized solutions. The constructed smart beta 
factor portfolios are based on the same factor signal specifications. We specify the 
smart beta factors as follows. Size is defined as the inverse of market capitalization. 
Value is defined as a composite signal of three valuation ratios, namely book val-
ue-to-price, sales-to-price, and cash flow-to-price (or earnings-to-price when cash 
flow is unavailable). Momentum is defined as prior 11-month total return, lagged 
by one month. Volatility is defined as the inverse of prior 12-month standard de-
viation of daily total returns. Finally, profitability/quality is defined as gross profits 
divided by total assets. The fundamental information is sourced from Compustat and 
Worldscope databases and is lagged appropriately to avoid look-ahead bias. These 
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signal specifications are well-documented in the academic literature, as discussed in  
Chapter 2, and should not be controversial. We also discuss these and other smart 
beta factor specifications in more detail in the next chapter.

After the initial construction, all smart beta factor portfolios need to be rebalanced 
on a periodic basis. Portfolio rebalancing involves an inherent trade-off between 
keeping the factor tilts current and keeping turnover low. As market prices move, 
keeping factor tilts or exposures current would require frequent rebalancing, such as 
monthly or weekly. Keeping turnover low would argue for infrequent factor index 
reconstitution, such as yearly. In our opinion, a quarterly rebalancing frequency pro-
vides a good balance between these two conflicting objectives.

In this chapter, we focus on the US large cap universe using Russell 1000 Index 
as the parent universe. The analysis period starts in January 1979, which is the start 
date of the Russell Indexes, and ends in June 2017. In later chapters, we extend the 
analysis to cover other developed and emerging markets.

A.  Capitalization Weighting

The CW smart beta factor portfolios are built using the process outlined in Table 4.1, 
where the highest ranked stocks on a factor that provide 50% cumulative coverage of 
benchmark weight are selected and weighted by their market capitalization. Table 4.3 
shows the historical performance of CW factor portfolios. As expected, all portfolios 
outperformed the Russell 1000 Index and generated a higher Sharpe ratio and a posi-
tive information ratio. However, only the active return of the CW value portfolio was 
statistically significant at the 5% level.

B.  Capitalization Scaling

The CS smart beta factor portfolios are created by multiplying the benchmark capital-
ization weight by the factor score, scaled between 0 and + 1, as described in Appendix 4.1.  

Table 4.3  Historical Performance of CW Factor Portfolios 

Total  
Gross  

Return (%)
Total 

Risk (%)
Sharpe 
Ratio

Active 
Gross  

Return (%)
Active 

Risk (%)
Information 

Ratio
Russell 1000 Index 11.84 15.05 0.49      
CW Size Portfolio 12.69 16.17 0.52 0.85 3.52 0.24
CW Value Portfolio 13.45 15.05 0.59 1.60 3.80 0.42
CW Momentum 
Portfolio

12.92 16.09 0.53 1.08 5.33 0.20

CW Volatility Portfolio 12.19 12.15 0.60 0.35 6.10 0.06
CW Quality Portfolio 12.89 15.24 0.55 1.04 3.26 0.32

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Table 4.4  Historical Performance of CW and CS Factor Portfolios
Total  
Gross  

Return (%)
Total Risk 

(%)
Sharpe 
Ratio

Active  
Gross  

Return (%)
Active 

Risk (%)
Information 

Ratio
Russell 1000 Index 11.84 15.05 0.49      

CW Value Portfolio 13.45 15.05 0.59 1.60 3.80 0.42
CS Value Portfolio 13.15 15.05 0.57 1.31 2.81 0.47

CW Momentum Portfolio 12.92 16.09 0.53 1.08 5.33 0.20
CS Momentum Portfolio 12.61 15.43 0.53 0.77 2.97 0.26

CW Volatility Portfolio 12.19 12.15 0.60 0.35 6.10 0.06
CS Volatility Portfolio 12.23 13.24 0.57 0.39 3.25 0.12

CW Quality Portfolio 12.89 15.24 0.55 1.04 3.26 0.32
CS Quality Portfolio 12.55 14.95 0.54 0.71 1.68 0.42

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

In creating CS factor portfolios, we do not consider size, which becomes irrelevant in 
this construct, as the factor signal is defined as the inverse of market capitalization. 
For the other factors, Table 4.4 reports the historical performance. All CS smart beta 
factor portfolios also outperformed the Russell 1000 benchmark, with the active re-
turns for value and quality achieving statistical significance. As expected, CS factor 
portfolios produced higher information ratios compared to CW portfolios in all cases.

Assessing Investment Efficiency: Active Return and Risk 
Decomposition

Could the superior performance of CS portfolios simply be due to the fact that the 
CS weighting scheme introduces other factor biases relative to CW portfolios? To 
answer this question, we conduct an active return and risk decomposition exercise 
similar to the Fama-French risk decomposition framework, in which a strategy’s ex-
cess returns are regressed against the market and other Fama-French factors. The 
objective of this exercise is to understand various factor exposures and to determine 
whether a given strategy produces a “factor-adjusted” alpha. Alpha, also referred to as 
unexplained return, could arise from various sources. For instance, differences in the 
starting universe used for portfolio construction could potentially lead to alpha. Dif-
ferences in factor signal specifications could lead to alpha, such as a composite value 
signal as opposed to a single book value-to-price metric. A portfolio construction 
methodology may deliver alpha, even when the same signal specifications are used, 
as alpha could also arise from sector exposures, such as a sector-neutral value strategy 
versus a cross-sectional value capture.
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In our case, we analyze the CS factor portfolios relative to the CW factor portfo-
lios. Since all factor portfolios are similar in all respects (same starting universe, same 
factor signals, etc.), other than the weighting scheme, we interpret any alpha that is 
generated as representing a more “efficient” capture of factors driven by the weight-
ing scheme. In other words, in our framework, a factor-adjusted alpha represents the 
improvement in active returns provided by a weighting scheme relative to the CW 
factor portfolios. The time-series regression model that we use to conduct the active 
return and risk decomposition is described in more detail in Appendix 4.2.

Table 4.5 shows the results of an active return and risk decomposition of CS 
factor portfolios against the CW factor portfolios. In each case, the CS factor 
portfolio had the highest exposure to the corresponding CW factor portfolio. For 
instance, the CS value portfolio had the highest exposure of 0.61 to the CW value 
portfolio. In addition, at least 80% of the active risk of the CS factor portfolios 
was explained by the corresponding CW factor portfolio. For example, almost 80% 
(2.22/2.81) of the active risk of CS value portfolio was explained by the CW value 
portfolio. The CS factor portfolios generated small alphas, which were statistically 
significant for value and quality. However, not even 10% of the active risk of CS 
factor portfolios was explained by the alpha terms. These results suggest that capi-
talization scaling is very close to capitalization weighting, and that CS smart beta 
factor portfolios deliver only marginal improvement in factor capture efficiency 
compared to CW factor portfolios.

Table 4.5  Active Return and Risk Decomposition of CS Factor Portfolios

CW 
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW 
Quality Alpha

Total 
Active 
Risk

CS Value  Portfolio           0.37  
Exposure 0.06 0.61 -0.05 0.03 -0.05    
Contribution to Active Risk 0.07 2.22 0.17 0.06 0.08 0.20 2.81

CS Momentum Portfolio 0.16  
Exposure 0.03 -0.02 0.54 0.02 -0.03    
Contribution to Active Risk -0.02 0.03 2.79 -0.01 -0.02 0.18 2.97

CS Volatility Portfolio           0.08  
Exposure -0.02 0.04 0.01 0.51 0.01    
Contribution to Active Risk 0.01 0.05 0.00 3.08 0.00 0.10 3.25

CS Quality Portfolio           0.23  
Exposure 0.00 -0.02 0.00 0.03 0.47    
Contribution to Active Risk 0.00 0.04 0.00 0.02 1.47 0.15 1.68

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Table 4.6  Historical Performance of CW, CS, and ST Factor Portfolios

Total 
Gross  

Return (%)
Total 

Risk (%)
Sharpe 
Ratio

Active 
Gross  

Return (%)

Active 
Risk 
(%)

Information 
Ratio

Russell 1000 Index 11.84 15.05 0.49      

CW Size Portfolio 12.69 16.17 0.52 0.85 3.52 0.24
ST Size Portfolio 12.72 16.49 0.51 0.88 3.63 0.24

CW Value Portfolio 13.45 15.05 0.59 1.60 3.80 0.42
CS Value Portfolio 13.15 15.05 0.57 1.31 2.81 0.47
ST Value Portfolio 13.84 15.31 0.60 2.00 3.76 0.53

CW Momentum Portfolio 12.92 16.09 0.53 1.08 5.33 0.20
CS Momentum Portfolio 12.61 15.43 0.53 0.77 2.97 0.26
ST Momentum Portfolio 13.58 16.62 0.56 1.74 5.04 0.34

CW Volatility Portfolio 12.19 12.15 0.60 0.35 6.10 0.06
CS Volatility Portfolio 12.23 13.24 0.57 0.39 3.25 0.12
ST Volatility Portfolio 12.86 11.69 0.67 1.01 5.94 0.17

CW Quality Portfolio 12.89 15.24 0.55 1.04 3.26 0.32
CS Quality Portfolio 12.55 14.95 0.54 0.71 1.68 0.42
ST Quality Portfolio 14.04 15.61 0.61 2.20 3.54 0.62

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

C.  Signal Tilting

We create the ST factor portfolios using the methodology outlined in Appendix 
4.1. Table 4.6 reports the performance of ST factor portfolios and also compares 
it to CW and CS portfolios. To facilitate comparisons, and to the extent that ac-
tive risk can be customized in a ST weighting scheme, the ST factor portfolios 
are constructed to roughly match the active risk of the CW factor portfolios. 
All ST factor portfolios outperformed the benchmark Russell 1000 Index and 
generated higher Sharpe ratios and positive information ratios. The active re-
turns of the ST value, momentum, and quality portfolios were also statistically 
significant. All ST factor portfolios, except size, performed much better than 
CW and CS portfolios, delivering higher Sharpe ratios as well as improvements 
in information ratios.

To assess whether the superior performance of ST portfolios relative to CW port-
folios is simply due to other factor biases, we conduct an active return and risk de-
composition exercise. Table 4.7 reports the results. In each case, except for size, the 
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Table 4.7  Active Return and Risk Decomposition of ST Factor Portfolios

CW 
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW 
Quality Alpha

Total 
Active 
Risk

ST Size Portfolio           0.85  
Exposure 0.28 0.15 (0.22) (0.29) (0.01)    
Contribution to Active Risk 0.50 0.16 0.51 0.88 0.01 1.57 3.63

ST Value Portfolio           1.02  
Exposure 0.19 0.66 -0.14 0.02 -0.07    
Contribution to Active Risk 0.26 2.16 0.48 0.03 0.10 0.73 3.76

ST Momentum Portfolio 0.69  
Exposure 0.39 -0.10 0.81 -0.09 0.01    
Contribution to Active Risk 0.16 0.19 3.74 0.15 0.01 0.79 5.04

ST Volatility Portfolio           0.45  
Exposure 0.13 0.09 0.02 0.92 -0.07    
Contribution to Active Risk -0.06 0.12 -0.01 5.26 0.01 0.63 5.94

ST Quality Portfolio           0.79  
Exposure 0.44 0.07 -0.06 -0.03 0.91    
Contribution to Active Risk 0.35 -0.04 0.00 0.02 1.92 1.29 3.54

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

ST factor portfolio had the highest exposure to, as well as the highest contribution 
to active risk from, the corresponding CW factor portfolio. All ST factor portfolios 
generated a positive alpha, with the alpha for value, momentum, and quality achiev-
ing statistical significance. Compared to CS factor portfolios (Table 4.5), the ST 
factor portfolios produced much higher alphas and a higher proportion of active risk 
was explained by the alpha terms. These results indicate that ST portfolios, in general, 
achieve higher efficiency in factor capture compared to CW and CS portfolios. This 
result confirms that weighting schemes that make active weights only a function of 
factor attractiveness, and not capitalization weights, generally tend to deliver a more 
efficient factor capture than capitalization-scaled factor tilts.

D.  Signal Weighting

The SW factor portfolios are created using a methodology in which factor scores, 
scaled from 0 to + 1, are used to weight the benchmark universe of constituents. The 
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weight of a constituent is calculated by dividing the constituent factor score by the 
sum of factor scores across all constituents in the universe (please refer to Appendix 
4.1 for more details). In Table 4.8, we report the performance of SW factor portfolios, 
and compare the performance to CW, CS, and ST factor portfolios. All SW factor 
portfolios outperformed the Russell 1000 Index and generated active returns that were 
statistically significant for all factors, except size. The SW factor portfolios produced 
similar or higher information ratios than the other factor portfolios, except for quality.

The higher efficiency of SW factor portfolios against the CW portfolios is fur-
ther highlighted by an active return and risk decomposition analysis presented in  
Table 4.9. All the SW factor portfolios generated large and statistically significant 
alphas and a high proportion of active risk was explained by the alpha terms, except 

Table 4.8  Historical Performance of CW, CS, ST, and SW Factor Portfolios

Total Gross  
Return  

(%)

Total 
Risk  
(%)

Sharpe 
Ratio

Active Gross  
Return  

(%)

Active 
Risk  
(%)

Information 
Ratio

Russell 1000 Index 11.84 15.05 0.49      

CW Size Portfolio 12.69 16.17 0.52 0.85 3.52 0.24
ST Size Portfolio 12.72 16.49 0.51 0.88 3.63 0.24
SW Size Portfolio 14.06 18.62 0.54 2.22 7.45 0.30

CW Value Portfolio 13.45 15.05 0.59 1.60 3.80 0.42
CS Value Portfolio 13.15 15.05 0.57 1.31 2.81 0.47
ST Value Portfolio 13.84 15.31 0.60 2.00 3.76 0.53
SW Value Portfolio 15.20 17.07 0.63 3.36 6.51 0.52

CW Momentum Portfolio 12.92 16.09 0.53 1.08 5.33 0.20
CS Momentum Portfolio 12.61 15.43 0.53 0.77 2.97 0.26
ST Momentum Portfolio 13.58 16.62 0.56 1.74 5.04 0.34
SW Momentum Portfolio 14.75 16.75 0.61 2.91 4.86 0.60

CW Volatility Portfolio 12.19 12.15 0.60 0.35 6.10 0.06
CS Volatility Portfolio 12.23 13.24 0.57 0.39 3.25 0.12
ST Volatility Portfolio 12.86 11.69 0.67 1.01 5.94 0.17
SW Volatility Portfolio 14.30 14.17 0.67 2.46 5.14 0.48

CW Quality Portfolio 12.89 15.24 0.55 1.04 3.26 0.32
CS Quality Portfolio 12.55 14.95 0.54 0.71 1.68 0.42
ST Quality Portfolio 14.04 15.61 0.61 2.20 3.54 0.62
SW Quality Portfolio 14.68 17.20 0.60 2.84 5.29 0.54

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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for momentum and volatility. We also note that all the SW factor portfolios, except 
size, had the highest exposure to the CW size portfolio, and not to the corresponding 
CW factor portfolio. For instance, the SW momentum portfolio had a higher expo-
sure to the CW size portfolio than to the CW momentum portfolio. Additionally, 
at least 40% of the active risk of the SW factor portfolios was explained by the CW 
size portfolio. And in all cases, except size, a higher proportion of the active risk of 
the SW portfolios was explained by the CW size portfolio than by the corresponding 
CW factor portfolio.

The much higher efficiency in factor capture achieved by SW factor portfolios 
in Table 4.9 is somewhat surprising. This result, however, can be explained as fol-
lows. The signal weighting scheme is actually equivalent to starting with an EW uni-
verse and then tilting by the factor under consideration. This is shown graphically in  
Figure 4.4. For example, the SW value portfolio is a combination of an EW universe 
plus a value tilt. Similarly, the weighting scheme of MSCI Risk-Weighted Indexes 
is equivalent to starting with the EW MSCI parent universe and then tilting by the 
inverse of historical volatility. This explains why SW factor portfolios had such a high 
and significant exposure to the CW size portfolio in Table 4.9.

Table 4.9  Active Return and Risk Decomposition of SW Factor Portfolios

CW 
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW 
Quality Alpha

Total  
Active 
Risk

SW Size Portfolio           1.46  
Exposure 1.26 0.29 -0.33 -0.43 0.00    
Contribution to Active Risk 3.38 0.36 0.70 1.15 0.00 1.86 7.45

SW Value Portfolio           1.85  
Exposure 1.05 0.69 -0.26 -0.09 -0.04    
Contribution to Active Risk 2.73 1.69 0.77 0.05 0.06 1.21 6.51

SW Momentum Portfolio           1.33  
Exposure 1.15 0.04 0.46 -0.07 0.03    
Contribution to Active Risk 3.06 -0.01 0.85 0.14 -0.01 0.84 4.86

SW Volatility Portfolio           0.95  
Exposure 1.01 0.26 -0.04 0.54 0.01    
Contribution to Active Risk 2.09 0.55 0.07 1.73 -0.01 0.71 5.14

SW Quality Portfolio           1.28  
Exposure 1.18 0.23 -0.14 -0.21 0.45    
Contribution to Active Risk 3.41 0.21 0.22 0.46 -0.12 1.11 5.29

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Figure 4.4  Total Weight Profile of SW Factor Portfolios

The performance of the EW Russell 1000 portfolio is shown in Table 4.10. This 
portfolio produced an active return of 1.71% per annum, which was statistically 
significant, and a higher Sharpe ratio than the Russell 1000 Index as well as an in-
formation ratio in excess of 0.3. The performance of the EW Russell 1000 portfolio 
is also not fully explained by the CW factor portfolios, as depicted in the risk de-
composition analysis in Table 4.11. Indeed, we find a statistically significant alpha of 

Table 4.10  Historical Performance of EW Russell 1000 Portfolio

Total 
Gross  

Return (%)

Total 
Risk 
(%)

Sharpe 
Ratio

Active 
Gross 

Return 
(%)

Active 
Risk 
(%)

Information 
Ratio

Russell 1000 Index 11.84 15.05 0.49      

EW Russell 1000 
Portfolio

13.55 17.23 0.54 1.71 5.22 0.33

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Table 4.11  Active Return and Risk Decomposition of EW Russell 1000 Portfolio

CW 
Size

CW 
Value

CW  
Momentum

CW 
Volatility

CW 
Quality Alpha

Total 
Active 
Risk

EW Russell 
1000 Portfolio

        0.90  

Exposure 1.06 0.18 (0.17) (0.23) 0.00    

Contribution to 
Active Risk

3.18 0.23 0.34 0.56 0.00 0.91 5.22

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

0.90%. Additionally, the EW Russell 1000 portfolio did have the highest exposure to 
the CW size portfolio, but only 60% (3.18/5.22) of the active risk of the EW Russell 
1000 portfolio was explained by the CW size portfolio. This result may also imply 
that the EW Russell 1000 portfolio potentially has nonlinear size distribution prop-
erties that are not fully captured by the CW (or the ST) size portfolios.

The performance of the EW Russell 1000 portfolio largely explains the superior 
performance of the SW factor portfolios reported in Table 4.8 and the statistically 
significant alphas generated by the SW factor portfolios against the CW factor port-
folios in Table 4.9. Since signal weighting essentially implements factor tilts relative 
to an EW universe, we could decompose the performance of SW factor portfolios 
against an EW Russell 1000 portfolio (substituting for the CW or ST size portfolio) 
and the ST value, momentum, volatility, and quality portfolios. This active return and 
risk decomposition is shown in Table 4.12. We note that all the SW factor portfolios 
had high exposures to the EW Russell 1000 portfolio and at least 50% of the active 
risk of SW factor portfolios was explained by the EW Russell 1000 portfolio, except 
for volatility. The large and statistically significant alphas reported against the CW 
factor portfolios have now disappeared. All the alphas in Table 4.12 were close to zero 
and no more than 8% of the active risk of SW factor portfolios was attributable to the 
alpha terms. The performance of SW factor portfolios was almost fully explained by a 
combination of the EW Russell 1000 portfolio and the ST factor portfolios.

E. E qual Weighting

We create the EW factor portfolios using the construction methodology outlined 
in Table 4.2. The historical performance of EW factor portfolios is depicted in  
Table 4.13, which also reproduces the performance of CW, CS, ST, and SW fac-
tor portfolios to facilitate comparisons. All EW factor portfolios outperformed the 
Russell 1000 benchmark and also generated higher Sharpe ratios as well as informa-
tion ratios of around 0.3 or higher. The active returns of EW factor portfolios were 
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Table 4.12  Active Return and Risk Decomposition of SW Portfolios Against the EW 
Russell 1000 Portfolio and ST Factor Portfolios

EW  
Russell 
1000

ST 
Value

ST  
Momentum

ST  
Volatility

ST  
Quality Alpha

Total 
Active 
Risk

SW Size Portfolio         -0.02  

Exposure 1.32 0.10 -0.07 -0.11 0.06    

Contribution to Active Risk 6.79 0.20 0.02 0.21 0.06 0.17 7.45

SW Value Portfolio         0.13  

Exposure 0.76 0.91 0.01 0.05 0.03    

Contribution to Active Risk 3.48 2.94 -0.01 0.01 0.02 0.08 6.51

SW Momentum Portfolio 0.33  

Exposure 0.72 -0.06 0.69 0.15 0.00    

Contribution to Active Risk 2.50 -0.01 2.30 -0.21 0.00 0.27 4.86

SW Volatility Portfolio         -0.06  

Exposure 0.64 0.17 0.09 0.70 0.03    

Contribution to Active Risk 1.71 0.42 -0.10 2.66 0.01 0.44 5.14

SW Quality Portfolio         0.13  

Exposure 0.81 0.09 0.06 -0.03 0.47    

Contribution to Active Risk 3.97 0.16 0.01 0.04 0.92 0.18 5.29

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

statistically significant, except for size. EW factor portfolios generated higher infor-
mation ratios compared to CW and CS portfolios as well as ST portfolios, except for 
quality. Overall, the performance of EW factor portfolios was similar to SW factor 
portfolios and generally much better than the CW, CS, and ST portfolios.

Similar to SW factor portfolios, the EW portfolios generated large alphas in a risk 
decomposition against the CW factor portfolios. This is reported in Table 4.14. All 
the alphas were large and statistically significant, except for size.

The superior performance of EW factor portfolios that we document has also been 
reported by Blitz (2017). In his article, Blitz (2017) argues that many studies, such 
as Fama French (2012), De Groot and Huij (2011), and Asness et al. (2015), show 
that smart beta factors tend to deliver higher premiums within the small cap segment 
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Table 4.13  Historical Performance of CW, CS, ST, SW, and EW Factor Portfolios

Total  
Gross  

Return (%)

Total 
Risk 
(%)

Sharpe 
Ratio

Active 
Gross 

Return 
(%)

Active 
Risk 
(%)

Information 
Ratio

Russell 1000 Index 11.84 15.05 0.49      
             
CW Size Portfolio 12.69 16.17 0.52 0.85 3.52 0.24
ST Size Portfolio 12.72 16.49 0.51 0.88 3.63 0.24
SW Size Portfolio 14.06 18.62 0.54 2.22 7.45 0.30
EW Size Portfolio 14.21 19.23 0.53 2.37 8.30 0.29
             
CW Value Portfolio 13.45 15.05 0.59 1.60 3.80 0.42
CS Value Portfolio 13.15 15.05 0.57 1.31 2.81 0.47
ST Value Portfolio 13.84 15.31 0.60 2.00 3.76 0.53
SW Value Portfolio 15.20 17.07 0.63 3.36 6.51 0.52
EW Value Portfolio 15.94 17.28 0.66 4.09 7.50 0.55
             
CW Momentum Portfolio 12.92 16.09 0.53 1.08 5.33 0.20
CS Momentum Portfolio 12.61 15.43 0.53 0.77 2.97 0.26
ST Momentum Portfolio 13.58 16.62 0.56 1.74 5.04 0.34
SW Momentum Portfolio 14.75 16.75 0.61 2.91 4.86 0.60
EW Momentum Portfolio 14.78 17.08 0.61 2.94 5.73 0.51

             

CW Volatility Portfolio 12.19 12.15 0.60 0.35 6.10 0.06
CS Volatility Portfolio 12.23 13.24 0.57 0.39 3.25 0.12
ST Volatility Portfolio 12.86 11.69 0.67 1.01 5.94 0.17
SW Volatility Portfolio 14.30 14.17 0.67 2.46 5.14 0.48
EW Volatility Portfolio 14.70 13.52 0.72 2.86 6.38 0.45
             
CW Quality Portfolio 12.89 15.24 0.55 1.04 3.26 0.32
CS Quality Portfolio 12.55 14.95 0.54 0.71 1.68 0.42
ST Quality Portfolio 14.04 15.61 0.61 2.20 3.54 0.62
SW Quality Portfolio 14.68 17.20 0.60 2.84 5.29 0.54
EW Quality Portfolio 15.07 17.60 0.61 2.94 5.73 0.51

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Table 4.14  Active Return and Risk Decomposition of EW Factor Portfolios

CW 
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW  
Quality Alpha

Total  
Active 
Risk

EW Size Portfolio           1.50  
Exposure 1.33 0.38 (0.34) (0.03) (0.01)    
Contribution to Active Risk 3.43 0.48 0.72 1.21 0.01 2.46 8.30

EW Value Portfolio           2.16  
Exposure 1.06 0.96 -0.27 -0.03 -0.05    
Contribution to Active Risk 2.47 2.61 0.80 0.00 0.08 1.55 7.50

EW Momentum Portfolio 1.13  
Exposure 1.14 -0.01 0.74 -0.03 0.01    
Contribution to Active Risk 2.31 0.01 2.23 0.05 0.00 1.13 5.73

EW Volatility Portfolio           1.08  
Exposure 1.02 0.30 -0.01 0.82 0.07    
Contribution to Active Risk 1.48 0.61 0.02 3.53 -0.04 0.77 6.38

EW Quality Portfolio           1.28  
Exposure 1.24 0.26 -0.14 -0.25 0.73    
Contribution to Active Risk 3.29 0.17 0.19 0.54 0.14 1.46 5.78

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

of the market. For instance, the value premium tends to be stronger for small cap 
stocks compared to large cap stocks. These findings led Blitz (2017) to conclude that 
in capturing smart beta factors a small-cap tilt may be necessary “to unlock the full 
potential of these factor premiums.”

We provide a different perspective for explaining the superior performance of EW 
factor portfolios. Similar to SW factor portfolios, the weighting scheme of EW port-
folios is also equivalent to starting with an EW benchmark universe and then tilting 
by the considered factor. This is shown graphically in Figure 4.5.

The performance of the EW factor portfolios, therefore, can also be analyzed 
against the EW Russell 1000 portfolio and ST value, momentum, volatility, and 
quality portfolios, as shown in Table 4.15. The combination of the EW Russell 1000 
portfolio and the ST factor portfolios almost fully explained the performance of the 
EW factor portfolios. The alphas for all the EW factor portfolios were close to zero 
and significantly smaller than those reported in Table 4.14 against the CW factor 
portfolios. Additionally, the proportion of active risk explained by alpha was no more 
than about 10%.
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Figure 4.5  Total Weight Profile of EW Factor Portfolios
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F.  Summary

The important insights we gain through the analysis of various weighting schemes 
can be summarized as follows:

•• All CW factor portfolios generated positive active returns relative to the Russell 
1000 Index, but these active returns were generally not statistically significant.

•• All CS factor portfolios produced only marginal improvement in IRs and modest 
alphas compared to CW factor portfolios.

•• All ST factor portfolios achieved similar or higher information ratios compared to 
CW and CS portfolios. They also generated larger positive alphas, which were sig-
nificant for value, momentum, and quality, in a risk decomposition analysis against 
the CW factor portfolios.

•• The active returns of the SW and EW factor portfolios have a common compo-
nent; the active return of the EW Russell 1000 portfolio over the CW Russell 1000 
Index.

•• The significant outperformance of the SW and EW factor portfolios relative to the 
CW Russell 1000 Index was largely explained by the outperformance of the EW 
Russell 1000 portfolio over the CW Russell 1000 Index.
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Table 4.15  Active Return and Risk Decomposition of EW Factor Portfolios Against the 
EW Russell 1000 Portfolio and ST-Factor Portfolios

EW  
Russell 
1000

ST 
Value

ST  
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active 
Risk

EW Size Portfolio         -0.26  
Exposure 1.40 0.21 (0.04) (0.13) 0.08    
Contribution to Active Risk 7.08 0.44 0.02 0.24 0.09 0.44 8.30

EW Value Portfolio         0.10  
Exposure 0.64 1.35 0.04 0.06 0.05    
Contribution to Active Risk 2.67 4.63 -0.08 0.04 0.02 0.22 7.50

EW Momentum Portfolio 0.12  
Exposure 0.59 -0.07 0.98 0.18 -0.02    
Contribution to Active Risk 1.32 0.04 4.05 -0.22 -0.02 0.55 5.73

EW Volatility Portfolio         0.03  
Exposure 0.52 0.25 0.10 0.94 0.09    

Contribution to Active Risk 0.75 0.56 -0.13 4.40 0.03 0.77 6.38

EW Quality Portfolio         0.26  
Exposure 0.78 0.04 0.04 -0.07 0.71    
Contribution to Active Risk 3.49 0.06 0.02 0.12 1.62 0.47 5.78

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

•• The performance of the EW Russell 1000 portfolio was not fully explained by the 
CW factor portfolios, as a positive and statistically significant alpha was generated, 
which largely explains the positive and significant alphas also generated by the SW 
and EW factor portfolios against the CW factor portfolios.

•• The SW and EW factor portfolios can be viewed as a combination of the EW 
Russell 1000 portfolio and purer signal tilts delivered by the ST factor portfolios. 
Against this combination, the performance of SW and EW factor portfolios was 
almost fully explained, with no significant alpha.

IV. T ypical Investor Questions

4.1  How Should Investors Analyze and Compare the Performance 
of Various Smart Beta Strategies?

Many investors simply compare the excess or active returns of various strategies rela-
tive to a given benchmark. This is often not a meaningful comparison. To the extent 
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that smart beta strategies have different total or active risk levels, comparing Sharpe 
ratios and/or information ratios may be more meaningful. However, in comparing 
Sharpe ratios and/or information ratios, it is also important to recognize that sta-
tistical significance in differences is difficult to realize. For instance, ST, SW, and 
EW smart beta factor portfolios generated higher information ratios compared to 
CW and CS factor portfolios, as shown in Table 4.13. The difference in information 
ratios, however, was not statistically significant, even in cases where the increase in 
information ratios was 100% or more. This highlights that the active return differ-
ences between the various factor portfolios are not large enough, given the significant 
variation in active returns between the various approaches, to make the differences in 
information ratios significant.

An active return and risk decomposition is a more insightful method for compar-
ing the efficiency in factor capture of various smart beta strategies compared to a 
simple historical performance comparison. Consider the following example. The sta-
tistics in Table 4.16 suggest that the CW and ST size portfolios are similar strategies 
because they had almost identical performance.

However, the risk decomposition in Table 4.17 highlights that the ST size port-
folio had a modest exposure to the CW size portfolio and only 14% (0.50/3.63) of 

Table 4.16  Historical Performance of CW and ST Size Portfolios

Total Gross 
Return (%)

Total 
Risk 
(%)

Sharpe 
Ratio

Active 
Gross 

Return 
(%)

Active 
Risk 
(%)

Information 
Ratio

Russell 1000 Index 11.84 15.05 0.49      

CW Size Portfolio 12.69 16.17 0.52 0.85 3.52 0.24
ST Size Portfolio 12.72 16.49 0.51 0.88 3.63 0.24

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

Table 4.17  Active Return and Risk Decomposition of ST Size Portfolio

CW  
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW  
Quality Alpha

Total  
Active 
Risk

ST Size Portfolio           0.85  
Exposure 0.28 0.15 (0.22) (0.29) (0.01)    
Contribution to 
Active Risk

0.50 0.16 0.51 0.88 0.01 1.57 3.63

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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the ST size portfolio’s active risk was explained by the CW size portfolio. In addition, 
the ST size portfolio generated a positive alpha, approaching statistical significance 
with a t-stat of 1.90, which was almost as large as the ST size portfolio’s active return 
relative to the Russell 1000 Index (Table 4.16). Also, 43% of the ST size portfolio’s 
active risk was explained by the alpha term, or conversely unexplained by the CW 
factor portfolios. Clearly, it would be quite misleading to conclude, based on a simple 
historical performance comparison, that CW and ST size portfolios are identical 
strategies. They are not. They have very different factor exposures and, hence, perfor-
mance patterns. In fact, the tracking error between the CW and ST size portfolios 
was 3.5% over the analysis period, despite the superficial similarity in performance 
depicted in Table 4.16. This is the reason why most academic studies use some form 
of a risk decomposition analysis to better understand the factor exposures and ex-
plain the performance of a given strategy. In general, the alpha generated in a risk  
decomposition exercise and its source, magnitude, statistical significance, and active 
risk contribution are a better indicator of the efficiency of a strategy.

4.2  Is a Capitalization-Weighted Parent Universe an Appropriate 
Performance Benchmark for Various Smart Beta Strategies?

For some weighting schemes that seek to implement factor tilts relative to benchmark 
capitalization weights, such as CW, CS, ST, and active risk constrained-optimized, 
the capitalization weighted universe is the appropriate performance benchmark. For 
other weighting schemes, such as EW and SW as well as some active risk uncon-
strained-optimized, the equal-weighted universe is a more appropriate benchmark. 
Recall that EW, SW, and active risk unconstrained optimized weighting schemes are 
equivalent to an equal-weighted universe plus a factor tilt. Therefore, analyzing their 
performance relative to a capitalization-weighted universe could be misleading.

To further elaborate this point, consider that the active return of an EW or SW 
factor portfolio relative to a capitalization-weighted benchmark universe can be 
decomposed into two components: (1) active return of an EW universe over the 
CW universe and (2) active return of the EW or SW factor portfolio over the EW 
universe. For instance, the active return of the EW momentum portfolio relative 
to the CW Russell 1000 Index is the sum of (1) the active return of EW Russell 
1000 portfolio over the CW Russell 1000 Index and (2) the active return of the EW 
momentum portfolio over the EW Russell 1000 portfolio. Table 4.18 shows this 
breakdown of the active return of the EW and SW factor portfolios into the two 
components. Panel A shows the performance of the EW Russell 1000 portfolio rela-
tive to the CW Russell 1000 benchmark. Over the analysis period, the EW Russell 
1000 portfolio outperformed by 1.71% per annum. Panel B shows the performance 
of the EW factor portfolios relative to the EW Russell 1000 portfolio. All EW fac-
tor portfolios delivered outperformance relative to the EW Russell 1000 portfolio 
and two of them, value and quality, achieved statistical significance. Using the EW 
momentum portfolio as an example, we can see that the total active return of 2.94% 
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in Table 4.13 against the CW Russell 1000 actually consists of the active return 
(1.71%) of the EW Russell 1000 portfolio over the CW Russell 1000 Index and the 
active return (1.23%) of the EW momentum portfolio over the EW Russell 1000 
portfolio (i.e. 1.71% + 1.23% = 2.94%). The significant outperformance of EW and 
SW factor portfolios relative to the CW Russell 1000 Index in Table 4.13, therefore, 
is largely due to one common component, the outperformance of the EW Russell 
1000 portfolio.

If the objective is to determine the efficiency with which SW or EW factor portfo-
lios deliver factor tilts, then their performance should be compared to an EW bench-
mark universe, as the factor tilts in these weighting schemes are implemented relative 
to this universe. A comparison of Table 4.6 and Table 4.18 highlights that ST factor 
portfolios generated similar or higher IRs against the CW Russell 1000 Index than 
did the SW and EW factor portfolios against the EW Russell 1000 portfolio. Ad-
ditionally, the SW and EW factor portfolios generated no alpha when decomposed 
relative to the EW Russell 1000 portfolio and ST factor portfolios. Therefore, the 

Table 4.18  Historical Performance of EW Universe and EW and SW Factor Portfolios

Total  
Gross  

Return 
(%)

Total  
Risk  
(%)

Sharpe  
Ratio

Active  
Gross  

Return  
(%)

Active  
Risk  
(%)

Information 
Ratio

PANEL A      
Russell 1000 Index 11.84 15.05 0.49      
EW Russell 1000 Portfolio 13.55 17.23 0.54 1.71 5.22 0.33

PANEL B      
EW Russell 1000 Portfolio 13.55 17.23 0.54      
EW Size Portfolio 14.21 19.23 0.53 0.67 3.49 0.19
EW Value Portfolio 15.94 17.28 0.66 2.39 4.55 0.52
EW Momentum Portfolio 14.78 17.08 0.61 1.23 5.86 0.21
EW Volatility Portfolio 14.70 13.52 0.72 1.16 7.01 0.16
EW Quality Portfolio 15.07 17.60 0.61 1.53 2.97 0.51

PANEL C
EW Russell 1000 Portfolio 13.55 17.23 0.54
SW Size Portfolio 14.06 18.62 0.54 0.51 2.49 0.20
SW Value Portfolio 15.20 17.07 0.63 1.66 3.11 0.53
SW Momentum Portfolio 14.75 16.75 0.61 1.20 4.10 0.29
SW Volatility Portfolio 14.30 14.17 0.67 0.75 5.13 0.15
SW Quality Portfolio 14.68 17.20 0.60 1.13 1.89 0.60

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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assertion that EW factor portfolios deliver higher efficiency because a small cap bias 
is needed to unlock the full potential of smart beta factors (Blitz 2017) is not correct. 
EW factor portfolios only depict higher efficiency because they are being compared 
to the wrong benchmark (a capitalization-weighted, as opposed to an equal-weighted, 
benchmark).

4.3 A re There Portfolio Construction Methodologies That May 
Be Viewed as Somewhat Inconsistent with What Theory Tells Us 
About Factor Investing?

Concentrated factor portfolios would be one example of a construction methodology 
that has become the subject of some debate in the industry.

Some analysts, such as Amenc et al. (2016), argue that the need for broad diver-
sification in capturing factor returns is well-documented and well-accepted in the 
literature. Smart beta providers sometimes ignore this essential characteristic of factor 
investing in designing their offerings. For example, we have recently seen the launch 
of “enhanced” or “strong” factor indexes. These are highly concentrated portfolios 
that seek to achieve a high exposure to a given factor. The underlying premise behind 
such products is that, if factors work, then having a high exposure to the factor would 
deliver much higher returns. The high exposure is achieved by concentrating the 
portfolio in the highest ranked stocks on a given factor, such as investing in the top 
20% of stocks ranked on value. It is true that, all else being equal, a higher exposure 
to a rewarded factor should lead to higher return. However, in practice, it depends on 
how the higher exposure is obtained. At one extreme, we could have the highest pos-
sible exposure to a given factor by investing in a single stock that ranks most attrac-
tively on that factor. In this case, the high exposure would be realized largely through 
stock-specific risk, which theory tells us is diversificable and, hence, not rewarded. 
Even when multiple stocks are held, in some cases, the high exposure to the factor 
may come with significant sector or country bets. For instance, at the start of 2017, 
a concentrated, public momentum index had a 15% overweight in the Information 
Technology sector for the US index and an 18% overweight in the US plus a 15% 
underweight in Japan in the global index.

Proponents of concentrated factor portfolios, on the other hand, point out that 
diversification theory would suggest that investing in 20% of the universe might be 
enough to achieve adequate diversification, as uncorrelated idiosyncratic risk would 
be substantially reduced. Additionally, investing in the concentrated factor portfolios 
typically achieves the same level of IR as more diversified factor portfolios. This sug-
gests that the potential unrewarded risks assumed are offset by the improvement in 
return from the increased factor exposure. As such, for capital-constrained investors, 
concentrated factor portfolios may offer an interesting opportunity.

In our opinion, concentrated factor portfolios are not ideal, but may represent 
an option for capital-constrained investors with a specific return requirement. How-
ever, such implementations should be approached with caution. The level of stock-
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specific, sector, or country risk assumed should be carefully assessed, and it should be 
well understood that such portfolios may depict high turnover, high implementation 
costs, and lower capacity.

V.  Conclusion

Various smart beta offerings use weighting schemes that can be characterized as either 
tilting from benchmark capitalization weights or reweighting benchmark constitu-
ents away from capitalization weights. When factor tilts are implemented relative to 
the CW benchmark universe (e.g. Russell 1000 Index), ST factor portfolios generally 
deliver higher efficiency compared to CW and CS factor portfolios. When bench-
mark constituents are reweighted using weighting schemes, such as signal weighting 
and equal weighting, factor tilts are implemented relative to the EW parent universe. 
The performance of these weighting schemes should be assessed against the EW uni-
verse (e.g. Russell 1000 Equal Weight Index). In a risk decomposition analysis, the 
performance of these weighting schemes is explained by a combination of the EW 
parent universe and ST factor portfolios.

In the next chapter, we turn our focus to differences in smart beta offerings that 
could arise from various signal specifications used. We also discuss the pros and cons of 
potential adjustments or tweaks that are sometimes made to standard factor definitions.
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Appendix 4.1: Constituent Weights in Various 
Factor Portfolios

Capitalization Weighting

The process of creating CW factor portfolios entails three broad steps. First, con-
stituents in a given parent universe are ranked on factor signals. Second, the high-
est-ranked constituents that cumulatively cover a certain percentage of the market 
capitalization of the parent universe are selected for inclusion in the portfolio. Third, 
the selected constituents are weighted by their market capitalization. In this meth-
odology, constituent selection is based on factor ranks, while constituent weighting 
is based on market capitalization. This construction weakens the link between factor 
ranks and constituent weights. Among the selected constituents, large capitalization 
stocks will have a higher weight in the factor portfolio, irrespective of their factor 
ranks. More formally, the total weight (TW) and active weight (AW) of constituent i 
in a CW factor index are given by:

TW Cap Cap p) CapW p)i i i i= ( ) =∑( / ( ) * ( / * ( /1 1 � (4.1)

AW CapW p)i i= −∗((1/ 1) � (4.2)

Where:
	 Capi	=	 Market capitalization of constituent i
	 ∑ (Capi)	 =	� Sum of market capitalizations of all constituents in the  

parent index
		  p	 =	� Proportion of market capitalization of the parent index  

covered by the factor portfolio
	 CapWi	 =	� Capitalization weight of constituent i in the  

parent index
For a CW factor portfolio that covers 50% of the market capitalization of the 

parent index (p =0.50), Equation (4.1) implies that the total weight of constituents 
will equal twice their capitalization weights in the parent index, while the active 
weight of constituents (Equation 4.2) will equal their capitalization weights in the 
parent index. This implies that the constituent active weights are only a function of  
capitalization weights in the parent index, and not a function of factor ranks or 
strength of the factor signal. This construct, therefore, results in potential lack of 
purity and efficiency of factor capture.
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Capitalization Scaling

In order to improve the relation between active weights and factor signals or ranks, 
capitalization scaled (CS) weighting is typically employed. In this weighting scheme, 
capitalization weights are multiplied by factor scores to determine the total weight of 
constituents. More generally, the total weight and active weight of constituent i in a 
CS factor portfolio are defined as:

TW = CapW *Si i i j,  � (4.3)
AW = CapW * S 1i i i j, −( ) � (4.4)

Where:
	 CapWi	 =	 Capitalization weight of constituent i in the parent index
	 Si,j	 =	 Score of constituent i based on factor j

Value-weighted indexes and fundamentally weighted indexes are also examples 
of CS indexes. In the construction of value-weighted indexes, first a factor signal is 
specified, for example, book value-to-price (BP) for value. Then, the capitalization 
weights of constituents in a given universe are scaled (i.e. increased or decreased) 
by the ratio of a constituent’s book value-to-price ratio (BPi) to the market’s book 
value-to-price ratio (BPm). Thus, the total weight (TW) and active weight (AW) of 
constituent i in a BP CS factor portfolio are given by:

	 TW = CapW * BP /BPi i i m( ) � (4.5)
	 AW = CapW BP /BPi i i m* (( ) )−1 � (4.6)

Through the cancellation of terms, Equation (4.5) also reduces to the ratio of a 
constituent’s book value to the market’s book value, which equates to a book value-
weighted construction scheme. Therefore, fundamentally weighted indexes are also a 
form of CS value indexes.

In a CS factor portfolio, as Equation (4.6) shows, a constituent with the same 
BP ratio as the market will have an active weight of zero, while the active weights 
of constituents with higher (lower) BP ratios than the market will be scaled up 
(down) relative to their capitalization weights in the parent index. As such, CS fac-
tor portfolios improve the relation between factor attractiveness and active weights 
compared to CW factor portfolios. However, the relation between factor signal and 
active weights is still not exact, as active weights remain a function of capitalization 
weights in the parent index. For example, two constituents with the same BP ratio 
can have different weights in the CS factor portfolio, if their capitalization weights 
in the parent index are different. More specifically, larger companies will receive a 
higher active weight.
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Signal Tilting

In our construction, the basic objective of ST portfolios is to achieve better purity 
and efficiency in factor capture at given levels of active risk relative to a specified 
benchmark. This objective is achieved through a weighting scheme that establishes a 
linearly proportional relationship between factor signals, scaled between −1 and +1, 
and active weights of constituents in the ST portfolios, subject to the long-only con-
straint. Indeed, for long-only portfolios, a direct relationship between factor scores 
and constituent active weights can only be achieved on the overweight side, but not 
on the underweights. The long-only constraint imposes a benchmark weight limit 
on the maximum underweight that can actually be achieved in a given constituent. 
Therefore, for building ST portfolios, the construction process first determines the 
total underweight position that can actually be achieved, given the long-only con-
straint, and then allocates the total underweight position to the overweight side in 
proportion to constituent scores. This is achieved as follows.

A Cut-Off score for underweighting and overweighting securities as well as a 
Maximum Stock Underweight Position is specified. For example, a Cut-Off score 
of 0 implies that all constituents with scores less than 0 will be underweighted rela-
tive to their benchmark weights and constituents with scores greater than 0 will be 
overweighted. In the case of the Russell 1000 universe, a Cut-Off score of 0 means 
that 500 stocks will be underweighted and 500 stocks overweighted. The Maximum 
Stock Underweight Position determines by how much the most unattractive constit-
uent would be underweighted. A Maximum Stock Underweight Position (MaxUW) 
of 1% implies that the constituent with a score of −1 will be underweighted by 1% 
relative to its benchmark weight (CapWi). A constituent with a score of −0.5 would 
be underweighted by 0.5% and so on. However, given the long-only constraint, the 
underweight that is actually achieved for constituents with scores (Si) less than the 
Cut-Off score is given by:

UnderWgt = Max S *MaxUW CapWi i i,−( ) � (4.7)

Once the actual underweight achieved for each constituent is calculated, these 
underweights are summed up to determine the Total Underweight Position (∑ Un-
derWgti) for the factor portfolio. The Total Underweight Position is then allocated 
to overweight all stocks with a score greater than the Cut-Off score, in proportion to 
their scores, using the following formula.

OverWgt = S / S * UnderWgti i i i∑ ∑( ) � (4.8)

As Equations (4.7) and (4.8) highlight, the active weights of constituents in ST 
portfolios are directly related to factor scores, subject to the long-only constraint. Un-
like CW (Equation 4.2) and CS (Equation 4.4) factor portfolios, these active weights 
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are independent of the benchmark weights of constituents in the parent index, ex-
cept for the long-only constraint. Assuming linearity in factor signal payoff, these 
relationships should improve the purity and efficiency of factor tilts in the ST factor 
portfolios. Once the active weight is determined, the total weight of constituent i is 
calculated as follows:

TW CapW UnderWgt ori i i,= − � (4.9)

TW CapW +OverWgti i i= � (4.10)

The active risk of ST portfolios may be controlled by varying the Cut-Off score 
and the Maximum Stock Underweight Position. These two parameters jointly de-
termine the Total Underweight Position, or active share of the factor portfolio, and, 
hence, its active risk relative to the parent benchmark. For illustrative purposes, 
Figure 4.6 shows two portfolios constructed using a different set of values for these 
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two parameters. Portfolio B uses a higher Cut-Off score and a larger Maximum 
Stock Underweight Position and, therefore, has a higher active risk compared to 
Portfolio A.

Signal Weighting

In a SW factor portfolio, benchmark constituents are reweighted by the factor score. 
Typically, factor scores are scaled between 0 and +1. The total weight and active 
weight of constituent i in a SW factor portfolio are calculated as:

TW Si,j / (S )i i,j= ( )∑( � (4.11)

AW S (S CapWi i,j i,j i= ( ) −∑( / ) � (4.12)

Where:
	 Si,j	  =	 Score of constituent i based on factor j
	 ∑ (Si,j)	  =	 Sum of scores of all constituents based on factor j
	 CapWi	  =	 Capitalization weight of constituent i in the parent index

In SW construction, therefore, total weights of constituents are independent of 
benchmark capitalization weights, while active weights are not. Risk-weighted index-
es offered by index providers constitute an example of SW factor portfolios. In such 
indexes, the total weight of constituent i is calculated as the ratio of the inverse of  
constituent variance (1 / ℓ2

i ) to the sum of the inverse of variances of all constituents 
in the benchmark universe (1 / ∑ (ℓ2)), as shown below:

TWi = ∑( / )/(( / ( ))1 12 2 i � (4.13)

Equal Weighting

EW factor portfolios provide more diversification in factor capture compared to CW 
or CS factor portfolios. The process of creating EW factor portfolios also entails three 
steps. First, constituents in a given parent universe are ranked on a factor signal. Sec-
ond, the highest-ranked constituents that cumulatively cover a certain percentage of 
the number of names in the parent universe are selected for inclusion in the portfolio. 
Third, the selected constituents are equal-weighted. In this construct, the total weight 
(TW) and active weight (AW) of constituent i in an EW factor portfolio are given by:

TW = 1/p * 1/Ni ( ) ( ) � (4.14)

AW p N CapWi i= −(( / )* / ))1 1 � (4.15)
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Where:
		  p	 = �Percentage of the parent index names included in the EW factor 

portfolio
		  N	 = Number of names in the parent universe
	 CapWi	 = Capitalization weight of constituent i in the parent index

For an EW factor portfolio that covers 50% of the names in the parent universe 
(p =0.50), Equation (4.15) states that the active weight of constituents will equal  
2 / N minus their capitalization weights in the parent index. This implies that, simi-
lar to CW and CS factor portfolios, constituent active weights remain a function of 
capitalization weights in the parent index. However, unlike CW and CS factor portfo-
lios, EW factor portfolios will underweight larger stocks, while overweighting smaller 
stocks. In summary, therefore, CW and CS factor portfolios introduce a large-cap 
bias, while EW factor portfolios introduce a small cap bias in factor capture.
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Appendix 4.2: Active Return and Risk 
Decomposition Using CW and ST Factor 
Portfolios

In a Fama-French risk decomposition exercise, the excess returns of a strategy are 
regressed against the market factor and other Fama-French factors. The market fac-
tor in the Fama-French model is the capitalization-weighted market portfolio. The 
exposure to the market portfolio is centered on one, which is the beta of the market 
portfolio. The market portfolio is also style-neutral, that is, it has no factor tilts. The 
Fama-French factor portfolios take long and short positions away from the market. 
As such, their betas are centered on zero. This means that stocks with betas above 
(below) zero have positive (negative) exposure to the factors.

The methodology employed to decompose active returns of a strategy against the 
CW or ST portfolios is similar to the Fama-French risk decomposition framework. It 
is based on a time-series regression model in which a portfolio’s active return (return 
in excess of the market or benchmark) is regressed against the active returns of the 
CW or ST portfolios. Since the regression is based on active returns, the beta coef-
ficient or exposures to factor indexes or portfolios are also centered around zero. The 
regression is specified as follows.

R R + R R R RPort BM Port Value Value BM Momen Momen BM

V

−( ) = −( ) + −( )

+

α β β

β ool Vol BM Qual Qual BM Size Size BM PortR R + R R R R +−( ) −( ) + −( )β β ε

Where
	 RPort – RBM	 = 	 Return on the portfolio in excess of the benchmark
	 RValue – RBM	 = 	� Return on the CW or ST value factor portfolio in 

excess of the benchmark
	 RMomen – RBM	 = 	� Return on the CW or ST momentum factor portfolio 

in excess of the benchmark
	 RVol – RBM	 = �	� Return on the CW or ST volatility factor portfolio in 

excess of the benchmark
	 RQual – RBM	 =	� Return on the CW or ST quality factor portfolio in 

excess of the benchmark
	 RSize – RBM	 =�	� Return on the CW or ST size factor portfolio in excess 

of the benchmark
	 αPort	  =	� Portfolio’s alpha (after controlling for the portfolio’s 

exposure to factors)
	 βFactor	  =	 Factor loadings for the CW or ST factor portfolios
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109

Chapter 5
Factor Specifications

In Chapter 4, we presented a framework for understanding and analyzing the perfor-
mance characteristics of some of the various weighting schemes employed to capture 
smart beta factor returns. In this chapter, we discuss some of the various factor signal 
specifications that are commonly used in the design of smart beta products. In addi-
tion to the choice of the weighting scheme, factor signal specifications can also drive 
differences amongst the various smart beta offerings.

Chapter Summary

•• Smart beta providers typically focus on well-documented and vetted factors, such 
as size, value, momentum, low volatility, and quality, and often cite the underlying 
academic research to justify their factor selection.

•• However, in designing smart beta offerings, providers also tend to deviate from the 
standard or conventional factor definitions used in the literature. For instance, value 
is routinely defined as a composite of multiple valuation ratios as opposed to just 
book value-to-price.

•• This disconnect may arise because real-life implementation is often not the focus of 
academic research. Smart beta providers, on the other hand, need to pay particular 
attention to the replicability of their products, risk control versus a given policy 
benchmark, or mitigation of turnover and implementation costs.

•• These considerations may naturally force providers to deviate from the academic 
factor specifications and implementations. And, of course, some “tweaks” to stan-
dard factor definitions may be more acceptable than others.

•• With regard to value, the use of a single valuation ratio, such as book value-to-price, 
may raise reasonable concerns relating to diversification, active risk control, turn-
over, and ancillary factor exposures. The creation of a carefully designed composite 
valuation measure may alleviate some of these concerns.
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•• With regard to momentum, a commonly used tweak is to risk-adjust the con-
ventional momentum measure to mitigate the impact of market reversals. This 
adjustment typically produces better information ratios, while having similar turn-
over and a positive active return correlation in excess of 90% with conventional 
momentum. The motivation for combining conventional momentum with short-
term momentum is a little less clear, as short-term momentum has a 50% higher 
turnover and generally does not improve risk-adjusted performance.

•• With regard to low volatility, providers use different risk measures, such as CAPM 
beta, total volatility, or idiosyncratic volatility. The various measures used, however, 
produce similar performance characteristics.

•• With regard to quality, there appears to be significant dispersion in signal speci-
fication across providers. This dispersion also results in meaningful performance 
differences across the individual quality portfolios and across multifactor strategies 
that include quality as one of the factors.

•• Some quality specifications that are used do not have performance characteristics 
typically associated with a defensive investment style, such as drawdown protec-
tion. Other specifications, such as quality composites, may result in duplicative 
exposures to component signals. And some quality measures become redundant 
in the presence of (or are explained by exposures to) other smart beta factors. Such 
measures would not be expected to provide meaningful benefits in factor diversi-
fication strategies.

•• When factor specifications that are not broadly supported by the literature are 
used, it weakens the claim that the exploited factors are well-vetted, results in in-
creased risk of data mining, and raises doubts concerning out-of-sample persistence 
in performance.

•• When consistent factor definitions are not used across geographies and/or over 
time, it also raises concerns relating to data mining and selection bias.

•• Recent research argues that the use of composites in defining factors should 
be avoided as it can lead to a significant overfitting bias. This bias is different 
from the well-known selection or multiple testing bias. The research does not 
imply that all composites are not useful. But, it does highlight the need for a 
clear rationale behind the selection and weighting of signals used to form the 
composite.

I. I ntroduction

Smart beta investing typically focuses on recognized common factors, such as size, 
value, momentum, volatility, and quality that have been well-documented and vetted 
in the academic literature by numerous researchers over multiple decades. In studies 
that account for data mining or multiple testing when studying a large number of 
factors, these smart beta factors still stand out as being significant. Most smart beta 
providers also focus on these same factors, often citing academic research to justify 
their choice. However, when it comes to designing smart beta offerings, providers 
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may deviate from standard factor specifications or definitions used in the literature. 
For instance, value may be defined as a composite of several valuation ratios, as 
opposed to the standard book value-to-price specification often used in academic 
articles. Some researchers, for example, Goltz (2017), argue that such “tweaks” to 
standard definitions weakens the link between academic studies and how smart beta 
factors are defined and captured in various offerings, which also weakens the argu-
ment that academic evidence supports a given smart beta product.

It is true that there may well be a disconnect between standard definitions and 
implementations of factors used in the academic literature and how smart beta of-
ferings seek to capture them. But it is also important to remember that real-life 
implementation is often not the primary focus of academic research. In designing 
smart beta products, providers have a different set of problems to address. For in-
stance, they may pay particular attention to replicability of their products, risk con-
trol versus a given policy benchmark, or minimizing turnover and implementation 
costs. These considerations may force smart beta providers to deviate from academic 
specifications. In this chapter, we explore some of the various metrics used to define 
the smart beta factors and discuss the pros and cons of various methodologies and 
adjustments.

II.  Value

In 1992, the now celebrated Fama and French article investigating the cross-section 
of expected returns was published. At that time, the most prominent stock character-
istics potentially depicting a positive relationship with average returns and risk were 
market beta (Black, Jensen, and Scholes 1972 and Fama and MacBeth 1973), firm 
size (Banz 1981), earnings-to-price ratio (Basu 1983), book-to-market equity (Statt-
man 1980, Rosenberg et al. 1985), and leverage (Bhandari 1988). Fama and French 
(1992) investigated the ability of these variables to explain the cross-section of aver-
age returns, and found that in univariate tests all variables, except market beta, had 
predictive power. The authors further argued that since size, earnings-to-price, book 
value-to-price, and leverage are scaled versions of price, they may be capturing similar 
information relating to risk and expected returns embedded in prices. As such, some 
of these variables may be redundant. In multivariate tests, Fama and French (1992), 
indeed, found that the ability to explain the cross-section of expected returns in a 
model that included size and book value-to-market was not improved by adding 
earnings-to-price and leverage, at least for the 1963–1990 sample period. In other 
words, earnings-to-price and leverage independently explained average returns, but 
in the presence of size and book value-to-market, they became redundant. As a result 
of these findings, market capitalization and book value-to-price became the standard 
specifications for size and value in the academic literature.

Specifically with regard to value, some smart beta managers use the book value-
to-price specification. Many others deviate from this standard definition by creating 
a composite value specification, which may include other valuation ratios that are 
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also well-documented in the academic literature. There are several reasons for making 
this adjustment, such as diversification, risk control, turnover reduction, and miti-
gating ancillary factor exposures. With regard to diversification, it should be noted 
that valuation ratios perform quite differently over time. This implies that they are 
not perfectly positively correlated, even though they scale fundamental values by 
the same variable: price. As an illustration, consider in Table 5.1 the active return 
correlations between factor portfolios created based on five commonly used valua-
tion ratios, namely, book value-to-price, earnings-to-price, sales-to-price, free cash 
flow-to-price, and operating cash flow-to-price. These capitalization-weighted (CW) 
factor portfolios are constructed using the methodology outlined in Chapter 4. The 
pair-wise active return correlations across the portfolios ranged from 25% (between 
free cash flow-to-price and sales-to-price) to 78% (between sales-to-price and book 
value-to-price). The average pair-wise correlation across the five portfolios was only 
about 50%. As such, combining valuation ratios with relatively low active return cor-
relations could provide some diversification benefits.

The use of a single valuation metric, such as book value-to-price, also presents a 
potential problem with regard to risk control relative to a given benchmark. A cross-
sectional value strategy, where all stocks are ranked on a valuation metric across the 
whole universe, typically results in structural sector biases. That is, some industries are 
systematically overweighted and underweighted relative to a given policy benchmark. 
Additionally, individual valuation ratios tend to have different industry biases. For 
example, in the case of the US market, Table 5.2 shows that the book value-to-price 
portfolio had a large average overweight of 11.2% in Financials and a large average 
underweight of 8.6% in Information Technology. A valuation composite is likely to 
mitigate large sector active weights and, hence, allow for better active risk control. For 
instance, the sales-to-price portfolio had no meaningful overweight in Financials and 
the free cash flow-to-price portfolio had a large overweight in Information Technol-
ogy. Further, the magnitudes of active weights of the free cash flow-to-price portfolio 
were much smaller compared to the book value-to-price portfolio.

Table 5.1  Active Return Correlation of SW Value Portfolios: Russell 1000 Universe 
January 1995–June 2017

Book 
Value-to-

Price
Earnings-
to-Price

Sales-to-
Price

Free Cash 
Flow-to-

Price

Operating 
Cash Flow-

to-Price

Book Value-to-Price 100

Earnings-to-Price 57 100

Sales-to-Price 78 59 100

Free Cash Flow-to-Price 28 40 25 100

Operating Cash Flow-to-Price 66 67 70 31 100

Source: GSAM.
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Valuation ratios may also have different turnover levels. For instance, sales are typi-
cally more stable than earnings, and, therefore, sales-to-price tends to have lower turn-
over than earnings-to-price. In fact, sales-to-price also has, on average, 20% less turn-
over than book value-to-price, despite the high active return correlation (Table 5.1). 
As such, it may be beneficial to include low-turnover valuation ratios in a value  
composite in order to mitigate implementation costs. Finally, valuation ratios may 
have quite different, and sometimes offsetting, exposures to other smart beta factors. 
Consider Table 5.3, which shows the active return and risk decomposition of book 
value-to-price and free cash flow-to-price portfolios against the other CW smart beta 
factor portfolios. As shown in this table, book value-to-price had high and statistically 
significant positive exposures to size and volatility, and negative exposures to quality 
and momentum, though this portfolio also delivered a statistically significant alpha 
of 1.37%. Free cash flow-to-price, on the other hand, had higher alpha of 2.52% and 
no exposure to size and volatility, a positive and significant exposure to quality, and 
a much lower negative exposure to momentum. These differences partially explain 
the low active return correlation between book value-to-price and free cash flow-
to-price depicted in Table 5.1. Given the differences in ancillary factor exposures, 
it would be beneficial to combine free cash flow-to-price with book value-to-price,  
as it would mitigate the small cap and high volatility biases as well as reduce the nega-

Table 5.2  Russell 1000 Universe: Average Active Sector Weights of SW Value Portfolios 
(January 1995–June 2017)

Book 
Value-to-

Price
Earnings- 
to-Price

Sales- 
to-Price

Free Cash 
Flow-to-

Price

Operating 
Cash Flow-

to-Price

Consumer Discretionary -0.7 -2.3 4.8 -2.0 -1.0

Consumer Staples -4.8 -1.1 -0.5 -3.9 -3.1

Energy 4.3 3.0 3.8 -3.5 5.1

Financials 11.2 7.6 0.2 7.2 4.7

Healthcare -6.2 -4.2 -8.2 -1.2 -6.7

Industrials 0.4 0.1 3.8 -0.3 0.1

Information Technology -8.6 -4.8 -8.5 6.4 -5.2

Materials 0.2 0.0 1.9 -1.0 0.9

Real Estate 0.7 -1.1 -1.6 -1.2 -1.0

Telecommunication 
Services

1.1 0.2 0.7 -1.4 3.2

Utilities 3.0 1.5 2.1 -0.2 2.0

Source: GSAM.
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tive exposures to quality and momentum. This, in turn, would be beneficial in the 
context of a multifactor strategy, in which value is combined with other factors to 
achieve better risk-adjusted outcomes through diversification.

In summary, there are some reasonable arguments for creating a value composite. 
For instance, it might be beneficial to combine free cash flow-to-price with book 
value-to-price, as the two ratios have low active return correlation (Table 5.1) and 
different industry (Table 5.2) and ancillary factor exposures (Table 5.3). However, 
free cash flow-to-price also has high turnover. Sales-to-price, on the other hand, 
has a turnover rate that is typically 20% lower than book value-to-price and 45% 
lower than free cash flow-to-price. As such, adding sales-to-price to a combination 
of book value-to-price and free cash flow-to-price could also be beneficial. This 
is the composite that we used in the creation of various value factor portfolios in 
Chapter 4.

III. M omentum

The conventional definition of momentum in the academic literature, used by 
many smart beta providers, is last 11-month total return, lagged by one month. 
In terms of performance characteristics, conventional momentum strategies tend 
to perform well during trending markets, and poorly during market reversals. One 
way to potentially mitigate the impact of market reversals on the performance 
of momentum portfolios is to use a risk-adjusted momentum specification. The 
risk adjustment can be made in terms of stock-specific risk or total volatility.  
Table 5.4 shows the historical performance of CW conventional momentum and 
risk-adjusted momentum portfolios. In this case, total volatility is used to adjust 
conventional momentum for risk. At roughly similar levels of active risk, the risk-

Table 5.3  Active Return and Risk Decomposition of Valuation Ratios (January  
1995–June 2017)

CW  
Size

CW 
Momentum

CW 
Volatility

CW 
Quality Alpha

Total Active 
Risk

Book Value-to-Price 1.37

Exposure  0.30 -0.36 0.16 -0.57

Contribution to Active Risk  0.56  1.36 0.15  1.31 1.19 4.57

Free Cash Flow-to-Price 2.52

Exposure -0.01 -0.20 0.00  0.14

Contribution to Active Risk  0.00  0.41 0.00  0.01 2.41 2.83

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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adjusted momentum produced higher active return, Sharpe ratio, and information 
ratio compared to conventional momentum. The two portfolios had identical an-
nualized turnover and were highly positively correlated, with an active return cor-
relation of 93%. As such, the risk adjustment of conventional momentum delivers 
slightly higher risk-adjusted returns, while remaining close to the spirit of conven-
tional momentum investing. Some smart beta providers also combine conventional 
momentum with short-term momentum, defined as last five-month total return, 
lagged by one month, to create a composite measure. The rationale for doing this 
is a little less clear, as short-term momentum has no or limited market outperfor-
mance and a significantly higher turnover (Table 5.4).

IV. L ow Volatility

With regard to the volatility factor, initial studies (e.g. Black et al. 1972) used the 
CAPM beta as the factor specification. In more recent studies, total volatility (e.g. 
Ghayur et al. 2013) and idiosyncratic volatility (e.g. Ang et al. 2006) specifications 
have also been used. Smart beta providers typically use these different definitions in 
their offerings to capture the volatility factor. However, Clarke et al. (2010) argued 
that whether the volatility signal is defined in terms of total or idiosyncratic risk 
makes little practical difference. Further, according to our research, the length of the 
estimation window used to calculate the volatility metric, such as one year or three 
years, does not meaningfully change the performance results either, as historical vola-
tility is a slow-moving signal.

Table 5.4  Russell 1000 Universe: Historical Performance of Momentum Portfolios 
(January 1979–June 2017)

Total 
Gross 

Return 
(%)

Total 
Risk 
(%)

Sharpe 
Ratio

Active 
Gross 

Return 
(%)

Active 
Risk 
(%)

Information 
Ratio

Annual 
Turnover 

(%)

Correlation with 
Conventional 

Momentum (%)

Russell 1000 
Index

11.84 15.05 0.49          

Conventional 
Momentum

12.92 16.09 0.53  1.08 5.33  0.20 106  

Risk-Adjusted 
Momentum

13.38 15.69 0.57  1.53 4.98  0.31 106 93

Short-Term 
Momentum

11.79 15.50 0.48 -0.05 4.75 -0.01 157 63

Source: GSAM.
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Table 5.5 shows the historical performance of CW portfolios constructed us-
ing different volatility specifications. First, we note that increasing the estima-
tion window from one-year to three-year historical volatility caused marginal 
differences in performance. Second, specifying the volatility signal as three-year 
CAPM beta, as opposed to three-year total volatility, also caused marginal dif-
ferences in performance. Finally, whether volatility is specified as one-year total 
volatility or one-year idiosyncratic risk made little difference. In general, all the 
volatility portfolios presented in Table 5.5 realized very similar levels of total risk. 
Their Sharpe ratios were higher than the market and ranged between 0.54 and 
0.59. Information ratios ranged from 0 to 0.11. Indeed, as pointed out by Clarke 
et al. (2010), various volatility specifications make little practical difference in 
terms of performance characteristics.

V.  Quality

Unlike value, momentum, and volatility factors, there appears to be significant 
dispersion in the specification of quality. In the academic literature (e.g. Novy-
Marx 2013, Fama and French 2015), quality is typically defined as profitability 
(gross profits over total assets) and sometimes investment (growth in total assets). 
Smart beta providers, however, may deviate significantly from these standard defini-
tions in favor of characteristics such as accruals, leverage, stability, or other metrics. 
These differences in signal specifications can also result in significant performance 
differences among the various individual quality portfolios offered by smart beta 
providers as well as in factor diversification strategies that also use quality as one of 
the factors.

In our opinion, one important feature of quality investing is that, in addition to 
realizing reasonable IR over time, it is a defensive investment style, which mostly 

Table 5.5  Russell 1000 Universe: Historical Performance of Volatility Portfolios 
(January 1981–June 2017)

Total  
Gross  

Return (%)
Total  

Risk (%)
Sharpe 
Ratio

Active  
Gross 

Return (%)
Active  

Risk (%)
Information 

Ratio

Russell 1000 Index 11.06 14.95 0.47      

1-Year Historical Volatility 11.72 12.17 0.59  0.65 6.03 0.11

3-Year Historical Volatility 11.27 12.34 0.54  0.20 5.93 0.03

3-Year Historical Beta 11.04 12.22 0.54 -0.02 5.59 0.00

1-Year Idiosyncratic Risk 11.55 12.60 0.56  0.49 5.37 0.09

Source: GSAM.
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derives its market outperformance during periods of high risk aversion (flight to 
quality), such as high market drawdown periods. This dimension implies that a given 
quality specification should preferably result in certain performance characteristics, 
such as lower drawdown than the market. These performance characteristics make 
the quality factor quite different from other smart beta factors. For instance, value 
and momentum can deliver outperformance, but with similar or higher levels of 
drawdown compared to the market. Low-volatility investing seeks to provide draw-
down protection, but with a CAPM beta much lower than one, which can lead to 
severe underperformance when markets are rising. Quality, on the hand, aims to 
deliver drawdown reduction with a CAPM beta much higher than low volatility, 
which may result in much better upside participation. These performance character-
istics cause a well-specified quality factor to have relatively low active return correla-
tions with other smart beta factors, which can be beneficial in the creation of factor 
diversification strategies. (We discuss the performance characteristics of smart beta 
factors in more detail in Chapter 7.)

Some quality specifications, such as leverage, depict performance characteristics 
that are quite different from what may be expected of a defensive investment style. 
Leverage portfolios typically result in CAPM beta significantly greater than one and 
drawdowns much higher than the market. Other quality definitions that are used 
may have specifications that result in duplicative exposures. For instance, consider a 
composite that combines return on equity (ROE) with leverage. To the extent that  
leverage is already included in ROE (e.g. a conventional Dupont decomposition shows 
that ROE = Profit Margin × Asset Turnover × Leverage), such a composite would result in 
a much higher weight being assigned to leverage relative to profitability.

Finally, many quality attributes that are commonly used by smart beta provid-
ers generally become redundant in the presence of other smart beta factors, that is, 
their performance is largely explained by the other smart beta factors. This is shown 
in Table 5.6, which presents an active return and risk decomposition of various 
CW quality portfolios against the other CW smart beta factor portfolios. We first 
note that Gross Profits over Total Assets generated a statistically significant alpha of 
1.27% and over 80% (2.26/2.73) of its active risk was explained by the alpha term. 
That is, gross profitability delivered significant active return independent of other 
smart beta factors. More than 90% of the active risk of ROE (net income scaled by 
book value) was also explained by the alpha term, but this measure generated no 
significant alpha. All the other quality metrics depicted in this table generated small 
and insignificant alphas as well and at least 65% of their active risk was explained 
by exposures to other smart beta factors. For instance, in the case of Earnings Vari-
ability (five-year variation in operating income less interest scaled by book value), 
over 85% of the active risk was explained by the high exposure to the volatility 
factor. This implies that Earnings Variability is essentially a low-volatility strategy. 
Leverage showed a high positive exposure to size (i.e. a small cap bias). Growth in 
Assets (yearly change in total assets) was highly correlated with value, as more than 
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50% of its active risk was explained by this factor. Finally, Growth in Shares Out-
standing (yearly change in total shares outstanding) is essentially a combination of 
value and low-volatility strategies, as almost 70% of its active risk was explained by 
these two factors.

In the context of factor diversification, the analysis shown in Table 5.6 would 
imply that gross profitability would be a good candidate to consider, as it is largely 
orthogonal to (or independent of ) the other smart beta factors. The other quality 
metrics generated no significant factor-adjusted active return and had high loadings 
on other smart beta factors. Their addition and contribution in a multifactor strategy 
would be more questionable.

Table 5.6  Russell 1000 Universe: Active Return and Risk Decomposition of Various 
Quality Metrics (January 1979–June 2017)

Size Value Momentum Volatility Alpha

Total 
Active 
Risk

Gross Profits over Total Assets         1.27  

Exposure 0.59 -0.28  0.02  0.21    

Contribution to Active Risk 0.53  0.06  0.01 -0.13 2.26 2.73

Return on Equity         0.27  

Exposure 0.22 -0.04  0.08  0.15    

Contribution to Active Risk 0.09 -0.02  0.02  0.05 1.72 1.86

Earnings Variability 0.05  

Exposure 0.20 -0.04 -0.01  0.64    

Contribution to Active Risk -0.15 -0.07  0.01  2.32 0.62 2.72

Leverage         0.35  

Exposure 0.91 -0.62 -0.23 -0.31    

Contribution to Active Risk 1.39  0.97 -0.14  0.97 0.97 4.34

Growth in Assets          -0.15  

Exposure 0.22 0.53  0.04  0.14    

Contribution to Active Risk 0.19  1.59 -0.06  0.24 1.18 3.14

Growth in Shares Outstanding 0.05

Exposure 0.12 0.39  0.13  0.35

Contribution to Active Risk 0.02  1.06 -0.14  0.92 1.08 2.94

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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VI. T ypical Investor Questions

5.1 W hat Specific Issues Are Raised When Factor Specifications 
and/or Adjustments Made to Standard Definitions That Are Not 
Fully Supported by Academic Research Are Used in Various Smart 
Beta Products?

In general, factor specifications, as well as adjustments to accepted factor definitions 
that are not well-researched and lack academic backing, may pose issues for investors. 
First, the use of such factor specifications and adjustments significantly weakens the 
claim often made by smart beta providers, that their factors are well-supported by 
academic research. Some factor specifications that are used may have been studied 
by one or two researchers, but have not been vetted in the same manner as standard 
definitions, by a large number of researchers across market segments, geographies, 
and over time. Examples would include: change in asset turnover to define quality, 
enterprise value-to-cash flow from operations to define value, or changes in earnings 
expectations to define momentum. Second, when factor specifications are not well-
researched, investors have to rely on the backtests from the smart beta providers. This, 
of course, results in increased risk of data mining. Finally, standard factor definitions 
have been linked with out-of-sample persistence in performance (e.g. Dimson et al. 
2017). This is generally not the case for unconventional factor definitions. As such, 
even though a provider’s backtest may depict good performance, there tends to be 
a reasonable degree of doubt on whether the performance will persist on an out-of-
sample basis.

5.2 W hy Is Consistency Important in Defining a Given Factor 
Across Geographic Regions and/or Over Time?

Lack of consistency in defining a given factor across geographies and/or over 
time also raises serious concerns relating to data mining, in general, and selec-
tion bias and overfitting bias, in particular. In academic research, such concerns 
are alleviated by following a consistent definition for a factor in various markets 
and over time. For instance, book value-to-price as a specification for value was 
first researched and documented for the US market. Subsequent studies used the 
same factor specification to study the value effect in other markets. The results 
of these studies provide some degree of comfort and confidence that the book 
value-to-price factor is a systematic source of return (i.e. a rewarded factor) across 
global equities.

Some smart beta managers use different specifications for the same factor in 
different geographies, primarily based on the historical performance of factors in 
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those markets. Consider the example depicted in Table 5.7. This table shows the 
historical performance of five CW value factor portfolios in the US and emerging 
markets. The table highlights the best performing portfolio, based on information 
ratios, in each region. Now suppose that, using this evidence, a smart beta man-
ager defines value as free cash flow-to-price for the US market and operating cash 
flow-to-price for emerging markets. The smart beta manager may offer underlying 
fundamental reasons for the choice of the selected variables in each region, but they 
are unlikely to be supported by peer-reviewed academic research. In the end, the 
manager’s specification for value in each region is likely to deliver an impressive in-
sample backtest but should also raise concerns relating to out-of-sample persistence 
in performance.

Some other smart beta providers define the same factor, such as value, differently 
over time. In our view, in the context of smart beta investing, this practice is unlikely 
to have an underlying sound economic rationale and may raise concerns of data 
mining and data snooping. For example, an index provider currently offers two value 

Table 5.7  Historical Performance of Various Value Portfolios (January 1988–June 2017)

Total  
Gross  

Return (%)
Total Risk 

(%)
Sharpe 
Ratio

Active  
Gross  

Return (%)
Active 

Risk (%)
Information 

Ratio

PANEL A: US Market            

Russell 1000 Index 9.91 14.89 0.53      

Book Value-to-Price 10.23 16.00 0.52 0.33 4.57 0.07

Earnings-to-Price 11.77 14.40 0.66 1.86 4.87 0.38

Sales-to-Price 10.77 15.25 0.57 0.87 4.52 0.19

Free Cash Flow-to-Price 12.56 15.46 0.67 2.66 2.83 0.94

Operating Cash Flow-
to-Price

11.41 14.99 0.62 1.50 4.75 0.32

PANEL B: Emerging 
Markets

MSCI EM Index 7.48 23.54 0.33

Book Value-to-Price 9.32 25.18 0.39 1.84 4.73 0.39

Earnings-to-Price 9.32 24.55 0.40 1.83 4.63 0.40

Sales-to-Price 10.17 25.39 0.42 2.69 4.38 0.61

Free Cash Flow-to-Price 9.04 22.55 0.40 1.55 3.55 0.44

Operating Cash Flow-
to-Price 10.81 24.57 0.45 3.33 4.11 0.81

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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indexes, launched at different points in time, which use quite different value specifi-
cations for each index. The same index provider also has multiple indexes for other 
factors, such as quality and momentum. These indexes were also launched at different 
points in time. But, what is interesting is that, contrary to value, these indexes use a 
consistent factor specification.

5.3 W hat Specific Issues Are Created by the Use of Composites  
in Defining Factors and/or Expected Return Signals?

In the academic literature, it is customary to use simple and single-dimensional fac-
tor specifications, such as book value-to-price for value or gross profits over total as-
sets for profitability/quality. Smart beta providers, however, typically use composites 
and some can be somewhat complex in their construction. For instance, Bender and 
Wang (2016) define value as an equal-weighted composite of five valuation ratios, in 
which exponentially weighted five-year averages are used for book value, earnings, 
cash flow, sales, and dividend. Asness et al. (2013) consider a definition of quality 
that includes more than 20 stock characteristics along the dimensions of profitability, 
growth, safety, and payout.

The use of composites is typically avoided in the literature because it can lead to 
a severe overfitting bias. As pointed out by Novy-Marx (2015), the overfitting bias 
arises when a subset of signals, from a large number of tested signals, are combined 
to create a composite. The overfitting bias can lead to highly significant backtested 
performance, even in the case when individual signals that are combined have no 
real significance. The overfitting bias is also different from the commonly known 
selection or multiple testing bias, in which the best performing individual signal 
is selected from a large number of potential candidates. Novy-Marx (2015) argues 
that overfitting bias can be strong even in the absence of a selection bias and can get 
exacerbated in the presence of it.

The research does not imply that composites are not useful. As discussed in this 
chapter, some composites may indeed add value from a diversification as well as other 
implementation perspectives. However, the Novy-Marx (2015) research highlights 
that composites should be approached with caution. At a minimum, there should be 
a clear rationale for the selection and weighting of signals that form a composite. In 
the absence of an appropriate explanation, the historical performance of composites 
could well be subject to an overfitting bias.

Composite scores are also employed in the creation of factor diversification strate-
gies. For example, the individual value, momentum and quality signals may be com-
bined, by equal-weighting or some other weighting scheme, to construct a composite 
signal. The composite signal then forms the basis for building a multifactor portfolio. 
An interesting case in this regard is the use of a multiplicative, as opposed to an 
additive, composite. In a multiplicative process, the composite signal is derived by 
multiplying the individual factor signals. For instance, the composite signal for a 
value-momentum strategy is determined by multiplying the individual value and 
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momentum signals. In our research, some multiplicative composites typically lead 
to multifactor portfolios that depict a high level of small cap bias and concentration, 
and, as such, lower capacity.

5.4 H ow Should Investors Approach the Variation Commonly 
Seen in the Specification of the Quality Factor?

As stated previously, perhaps the most significant differences between smart beta of-
ferings relate to the specification of the quality factor. Some smart beta providers use 
the standard profitability measure (gross profits over total assets) studied in the aca-
demic literature. Others use more comprehensive composites designed to account for 
the multiple dimensions of quality investing, as determined by the provider. Smart 
beta providers may have reasonable arguments for preferring one definition over an-
other. However, in our view, investors may find it useful to keep the following in 
mind while assessing various quality specifications.

Quality composites potentially raise some concerns. To the extent that quality 
composites tend to be multidimensional, they are likely to present a higher risk of 
an overfitting bias compared to other factor composites, such as value. Some qual-
ity composites may raise concerns relating to duplicative exposures. A combination 
of ROE and leverage is an example of an implicit duplicative exposure to leverage, 
which results in the actual weight of leverage in the composite being much higher 
than specified. Finally, a quality composite may include variables that are highly posi-
tively correlated with other smart beta factors. As shown in Table 5.6, earnings vari-
ability is essentially a low-volatility strategy. Leverage has a pronounced small cap 
bias. And growth in assets is highly correlated with value. If quality is approached as 
a stand-alone strategy, then high positive loadings on other smart beta factors may 
not be a real concern. However, in the context of multifactor strategies, it would be 
beneficial to have a quality specification that is largely orthogonal to the other smart 
beta factors.

In the end, investors would be well-advised to seek a clear rationale for the selec-
tion and weighting of metrics that comprise a given quality specification.

VII.  Conclusion

In capturing smart beta factors, some adjustments that are made by smart beta pro-
viders to standard or conventional factor definitions may be warranted. These include 
risk-adjusted momentum measures to limit the impact of market reversals or value 
composites to better address diversification, active risk control, or ancillary factor 
exposures. Other adjustments that may give rise to concerns relating to selection and 
overfitting biases include using factor specifications that are not broadly supported 
by the literature, inconsistency in defining factors across geographies, changing factor 
definitions over time, or creating complex composites without a reasonable rationale. 
Investors should approach such situations with caution.
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In Chapters 4 and 5, we analyzed some of the various weighting schemes and 
factor specifications that smart beta providers typically employ. We hope that the dis-
cussion in these two chapters will prove useful for investors in better understanding 
the potential differences between various smart beta offerings. In the next chapter, we 
use the factor portfolios constructed in Chapter 4 to conduct a risk decomposition 
of a large number of publicly available smart beta and active strategies. This exercise 
provides intriguing insights in understanding the drivers of active risk and active 
return of these strategies.
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Chapter 6
Active Risk and 

Return Decomposition 
of Smart Beta and 
Active Strategies

In this chapter, we analyze a large number of publicly available smart beta strategies 
against the factor portfolios we constructed in Chapter 4. Although our focus is on 
smart beta strategies, we also use these factor portfolios to conduct a risk decomposi-
tion of certain active strategies. The analysis conducted in this chapter, we believe, 
provides useful insights in understanding the drivers of performance for smart beta 
and active strategies as well as assessing the efficiency of factor capture or the existence 
of manager skill more generally.

Chapter Summary 

•• Academic studies generally show that smart beta strategies, as a group, do not pro-
duce significant factor-adjusted alpha relative to the Fama-French 3-factor or the 
Carhart 4-factor models.

•• In order to provide another perspective, we analyzed a large number of smart beta 
strategies using the (long-only) factor portfolios constructed in Chapter 4, which 
are more easily and cost-effectively replicable compared to the Fama-French factors.

•• We analyzed US large cap single factor offerings, multifactor offerings, and alter-
native equity beta strategies and, consistent with prior research, found that most 
smart beta offerings did not generate statistically significant alpha against the basic 
capitalization-weighted (CW) factor portfolios.

•• A few highly concentrated momentum and quality indexes generated large and 
statistically significant alphas relative to the CW factor portfolios, which cover 50% 
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of the capitalization weight of the Russell 1000 Index. Against more concentrated 
CW factor portfolios that cover 25% of the Russell 1000 weight, the factor-adjust-
ed alphas of these indexes were significantly reduced or eliminated.

•• With regard to multifactor offerings, all but two strategies generated statistically 
significant active returns against the Russell 1000 benchmark. In a risk decom-
position analysis relative to the CW factor portfolios, however, only one strategy 
realized an alpha that was significant at the 5% level.

•• Among the alternative equity beta offerings, the equal-weighted Russell 1000 strat-
egy realized the highest significance (t-statistic) in active returns. Two offerings 
generated significant factor-adjusted alphas, with one being the equal-weighted 
strategy.

•• Some multifactor offerings are created by equally weighting individual factor 
portfolios, which are constructed using very different methodologies and have 
quite different active risk relative to the benchmark. Such offerings typically 
do not achieve balanced exposures to and active risk contributions from the 
targeted factors.

•• Some smart beta offerings have very high and statistically significant exposure to 
the size factor. Given the historical evidence that US small cap stocks performed 
poorly from 1980 to 1999 and particularly well since 2000, the performance char-
acteristics of such offerings are more appropriately assessed by analyzing longer-
term backtests, as opposed to just post-2000 performance.

•• Some active risk unconstrained optimized solutions tend to generate large 
alphas against the CW factor portfolios. This is because these solutions are 
equivalent to implementing factor tilts starting from an equal-weighted, as op-
posed to a capitalization-weighted, universe. As such, the large alphas of these 
strategies tend to disappear when active returns are decomposed against an 
equal-weighted Russell 1000 portfolio and ST value, momentum, low volatil-
ity, and quality portfolios.

•• With regard to active strategies, academic studies, mostly based on mutual fund 
performance, find that active managers, in aggregate, deliver market-like returns, 
before fees, and underperform, after fees. Academic studies also report that active 
managers, as a group, look just like the market, with no meaningful factor expo-
sures. Where market outperformance does exist, it is largely explained by exposures 
to smart beta factors. Factor-adjusted alpha is scarce and depicts less persistency 
than market outperformance emanating from positive factor exposures.

•• In analyzing individual institutional asset managers, we find that a common result 
is net positive exposures to and active return contributions from smart beta factors, 
and an insignificant alpha. However, we also find a higher frequency of factor-
adjusted alpha compared to academic studies, though this finding may result from 
selection bias in our data.

•• Not all alpha in a risk decomposition exercise may represent manager skill. An 
alpha can arise simply due to signal, model, or construction mismatches between 
the analyzed strategy and factor/risk portfolios.
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I. I ntroduction

As we have discussed in Chapter 4 and Chapter 5, smart beta offerings employ a wide 
variety of weighting schemes and signal specifications to capture smart beta factors. 
Furthermore, smart beta providers routinely make claims regarding the higher effi-
ciency with which their methodologies deliver smart beta factor payoffs. So, a natural 
question is: How do the various smart beta strategies fare in a risk decomposition 
based on relatively simple factor portfolios? To answer this question, we first conduct 
a brief review of the existing literature on this topic and then proceed to discuss the 
results of our analysis. We follow a similar structure in analyzing active strategies.

II. R isk Decomposition of Smart Beta Strategies 

A.  Literature Review

In general, studies that conducted risk decomposition analyses of smart beta strate-
gies found that such strategies, as a group, did not generate a significant alpha relative 
to the Fama-French factors.

For example, Chow et al. (2011) analyzed the performance of a number of smart 
beta strategies, which included equal-weighting, risk-clustered equal-weighting, diver-
sity weighting (e.g. Fernholz 1998), fundamental weighting (e.g. Arnott et al. 2005), 
minimum-variance (e.g. Haugen and Baker 1991), maximum diversification (e.g. 
Choueifaty and Coignard 2008), and risk-efficient (e.g. Amenc et al. 2010). The au-
thors replicated these strategies using methodologies that were disclosed in the public 
domain, such as journal articles and other research papers. In an effort to conduct an 
apples-to-apples comparison of the various strategies, the authors generated backtested 
performance in a controlled research environment, rather than using the actual per-
formance or the published backtests of the commercial products, which incorporate 
numerous implementation subtleties. The authors found that all the strategies out-
performed the capitalization-weighted market portfolio. However, the outperformance 
was almost fully explained by the Fama-French 3-factor model or the Carhart 4-factor 
model. That is, the smart beta strategies outperformed the market index because they 
had high exposures to size and value smart beta factors. And statistically, the strategies 
as a group generated no significant alpha relative to the 3-factor or the 4-factor model. 
These findings led the authors to draw the following conclusions. To the extent that 
various smart beta strategies are explained by the same factors or return sources (i.e. 
market, size, and value), they can be combined to replicate each other's performance. 
Further, to the extent that a simple equal-weighted portfolio also derives its market 
outperformance through exposures to size and value factors, the analyzed strategies, 
some of which use highly complex methodologies, become directly related to naive 
equal weighting. Finally, if strategies can be carefully combined to replicate other strate-
gies, then investors should focus on those smart beta strategies that are characterized by 
lower turnover and better diversification, liquidity, and capacity.
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If the smart beta strategies are explained by simple size and value factors, with no 
meaningful additional active return (i.e. alpha), then what is their value add? Chow et 
al. (2011) argued that these strategies still represent useful innovations as they allow 
investors to capture the size and value premia more cost-effectively compared to the 
Fama-French factors and more efficiently compared to the capitalization-weighted 
size and style indexes. Indeed, the Fama-French factors are not easily and cost-
effectively replicable. And the existing capitalization-weighted size and style indexes 
are less efficient than the analyzed smart beta strategies because they tend to generate 
negative Fama-French alphas, as shown by Arnott et al. (2005) and Hsu et al. (2010).

Other studies document that various low-risk strategies are explained by the 
volatility factor. Scherer (2010) derived an anlytical result showing that the mini-
mum-variance portfolio largely invests in low-beta and low-idiosyncratic risk stocks. 
Along similar lines, Clarke et al. (2011) and Leote de Carvalho et al. (2011) found 
that long-only minimum-variance portfolios are dominated by low-beta securities. 
Further, Leote de Carvalho et al. (2011) also documented that minimum-variance 
and maximum diversification are similar strategies that produce largely overlapping  
portfolios.

Following the publication of Chow et al. (2011), some analysts argued that, al-
though their general conclusions relating to the lack of a significant Fama-French 
factor-adjusted alpha for the analyzed strategies may hold, their research design fa-
vored certain strategies over others. For example, Amenc et al. (2012) pointed out 
that the Chow et al. (2011) analysis is biased against optimization-based method-
ologies, which tend to perform poorly in universes containing a large number of 
securities (also known as the “curse of dimensionality”). They also argued that the 
implementations used by Chow et al. (2011) deviated significantly from the actaul 
index construction rules, which resulted in higher concentration and turnover for 
some strategies. For example, EDHEC-Risk Efficient indexes typically have a turn-
over of about 25%, whereas Chow et al. (2011) reported a turnover level of around 
75% for the replicated risk-efficient strategy.

B. O ur Analysis

Although analyzing various strategies in an internally consistent, controlled research 
environment may be a useful exercise, it is unlikley to lead to an exact replication of 
the performance of considered strategies. Actual products incorporate many imple-
mentation subtleties, which may be hard to mimic fully. Therefore, in our analysis, 
we have opted to use the actual performance of various strategies, which we obtain 
from publicly available sources, rather than replicating their performance in a re-
search environment using publicly disclosed methodologies.

Academic studies also generally conduct a risk decomposition against the Fama-
French factors. As previously mentioned, the Fama-French factors are impracti-
cal, as they are not easily and cost-effectively replicable. Another option in a risk 
decomposition exercise would be to use (long-only) passive alternatives or factor 
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portfolios that are replicable at low cost and that cover all smart beta factors. We 
developed such factor portfolios in Chapter 4, such as the CW and ST factor port-
folios. In our view, these factor portfolios represent useful passive alternatives, as no 
index provider currently offers a consistent family of CW indexes that cover all smart 
beta factors. Therefore, we use these factor portfolios to analyze the exposures and 
efficiency (alpha) of various smart beta strategies.

a.  General Findings

We analyzed 30 publicly available US large cap smart beta indexes, including 
some that are listed in Chapter 4, Figure 4.2. These strategies consisted of value, 
momentum, volatility, and quality single factor offerings, multifactor offerings, and 
alternative equity beta strategies. We conducted an active return and risk decomposi-
tion of these strategies relative to the CW and ST factor portfolios discussed in Chap-
ter 4. Consistent with prior research, we found that most offerings did not generate a 
statistically significant alpha against the basic CW factor portfolios.

In relation to single factor offerings, the evaluated indexes use a variety of sig-
nal specifications for each factor as well as different weighting schemes including, 
capitalization weighting, capitalization scaling, signal weighting, and optimizing. 
When analyzed against the CW factor portfolios, none of the considered value 
strategies generated a statistically significant alpha. Momentum offerings gener-
ally produced positive alphas, but they were statistically significant only for one 
highly concentrated index. Volatility strategies realized no meaningful alpha. And 
two concentrated quality indexes depicted large and statistically significant alphas. 
Recall that the CW factor portfolios used in this analysis cover 50% of the Russell 
1000 capitalization weight. We can also report that when the concentrated mo-
mentum and quality indexes were analyzed against more concentrated CW factor 
portfolios, that cover 25% of the Russell 1000 capitalization weight, their alphas 
were significantly reduced or eliminated.

With regard to multifactor offerings, some of the products we analyzed combine 
individually constructed factor portfolios that use a variety of weighting schemes. 
For instance, one offering combines six factor indexes, namely, value (capitalization-
scaled), momentum (capitalization-scaled), quality (capitalization-scaled), minimum 
volatility (optimized), dividend yield (capitalization-weighted) and size (equal-
weighted). Other offerings construct a combination multifactor solution consisting 
of various optimized weighting schemes in order to mitigate model risks through 
model diversification. For instance, one offering equally weights maximum Sharpe 
ratio, minimum variance, maximum decorrelation, maximum deconcentration, and 
diversified risk parity weighting schemes. And some offerings combine individual 
factor signals into a composite signal, which is then used to construct a multifactor 
strategy using either active risk unconstrained optimization or simply capitalization 
scaling. All the multifactor strategies we analyzed outperfomed the Russell 1000 In-
dex over the sourced period, and all but two offerings realized statistically significant 
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active returns. However, in a risk decomposition relative to the CW factor portfolios, 
only one strategy generated an alpha that was significant at the 5% level.

In the analysis of alternative equity beta strategies, such as equal weighted, 
minimum volatility, and fundamental indexation all strategies outperformed the  
Russell 1000 index, with the most significant active return being realized by  
the equal-weighted strategy. Against the CW factor portfolios, two offerings gener-
ated statistically significant alphas, with one being the equal-weighted strategy.

b.  Additional Insights

In this section, we present some examples of analyzed strategies to highlight addition-
al useful insights that can potentially be gained from a risk decomposition exercise.

i. Factor Exposures in Diversification Strategies

Smart beta providers create multifactor strategies by combining individual factor port-
folios or individual factor signals. Depending on the process used, the multifactor strat-
egy may not depict diversified and balanced exposures across the considered factors. 
Table 6.1 provides an example. Multifactor Strategy 1 is a public index, which equally 
combines independently constructed value, volatility, and quality indexes to create a 
factor diversification strategy. The value index is value-weighted based on sales, book 
value, earnings, and cash earnings. The volatility index is a minimum volatility portfo-
lio. And the quality index uses a composite of Return on Equity, Leverage, and Earn-
ings Variability as the quality signal and capitalization scaling as the weighting scheme. 
When analyzed against the CW factor portfolios, the Multifactor Strategy 1 showed 
no exposure to value, despite the fact that the CW value portfolio also defines value as 
a composite of sales, book value, and cash flow. More interestingly, this strategy had a 
high exposure to the volatility factor and almost 63% of the active risk was explained 
by this factor. This finding may be explained by the fact that (1) the minimum volatil-
ity portfolio has a much higher active risk (about 6%) to the Russell 1000 benchmark 
than the value and quality portfolios (about 3%), and (2) the quality specification uses 
earnings variability as a metric, which is essentially a low-volatility strategy, as shown by 
Table 5.6 in Chapter 5. This example highlights that in creating multifactor strategies, 
some form of active risk parity in combining factor portfolios or factor signals would 
be beneficial in achieving more balanced exposures across the considered factors. This 
example also highlights that in selecting various signal specifications and individual 
components of composite signals, careful analyses should be conducted to assess their 
exposures and correlations with other included smart beta factors.

ii. Size Exposure of Smart Beta Strategies

Generally speaking, because smart beta strategies deviate from capitalization weights, 
they will tend to have a positive size exposure, that is, a small cap bias. However, some 
strategies may have a very high and statistically significant exposure to size. Consider 
Multifactor Strategy 2, which uses a multiplicative composite signal to emphasize 
stocks that rank well on all the targeted factors, and Alternative Equity Beta Strategy 
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1, which is a maximum Sharpe ratio strategy, in Table 6.2. Between July 2002 and 
June 2017, Multifactor Strategy 2 outperformed the Russell 1000 Index by 1.37% 
per annum with an active risk of 3.09%. This strategy had a very high and significant 
exposure to size, which contributed 0.96% to active return. The size factor also ex-
plained 37% of the active risk of the strategy. Similarly, almost 57% of the active risk 
of Alternative Equity Beta Strategy 1 was explained by size. The general point here is 
that the assessment of the historical performance characteristics of smart beta strate-
gies that have a high exposure to small cap stocks should be approached with caution. 
We know from the academic studies reviewed in Chapter 2 and the size portfolios 
discussed in Chapter 4 that US small cap stocks performed poorly between 1980 and 
1999 and particularly well since 2000. Therefore, if such strategies are assessed on 
the basis of backtests that depict performance only post-2000, then it would not be 
a complete representation of the potential performance characteristics of the strategy. 
In such cases, analyzing longer term backtests would be much more meaningful.

Table 6.1  Example of a Smart Beta Strategy: Active Return and Risk Decomposition 
Against CW Factor Portfolios (Russell 1000 Universe, July 1994–June 2017)

CW  
Size

CW  
Value

CW 
Momentum

CW 
Volatility

CW 
Quality Alpha

Total  
Active  
Risk

Multifactor Strategy 1           0.21  

Exposure -0.16 0.00 -0.21 0.54 0.16    

Contribution to Active 
Risk

0.23 0.00 0.24 2.09 0.05 0.71 3.33

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

Table 6.2  Examples of Smart Beta Strategies: Active Return and Risk Decomposition 
Against CW Factor Portfolios (Russell 1000 Universe, July 2002–June 2017)

CW  
Size

CW  
Value

CW 
Momentum

CW 
Volatility

CW 
Quality Alpha

Total 
Active 
Risk

Multifactor Strategy 2           0.40  
Exposure 0.81 0.04 0.19 0.38 0.16    
Contribution to Active Risk 1.15 -0.04 0.44 0.76 0.08 0.69 3.09
Alternative Equity Beta Strategy 1           0.37  
Exposure 0.87 -0.08 0.09 0.22 0.23    
Contribution to Active Risk 1.21 0.09 0.11 0.15 0.05 0.51 2.13

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Application Example 6.1

In 2016, an index provider launched a multifactor smart beta family 
of indexes. The launch of the index family was accompanied by a 
description of the methodology used to create the indexes as well 
as a simulation of the historical performance of the indexes. For 
US large cap, the historical performance was provided from 2001 
to 2015. Over this time period, the index outperformed a US large 
cap benchmark by 5.4% per year with a tracking error of 4.5%, thus 
generating an impressive information ratio of 1.19. An active return 
and risk decomposition of the newly launched index conducted by us 
showed a very strong small cap bias, with the size factor explaining 
almost 47% of the active risk.
Using the index construction and maintenance rules disclosed by the 
index provider, the historical performance of the new index could 
be independently verified. When we conducted such an exercise, 
the historical performance of the US large cap index was replicated 
within 0.5% of tracking error and 0.5% of return (i.e. 90% return 
replication). This is not exact replication of historical performance, 
but it would be considered a close independent approximation, in 
our view. The replicated index realized an information ratio of 0.96, 
which is close to the reported information ratio of 1.19.
Given the strong small cap bias, as an additional step, we extended 
the historical performance of the replicated US large cap index to 
1980. For the time period between 1980 and 2015, the replicated 
index generated an information ratio of only 0.53, which is about 
half the information ratio from 2001 to 2015. In other words, the 
information ratio of the replicated index for the post-2001 period 
(the reported period) was 0.96, while it was close to zero for the 
1980–2000 period. These longer-term performance characteristics 
should not be surprising, as they are consistent with what we know 
about the historical performance of small cap stocks. However, these 
results do highlight the importance of reviewing the performance 
of smart beta strategies that load heavily on the size factor for the 
pre-2000 time period. This issue is potentially less of a concern for 
diversification strategies that have a much lower exposure to size 
and are more appropriately diversified, as they would also include 
factors that have done relatively poorly in the recent past, such as 
value and momentum, but had strong performance pre-2000.
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iii. Active Risk Unconstrained Optimized Solutions

As mentioned in Chapter 4, some active risk unconstrained optimized solutions may 
result in portfolios that are almost equivalent to starting with an equal-weighted 
benchmark universe and then tilting toward the smart beta factors. Such strategies 
may generate significant alphas when decomposed against the CW factor portfolios, 
but not against a combination of an equal-weighted parent universe and ST factor 
portfolios. One example of this situation is depicted in Table 6.3. The Alternative Eq-
uity Beta Strategy 2 is an active risk unconstrained maximum diversification strategy. 
Between November 2002 and June 2017, this strategy generated an active return of 
3.22% per year relative to the Russell 1000 index with an active risk of 4.74% (IR of 
0.68). Against the CW factor portfolios, Panel A of Table 6.3, the strategy realized a 
large alpha of 2% per annum. The alpha term also explained over 70% of the active 
risk. The strategy had a factor loading of 0.81 to size, which resulted in 1.33% active 
return contribution from the CW size factor. However, against a combination of the 
equal-weighted universe (substituting for size) and ST value, momentum, volatility, 
and quality factor portfolios, the strategy's alpha completely disappeared, and the 
proportion of active risk explained by alpha dropped to about 47%. The exposure 
of 0.69 to the equal-weighted universe contributed 2.60% to active return, which is 
over 80% of the total active return of 3.22%. Despite a rather complex optimized 

Table 6.3  Example of Smart Beta Strategy: Active Return and Risk Decomposition: 
Russell 1000 Universe, November 2002–June 2017 

CW 
Size

CW 
Value

CW  
Momentum

CW  
Volatility

CW  
Quality Alpha

Total  
Active  
Risk

PANEL A

Alternative Equity 
Beta Strategy 2

2.00

Exposure 0.81 0.04 0.19 0.38 0.16

Contribution to 
Active Risk

0.73 -0.01 0.04 0.44 0.11 3.43 4.74

EW 
Universe

ST 
Value

ST 
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active  
Risk

PANEL B

Alternative Equity 
Beta Strategy 2

-0.08

Exposure 0.69 -0.19 -0.10 0.58 0.47

Contribution to 
Active Risk

1.13 -0.03 -0.02 0.91 0.50 2.25 4.74

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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construction methodology used by the Alternative Equity Beta Strategy 2, this strat-
egy may be roughly equivalent to implementing factor tilts starting with an equal-
weighted benchmark universe. 

c.  Summary

From the preceding analysis, we draw the following broad observations.

•• All smart beta strategies that we analyzed outperformed the Russell 1000 Index 
over the longest possible time period for which historical performance for these 
strategies could be sourced publicly.

•• Many smart beta strategies generated active returns that were statistically significant.
•• Many smart beta strategies did not produce positive or meaningful factor-adjusted 
alphas against the CW factor portfolios, and only a few realized positive alphas that 
were significant at the 5% level.

•• Some concentrated momentum and quality factor indexes produced significant 
alphas against the CW factor portfolios, which cover 50% of the capitalization 
weight of the Russell 1000 Index. However, when analyzed against more concen-
trated CW factor portfolios that cover 25% of the benchmark weight, the alphas 
were meaningfully reduced or eliminated.

•• Some multifactor smart beta strategies combine individual factor portfolios or fac-
tor signals in ways that do not lead to diversified and balanced exposures across the 
considered factors.

•• Some smart beta strategies have a very high exposure to the size factor and a large 
proportion of their active return is attributable to this factor. A proper under-
standing of the performance characteristics of such strategies cannot be gained by 
analyzing only post-2000 time periods.

•• Some active risk unconstrained optimized solutions result in factor tilts being im-
plemented relative to an equal-weighted benchmark universe. Such solutions may 
generate an alpha against the CW factor portfolios, but not against a combination 
of EW Russell and ST value, momentum, volatility, and quality portfolios. 

III. R isk Decomposition of Active Strategies 

A.  Literature Review

Given the debate around market efficiency and active versus passive, analyzing the 
performance of actively managed mutual funds has been a focus area for researchers 
and has produced a significant body of literature over the years. The general conclu-
sions emerging from these studies may be summarized as follows.

Active managers, in aggregate, deliver similar returns as the market, before 
fees, and underperform, after fees (e.g. Treynor 1965, Sharpe 1966, and Jensen 
1969). Active managers, as a group, also appear to be factor-neutral. For instance,  
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Fama and French (2011) found that active managers, in aggregate, do not have major 
factor exposures relative to the market, that is, they look very much like the mar-
ket. Further, the authors documented that, although some active funds generated a 
factor-adjusted alpha, only 3% of funds realized a factor-adjusted alpha that was large 
enough to cover their fees.

Other studies have documented that where market outperformance did exist, it 
was largely explained by the smart beta factors. For example, Grinblatt and Titman  
(1989, 1993) found evidence of superior performance for growth-oriented funds. 
However, following the publication of Jegadeesh and Titman (1993), Grinblatt et al. 
(1995) discovered that the superior performance was explained by the momentum 
effect. Similarly, Hendricks et al. (1993) found persistence in performance for some 
mutual funds, which they termed as the “hot hands” phenomenon. Carhart (1997), 
however, documented that the hot hands phenomenon was also explained by the mo-
mentum factor. Studies that analyzed the stock holdings of actively managed mutual 
funds have found that, before costs, stocks held by active managers did outperform their 
benchmarks, on average (e.g. Grinblatt and Titman 1989, 1993, and Wermers 1997).  
Most of this outperformance, however, was attributable to the style characteristics of 
the stocks held. In particular, the held stocks depicted high exposure to size, value, 
and momentum characteristics.

In contrast to these findings, other studies have found evidence of skill, beyond 
characteristic selection. For example, Wermers (2000) reported positive before-fee 
alpha for the average fund, after adjusting for factor exposures. With regard to per-
sistence in skill, Carhart (1997) found that persistent market outperformance was 
largely explained by exposures to factors and investment costs. Factor-adjusted out-
performance or skill depicted less persistency over time.

B. O ur Analysis

To conduct a risk decomposition of active strategies, we use the ST factor portfo-
lios, as opposed to the CW factor portfolios employed for the smart beta strategies, 
for the following main reasons. First, as we discuss in more detail in Chapter 10, in 
structuring portfolios that also include an allocation to smart beta, in our opinion, 
the assessment of factor-adjusted alpha should be conducted relative to the smart 
beta solutions that are actually implemented. ST factor portfolios generally depict 
higher efficiency in factor capture, as they produce alphas relative to the CW fac-
tor portfolios. Within our framework, they represent one viable option for imple-
menting smart beta investing in a policy benchmark-aware fashion. Second, the 
weighting schemes used by active managers, in general, tend to be closer to signal-
tilting compared to smart beta indexes that mostly use capitalization-weighting or 
capitalization-scaling. Third, the ST factor portfolios may be constructed from the 
benchmark universe that the active manager uses at similar levels of tracking error 
as the active strategy, if needed. This potentially facilitates a more accurate determi-
nation of factor exposures and factor-adjusted alpha within a given universe. Also, 
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the historical performance of ST factor portfolios is adjusted for implementation 
costs to make them more consistent with the historical performance of active strat-
egies. The applied implementation cost assumptions are discussed in more detail 
in Chapter 7, but amount to 0.50% round-trip for the US, 0.80% for Developed 
Markets, and 1.5% for Emerging Markets.

In the context of incorporating smart beta with other active strategies within an 
overall portfolio structure, asset owners typically use commercial risk models, such as 
Barra or Axioma, to assess factor exposures and portfolio diversification potential. As-
set owners also often provide us, on an anonymous basis, the historical performance 
of active managers they invest in, or are considering investing in, to get another 
perspective on the drivers of performance and assessment of skill. Having analyzed 
a very large number of institutional asset managers in this fashion, we report below 
some examples of the analyses that have been performed.

a.  Median Return of Active Managers

To get a sense of the factor exposures of a typical active strategy, we may look at the 
median return of active managers over time. We calculate this return series as follows. 
Using Morningstar, a manager performance database, each month we identify the 
median return delivered by active managers within a given classification category. We 
then link the median return to create a return series over time. We refer to this return 
series as the median return of active managers. In general, we find that the median re-
turn of active managers typically has no or muted factor exposures and large negative 
alphas. This is depicted in Table 6.4 for the Morningstar US Large Blend Category. 
Panel A shows that the median return of active managers, gross of management fees, 
underperformed the Russell 1000 Index by 1.26% per annum over the analyzed time 
period, with a low active risk of 1.04%. Panel B reports that the median return of 
active managers had muted exposures to the smart beta factors and the total contri-
bution to active return from exposures to these factors amounted to + 0.27% (0.14% 
+ 0.01% + 0.09% + 0.03%). However, the large negative, and statistically significant, 
alpha of 1.53% resulted in an overall underperformance. The proportion of active 
risk explained by alpha was also almost 70% (0.72/1.04) for the US Large Blend 
Category.

Table 6.5 shows that similar results were obtained for the Morningstar Foreign 
Large Blend Category. Compared to the MSCI EAFE Index, the median return of 
active managers underperformed by 1.02% (Panel A). Factor exposures were insig-
nificant, except for momentum and quality (Panel B). Smart beta factors’ net active 
return contribution was + 0.14%, but the median return of active managers under-
performed because of a large significant alpha of − 1.16%. In this case, more than 
90% of the active risk was explained by the alpha term.

If the median return of active managers can be assumed to represent the typical 
performance characteristics of active managers, as a group, then these results may be 
viewed as being consistent with the findings of Fama and French (2011).
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Table 6.4  Median Return of Active Managers: Active Return and Risk Decomposition: 
Morningstar US Large Blend Category, Returns in US$ Gross of Management Fees (January 
1995–September 2014)

Total  
Return

Total  
Risk

Sharpe  
Ratio

CAPM  
Beta

Active  
Return

Active  
Risk IR

PANEL A: Historical 
Performance

Russell 1000 Index 9.91 15.42 0.50 1.00

Median Return of 
Active Managers

8.65 14.93 0.43 0.97 -1.26 1.04 -1.22

ST 
Size

ST 
Value

ST  
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active  
Risk

PANEL B: Risk 
Decomposition

Median Return of 
Active Managers

  Exposure 0.00 0.05 0.01 0.10 0.01

 � Contribution to 
Active Return

0.00 0.14 0.01 0.09 0.03 -1.53

 � Contribution to 
Active Risk

0.00 0.09 -0.01 0.23 0.00 0.72 1.04

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

b.  Individual Manager Analysis

We now discuss some examples of the results obtained through a risk decomposition of 
individual active strategies. The historical performance of the active strategies we analyzed, 
relative to their corresponding benchmarks, was typically provided to us by asset owners. 
To the extent that asset owners have conducted some level of screening to identify the 
managers that they wish to evaluate further, our results may be subject to a selection bias. 
As such, our analysis is not a characterization of active strategies, in general, but rather a 
depiction of a subset of active managers typically considered by institutional asset owners.

i. Market Outperformance

A large number of active institutional managers we have analyzed did outperform 
their respective benchmarks. Generally speaking, the outperformance was more 
prevalent and more pronounced for less efficient segments of global equities, such 
as Emerging Markets, compared to more efficient segments, such as US large cap.
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Table 6.5  Median Return of Active Managers: Active Return and Risk Decomposition: 
Morningstar Foreign Large Blend Category, Returns in US$ Gross of Management Fees 
(January 1995–September 2014) 

Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM  
Beta

Active 
Return

Active  
Risk IR

PANEL A: Historical 
Performance

             

MSCI EAFE Index 4.59 17.94 0.24 1.00      
Median Return of 
Active Managers

3.57 17.78 0.18 0.99 -1.02 1.89 -0.54

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST  
Quality Alpha

Total  
Active  
Risk

PANEL B: Risk 
Decomposition

             

Median Return of 
Active Managers

             

  Exposure -0.02 -0.03 0.11 -0.09 0.14    

 � Contribution to 
Active Return

-0.03 -0.09 0.15 0.20 0.31 -1.16  

 � Contribution to 
Active Risk

0.00 0.02 0.07 -0.03 0.08 1.75 1.89

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

ii. Positive Factor Exposures

A common feature of analyzed active strategies was that their market outperformance 
was mainly driven by net positive exposures to smart beta factors, while the contri-
bution of factor-adjusted alpha, either positive or negative, was muted. An example 
of this case is shown in Table 6.6 for an MSCI World manager. Over the analysis 
period, this manager outperformed the MSCI World Index by 2.49% with an ac-
tive risk of 5.19%, thus generating a respectable IR of 0.48 before management fees 
(Panel A). The manager also had high exposures to value, momentum, and quality 
(Panel B). The contributions to active return from these three factors amounted to 
2.30% (1.06% + 0.12% + 1.12%) and hence almost fully accounted for the realized 
total outperformance relative to the benchmark. The moderate positive contribution 
of alpha (0.58%) to overall active return was diluted by the negative active return 
contribution from size (− 0.55%).

iii. Varying Levels of Skill

Although a common result in our analysis is an insignificant alpha, many managers 
are able to effectively combine characteristic selection with other sources that also 
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generate significant alpha, such as stock selection. Table 6.7 shows the example of 
a value manager benchmarked to the Russell 1000 Value Index. This manager out-
performed the benchmark by 2.54% and generated an impressive IR of 1.04. The 
manager had a high exposure to value and a more moderate exposure to momentum. 
Factor selection contributed 1.10% to active return, with the remainder (1.43%) 
coming from a statistically significant alpha.

In some cases, the manager may have enough alpha-generating capability to off-
set any negative contribution to active return coming from characteristic selection. 
Table 6.8 provides an example of this situation for a growth manager benchmarked to 
the Russell 1000 Growth Index. This manager had moderate, but statistically signifi-
cant, exposures to size, momentum, and quality. Momentum and quality contributed 
positively to active return, while the size exposure resulted in a negative contribu-
tion, as the size factor underperformed by 1.68% in this universe over the analyzed 
period. Overall, contribution to active return from smart beta factors was − 0.29%, 
mainly due to the poor performance of the size factor. However, a large positive and 
significant alpha of 2.07% contributed to a realized outperformance of 1.78% and 
an IR of 0.93.

Table 6.6  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: MSCI World Benchmark, Returns in US$ Gross of Management (January 
2003–September 2015)

Total  
Return

Total 
Risk

Sharpe  
Ratio

CAPM  
Beta

Active  
Return

Active  
Risk IR

PANEL A: 
Historical 
Performance
MSCI World Index 8.29 15.14 0.50 1.00
Sample Manager 10.77 14.17 0.68 0.88 2.49 5.19 0.48

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active  
Risk

PANEL B: Risk 
Decomposition

             

Sample Manager              
  Exposure -0.30 0.57 0.38 0.20 0.49    
 � Contribution to 

Active Return
-0.55 1.06 0.12 0.20 1.12 0.58  

 � Contribution to 
Active Risk

0.07 -0.05 0.29 0.24 0.76 3.87 5.19

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.
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Table 6.7  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: Russell 1000 Value Benchmark, Returns in US$ Gross of Management Fees 
(October 2010–September 2015) 

Total 
Return

Total 
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL A: Historical 
Performance

Russell 1000 Value 
Index

12.29 12.13 1.00 1.00

Sample Manager 14.83 13.70 1.07 1.12 2.54 2.44 1.04

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

PANEL B: Risk 
Decomposition

             

Sample Manager              

  Exposure -0.17 0.69 0.23 -0.16 -0.06    

 � Contribution to  
Active Return

0.13 1.18 0.01 -0.12 -0.08 1.43  

 � Contribution to 
Active Risk

-0.17 1.46 0.05 0.43 0.03 0.64 2.44

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

In some other cases, the positive influence of characteristic selection is diluted 
by negative skill. Table 6.9 provides an example. In this case, the high exposures to 
size, value, and momentum resulted in a total active return contribution from smart 
beta factors of 4.24%. However, the strategy only realized a total outperformance of 
0.31% over the S&P 500 benchmark because the positive impact of factor selection 
was offset by a large negative alpha of 3.93%.

In assessing factor exposures and skill, additional analyses may also prove useful. 
For instance, where a reasonably long performance history is available, a rolling three-
year or five-year risk decomposition may provide useful insights on the persistency of 
factor exposures and/or alpha across time. Where a manager offers strategies across 
different geographies, a regional analysis may be instructive in assessing the persis-
tency of exposures and skill. Table 6.10 shows the historical performance and risk 
decomposition for a manager, who employs substantially the same systematic process 
across various regions. Over the analysis period, the manager outperformed the cor-
responding benchmark in each region and generated highly impressive IRs. The man-
ager also realized large and statistically significant alphas in each region. In the United 
States, the manager had no meaningful factor exposures and the outperformance 
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Table 6.8  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: Russell 1000 Growth Benchmark, Returns in US$ Gross of Management 
Fees (October 2010–September 2015) 

Total  
Return

Total 
Risk

Sharpe  
Ratio

CAPM  
Beta

Active 
Return

Active  
Risk IR

PANEL A: Historical 
Performance

Russell 1000 Growth 
Index

14.47 11.76 1.20 1.00

Sample Manager 16.25 12.09 1.30 1.02 1.78 1.92 0.93

ST 
Size

ST 
Value

ST 
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active  
Risk

PANEL B: Risk 
Decomposition

             

Sample Manager              

  Exposure 0.26 -0.15 0.26 0.13 0.20    

 � Contribution to 
Active Return

-0.43 -0.10 0.10 0.06 0.07 2.07  

 � Contribution to 
Active Risk

0.17 0.01 0.21 -0.03 0.14 1.41 1.92

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

was largely driven by alpha. Outside the United States, the manager had meaning-
ful value and momentum exposures. However, 60% or higher of the realized active 
returns were attributable to alpha in each region. 

iv. Summary

Our analysis of a large number of individual institutional money managers produced 
the following findings.

•• A large number of active managers actually outperformed their performance 
benchmarks.

•• The outperformance was commonly attributable to net positive exposures to and 
positive active return contributions from smart beta factors.

•• Another common result was that managers produced an alpha, which was statisti-
cally insignificant, that is not different from zero.

•• Although factor-adjusted alpha is generally hard to find, we found more of it in 
our institutional analysis, in general, than do academic studies researching large 
number of mutual funds.

Chapter 6  Active Risk and Return Decomposition of Smart Beta� 141

 EBSCOhost - printed on 4/1/2020 5:54 AM via ST MARYS UNIV. All use subject to https://www.ebsco.com/terms-of-use



Table 6.9  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: S&P 500 Benchmark, Returns in US$ Gross of Management  
(January 1999–September 2015)

Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL A: Historical 
Performance

S&P 500 Index 4.64 15.01 0.23 1.00

Sample Manager 4.95 18.65 0.23 1.02 0.31 10.68 0.03

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

PANEL B: Risk 
Decomposition

             

Sample Manager              

  Exposure 0.49 1.21 0.40 0.24 -0.27    

 � Contribution to  
Active Return

0.75 3.35 0.54 0.34 -0.74 -3.93  

 � Contribution to  
Active Risk

0.70 3.62 -0.41 0.19 0.08 6.50 10.68

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

Our findings, which include market outperformance, net positive factor expo-
sures, and higher frequency of factor-adjusted alpha, may be inconsistent with ex-
isting academic research. However, as mentioned previously, to the extent that the 
historical performance provided to us by asset owners has been prescreened in some 
way, either by the asset owners or the asset managers themselves, our results may be 
subject to a selection bias.

IV. T ypical Investor Questions 

6.1 D oes the Alpha in a Risk Decomposition Always Represent 
Manager Skill?

Not always: A risk decomposition determines alpha only relative to the factor port-
folios used to conduct the exercise. In such analyses, many specification issues may 
give rise to alpha, but not necessarily manager skill, which practitioners commonly 
view as arising from activities, such as stock selection, market timing, factor timing. 
Consider the following situations.
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Table 6.10  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: Various Benchmarks, Returns in US$ Gross of Management Fees  
(January 2013–December 2017) 

Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL A: U.S.              

Russell 1000 Index 15.71 9.59 1.53 1.00  

Sample Manager 17.39 10.12 1.60 1.05 1.68 1.38 1.22

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

Sample Manager              

  Exposure -0.17 0.13 0.07 -0.20 -0.03    

 � Contribution to 
Active Return

0.16 0.13 -0.05 0.00 -0.01 1.46  

 � Contribution to 
Active Risk

-0.05 0.09 -0.01 0.18 0.01 1.16 1.38

Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL B: Europe              

MSCI Europe Index 7.98 12.80 0.63 1.00  

Sample Manager 12.49 12.59 0.97 0.97 4.51 2.21 2.05

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

Sample Manager              

  Exposure 0.00 0.47 0.59 0.04 0.21    

 � Contribution to 
Active Return

0.00 0.75 0.29 0.01 0.33 3.14  

 � Contribution to 
Active Risk

0.00 0.15 0.85 0.01 0.20 0.99 2.21

(Continued)
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Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL C: 
Developed Markets

             

MSCI World Index 12.26 9.86 1.18 1.00  

Sample Manager 16.08 10.01 1.50 0.99 3.82 2.04 1.87

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

Sample Manager              

  Exposure 0.09 0.39 0.42 -0.11 -0.01    

 � Contribution to 
Active Return

0.07 0.81 0.05 -0.03 -0.02 2.95  

 � Contribution to 
Active Risk

0.04 0.28 0.25 0.04 0.00 1.44 2.04

Total 
Return

Total  
Risk

Sharpe 
Ratio

CAPM 
Beta

Active 
Return

Active 
Risk IR

PANEL D: 
Emerging Markets

             

MSCI EM Index 4.73 14.39 0.36 1.00  

Sample Manager 7.66 14.60 0.55 1.00 2.93 2.63 1.12

ST 
Size

ST 
Value

ST 
Momentum

ST 
Volatility

ST 
Quality Alpha

Total 
Active 
Risk

Sample Manager              

  Exposure -0.25 0.35 0.37 0.07 0.02    

 � Contribution to 
Active Return

0.42 -0.06 0.15 0.01 0.04 2.95  

 � Contribution to 
Active Risk

0.10 0.03 0.40 0.00 0.00 1.44 2.04

Note: Figures in bold are statistically significant at the 5% level.
Source: GSAM.

Table 6.10  Sample Manager Historical Performance and Active Return and Risk 
Decomposition: Various Benchmarks, Returns in US$ Gross of Management Fees (January 
2013–December 2017) (cont’d)
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a.  Signal Mismatch

A value strategy, which uses a composite signal specification, may show alpha rela-
tive to a factor portfolio, which uses only book value-to-price. This result would 
not be surprising, as value composites generally have historically performed better 
than book value-to-price. An alpha obtained from a simple combination of well-
known valuation ratios may represent a higher efficiency value capture, but in our 
view would not represent true skill. On the other hand, if an active manager creates a 
more sophisticated value composite, such as industry-specific value composites based 
on unique manager insights, then that alpha may be viewed as manager skill. Similar 
arguments hold for signal mismatches for the other smart beta factors.

b.  Model Mismatch

If a conventional momentum strategy is analyzed against the Fama-French 3-factor 
model, it is very likely to show an alpha. That alpha simply means that the active 
returns of the strategy are not fully explained by the 3-factor model. It would not 
be viewed as representing some form of manager skill. Similarly, low-volatility and  
quality strategies may generate an alpha relative to the Carhart 4-factor model. Or a quality  
strategy may show an alpha relative to a risk model, which does not include  
quality as a risk factor.

c.  Factor Portfolio Mismatch

In some cases, a strategy may show an alpha simply because it is assessed against in-
appropriate factor portfolios. As we have discussed in Chapter 4 and in this chapter, 
EW and SW factor portfolios as well as certain smart beta active risk unconstrained 
optimized solutions are equivalent to implementing factor tilts relative to an equal-
weighted benchmark universe. These portfolios may generate an alpha relative to 
the CW factor portfolios, but not relative to a combination of an equal-weighted 
universe and ST value, momentum, volatility, and quality portfolios.

In assessing alpha and its link to manager skill, investors should make reasonable 
efforts to gain an understanding of its source. In a risk decomposition exercise, not all 
alpha may represent manager skill, as we would typically define it.

6.2  Why Do Risk Models Sometimes Show Counterintuitive 
Factor Exposures?

Asset owners conventionally use commercial risk models, such as Axioma, Barra, or 
Bloomberg to assess the factor exposures of active strategies. In many instances, the 
analysis reveals counterintuitive factor exposures. For instance, a strategy that seeks 
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to explicitly deliver a capture of value, momentum, volatility, and quality factors 
may show a negative exposure to one or more factors, such as value, leading the asset 
owner to conclude that the strategy does not capture the value premium. The nega-
tive exposure to value can happen if the manager's investment process leads to a high 
negative correlation between value and other factors, which dilutes the exposure to 
value. Or, it can simply happen because of mismatches between the active strategy 
and the risk model. An active strategy may use factor definitions that are different 
from those used by the risk model. An active strategy may construct factor portfolios 
differently than the risk model, such as industry-neutral value versus cross-sectional 
value, or ordinal ranks versus z-scores used by risk models. An active strategy may 
use a different factor set compared to the risk model, such as noninclusion of quality 
as a risk factor in a risk model, or inclusion of other risk factors, such as liquidity in 
a risk model.

In addition, the inability of risk models to capture contextual relationships may 
sometimes lead to counterintuitive factor exposures. For example, an active strategy 
may be designed to take advantage of the finding that the low-volatility effect is 
stronger among small cap low-volatility stocks. Risk models generally do not capture 
such contextual returns. Finally, because of the reasons mentioned earlier, different 
risk models also often produce different exposures.

6.3 I f Risk Models Can Produce Counterintuitive Factor 
Exposures, Which May Not Be Fully Reflective of Actual 
Exposures, Then What Other Alternatives Do Investors Have to 
Assess Factor Exposures?

Assessing factor exposures through the use of risk models is generally a good first 
step. However, for the reasons outlined above, investors should not use the output 
of such models as a definitive answer. In the presence of counterintuitive factor 
exposures, the analysis should be complemented by other methods for assessing 
exposures.

If a smart beta strategy is being analyzed, then a direct calculation of realized 
exposures to specified factors is a reasonable alternative in our opinion. Realized 
exposure to specified factors may be measured in terms of “Net Factor Scores,” de-
fined as the portfolio's weighted average score for a factor minus the benchmark's 
weighted average score to that factor. Table 6.11, Panel A shows an example of the 
realized average Net Factor Scores for individual factor portfolios. For instance, 
the table shows that the value factor portfolio had an average Net Factor Score (i.e. 
exposure) of 0.52 to the value factor, 0.23 to size, − 0.08 to momentum, − 0.03 to 
volatility, and − 0.06 to quality. The individual factor portfolios had the highest 
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exposure to the corresponding factor and smaller exposures to other factors. When 
individual factor portfolios are combined to create a diversification strategy, we can 
expect some dilution in exposures because a given factor has negative exposures 
to other factors. Panel B of Table 6.11 provides an illustration of a diversifica-
tion strategy that combines in equal proportions the individual value, momentum, 
volatility and quality portfolios. The Combination Portfolio realized positive aver-
age Net Factor Scores to all factors. The Combination Portfolio also had a positive 
size exposure (0.11), even though the size portfolio was not explicitly included in 
the combination. It is interesting to note that when this Combination Portfolio  
was analyzed using the Barra risk model, an exposure of − 0.15 to the value factor was  
calculated. Using the Bloomberg risk model, the exposure to value was determined 
to be only − 0.02. And yet, the actual realized exposure to value, as measured by the 
Net Factor Score, was 0.10 (Panel B of Table 6.11).

If an active strategy is being analyzed, then assessing factor exposures relative to 
the actual smart beta factor portfolios that are implemented is a good approach in 
our opinion. This is because the diversification benefits in a portfolio that includes 
smart beta and active strategies are driven by the correlation structure between the 
two components. Additionally, the diversification benefits within the active strategies 
component should be assessed by the correlation of factor-adjusted alphas relative to 
the smart beta implementations.

Table 6.11  Smart Beta Strategies Example: Average Net Factor Scores

Size 
Factor

Value 
Factor

Momentum 
Factor

Volatility 
Factor

Quality 
Factor

PANEL A: Individual Factor  
Portfolios

Size Portfolio 0.68 0.09 -0.11 -0.15 -0.12

Value Portfolio 0.23 0.52 -0.08 -0.03 -0.06

Momentum Portfolio 0.11 -0.08 0.43 -0.05 0.03

Volatility Portfolio 0.18 0.05 -0.02 0.23 -0.01

Quality Portfolio 0.11 -0.07 0.03 0.05 0.53

PANEL B: Diversification  
Strategy

Combination Portfolio 0.11 0.10 0.10 0.07 0.18

Source: GSAM.
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V.  Conclusion

Our analysis of various smart beta and active strategies produced the following 
general results.

Most smart beta strategies were largely explained by the basic CW factor port-
folios, that is, they generated no factor-adjusted alphas relative to these portfolios. 
Some highly concentrated single factor portfolios produced significant alphas 
against the broad CW factor portfolios, but not necessarily against more concen-
trated versions. A few smart beta strategies did produce statistically significant 
alphas. Out of all the analyzed smart beta offerings, the simple equal-weighted 
strategy realized the second-highest significance in factor-adjusted alpha, with a 
t-statistic of almost 3.

In analyzing a large number of institutional money managers, most of the ac-
tive strategies were largely explained by the ST factor portfolios. In our sample, 
which may be subject to a selection bias, active managers generally outperformed 
their benchmarks. Their outperformance, however, was commonly realized 
through net positive exposures to smart beta factors, while the factor-adjusted 
alpha contribution is typically muted. We also found a higher frequency of sta-
tistically significant alpha compared to academic articles that have studied a large 
number of mutual funds.

In the next section of this book, we turn our attention to gaining a deeper under-
standing of the performance characteristics of smart beta factors. We discuss indi-
vidual factor performance in Chapter 7, followed by the characteristics and benefits 
for factor diversification strategies in Chapter 8.
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Chapter  7
Performance 

Characteristics of 
Individual Smart  

Beta Factors

In this chapter, we analyze the historical performance of individual smart beta factors 
based on implementation cost-adjusted signal-tilted factor portfolios. We discuss per-
formance across three regions, namely, US, Developed Markets ex. US, and Emerg-
ing Markets. We adjust historical simulated performance for implementation costs in 
order to potentially make it more representative of “live” implementation.

Chapter Summary

•• We use the historical performance of signal-tilted (ST) factor portfolios created in 
Chapter 4 to understand the performance characteristics of individual smart beta 
factors.

•• To more closely proxy live implementation, we calculate after-cost historical per-
formance statistics.

•• Based on our analysis, we estimate an implementation cost penalty of 0.5% round-
trip for the US, 0.8% for Developed Markets ex. US, and 1.5% for Emerging Mar-
kets. These costs are assessed against the annual turnover of the ST factor portfolios.

•• In order to mitigate turnover, we employ a buffer-based portfolio rebalancing pro-
cess. This process reduces turnover by approximately 50%, without sacrificing after-
cost investment performance.

•• All factor portfolios outperformed their respective benchmarks, except for the size 
portfolio in the Developed Markets ex. US universe.
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•• In general, and consistent with prior academic research, the size portfolios depicted no 
outperformance between 1979 and 1999, while registering strong gains post-2000.

•• Value portfolios produced after-cost information ratios of around 0.5 or higher 
across the three regions. The largest underperformances of the value portfolios 
mostly occurred in periods of strong market rallies.

•• Momentum portfolios generally realized lower active returns and information ra-
tios compared to the other factors across the three regions. This is largely due to the 
poor performance of the momentum factor since 2009. The largest underperfor-
mances for the momentum portfolios happened during market reversal years, that 
is, strong positive (negative) returns followed by large negative (positive) returns.

•• Low-volatility portfolios, targeting a 4% active risk to the underlying benchmark, 
realized total risk reduction ranging from 16% in the US and Developed Markets ex.  
US universes, and 11% in the Emerging Markets universe. Volatility portfolios 
also generated positive active returns, thus producing meaningful improvements 
in Sharpe ratios compared to the market. These portfolios depicted a consistent 
pattern in active returns in up-and-down markets, outperforming during market 
downturns and underperforming during upswings.

•• Quality portfolios produced after-cost information ratios of 0.5 or higher in the 
three regions. These portfolios depicted defensive characteristics, as the downside 
capture ratios were consistently below 100% in all universes. However, quality was 
differentiated from low-volatility investing in that for similar levels of active risk, 
quality portfolios generated much higher active returns and information ratios.

•• Based on the historical performance characteristics of ST factor portfolios, we can 
draw the following broad observations. Size is a high-risk factor, as size portfolios 
consistently generated higher total risk, maximum drawdown, and CAPM betas 
compared to the market. Volatility is a low-risk factor, as volatility portfolios de-
livered significant total risk and drawdown reduction. Quality is a hybrid factor, as 
quality portfolios portrayed defensive characteristics but with much higher active 
returns and IRs compared to low-volatility portfolios. Value and momentum port-
folios did not depict consistent performance characteristics across the three regions.

•• All individual smart beta factors expose investors to significant market underper-
formance risk. Not only have these factors underperformed the market by a wide 
margin in a given year, the underperformances have also lasted over multiple con-
secutive years.

•• The high market underperformance risk of individual smart beta factors implies 
that in order to realize the return premia associated with smart beta factors, inves-
tors must be willing and able to stay the course and keep a long-term investment 
perspective.

I.  Introduction

In Chapter 4, we analyzed various weighting schemes that are typically used to 
capture smart beta factors. One important conclusion that emerged from the 
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analysis is that signal-tilted (ST) factor portfolios tend to generate statistically 
significant alphas when decomposed against capitalization-weighted (CW) factor 
portfolios. Equal-weighted (EW) and signal-weighted (SW) factor portfolios also 
generate significant alphas relative to CW factor portfolios. However, EW and ST 
factor portfolios are equivalent to implementing factor tilts relative to an equal-
weighted parent universe. As such, their performance is almost fully explained 
when decomposed against a combination of the equal-weighted universe (substi-
tuting for the size factor) and the ST value, momentum, quality, and low-volatility 
factor portfolios. Further, in Chapter 6, we discussed the finding that most smart 
beta strategies we analyzed did not generate a statistically significant alpha against 
the basic CW factor portfolios. Some smart beta strategies, such as active risk un-
constrained optimized solutions, also get very close to implementing factor tilts rel-
ative to an equal-weighted universe. Such strategies may produce an alpha against 
the CW factor portfolios, but not relative to an equal-weighted universe and ST 
factor portfolios.

Therefore, based on these findings in Chapter 4 and Chapter 6, we focus our at-
tention on the ST factor portfolios as a potential implementation option. Through 
these portfolios, we seek to gain an understanding of the performance character-
istics of size, value, momentum, quality, and low-volatility smart beta factors. We 
build the ST factor portfolios using the construction methodology outlined in 
Appendix 4.1 of Chapter 4. We study three universes, namely, US, Developed Mar-
kets ex. USA, and Emerging Markets, to cover global equities. We use the Russell 
1000 Index as the universe for the US and MSCI Standard Indexes for the other 
two regions. To facilitate comparisons, all ST factor portfolios are constructed to 
target an average active risk of about 4% to the underlying parent universe. The 
start date for this analysis is January 1979 for the US, which corresponds to the 
start date for the Russell Indexes. For the other two universes, the start dates are 
January 1995 for Developed Markets ex. US, and January 1998 for Emerging Mar-
kets. The choice of these start dates is mainly dictated by the availability of good 
quality fundamental data for these markets. The end date of the analysis is June 
2017. We define the size signal as the inverse of market capitalization, value as a 
composite of three valuation ratios, namely book value-to-price, sales-to-price, and 
cash flow-to-price (or earnings-to-price when cash flow is unavailable), momentum 
as prior 11-month total return, lagged by one month, volatility as the inverse of pri-
or 12-month standard deviation of daily total returns, and quality/profitability as 
gross profits divided by total assets. The fundamental information is sourced from 
Compustat and Worldscope databases and is lagged appropriately to avoid look-
ahead bias. We discussed these signal specifications in some detail in Chapter 4  
and Chapter 5. All ST factor portfolios presented in this chapter are rebalanced 
on a quarterly basis. A quarterly rebalancing frequency, in our opinion, provides a 
good balance between the conflicting objectives of keeping the portfolios current 
(that is, reflective of changes in factor attractiveness scores) and keeping turnover 
at a reasonable level.
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II. A fter-Cost Performance: Accounting for 
Implementation Costs

The ST factor portfolios that were constructed in Chapter 4 did not incorporate 
implementation costs. In order to make these portfolios more representative of live 
implementation, we start our analysis by calculating the after-cost performance of 
ST factor portfolios as well as discussing the methodology we employ to mitigate 
turnover.

A. D etermining Implementation Costs

After-cost performance is typically calculated by multiplying the estimated imple-
mentation costs by the turnover of the factor portfolios. As such, we need to deter-
mine what implementation cost assumption we should use. The costs involved in 
replicating CW factor portfolios (e.g. Russell 1000 Value Index) may represent a 
good starting point for determining the implementation costs for ST Factor port-
folios. Based on our experience and on conversations with passive managers and 
traders, a 0.15% round-trip implementation cost assumption would be a reasonable 
estimate for US large cap style indexes. A higher level of implementation costs for 
the ST factor portfolios would also seem reasonable, given potential investability and 
capacity considerations. But how much higher should the estimated implementation 
cost be relative to CW factor portfolios?

One approach to answering this question would be to compare the Average Cap 
ratios of the ST and CW factor portfolios. The Average ST and CW factor portfolio 
Cap ratio is calculated in the following manner. At each rebalance, the weight of 
each security in the ST factor portfolio is divided by the weight of that security in 
the benchmark and a security Cap ratio is calculated. For instance, if a security has a 
factor portfolio weight of 5% and a benchmark weight of 2%, then the security Cap 
ratio would be 2.5. A ST factor portfolio Cap ratio is calculated as the weighted sum 
of security Cap ratios, using the security weights in the ST factor portfolio. The fac-
tor portfolio Cap ratios at each rebalance are then averaged over time to calculate the 
Average Cap ratio for the ST factor portfolios. The first column of Table 7.1 shows 
the Average Cap ratios for the five ST factor portfolios. In the case of CW factor port-
folios, which we constructed to cover 50% of benchmark weight in Chapter 4, the 
factor portfolio Average Cap ratio is always 2, as shown in the second column. The 
implementation cost assumption for the ST factor portfolios could then be calculated 
by multiplying the ST-to-CW Average Cap ratio by the implementation cost of CW 
factor portfolios (i.e. 0.15%). The ST-to-CW Average Cap ratio is shown in the third 
column. Finally, an estimate of implementation costs for the ST factor portfolios 
(fourth column) is derived by multiplying the ST-to-CW Average Cap ratio by the 
0.15% cost assumption used for the CW factor portfolios. For instance, for the ST 
quality portfolio, which had the highest ST-to-CW Average Cap ratio of 3.42, the 
implementation costs were estimated to be 0.51% round-trip (i.e. 0.15% times 3.42).  
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We also note that we analyzed the performance of ST factor portfolios when the 
maximum Cap ratio for an individual stock was constrained to five. We found little 
difference in information ratios relative to the unconstrained factor portfolios pre-
sented in Table 7.1.

Based on this analysis, for simplicity and also to be conservative, we used a single 
0.50% round-trip implementation cost assumption for all US ST factor portfolios. 
This cost assumption is toward the upper range of the numbers reported in the last 
column of Table 7.1. For Developed Markets ex. US and Emerging Markets, we fol-
lowed a similar process and used a round-trip implementation cost estimate of 0.80% 
and 1.5%, respectively. These cost estimates were assessed against the turnover of the 
ST factor portfolios to calculate the after-cost performance.

Table 7.2 reports the before-cost and after-cost historical performance of US ST 
factor portfolios. The cost adjustment did not influence the risk profile of ST factor 
portfolios, but lowered returns. The largest decline in returns was registered by the 
ST momentum portfolio, which also had the highest annualized turnover of 92%. 
However, all ST factor portfolios outperformed the Russell 1000 benchmark and 
generated higher Sharpe ratios, on an after-cost basis.

B. M itigating Turnover

From the perspective of real-life implementation, managing, and mitigating turnover 
is an important and desirable feature of a smart beta offering. Turnover is a guaranteed 
cost of implementing a strategy, whereas its expected return is just that; an expecta-
tion. Therefore, investors tend to prefer investment processes that deliver factor pay-
offs with reduced turnover. We employ a buffer-based rebalancing methodology to 
mitigate the turnover of ST factor portfolios without sacrificing after-cost investment 
performance. This process works as follows. At each rebalance, the target weight for 
each security is determined based on the updated factor scores. Then, a buffer is speci-
fied around the target weight of each security. The buffer is set as the maximum of (1) 

Table 7.1  Estimated Implementation Costs for ST Portfolios: Russell 1000 Universe 
(January 1979–June 2017)

ST Average Cap 
Ratio

CW Average 
Cap Ratio

ST-to-CW  
Ratio

Estimated 
Implementation 

Cost (%)

Size Portfolio 6.60 2.00 3.30 0.49

Value Portfolio 3.22 2.00 1.61 0.24

Momentum Portfolio 2.34 2.00 1.17 0.18

Volatility Portfolio 1.96 2.00 0.98 0.15

Quality Portfolio 6.85 2.00 3.42 0.51

Source: GSAM.
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Table 7.2  Before-Cost and After-Cost Historical Performance of ST Factor Portfolios: 
Russell 1000 Universe (January 1979–June 2017)

Total Gross 
Return (%) Total Risk (%)

Sharpe 
Ratio

Annualized 
Turnover 

(%)

Russell 1000 Index 11.84 15.05 0.49  

ST Size Portfolio—Before Cost 12.91 16.95 0.51  

ST Size Portfolio—After Cost 12.61 16.95 0.50 54

ST Value Portfolio—Before Cost 14.29 15.51 0.62  

ST Value Portfolio—After Cost 13.96 15.51 0.60 58

ST Momentum Portfolio—Before Cost 13.32 16.08 0.55  

ST Momentum Portfolio—After Cost 12.81 16.08 0.53 92

ST Volatility Portfolio—Before Cost 12.74 12.53 0.63  

ST Volatility Portfolio—After Cost 12.58 12.53 0.62 30

ST Quality Portfolio—Before Cost 14.41 15.76 0.62  

ST Quality Portfolio—After Cost 14.17 15.77 0.61 43

Source: GSAM.

20% of the Maximum Stock Underweight Position used in constructing a given ST 
factor portfolio or (2) 0.20%. (Refer to Chapter 4, Appendix 4.1, for details relating 
to the construction methodology of ST factor portfolios.) If the current weight of a se-
curity at rebalance date is within the buffer, no trade takes place. If the security weight 
is outside of the buffer, then a trade is conducted to bring the weight to the upper (for 
sells) or lower (for buys) bound of the buffer, but not all the way to the target weight. 
The impact of buffer-based rebalancing on the turnover of US ST factor portfolios is 
shown in Table 7.3. The application of buffer-based rebalancing resulted in meaning-
ful reduction in portfolio turnover, ranging from 42% for momentum to 60% for 
volatility. The average turnover reduction across all ST factor portfolios was 52%.

What is the impact of the buffer-based rebalancing on the historical performance 
of ST factor portfolios? On the one hand, the use of buffers may interfere with the pu-
rity of factor capture, as security weights are not perfectly aligned with target weights 
based on current factor scores. All else being equal, this should have a negative impact 
on the performance of the ST factor portfolios. On the other hand, buffer-based 
rebalancing significantly reduces turnover, which should improve after-cost perfor-
mance. The statistics reported in Table 7.4 for the US universe show that, in our con-
struction process, the two effects approximately offset. The Sharpe ratios of ST factor 
portfolios constructed with the buffer are similar to those of ST factor portfolios 
created without buffers. In other words, turnover is reduced by approximately 50%, 
without any meaningful loss in after-cost investment performance. Similar results 
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Table 7.3  Impact of Buffer-Based Rebalancing on the Turnover of ST Factor Portfolios: 
Russell 1000 Universe (January 1979–June 2017)

Annualized  
Turnover 
Without  
Buffer

Annualized  
Turnover 

With Buffer

Reduction in  
Annualized 
Turnover  

(%)

ST Size Portfolio 54 30 44

ST Value Portfolio 58 26 55

ST Momentum Portfolio 92 53 42

ST Volatility Portfolio 30 12 60

ST Quality Portfolio 43 18 58

Average 52

Source: GSAM.

Table 7.4  After-Cost Historical Performance of ST Factor Portfolios With and Without 
Buffers: Russell 1000 Universe (January 1979–June 2017)

Total Gross  
Return (%)

Total Risk 
(%)

Sharpe 
Ratio

Annualized 
Turnover 

(%)

Russell 1000 Index 11.84 15.05 0.49  

ST Size Portfolio—Without Buffer 12.61 16.95 0.50 54

ST Size Portfolio—With Buffer 12.85 16.51 0.52 30

ST Value Portfolio—Without Buffer 13.96 15.51 0.60 58

ST Value Portfolio—With Buffer 13.73 15.18 0.60 26

ST Momentum Portfolio—Without 
Buffer

12.81 16.08 0.53 92

ST Momentum Portfolio—With 
Buffer

12.77 16.10 0.52 53

ST Volatility Portfolio—Without 
Buffer

12.58 12.53 0.62 30

ST Volatility Portfolio—With Buffer 12.66 12.68 0.62 12

ST Quality Portfolio—Without 
Buffer

14.17 15.77 0.61 43

ST Quality Portfolio—With Buffer 14.14 15.61 0.61 18

Source: GSAM.
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were obtained in the World ex. USA and Emerging Markets universes. As mentioned 
previously, significantly reducing turnover, which is a guaranteed implementation 
cost, while retaining after-cost investment performance, would be viewed as a highly 
desirable feature in the design of a smart beta strategy.

III. A fter-Cost Performance Characteristics

With the implementation cost assumptions and the buffer-based portfolio rebalanc-
ing methodology outlined, we now proceed to analyze the after-cost performance of 
the ST factor portfolios, as presented in Table 7.5 for the three regions.

A. S ize

In the US, the ST-size portfolio outperformed the Russell 1000 Index by 1% per an-
num, but also had higher total and systematic risk (CAPM Beta of 1.07). However, 
the portfolio produced a higher Sharpe ratio than the benchmark and an information 
ratio (IR) of 0.27, on an after-cost basis. The ST size portfolio had a higher Maxi-
mum Drawdown than the market and also depicted high market underperformance 
risk. The Worst Underperformance Year was 8.46% and Maximum Rolling 3-Year 
Annualized Underperformance was 5.61%. During up markets, the ST size portfolio 
performed better than the market (Upside Capture Ratio of 108, that is, rose 8% 
more than the market, on average), but also underperformed in declining markets 
(Downside Capture Ratio of 107, that is, fell 7% more than the market, on average).

Consistent with the size factor’s performance patterns discussed by Dimson et 
al. (2017), the US ST-size portfolio also depicted long relative performance cycles. 
Figure 7.1 shows the cumulative active return profile of the size portfolio. Broadly 
speaking, the entire analyzed period can be broken down in two subperiods. The pe-
riod between 1979 and 1999 was characterized by lackluster performance, in which 
the size portfolio did no better than the Russell 1000 Index. From 2000 onward, 
however, the size portfolio has produced significant outperformance. As mentioned 
by Dimson, Marsh, and Staunton (2017), despite long periods of lackluster perfor-
mance, it would be hard to use these performance characteristics of the size factor to 
make a case for intentionally underweighting small cap stocks. The evidence present-
ed here, however, does highlight the need to analyze smart beta strategies that have 
high and concentrated exposure to the size factor over the pre-2000 period. (Also see 
Application Example 6.1 in Chapter 6.)

To represent markets outside the US, the historical performance in Table 7.5 is 
presented from January 1995 for the MSCI World ex. USA universe and from Janu-
ary 1998 for the MSCI EM universe. Across the three universes, the size portfolios 
depicted consistent risk characteristics. These portfolios had higher total risk and 
CAPM betas compared to the market. Generally speaking, the size portfolios per-
formed well in rising markets and poorly in falling markets. In the MSCI World ex. 
USA universe, the size portfolio generated no active return over the analysis period. 
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This is largely due to the performance of small cap stocks between 1995 and 1999. 
Over this period, the size portfolio experienced five consecutive years of market un-
derperformance, registering a cumulative active return drawdown of close to 40%. 
Since 2000, however, the size portfolio has produced significant gains, consistent 
with the performance of the size factor in other regions.

B.  Value

For the US universe, the ST value portfolio outperformed the Russell 1000 index by 
1.89% per year with only slightly higher total risk, thus generating a much higher 
Sharpe ratio. The portfolio also produced a highly respectable after-cost IR of 0.48. 
The Maximum Drawdown was higher than the market and the portfolio also de-
picted high market underperformance risk, with the worst annual underperformance 
of 10.91% and a rolling three-year underperformance of 7.91% per year. In the other 
two universes, the value portfolios also generated much higher Sharpe ratios than the 
market as well as high IRs. These portfolios also had similar or higher total risk and 
drawdown compared to the market.

It is sometimes argued that value investing tends to perform well during periods 
of low risk aversion (good times), as proxied by rising markets, and poorly during 
periods of high risk aversion (bad times), as proxied by falling markets. We did not 
find consistent support for this argument, based on the performance of the ST value 
portfolios. Across the three regions, we did find that value portfolios had Upside 
Capture ratios in excess of 100. However, in falling markets, we found that value 
portfolios had Downside Capture ratios of 100 or less. In Emerging Markets, the 
value portfolio’s outperformance largely came in up markets. But, in the US, the out-
performance was mainly attributable to better performance in down markets. In fact, 
in analyzing periods of large underperformances, we found that, in the case of the 
US with the longer history, the five largest underperformances of the value portfolio 
came in calendar years when the market registered a gain of at least 20% in four out 
of the five instances. This is shown in Table 7.6. Further, as depicted in Figure 7.2, 

Table 7.6  Five Largest Annual Underperformances of the ST Value Portfolio: Russell 
1000 Universe (January 1979–June 2017)

ST Value Portfolio—Active 
Return (%)

Russell 1000 Index—Total 
Return (%)

1999 -10.91 20.91

1998 -8.08 27.02

1980 -7.61 31.87

2007 -7.56   5.77

1989 -3.72 30.43

Source: GSAM.
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the value portfolio’s largest cumulative underperformance also came during the late 
1990s, when strong market rallies were driven by large technology stocks.

C. M omentum

The ST momentum portfolios outperformed their respective benchmarks in the three 
regions, but generally produced lower after-cost IRs compared to the other factor 
portfolios. The momentum portfolios had similar or higher total risk and drawdown 
compared to the market in the three regions. In the US, the momentum portfolio 
had a CAPM beta in excess of one. In the other two regions, the momentum portfo-
lios had a CAPM beta of less than one, which resulted in momentum working as a 
defensive strategy. That is, performing well during market downturns (i.e. downside 
capture ratios less than 100).

Momentum tends to perform well during trending markets. But, momentum is 
also well-known for exposing investors to periodic and significant market underper-
formance, especially during market reversals. These periods are characterized by rising 
(falling) markets followed by falling (rising) markets. Although not every market re-
versal causes an underperformance of the momentum strategy, the largest underper-
formances do tend to occur during a market reversal. Table 7.7 shows that the three 
largest underperformances of the momentum portfolios in each universe happened 
in a reversal calendar year. For instance, in the US, the sharp decline in the market 
in 2008 (− 37.60%) was followed by a strong rally in 2009 (+ 28.43%). In 2009, the 
momentum portfolio recorded a large underperformance of 8.35%. The momentum 
portfolios experienced extremely high and negative active returns in 2009 outside 
the US as well, with the largest underperformance of 12.68% in Emerging Markets. 
In fact, the momentum portfolios have performed relatively poorly since 2009, as 
shown in Figure 7.3 for the US universe, which has resulted in the low active returns 
and IRs reported in Table 7.5.

D. L ow Volatility

Signal-tilted low-volatility portfolios overweight low-volatility, low-beta stocks and 
underweight high-volatility, high-beta stocks, based on one-year historical total daily 
return volatilities. The fact that the volatility portfolios realized lower total risk and 
CAPM betas than the respective market benchmarks implies that historical volatil-
ity is a good predictor of future volatility and CAPM betas, at least at a diversified 
portfolio level. The volatility portfolios, targeting an active risk of around 4% to the 
underlying benchmark, generated a total risk reduction of around 16% in the US 
and World ex. US universes and 11% in the Emerging Markets universe. Despite the 
total risk reduction, volatility portfolios realized higher returns than the market in 
the various universes. This resulted in meaningful Sharpe ratio improvements. The  
volatility portfolios also depicted a consistent pattern in up and down markets.  
The downside capture ratios were consistently below 100. On the other hand, the 
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Table 7.7  Market Reversals and Performance of ST Momentum Portfolios—Annualized 
Results

1980 1981 1999 2000 2008 2009

Russell 1000 Index–Total 
Return

31.87 -5.10 20.91 -7.79 -37.60 28.43

ST Momentum Portfolio–
Active Return

  -7.38   -7.05   -8.35

  1999 2000 2008 2009 2015 2016

MSCI World ex USA Index–
Total Return

28.27 -13.16 -42.23 34.39 -2.60 3.29

ST Momentum Portfolio–
Active Return

  -5.61   -11.86   -6.09

  2007 2008 2008 2009 2015 2016

MSCI EM Index–Total 
Return

39.82 -53.19 -53.19 79.02 -14.60 11.60

ST Momentum Portfolio–
Active Return

  -6.04   -12.68   -6.4

Source: GSAM.

upside capture ratios were also consistently below 100, implying that low-volatility 
strategies underperformed when markets were rising (because of their low CAPM 
betas). The market underperformance risk of volatility portfolios is also quite high.  
The large underperformances typically happen when markets are rising sharply. In the  
case of the U S, this is shown in Figure 7.4, with significant underperformances 
occurring in 1979–1980 and 1998–1999 when markets registered strong gains.

E.  Quality

The ST quality (profitability) portfolios outperformed the market and generated 
after-cost IRs in excess of 0.50 across the three regions. In the US, the total risk and 
CAPM beta were similar to the market. However, the maximum total drawdown was 
15% lower than the market and similar to that achieved by the ST volatility portfolio. 
Outside the US, over a shorter analysis period, the ST quality portfolios had CAPM 
betas significantly below one and closer to the ST volatility portfolios. This may be 
largely due to the high active return correlation between quality and volatility factors 
over the shorter analysis period, as we will discuss in more detail in the next chapter.

Quality is often considered a defensive investment style, which can be expected 
to perform well during periods of high risk aversion. And risk aversion tends to be 
high during periods of market drawdowns. During such periods, a flight to qual-
ity typically takes place, leading to superior performance of the quality portfolios. 
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In addition to lower total drawdown, this feature is also depicted in the downside 
capture ratios, which were consistently below 100% in all universes. Although qual-
ity is a defensive style, it has performance characteristics, which make it somewhat 
different from low-volatility investing. In particular, for similar levels of active risk 
(i.e. 4%), the quality portfolios have generated much higher active returns and IRs 
compared to low-volatility portfolios. The active returns also depict more consistency, 
as shown in Figure 7.5 for the US ST quality portfolio.

F. S ummary of Performance Characteristics

Based on the performance characteristics of ST factor portfolios, we highlight the 
following general observations.

•• Size is a high-risk factor. Across the three regions, size portfolios consistently real-
ized higher total risk, maximum drawdown, and CAPM betas compared to the 
market. Generally speaking, the size portfolios performed well in rising markets 
and poorly in falling markets.

•• Low volatility is, by definition, a low-risk factor. Low-volatility portfolios consis-
tently had CAPM betas significantly lower than one. These portfolios provided 
significant total risk and drawdown reduction. Because of the low CAPM betas, 
low-volatility portfolios outperformed in falling markets and underperformed in 
rising markets.

•• Quality is a hybrid factor. Quality portfolios delivered some form of risk reduction, 
such as lower drawdowns compared to the market, but also realized high active 
returns and IRs in the three regions. The outperformance of quality portfolios was 
largely driven by better performance in falling markets.

•• Value and momentum portfolios did not depict consistent performance patterns 
across the three regions.

•• All factor portfolios experienced large and prolonged underperformances, thus de-
picting a high market underperformance risk.

IV. T ypical Investor Questions

7.1  Is Momentum a Profitable Strategy, on an After-Cost Basis?

Academic studies document that momentum investing has generated impressive 
excess returns over long periods of time. However, momentum also has very high 
turnover and academic studies typically do not account for implementation costs. As 
such, many investors rightfully wonder whether momentum is a profitable strategy 
once its high turnover and associated trading costs are taken into account.

It is true that amongst the smart beta factors momentum has the highest 
turnover, approaching 100% for 4% active risk ST momentum portfolios. This 
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turnover, however, can be substantially reduced through turnover mitigation tech-
niques. For instance, we have shown that buffer-based rebalancing can potentially 
reduce turnover by about 50%. And assuming relatively conservative implemen-
tation costs, this reduction in turnover is achieved without sacrificing after-cost 
returns. According to the historical performance analysis presented in this chapter, 
momentum portfolios across various regions have generated reasonable after-cost 
active returns and IRs, despite the fact that momentum investing has encountered 
some headwinds since 2009.

7.2  What Important Overall Observations May Be Drawn  
from an Analysis of the Historical Performance of Individual 
Smart Beta Factors?

Individual smart beta factors, across various regions and over different time periods, 
have delivered respectable after-cost active returns and IRs relative to the underlying 
market benchmarks. However, in our opinion, investors should be mindful of the 
following two important considerations with regards to investing in individual smart 
beta factors.

a.  Market Underperformance Risk

All individual smart beta factors expose investors to significant market underperfor-
mance risk. The factors can underperform the market by a significant margin in a 
single year. For instance, in the case of the US, the worst annual underperformance 
ranged from 5.38% for quality to 13.33% for volatility (Table 7.5). Additionally, not 
only can individual factors significantly underperform the market in a given year, the 
underperformance can also last over multiple years. It is quite common for individual 
factors to experience two, three, or even five consecutive years of market underper-
formance. This can lead to quite large cumulative underperformances over time. As 
an example, the US ST value portfolio had a cumulative underperformance relative 
to the Russell 1000 Index of over 25% between 1998 and 1999. Further, notice in  
Table 7.5 that all factors across the three regions registered annualized underperfor-
mance on a rolling three-year basis.

b.  Investment Horizon

The high market underperformance risk of factors is sometimes cited as a reason why 
factors actually deliver a return premium (e.g. Ang 2014). That is, the observed factor 
premia are a compensation for bearing the high and painful risk of underperforming 
the market by a wide margin over extended periods of time. This argument may make 
conceptual sense, but it does not explain (1) why certain factors are rewarded and 
others not, despite having similar market underperformance risk, and (2) why certain 
factors are more highly rewarded than others, despite having lower market underper-
formance risk (e.g. quality in Table 7.5). However, one conclusion is clear. In order to 
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earn the return premia associated with rewarded smart beta factors, that is size, value, 
momentum, low volatility, and quality, investors must maintain a long-term invest-
ment horizon. That is, investors must be willing to stay the course during periods of 
pronounced and prolonged market underperformance, if they wish to realize the full 
benefits of smart beta factor investing.

V.  Conclusion

Using conservative estimates of implementation costs and techniques for mitigat-
ing turnover, we have shown in this chapter that individual smart beta factors have 
delivered attractive historical performance across various regions of global equities. 
However, one cautionary finding is that individual smart beta factors also expose in-
vestors to prolonged and pronounced underperformance relative to the market. This 
result implies that investors need to bear short-term pain in order to harvest factor 
return premia in the long run.

The market underperformance risk associated with factor investing can, nonethe-
less, be mitigated. Indeed, smart beta factors have attractive correlation attributes. 
Combining smart beta factors to create factor diversification strategies, therefore, 
tends to significantly reduce the risk of underperforming the market, while also im-
proving relative risk-adjusted returns. We address the important topic of factor diver-
sification in the next chapter.
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Chapter 8
Performance  

Characteristics of 
Factor Diversification 

Strategies

It is often said that diversification is the only free lunch in finance. Multifactor 
smart beta strategies may represent an example of such a free lunch. In this chapter, 
we discuss the attractive correlation attributes of smart beta factors and show how 
combining factors results in improved relative risk-adjusted performance, while also 
potentially mitigating market underperformance risk.

Chapter Summary 

•• Smart beta factors depict low or negative pair-wise active return correlations in the 
long run, which has the potential to provide significant diversification benefits in a 
multifactor strategy.

•• In the short run, such as rolling five-year periods, pair-wise correlations are un-
stable. Generally negatively correlated factors become positively correlated and 
moderately positively correlated factors become highly positively correlated. This 
finding may lead to the conclusion that factor diversification may not work as well 
over shorter time horizons.

•• Diversification benefits in a multifactor strategy, however, are driven by the “off-
diagonal average” of all the individual factor pair correlations. Over the long run, 
this average generally depicts correlation close to zero across the smart beta factors.

•• The short-term variation in the off-diagonal average is also significantly less than the 
variation in individual factor pairs. Even the highest values reached by this average 
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on a rolling five-year basis remain quite moderate. This happens because at a given 
point in time positively correlated factor pairs are offset by negatively correlated 
factor pairs. That is, there is “diversification” within the correlation structure of 
smart beta factors.

•• The behavior of the off-diagonal average would suggest that multifactor strategies 
should provide diversification benefits even in the short term, such as five-year 
rolling periods.

•• To study the characteristics of factor diversification, we create an equally weighted 
combination of tracking error-matched signal-tilted (ST) value, momentum, low-
volatility, and quality factor portfolios, which we refer to as the ST Multifactor 
Portfolio (MFP).

•• In long-term simulations in the three universes we analyzed, namely the US,  
Developed Markets ex. US, and Emerging Markets, the ST MFP realized about 
50% reduction in active risk compared to the average of the active risks across the 
factor portfolios. This reduction in active risk is known as “gain from diversification.”

•• Because of the significant reduction in active risk, the ST MFPs realized much 
higher IRs compared to the individual factor portfolios in all three regions.

•• The improvement in IR meaningfully enhanced the statistical significance of the 
active return of the MFPs, with t-statistics exceeding five in the US and four in 
other regions.

•• To the extent that all factors rarely underperformed the market at the same time, 
the ST MFPs also depicted lower probability of market underperformance com-
pared to individual factor portfolios.

•• Also due to the stability of the off-diagonal average, the MFPs realized consistent 
active risk reduction over five-year rolling periods, with an average of 56% and a 
minimum reduction of almost 30%.

•• Based on rolling five years, the average IR of the MFPs were also significantly 
higher compared to individual factor portfolios.

•• We also constructed MFPs using capitalization-weighted (CW), capitalization-
scaled (CS), signal-weighted (SW), and equal-weighted (EW) factor portfolios to 
analyze the diversification benefits realized by other weighting schemes.

•• The CW, CS, and ST MFPs, which form the Tilting category of weighting schemes 
discussed in Chapter 4, realized similar active risk reduction or gain from diversifi-
cation. This implies that, within the Tilting category, the active return correlation 
structure is not meaningfully affected by the various weighting schemes.

•• The SW and EW MFPs, which form part of the Reweighting category, produced 
only marginal active risk reduction and gain from diversification. This result is driven 
by the high positive pair-wise active return correlations across the SW and EW factor 
portfolios. As discussed in Chapter 4, SW and EW factor portfolios have a com-
mon influence, which is the performance of the equal-weighted universe versus the 
capitalization-weighted universe. As such, SW and EW MFPs realize much lower 
diversification benefits when assessed against a capitalization-weighted benchmark.
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•• CS MFP produced a small factor-adjusted alpha against the CW factor portfolios. 
ST, SW, and EW MFPs realized much higher, and more statistically significant, 
alphas. However, the alphas of SW and EW FPDs disappeared when decomposed 
against an equal-weighted universe and ST value, momentum, low-volatility, and 
quality portfolios.

•• With regard to portfolio construction, two approaches to building factor diversi-
fication strategies, namely portfolio blending and signal blending, have recently 
become the subject of a debate within the industry.

•• Some studies have argued that signal blending is a more efficient approach because 
it avoids securities with offsetting factor exposures, and thus realizes higher expo-
sures to targeted factors.

•• Our research, based on a comparison of exposure-matched portfolios, challenges 
the general dominance of signal blending. It shows that, at moderate levels of factor 
exposure and active risk, portfolio blending produces better IRs. At high levels of 
factor exposure and active risk, signal blending retains better diversification and 
produces higher IRs.

•• Our perspective on this debate, however, is that the decision of which approach to 
use needs to be made in the context of a given investment process.

I. I ntroduction

In the previous chapter, we highlighted that individual smart beta factors depicted 
different active return characteristics. For instance, generally speaking, size portfo-
lios outperformed in up markets and underperformed in down markets. Volatility 
portfolios, on the other hand, depicted the opposite pattern; outperforming in 
down markets and underperforming in up markets. Value portfolios realized the 
largest outperformances when the market registered negative or moderately posi-
tive returns, while the largest underperformances happened in periods when the 
markets rose sharply. The largest outperformances of momentum portfolios were 
realized in strong trending markets, while the largest underperformances happened 
in mostly market reversal years. These active return characteristics imply that smart 
beta factors may have attractive active return correlation attributes, which could 
potentially deliver significant diversification benefits. In this chapter, therefore, 
we start by analyzing the long-term and short-term correlation attributes of factor 
active returns.

II. Ac tive Return Correlations

We analyze the active return correlation attributes of smart beta factors for three 
regions, namely, US (from January 1979 to June 2017), Developed Markets ex. US 
(from January 1995 to June 2017), and Emerging Markets (from January 1998 to 
June 2017).

 



A. L ong-Term Correlations

Table 8.1 reports the pair-wise active return correlations of the ST factor portfolios. 
Across the three regions, the size portfolios had a positive active return correlation 
with value and negative correlation with volatility. This implies that value stocks 
tend to be small cap stocks, whereas low-volatility stocks seem to have a large cap 
bias. Value portfolios had a negative correlation with momentum, as stocks with low 
valuation ratios typically lack momentum and stocks with high momentum tend 
to see increases in their valuation ratios. Value portfolios also had a negative cor-
relation with quality, defined as gross profits scaled by total assets. This implies that 
high-profitability stocks tend to have growth-like characteristics. However, profit-
ability is not conventional growth investing per se, as growth stocks would have 
a much higher negative correlation (close to − 100%) with value. In general, the 
long-term active return correlations across the various factor pairs were low or nega-
tive. The “off-diagonal average” active return correlation across all the factor pairs 
in Table 8.1, was − 0.4% in the US, 3.6% in World ex. US and 2.7% in Emerging 
Markets. That is, there was almost zero active return correlation across all the smart 
beta factors, on average. These correlation attributes may be viewed as attractive, and 
may imply that, in the long run, multifactor strategies should deliver meaningful  
diversification benefits.

B. S hort-Term Variation in Correlations

Table 8.1 shows the pair-wise active return correlations over long periods of time. 
From a portfolio implementation and monitoring perspective, however, two further 
questions arise: How stable are these correlations over shorter time periods? And how 
might they affect potential diversification benefits in the short term?

Table 8.2 shows the active return correlations over rolling five-year periods for the 
three universes. This table shows the average five-year rolling correlation as well as  
the minimum and maximum values achieved for each factor pair in each universe. 
Based on the reported statistics, it would be fair to say that pair-wise active return 
correlations have been unstable in the short term. Generally negatively correlated 
factors, such as, value and momentum or value and quality, became positively cor-
related. And lowly positively correlated factors, such as quality and momentum,  
became highly positively correlated, with correlations exceeding 60%.

The fact that individual pair-wise active return correlations are unstable and that 
factor pairs can become highly positively correlated may suggest that factor diversi-
fication may not provide meaningful benefits in the short term. However, this is not 
the case. In a multifactor strategy, portfolio diversification potential is largely driven 
by the off-diagonal average of all the individual factor pair correlations, especially 
when the factors are equal-weighted and matched on active risk. The variation in 
the off-diagonal average, based on rolling five-year periods, is shown in the last col-
umn of Table 8.2. Across all universes, the variation in the off-diagonal average was 
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significantly less than the variation in any individual factor pair. The maximum levels 
reached for the off-diagonal average were only 12% in the US, 21% in World ex. 
US, and 16% in Emerging Markets. Despite the fact that individual factor pairs be-
came highly positively correlated, the off-diagonal average only achieved moderately 
positive levels. This implies that all the factor pairs did not become highly positively 
correlated at the same time. There was also “diversification” within the correlation 
structure of smart beta factors, as positively correlated factor pairs were offset by 
negatively correlated factor pairs. As an illustration, Table 8.3 shows the correlations 
for all the factor pairs for the first five-year subperiod across the three universes. The 
diversification and offsetting of individual factor pair correlations, which keeps the 
off-diagonal average low, is well highlighted by the reported statistics.

C. S ummary of Correlation Attributes

The following general observations may be drawn from the foregoing discussion.

•• Smart beta factors have exhibited attractive low or negative pair-wise active return 
correlations in the long run.

•• Pair-wise active return correlations, however, are not stable over shorter time peri-
ods, such as, rolling five-year subperiods. Factors that are characterized by generally 
negative correlation, often become positively correlated. And factors that typically 
are moderately positively correlated often see significant increases in correlation 
levels.

•• Nonetheless, in a multifactor strategy, portfolio diversification is driven by the off-
diagonal average of individual factor pair correlations. Benefiting from offsetting 
pair-wise correlations, this average depicts much less variation, with even the maxi-
mum values on a rolling five-year basis remaining at highly attractive levels.

The correlation attributes outlined above suggest that combining smart beta fac-
tors to create multifactor strategies should deliver notable diversification benefits, not 
just in the long run, but also over shorter time periods.

III. P erformance Characteristics of Factor 
Diversification Strategies

To analyze the benefits of factor diversification, we create an equally weighted com-
bination portfolio of ST value, momentum, volatility, and quality portfolios. Re-
call from Chapter 7 that the individual factor portfolios are constructed at about a 
4% active risk relative to the corresponding benchmark. Therefore, our weighting 
scheme not only equally weights the factor portfolios on market value (and returns), 
but also on active risk (i.e. active risk parity). We refer to this combination portfo-
lio as a ST Multi-Factor Portfolio (MFP). In constructing the ST MFP, we do not 
include the ST size portfolio. The reason for this is as follows. Since the ST factor 
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portfolios deviate from capitalization weights of securities, they already incorporate 
a size bias to varying degrees. As such, the MFP also has an ancillary exposure to the 
size factor. The MFP, therefore, provides exposure to all five factors, even though  
the size portfolio is not explicitly included in its construction.

A. P otential Diversification Benefits

Before we look at the historical performance of the MFP, it might be useful to lay out 
what we would expect to see. In general, combining lowly correlated assets provides 
the following primary diversification benefits.

a.  Active Risk Reduction: Gain from Diversification

Diversification driven by attractive correlation attributes should result in meaningful 
risk reduction relative to the average risk of the component assets. This risk reduction 
is typically known as “gain from diversification.” In the context of smart beta factors, 
the “total return” pair-wise correlations between the factor portfolios are very high 
because total returns include a common influence; the market factor. As a result, we 
would expect the MFP to realize minimal, if any, total risk reduction compared to 
the average total risk across the factor portfolios. In the “active return” space, how-
ever, factor portfolios have low or negative pair-wise correlations as well as low off-
diagonal average correlation. This should result in significant reduction in active risk 
for the MFP relative to the average active risk across the factor portfolios.

b.  Higher Risk-Adjusted Returns

The level of total and active return of a diversification strategy is not impacted by as-
set correlations. That is, the gain from diversification is primarily realized in the risk 
space. As such, the total and active returns of a diversification strategy would roughly 
equal the average return of the assets comprising the strategy. Therefore, we would ex-
pect the total and active return of the MFP to roughly equal the average of the com-
ponent factor portfolios. Since we know that factor portfolios have outperformed the 
market, we would expect the MFP to outperform as well. If the total risk of the MFP 
is similar to that of the market, that is, high total-risk factors are counterbalanced by 
low total-risk factors, then the MFP would also generate higher Sharpe ratios than 
the market, because of higher expected returns. But, the MFP would not be expected 
to generate a higher Sharpe ratio than all of the individual factors. For instance, since 
low-volatility portfolios realize significant total risk reduction, while outperforming 
the market, their Sharpe ratios could be higher than the MFP.

On the other hand, because of the expected significant reduction in active risk, the 
MFP may generate higher IRs than the component factor portfolios. The improve-
ment in IR would translate into a much higher statistical significance (t-statistic) 
for the active return of the MFP. This would also imply that the active return of the 
MFP can be expected to be more stable than the active return of the individual factor 
portfolios. Additionally, to the extent that individual factor portfolios depict different 
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performance characteristics, that is, they may not all underperform the market at the 
same time, the MFP could potentially exhibit lower market underperformance risk 
compared to the individual factor portfolios.

B. L ong-Term Historical Performance of the ST MFP

Table 8.4 reports the long-term historical performance of the four individual ST fac-
tor portfolios as well as the ST MFP for the three regions.

a.  Active Risk Reduction: Gain from Diversification

As expected, the MFPs realized minimal total risk reduction relative to the average 
total risk of the four factor portfolios. In the US, the average total risk across the four 
factor portfolios was 14.9%. With a total risk of 14.5%, the MFP generated only 
about a 3% reduction. Similar or lower decreases in total risk were recorded in the 
other two regions.

Gain from diversification was much higher for the active risk of the MFPs. In 
the case of the US, the average active risk across the factor portfolios was 4%. There-
fore, the MFP realized a 55% reduction with an active risk of 1.8%. The active risk 
reduction in World ex. USA and Emerging Markets universes was 47% and 48%, 
respectively.

b.  Risk-Adjusted Returns

The MFPs realized Sharpe ratios that were about 23% higher than the market in the 
US and Emerging Markets and 48% higher in World ex. USA. However, the Sharpe 
ratio of the MFPs was not the highest achieved in a given region. For instance,  
the volatility portfolio realized a higher Sharpe ratio than the MFP in the US, while 
the quality portfolios had a higher Sharpe ratio in World ex. USA and Emerging 
Markets.

However, because of the significant gain from diversification in the active risk 
space, the IRs of the MFPs in all three regions were much higher than the IRs 
of the individual factor portfolios. The MFPs produced high “after-cost” IRs of 
above 0.85. In the US, the IR of the MFP was 134% higher than the average 
IR across the factor portfolios and 56% more than the highest-IR individual 
factor portfolio (value). In the other two regions, the IR of the MFP was about 
92% higher than the average IR and 27% higher than the highest-IR individual 
factor portfolio (quality for World ex. USA and value for Emerging Markets). 
The improvement in IR meaningfully enhanced the statistical significance, and 
stability, of the MFP active returns. The after-cost active return of 1.55% for the 
US MFP was associated with a t-statistic of more than five. The active returns of 
the MFPs in the other regions had a t-statistic in excess of four. Thus, despite the 
fact that the active returns of factor portfolios were not all statistically significant 
individually, their combination was highly significant because of meaningful gain 
from diversification.
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Figures 8.1 through 8.3 show the cumulative active returns for the MFPs in the 
three regions. Compared to similar charts for the individual factor portfolios reported 
in Chapter 7, the MFPs depict much less variability in active returns.

c.  Market Underperformance Risk

How likely is it that all factors may underperform the market at the same time?  
Table 8.5 provides a perspective based on calendar year active returns. In the US, 
all four factors did not underperform the market simultaneously in any year over 
the entire analysis period. Outside the US, all four factors underperformed in 
only one calendar year, or 5% of the time. Two or more factors underperforming 
happened 59% of the time in the US and 40% and 50% of the time in World 
ex. USA and EM, respectively. We also note that all four factors simultaneously 
outperformed more often than they underperformed in all three regions. Because 
of these characteristics, the MFP registered a much lower probability of under-
performing the market compared to the individual factor portfolios, as shown in 
Table 8.6.

In Table 8.4, we also note that the worst annual underperformance for the MFP 
was less pronounced than the individual factor portfolios, except for World ex. USA 
universe where quality had a smaller underperformance. The maximum three-year 
annualized underperformance was significantly lower for the MFP compared to the 
individual factor portfolios in all regions.

C. S hort-Term Historical Performance of the ST MFP

As shown in Table 8.2 and Table 8.3, on a rolling five-year basis, the off-diagonal 
average of pair-wise active return correlations depicted much less variation than the 
individual correlation pairs. This would suggest that the MFP should provide mean-
ingful diversification benefits even in the short run.

a.  Active Risk Reduction: Gain from Diversification

This is indeed what we find in Figure 8.4 for the US universe. This chart shows the 
average active risk across the four factor portfolios and the active risk of the MFP 
on a rolling five-year basis. The MFP active risk is consistently below the average ac-
tive risk across the four factor portfolios. This implies that a meaningful gain from 
diversification was achieved at each point in time. On a rolling five-year basis, the 
average reduction in active risk realized by the MFP was 56%, while the minimum 
reduction was 28% and the maximum 72%. Similar results were found in the other 
regions.

b.  Risk-Adjusted Active Returns

Significant reduction in active risk, coupled with the fact that all factors typically have 
not underperformed at the same time, should benefit the risk-adjusted short-term 
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Table 8.5  Probability of Simultaneous Market Underperformance in a Calendar Year: 
Various Time Periods

Analysis Period % Time Cumulative % Time
PANEL A: Russell 1000 Universe Jan 79–Jun 17
Four Factors Underperformed 0 0
Three Factors Underperformed 21 21
Two Factors Underperformed 38 59
One Factor Underperformed 28 87
All Factors Outperformed 13
 
PANEL B: MSCI World ex USA Universe Jan 95–Jun 17
Four Factors Underperformed 5 5
Three Factors Underperformed 9 14
Two Factors Underperformed 26 40
One Factor Underperformed 43 83
All Factors Outperformed 17

PANEL C: MSCI EM Universe Jan 98–Jun 17
Four Factors Underperformed 5 5
Three Factors Underperformed 5 10
Two Factors Underperformed 40 50
One Factor Underperformed 30 80
All Factors Outperformed 20

188�P erformance Characteristics of Smart Beta Strategies 

Table 8.6  Probability of Market Underperformance: Various Time Periods

Analysis Period % Time
PANEL A: Russell 1000 Universe Jan 79–Jun 17
Value 36
Momentum 46
Volatility 46
Quality 38
MFP 28

PANEL B: MSCI World ex USA Universe Jan 95–Jun 17
Value 35
Momentum 30
Volatility 43
Quality 30
MFP 22

PANEL C: MSCI EM Universe Jan 98–Jun 17
Value 40
Momentum 35
Volatility 35
Quality 35
MFP 10
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Figure 8.4  MFP Active Risk Compared to the Average Active Risk Across Individual 
Factor Portfolios (Russell 1000 Universe, January 1979–June 2017)
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performance of the MFP. For the US universe, this is shown in Table 8.7. For five-
year rolling periods, the average IR of the MFP was much higher than the average IRs 
of the individual factor portfolios, while the minimum IR was larger and maximum 
higher, except for the IR of value. We can also report that, based on independent five-
year subperiods, the MFPs did not underperform the market in any subperiod across 
the three regions, while individual factor portfolios did. The lowest IR realized by the 
MFP in an independent five-year subperiod was 0.34 in the US, 0.22 in World ex. 
USA, and 0.45 in Emerging Markets.

D. E nhancements

Smart beta managers also typically incorporate enhancements in order to improve the 
performance of their strategies. Such enhancements may include: mitigating unre-
warded risks that may dilute the IR of individual factor capture, such as momentum 
reversals or controlling for industry or country active weights, reducing undesirable 
ancillary factor exposures, such as the large cap bias inherent in low-volatility invest-
ing, and seeking to improve after-cost performance by incorporating liquidity con-
straints and turnover mitigation methods. By way of an example, Table 8.8 shows the 
impact of a turnover mitigation method on individual ST factor portfolios as well 
as the ST MFP, for the US universe. This method applies two adjustments to con-
trol turnover. First, in the construction of individual ST factor portfolios, a trading 
“buffer” is used, as discussed in Chapter 7. The application of the buffer to individual 
factor portfolios reduced the turnover for the MFP from 56% to 27%, that is, a 52% 
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Table 8.7  Five-Year Rolling Information Ratios: Russell 1000 Universe  
(January 1979–June 2017)

Average Minimum Maximum

Value 0.60 -0.93 2.16

Momentum 0.26 -0.85 1.65

Volatility 0.64 -0.61 1.82

Quality 0.19 -1.08 1.66

MFP 0.90 -0.41 2.10

Table 8.8  Impact of Turnover Minimization Technique on the Turnover of ST MFPs: 
Russell 1000 Universe (January 1979–June 2017) 

Annualized  
Turnover Without 

Buffer

Annualized  
Turnover With 

Buffer

Annualized  
Turnover with 

Turnover  
Minimization (%)

ST Value Portfolio 58 26  

ST Momentum Portfolio 92 53  

ST Volatility Portfolio 30 12  

ST Quality Portfolio 43 18  

ST MFP 56 27 15

reduction. Second, a Turnover Minimization Technique is applied. This technique 
seeks to take advantage of the low or negative cross-sectional correlations between the 
smart beta factors, which may result in a security being bought in one factor portfolio 
(e.g. value) and sold in another (e.g. momentum). Through netting of trades across 
individual factor portfolios, the Turnover Minimization Technique aims to reduce 
the turnover of factor combination portfolios. Relative to the MFP With Buffer, the 
application of this technique resulted in a 45% reduction in turnover for the MFP 
(from 27% to 15%). Overall, compared to a “naive” MFP, which simply combines 
individual factor portfolios, the two steps of the turnover management process de-
creased the turnover of the MFP from 56% to 15%, that is, a 74% reduction in 
annualized turnover.

As an illustration, Table 8.9 compares the performance of the ST MFP with an 
MFP that incorporates the above-mentioned enhancements. Across the three regions, 
the Enhanced ST MFPs realized higher Sharpe ratios compared to the ST MFP 
and registered increases in IR ranging from 17% for Emerging Markets to 26% for 
World ex. USA. While the downside capture profiles were similar, the enhancements 
marginally improved the upside capture ratios.
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E.  Diversification Strategies Using Other Weighting Schemes

So far, in our analysis of factor diversification, we have constructed the MFP using 
ST factor portfolios. We now investigate how an ST MFP compares to MFPs devel-
oped from capitalization-weighted (CW), capitalization-scaled (CS), signal-weighted 
(SW), and equal-weighted (EW) factor portfolios that we discussed in Chapter 4. 
Table 8.10 presents the after-cost performance comparison. For the US universe, 
Panel A and Panel B show the CW and CS MFPs, respectively. In both cases, the ac-
tive risk reduction for the MFPs relative to the average active risk for the four factor 
portfolios amounted to about 54%, which is similar to the 55% reduction achieved 
by the ST MFP (Panel E). The CS MFP realized a 38% improvement in IR com-
pared to the CW MFP. However, the ST MFP had an IR, which was 132% and 69% 
higher than the IR of CW MFP and CS MFP, respectively. The active risk reduction 
was significantly lower for the SW MFP (16%) in Panel C and EW MFP (27%) in 
Panel D. The limited gain from diversification resulted in only moderate increases  
in the IRs of the SW and EW MFPs compared to the individual factor portfolios. For 
instance, the IR of the SW MFP was only 21% higher than the average IR across the 
factor portfolios and 14% higher than the highest-IR factor portfolio (momentum). 
The IRs of SW and EW MFPs were also much lower than the IR of ST MFP, despite 
the fact that individual SW and EW factor portfolios had IRs similar or higher  
than the IRs of ST factor portfolios.

The limited diversification benefits realized by combining SW and EW fac-
tor portfolios are not surprising. As previously shown in Chapter 4, the SW and 
EW factor portfolios are equivalent to implementing factor tilts starting with an 
equal-weighted universe. This means that all SW and EW factor portfolios have 
a common influence in active returns relative to the capitalization-weighted uni-
verse. That common influence is the performance of the equal-weighted universe 
versus the capitalization-weighted universe. As such, the pair-wise active return 
correlations for these weighting schemes tend to be much higher, as shown in  
Table 8.11. The CW, CS, and ST weighting schemes, which form part of the 
“Tilting” category of weightings discussed in Chapter 4, depicted similar pair-wise 
correlations, which suggest that the correlation structure between factors is not 
affected by different weighting schemes within this category, although efficiency 
of factor capture is. However, the SW and EW factor portfolios, which form part 
of the “Reweighting” category, produced a significantly different correlation struc-
ture. All active return correlation pairs had high positive correlations because of 
the common influence of the equal-weighted universe in their active returns. The 
off-diagonal average was negative for the CW, CS, and ST factor pairs, while it was 
large and positive for the SW and EW factor pairs. The correlation structure of SW 
and EW factor portfolios, depicted in Table 8.11, explains why a combination of 
such portfolios delivers only moderate diversification benefits against a capitaliza-
tion weighted benchmark.
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Table 8.11  Average Pair-Wise Active Return Correlations of Factor Portfolios: Russell 
1000 Universe (January 1979–June 2017)

Value Momentum Volatility Quality

Off- 
Diagonal 
Average

PANEL A: Capitalization Weighting
Value 100
Momentum -42 100
Volatility 18 -1 100
Quality -43 18 1 100 -9

PANEL B: Capitalization Scaling
Value 100
Momentum -47 100
Volatility 19 -3 100
Quality -47 21 5 100 -9

PANEL C: Signal Weighting
Value 100
Momentum 55 100
Volatility 67 45 100
Quality 78 75 46 100 61

PANEL D: Equal Weighting
Value 100
Momentum 30 100
Volatility 52 22 100
Quality 60 58 21 100 41

PANEL E: Signal Tilting
Value 100
Momentum -36 100
Volatility 28 -20 100
Quality -17 27 -8 100 -2

F. A ssessing Efficiency: Factor-Adjusted Alpha

Table 8.12 reports the factor-adjusted alphas of various MFPs emanating from an 
active return and risk decomposition. For the Russell 1000 universe, Panel A1 shows 
that, when analyzed against the CW factor portfolios, CS MFP produced only mar-
ginal improvements in efficiency with an annualized alpha of 0.19%. This alpha was 
associated with a t-statistic of 2.89 and contributed 30% and 8% to active return 
and active risk, respectively. In contrast, the ST and Enhanced ST MFPs generated 
higher alphas and statistical significance (t-statistic) and explained a higher propor-
tion of active return and active risk. The SW and EW MFPs also delivered large 
alphas against the CW factor portfolios. But, as documented before in Chapter 4, 
these alphas disappear when decomposed against the equal-weighted universe and 
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ST factor portfolios (Panel A2). Panel B and Panel C document that the ST and 
Enhanced ST MFPs also produced large and highly statistically significant alphas in 
the other regions.

G. S ummary

With regard to factor diversification strategies, we highlight the following broad con-
clusions based on the forgoing discussion.

•• Smart beta factors depict low or negative off-diagonal average of pair-wise active 
return correlations, which gives rise to significant gain from diversification in the 
form of active risk reduction and IR enhancement compared to individual factor 
portfolios.

•• Although pair-wise correlations are highly unstable in the short run, the off-diago-
nal average depicts less variation. As such, multifactor strategies provide diversifica-
tion benefits not only in the long run, but also in the short term.

•• To the extent that smart beta factors do not all underperform the market simul-
taneously, multifactor strategies depict a lower probability of market underperfor-
mance compared to individual factors.

•• Weighting schemes with similar objectives, such as the Tilting category or the Re-
weighting category, do not meaningfully affect the correlation structure between 
smart beta factors.

•• However, weighting schemes within a given category, such as Tilting, still produce 
meaningfully different efficiency (i.e. factor-adjusted alpha) in capturing smart 
beta factor payoffs.

IV.  Constructing Diversification Strategies: 
The Portfolio Blending versus Signal 
Blending Debate

In our experience, as interest in multifactor strategies has grown, investor focus has 
shifted toward portfolio construction issues. Two construction approaches, namely 
portfolio blending and signal blending, have recently become the subject of debate 
within the industry.

The portfolio blending approach is a two-step portfolio construction process. In 
Step 1, individual factor portfolios are constructed. Then, in Step 2, the individual 
factor portfolios are combined to create the multifactor diversification strategy. The 
combination portfolio may use equal-weighting, risk-weighting, or an optimization 
process to determine the weights assigned to individual factor portfolios. The various 
MFPs we have constructed and discussed in this chapter follow the portfolio blend-
ing approach. Other examples of multifactor strategies that use the portfolio blending 
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approach include the MSCI Diversified Factor Mix Indexes and the Scientific Beta 
Multi-Beta Multi-Strategy Indexes.

The signal blending approach is a single-step portfolio construction process. In 
this process, the individual factor signals (i.e. scores or ranks) are combined to create 
a composite signal. For instance, the value signal and the momentum signal are com-
bined into a value plus momentum composite signal for each security in the universe. 
The composite signal is then used to construct the value plus momentum portfolio. 
Examples of multifactor offerings that follow the signal blending approach include 
the MSCI Diversified Multi-Factor Indexes and the FTSE Russell Tilt-Tilt Indexes.

The debate in the industry relates to which approach delivers superior investment 
efficiency (i.e. risk-adjusted returns).

A. L iterature Review

One of the first papers on this topic came from Clarke et al. (2016), in which the 
authors discussed a theoretical framework for comparing the two approaches. The 
comparison was based on assessing the mean-variance efficiency (i.e. Sharpe ratio) of a 
long-only portfolio of individual securities (signal blending) and a long-only optimal 
combination portfolio (portfolio blending) constructed from individual factor port-
folios. The authors considered four factors in their analysis, namely, low beta, small 
size, value, and momentum. Based on certain assumptions about the expected factor 
information ratios, the correlation structure and secondary exposures, the authors 
found the following results. Relative to an unconstrained long-short optimal com-
bination portfolio, the long-only optimal combination portfolio realized about 50% 
of the potential Sharpe ratio improvement. In contrast, the long-only portfolio of 
individual securities realized 70% to 80% of the potential improvement, mainly due 
to “stronger factor exposures.” Based on empirical results from a universe of the largest 
1,000 US stocks, the authors also reported that the portfolio of individual securities 
achieved a 20% higher Sharpe ratio and IR than the optimal combination portfolio.

Bender and Wang (2016) used a rules-based weighting methodology, which scales 
market capitalization weights by a rank multiplier (capitalization scaling). They con-
sidered four equity factors; value, momentum, quality and volatility. The authors 
found that a bottom up portfolio (signal blending) produced a 20% higher IR than 
a combination portfolio (portfolio blending).

Fitzgibbons et al. (2016) compared the performance of active risk-matched port-
folios derived from a universe similar to MSCI World from February 1993 to De-
cember 2015. They considered value and momentum factors. The authors found 
that, at a 4% tracking error, the integrated portfolio (signal blending) produced a 
40% higher IR than the portfolio mix (portfolio blending). Additionally, the ben-
efits of integration were shown to increase when the correlation between factors is 
more negative, the number of factors is increased, or the tracking error is higher. The 
authors argued that the integrated approach achieved higher risk-adjusted returns 
because it “avoided securities with offsetting exposures” (i.e. securities that rank 
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highly on one factor, but poorly on another factor), while emphasizing securities 
with balanced positive exposures to the desired factors.

Leippold and Rüegg (2017) challenged the general conclusion reached by the 
three studies cited earlier that signal blending dominates portfolio blending. They 
showed that the signal-blending approach produced better risk-adjusted returns than 
portfolio blending for only a few factor combinations. Additionally, when they con-
ducted robust performance tests, they found no evidence of significant differences 
between the two approaches; that is, the hypothesis that the two approaches are the 
same could not be rejected. Therefore, they concluded that the dominance of signal 
blending reported by earlier studies is a “statistical fluke.”

Fraser-Jenkins et al. (2016) considered the value, momentum, and quality fac-
tors. They used an equally weighted benchmark of the largest 500 stocks from the 
MSCI World Index as the selection universe. The individual factor portfolios were 
defined as the top quintile of stocks by factor rank and were equal weighted. In their 
building block approach (portfolio blending), the individual factor portfolios were 
combined in equal proportions. In the combination approach (signal blending), the 
individual factor ranks for each stock were averaged, and the top quintile of stocks 
based on the composite rank were selected and equal weighted. Fraser-Jenkins et al. 
(2016) reported that, for the various strategies tested, both the building block and the 
combination approaches lie on a straight risk/return line and, hence, deliver similar 
levels of risk-adjusted returns.

B. O ur Perspective

In order to investigate the relative merits of portfolio blending and signal blending 
approaches, we conducted extensive research on the topic and published our find-
ings in Ghayur, Heaney, and Platt (2018) (GHP). In this section, we provide a brief 
discussion of the main results of our study.

a.  Potential Methodological Biases

GHP argue that existing studies may introduce potential methodological biases 
that hinder an apples-to-apples comparison of the two approaches. One important 
bias is that differences in observed performance may arise simply from differences 
in achieved factor exposures under the two approaches, even when the same meth-
odology is used. Consider the example depicted in Figure 8.5. In this illustration, 
a value-momentum signal blend is constructed by selecting the top 25% of the 
names based on the composite signal. The portfolio blend is created by combining 
individually constructed value and momentum portfolios that also select top 25% 
of the names based on individual factor signals. This methodology leads to the signal 
blend holding the top 25% of the names, while the portfolio blend holds a much 
higher proportion of names (e.g. around 40%). As a result, the signal blend achieves 
a much higher exposure to the targeted factors, compared to the portfolio blend, 
because it is a more concentrated portfolio. If factors work, then we would expect 
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the signal blend (higher exposure) to perform better than the portfolio blend (lower 
exposure). But, it is not because the signal blend is a more efficient approach. It is 
simply because the research methodology used resulted in the signal blend achiev-
ing higher exposures to rewarded factors and, thus, outperforming the portfolio 
blend. In GHP's assessment, the articles cited above are exposed to this bias to vary-
ing degrees. For instance, Clarke et al. (2016) compared a signal blend, which held  
200 stocks, to a portfolio blend, which combined individual value (200 stocks), low 
beta (200 stocks), momentum (200 stocks), and size (800 stocks) portfolios. Compar-
ing the two approaches based on active risk-matched portfolios, as done by Fitzgibbons 
et al. (2016), mitigates this bias, but does not eliminate it as active risk-matching is an 
indirect method for matching factor exposures. In fact, Fitzgibbons et al. (2016) argue 
that their signal blend outperforms the portfolio blend precisely because it achieves 
stronger exposure to targeted factors by avoiding securities with offsetting exposures.

In Bender and Wang (2016), we believe the methodology used also potentially in-
troduces some bias as their portfolio blend shows no meaningful diversification ben-
efits. Exhibit 5 of their study documents that the portfolio blend had an active risk of 
4.78%, which was only 10% lower than the average active risk of 5.31% across the 
four considered factor portfolios. The IR of their portfolio blend (0.59) only showed 
marginal improvement and was actually lower than the highest-IR individual factor 
portfolio (momentum, with an IR of 0.61). These results are surprising and at odds 
with the strong benefits of factor diversification we have highlighted in this chapter 
using a variety of weighting schemes. Additionally, the weighting scheme used by 
Bender and Wang (2016) also causes implicit differences in achieved factor exposures 
between the two approaches. In fact, GHP show that in this weighting scheme the 
exposures can be matched by either reweighting the signals in the signal blend or  
reweighting the portfolios in the portfolio blend. When exposures are matched in 
this fashion, the resulting portfolio blend and signal blend are similar portfolios with 
no differences in performance.

Figure 8.5  Illustration of Signal Blend and Portfolio Blend Approaches: Unmatched 
Factor Exposures

Signal Blend Portfolio Blend

Value
Portfolio

Momentum
Portfolio

Combined
Portfolio

Composite
Signal

Higher factor
exposure

Selects the top 25%
of names based on

the composite (value
+ momentum) signal

Selects the top 25%
of names based on

the value signal

Selects the top 25%
of names based on

the momentum
signal

Holds a much higher
number of names
than the top 25%

Lower factor
exposure

Source: GSAM.
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b.  Comparing Exposure-Matched Portfolios

The objective of comparing two portfolio construction approaches is to determine 
the efficiency (i.e. risk-adjusted returns) with which they deliver factor exposures. 
This objective is hard to achieve in a research setup that does not match the compared 
portfolios on factor exposures, as differences in performance can simply be due to 
differences in exposures. Therefore, GHP argue that a more informative framework 
for comparing the two approaches would be to (1) directly match the portfolio blend 
and the signal blend on factor exposures and then (2) assess the efficiency (e.g. IR) 
with which the two approaches deliver those exposures. This is the framework that 
GHP followed in their study.

Based on exposure-matched portfolios, GHP showed that, at low-to-moderate 
levels of factor exposures and active risk (typically less than 4%), the portfolio blend 
generated higher IRs than the signal blend for various 2-factor, 3-factor, and 4-factor 
combinations and across various regions of global equities. The stronger performance 
of the portfolio blend was largely driven by the interaction effects between the fac-
tors. At high levels of factor exposures and active risk, the signal blend achieved better 
diversification and realized higher IRs than the portfolio blend. The GHP study, 
therefore, challenges the conclusion of earlier studies that signal blending dominates 
portfolio blending under almost all conditions.

c.  Other Advantages of Portfolio Blending

In our experience, many investors pursue a portfolio blending approach in imple-
menting factor diversification strategies because, in addition to simplicity and trans-
parency, it offers many additional advantages. It is an approach that may appeal to 
investors who wish to retain the ability to strategically or tactically change the alloca-
tions to individual factors over time, that is, some form of factor timing. It may also 
appeal to investors who believe that different providers, and their methodologies, 
have a higher level of expertise in capturing specific factors, which portfolio blend-
ing would allow to access. Portfolio blending resonates better with investors who 
seek transparency in performance attribution to gain a deeper understanding of the 
multiple sources of risk and return embedded in multifactor strategies. Investors who 
have governance considerations that lead them to define factors and exposures in 
terms of individual factor portfolios also prefer the portfolio blending approach. And 
finally, portfolio blending may appeal to investors who use the actually implemented 
factor portfolios to assess factor exposures and alpha realized by active managers, as 
discussed in more detail in Chapter 9.

d.  Investment Process Considerations and Focus of Debate

In addition to the aspects analyzed earlier, the way managers define, construct, and 
implement factor investing may also influence the correlation structure and efficiency 
of factor capture, thus potentially impacting the favorability of one approach versus 
another. For example, consider the simple case of value. Fitzgibbons et al. (2016) 
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defined value as book value/price. Fraser-Jenkins et al. (2016) defined value as a 
blend of book value/price, 12-month forward P/E, and dividend yield. Bender and 
Wang (2016) defined value as an equally weighted combination of five valuation 
ratios, in which the fundamental variables are five-year exponentially weighted aver-
ages of sales, earnings, book value, dividends, and cash flow. These diverse definitions 
of value are likely to result in different correlations between value and other factors, 
such as conventional momentum. Furthermore, the methods by which factors are 
normalized and factor signals are constructed vary across managers. Some managers 
use z-scoring, others use ordinal ranking, and some use fixed multipliers. Finally, the 
weighting scheme employed to construct factor portfolios may also vary. Managers 
may use equal weighting, cap weighting, scaled cap weighting, signal weighting or 
optimizing schemes.

To the extent that methodological differences give rise to varying results, the 
focus of the current portfolio blending versus signal blending debate, which seeks to 
reach a general conclusion on the superiority of one approach versus another, may 
be misplaced, in our opinion. The way a manager defines, constructs, and imple-
ments factor strategies can have a meaningful impact on the correlation structure 
and the efficiency of factor capture. As such, we believe that a decision about the 
best way to capture factor effects is most appropriately made in the context of a 
given investment process.

V. T ypical Investor Questions

8.1 I n the Creation of Multifactor Strategies, Are There Portfolio 
Construction Methodologies That Would Provide Better 
Diversification Benefits Than Others?

As we have outlined in this chapter, within the Tilting category of weight-
ing schemes, CW, CS, and ST factor portfolios as well as active risk constrained 
optimized solutions produce an active return correlation structure for smart beta 
factors, which is largely similar. These weighting schemes, therefore, will likely pro-
duce similar diversification benefits (i.e. reduction in active risk) in a multifactor 
strategy. However, these weighting schemes do differ in terms of realized efficiency 
in factor capture (i.e. factor-adjusted alpha), with ST portfolios and active risk 
constrained optimized solutions generally producing higher efficiency than CW 
and CS factor portfolios.

When a capitalization-weighted universe is used as a benchmark, the SW and 
EW factor portfolios depict high positive active return correlations. Their ability to 
provide meaningful diversification benefits is, therefore, limited. This is an important 
result, which suggests that investors may not fully benefit from factor diversification 
when they combine SW and EW factor portfolios as well as active risk unconstrained 
optimized solutions to implement multifactor strategies.
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8.2 I n a Multifactor Strategy, What Influences the Choice of 
Factors That Are Being Considered?

In implementing a multifactor strategy, investors may use a variety of factor com-
binations. The choice of selected factors may be driven by various considerations. 
Philosophical beliefs may influence the factor set under consideration. Some inves-
tors may not believe in the existence of the size or low-volatility premia and, hence, 
may not invest in these factors. Some benchmark-sensitive investors, who focus on 
IR, may not include the volatility factor in a multifactor strategy, as low-volatility 
investing typically produces low IRs. In implementing a defensive multifactor strat-
egy, investors may only consider the volatility and quality factors, as the other smart 
beta factors do not depict defensive characteristics.

Application Example 8.1

In considering a multifactor strategy, an institutional asset owner 
decided not to include the volatility factor. The asset owner has  
a long investment horizon as well as the ability and willingness 
to take the equity market risk. In terms of investment objectives, 
therefore, the asset owner wanted to keep the CAPM beta of the 
multifactor strategy close to one and to target a reasonable after-cost 
IR. The inclusion of the volatility factor would have lowered the 
CAPM beta and the IR of the multifactor strategy.

Some smart beta managers do not include momentum in their multifactor 
offerings. They may argue that momentum has high turnover, which increases im-
plementation costs and lowers investment capacity. Other managers highlight the 
diversification benefits of including momentum, as it independently produces posi-
tive active returns and is negatively correlated with some of the other smart beta 
factors. These managers have also developed turnover management methods, which 
allow them to include momentum in a multifactor strategy to benefit from its diver-
sification potential, while significantly mitigating its natural turnover. An illustra-
tion of such a technique was provided in Table 8.8, in which the MFP produced a 
turnover of only 15%, despite including high turnover factors, such as momentum.

In our opinion, in the absence of philosophical beliefs and specific investment 
objectives, including more smart beta factors in a multifactor strategy is to be pre-
ferred. As we have discussed in this chapter, the diversification benefits of a mul-
tifactor strategy are driven by the off-diagonal average of all the correlation pairs 
across the considered factors. The off-diagonal average benefits from the “diversifica-
tion” that takes place within the correlation structure, as positively correlated factor 
pairs are offset by negatively correlated pairs. All else being equal, the diversification 
embedded within the off-diagonal average benefits from more lowly or negatively 
correlated factors, rather than less.
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8.3  Within the Portfolio Blending Approach, Is an Integrated 
Multifactor Solution a More Efficient Implementation of a 
Multifactor Strategy Compared to Investing in Individual  
Factor Portfolios?

In implementing multifactor strategies through a portfolio blending approach, inves-
tors typically have two implementation options:

1.	 Investing in individual factor portfolios constructed by different providers or 
by the same provider.

2.	 Investing in a single integrated solution offered by a provider, which delivers 
exposure to all the targeted factors.

In general, we believe investing in individual factor portfolios would be a reason-
able implementation option for asset owners who:

•• Wish to retain the ability to strategically or tactically time factors, and/or
•• Believe that different providers have a higher level of expertise in capturing specific 
factors, and/or

•• Have the ability to implement (i.e. replicate) the licensed individual factor port-
folios from different providers at the same time through internal trading to take 
advantage of trade-netting.

Application Example 8.2

An institutional asset owner invests in a momentum strategy of a 
smart beta manager, in a fundamental indexation strategy to gain 
exposure to value, and in two internally developed strategies to  
gain exposure to quality and low volatility. The external strategies 
are licensed from external providers and implemented internally. 
The plan internally trades all factor portfolios at the same time, 
when portfolio rebalancing is conducted, to take advantage of trade-
netting to reduce turnover and implementation costs.

In the absence of factor timing, philosophical beliefs in different methodologies, 
and ability to implement internally, we believe an integrated multifactor solution 
would generally be a more efficient implementation option for the following reasons.

•• An integrated solution may, in principle, ensure that individual factor portfolios 
are constructed using a consistent methodology. This implies that the asset owner's 
investment staff and various oversight committees/boards would have to familiarize 
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themselves with and communicate a single investment process, as opposed to mul-
tiple methodologies if multiple products/providers were used.

•• An integrated solution may, in principle, also ensure that factor diversification is 
implemented in a manner that delivers balanced exposures to the desired factors, 
such as through active risk parity.

•• An integrated solution may provide a better ability to target the desired tracking 
error of the overall multifactor strategy. Some smart beta offerings, such as the Re-
search Affiliates’ Fundamental Index or MSCI's Momentum and Quality Indexes, 
do not specifically target a given level of tracking error to the underlying policy 
benchmark, which may lead to uncontrolled variation in the tracking error of the 
factor portfolios as well as the tracking error of the overall multifactor strategy.

•• Perhaps most importantly, an integrated solution may typically take advantage 
of trade-netting opportunities to reduce turnover and implementation costs. For 
example, the turnover mitigation technique illustrated in Table 8.8 realized a 
74% reduction in turnover compared to a naive combination of individual factor  
portfolios.

8.4 O ne of the Advantages of the Portfolio Blending Approach Is a 
Simple and Transparent Portfolio Performance Attribution. What 
Does Transparency in Performance Attribution Mean? and Why  
Is the Portfolio Blending Approach Better Suited to Meet  
This Objective?

In a strategy that includes multiple factors, multiple sources of risk and return are 
introduced. Transparency in performance attribution simply means that the ex-post 
performance of the portfolio is explained in a manner that facilitates an understand-
ing of these multiple sources of risk and return. In our experience, transparency in 
performance attribution has become a key objective for asset owners, especially in the 
implementation of multifactor strategies. The portfolio-blending approach poten-
tially better meets this key objective than the signal-blending approach. The reason is 
that the building-block framework of portfolio blending facilitates cause-and-effect 
performance attribution, in which the overall portfolio return is directly attributed to 
each underlying factor portfolio.

Table 8.13, which is sourced from the GHP study, shows an illustration of the 
factor-level performance attribution made possible by portfolio blending. In the sig-
nal blend, the performance of the portfolio cannot be easily decomposed into the 
performance of the component factor portfolios. In the portfolio blend, however, 
the portfolio performance can be easily attributed to the underlying factor portfolios.  
The active return of the portfolio blend is the average of the value and momen-
tum portfolios, with momentum performing modestly better than value (3.31% vs. 
3.01%). The diversification benefits, which arise from the negative active return 
correlation between value and momentum, are evidenced by the significantly lower 
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active risk of the portfolio blend compared with that of the individual-factor portfo-
lios. The active risk reduction (or gain from diversification) results in a higher IR for 
the portfolio blend relative to the individual-factor portfolios. Note also that the mo-
mentum portfolio has higher active risk than the value portfolio (9.32% vs. 6.85%), 
suggesting that diversification could be improved by a better balance of active risk.

The portfolio blend and the individual-factor portfolios also lend themselves to 
detailed and transparent performance attribution at the levels of country markets, sec-
tors, or individual stocks. Table 8.14, also sourced from the GHP study, illustrates a 
sector-level attribution in which total active return and active risk are decomposed into 
sector allocation and selection within sectors. First, looking at the active return of the 
portfolio blend, we note that using the value and momentum factors to select sectors 
contributed 0.67% to active returns. Stock selection within sectors using the factors 
contributed an additional 2.49%, for a total active return for the portfolio of 3.15%. 
At the individual factor level, sector selection contribution (0.47%) was lower and 
stock selection within sectors contribution (2.54%) was higher for value compared to 
momentum (0.89% and 2.43%, respectively). In terms of risk-adjusted returns, sector 

Table 8.13  Factor-Level Performance Attribution: Russell 1000 Universe  
(January 1979–June 2016)

Active  
Return (%)

Active  
Risk (%)

Information 
Ratio

Signal Blend 2.52 4.25 0.59

Portfolio Blend 3.15 3.55 0.89

Value Portfolio 3.01 6.85 0.44

Momentum Portfolio 3.31 9.32 0.36

Source: Financial Analysts Journal, Spring 2018. 

Table 8.14  Sector-Level Performance Attribution: Russell 1000 Universe  
(January 1979–June 2016)

Active Return (%) Active Risk (%) Information Ratio

Sector
Within 
Sector Total Sector

Within 
Sector Total Sector

Within 
Sector Total

Signal Blend 0.47 2.06 2.52 2.44 2.44 4.25 0.19 0.84 0.59

Portfolio Blend 0.67 2.49 3.15 2.08 2.14 3.55 0.32 1.16 0.89

Value Portfolio 0.47 2.54 3.01 3.94 4.42 6.85 0.12 0.57 0.44

Momentum Portfolio 0.89 2.43 3.31 3.95 6.11 9.32 0.23 0.40 0.36

Source: Financial Analysts Journal, Spring 2018.
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selection IR was higher for momentum than for value (0.23 vs. 0.12), while stock se-
lection within sectors IR was higher for value compared to momentum (0.57 vs. 0.40). 
These are insights that are not easily observable in a signal blending approach.

8.5 I n the Portfolio Blending Versus Signal Blending Debate, 
the Arguments and Counterarguments Seem Complicated. At a 
Practical Level, How Should Investors Approach the Decision of 
Which Construction Methodology to Follow?

The portfolio blending versus signal blending debate has practical implications, as 
multifactor strategies are gaining in popularity, and the debate is about the efficiency 
with which such strategies are implemented. In our experience, many investors cur-
rently implement multifactor investing using the portfolio blending approach, as it 
may be better suited to meet certain objectives, such as simplicity and transparency 
in portfolio construction and performance attribution. Some studies argue, however, 
that signal blending is a much more efficient approach to constructing multifactor 
strategies and hence, when investors pursue a portfolio blending approach they do so 
at the expense of investment efficiency. In other words, there is a trade-off between 
investment efficiency and other objectives, such that the pursuit of such objectives 
may result in lower risk-adjusted returns.

However, as GHP have highlighted, existing studies introduce various method-
ological biases, which do not produce an apples-to-apples comparison. If the ob-
jective is to determine the efficiency with which the two approaches deliver factor 
exposures, then that determination cannot be reasonably made without matching 
the compared portfolios on factor exposures. For instance, Bender and Wang (2016) 
showed that, in their simulation setup, signal blend outperformed the portfolio 
blend. But, as GHP argue in their study, if the compared portfolios were matched 
on factor exposures using the Bender and Wang (2016) process, the two portfolios 
would produce identical performance.

Broadly speaking, the general dominance of the signal blending approach is chal-
lenged when exposure-matched portfolios are compared, as shown by GHP. Their 
findings suggest that the trade-off between investment efficiency and other objectives 
is only valid when high active risk multifactor strategies are considered. At the low-
to-moderate levels of active risk (typically less than 4%) that asset owners generally 
pursue in allocating to multifactor smart beta strategies, portfolio blending and signal 
blending deliver similar risk-adjusted returns. As such, investors can pursue the ad-
ditional objectives without concerns relating to loss of investment efficiency.

Additionally, the focus of the current debate seems misplaced to us. The studies 
cited previously use a “specific” methodology and investment process to establish the 
superiority of one approach versus the other, and then extend those results to a “gen-
eral” conclusion, as if the same results would hold when looked at through the lens of 
other investment processes. Therefore, it is our view that investors have to approach 
this topic within the context of a given investment process.
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8.6  Can Factor Timing Improve the Performance of a  
Multifactor Strategy?

Some recent articles (e.g. Arnott et al. 2016) have argued that the growing popularity of 
smart beta investing has resulted in many factors becoming expensive relative to history 
and, thus, being susceptible to crashes. The implication here, of course, is that investors 
should avoid such richly priced factors and double-up on the attractively priced ones. 
The cheapness or expensiveness of factor strategies is typically determined using current 
valuation spreads or valuation ratios and sometimes comparing them to historical aver-
ages and/or valuations of other factor portfolios. Changing the allocations to factors in a 
multifactor strategy, such as underweighting expensive factors and overweighting cheap 
factors, based on valuation signals is a form of factor timing. The general assumption in 
value timing is that, if value works, then it could prove helpful in timing factors as well.

Asness et al. (2017) did not find evidence that smart beta factors have experienced 
steady increases in valuations as assets have grown in such strategies. Further, they ex-
plored the use of valuation metrics to time factors and concluded that it is “deceptively 
difficult.” They found no meaningful differences in gross returns and gross Sharpe ratios 
in comparing a value-timed strategy with a nontimed diversified multifactor strategy.

Our research generally supports the findings of Asness et al. (2017). We find that 
factor portfolio valuations do not mean-revert in a predictable manner, and current 
valuations only loosely predict future factor performance, at least for time horizons 
that matter to practitioners. Yet, factor timing has the potential to introduce addi-
tional sources of risk in the portfolio, reduce factor diversification, and significantly 
increase turnover. The fact that value works in certain cases, such as stock selection, 
does not necessarily imply that it works in all applications. For instance, for decades, 
investors have tried to time the market using aggregate valuation ratios, with mixed 
results. And that's just one factor. Trying to time multiple other factors using such 
techniques is an extremely difficult task, with an uncertain value add. We do not mean 
to imply here that all forms of factor timing should be avoided. For instance, a factor 
rotation strategy that seeks to take advantage of the medium-term mean reversion of 
factor premia has been pursued by some asset owners with some degree of success.

8.7 I n Many Instances, Smart Beta Strategies Are New Products, 
Which Are Promoted on the Basis of Historical Backtests and 
Simulations. How Should Investors Assess the Representativeness 
of a Historical Backtest?

In our opinion, the representativeness of a backtest, in general, may be assessed along 
the following three broad dimensions:

1	 Signal/Factor Specifications
2	 Portfolio Construction
3	 Implementation Costs

We discuss these dimensions in more detail below.
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a.  Signal/Factor Specifications

Factor specifications that have broad academic support and are simple and trans-
parent may be viewed as more representative than those that are (1) proprietary, 
(2) have limited academic support or (3) are highly complex in their design, such 
as composite specifications that include multiple individual signals. In our opin-
ion, an example of a signal specification that has limited academic support would 
be Enterprise Value-to-Cash Flow from Operations to define the value factor. An 
example of a complex factor specification would be the use of a quality composite 
that includes more than 20 individual signals along various dimensions, such as 
profitability, stability, leverage, and payout. Complex composites can potentially 
become subject to an overfitting bias (e.g. Novy-Marx 2016). This bias can result 
in the composite generating statistically significant results, even though most of 
the individual signals used in the composite are not statistically significant on a 
standalone basis.

b.  Portfolio Construction

Portfolio construction methodologies that are not fully transparent and do not lend 
themselves to an independent replication of historical performance may be viewed 
as being more susceptible to potential data mining. An example would be a highly 
complex optimized solution based on an internally developed risk model.

c.  Implementation Costs

Historical simulations that do not account for, or use relatively liberal assumptions 
relating to, turnover and implementation costs may be viewed as less representative 
of expected out-of-sample performance.

In our experience, investors typically apply a “discount,” which involves reduc-
ing the back-tested active return and information ratio of a strategy, to make them 
potentially more representative for future performance. The discounts being applied 
generally range from 0% to 50% depending on the perceived or actual transparency 
and replicability of backtested performance. A 50% discount may be viewed by some 
investors as appropriate for backtests that are based on unsupported factor specifica-
tions, nontransparent portfolio construction methodologies, and simulations that do 
not account for turnover and implementation costs.

VI.  Conclusion

Factor diversification strategies tend to produce higher relative risk-adjusted returns 
(i.e. IR), with potentially lower market underperformance risk, compared to indi-
vidual factors. They also generally depict better risk-adjusted performance compared 
to alternative equity beta offerings that have concentrated exposures to specific smart 
beta factors. This dominance of multifactor strategies, in our experience, is now well-
understood and well-accepted by investors.
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I. I ntroduction

In this chapter we address low volatility as a factor in equity securities. The perfor-
mance of low-risk securities is referred to as an anomaly in the stock market, because 
historically there has not been a return penalty for investing in lower risk stocks. In 
the first section we review the empirical data that supports the presence of a low-
volatility factor, and note explanations advanced to explain the anomaly. In the sec-
ond section we examine whether the low-volatility anomaly is driven by the system-
atic or idiosyncratic risk of individual stocks. We present the previously unpublished 
empirical result that the anomaly is almost completely associated with market beta 
and should thus be called the low-beta anomaly. In the third section we look at some 
of the characteristics of the low-volatility factor, including its correlation with other 
well-known equity market factors like value and momentum. In the fourth section we 

 



describe various techniques for building low-volatility portfolios. In the fifth section 
we comment on the growth of commercially available ETFs that attempt to capture 
the low-volatility effect and make it available to investors. We close with a short sum-
mary section and conclusion.

II. H istorical Manifestation of the Low-
Volatility Factor

The well-known Low-Volatility Anomaly in the US and global equity markets is that 
low risk stocks have returns that at least equal the returns of high-risk stocks, in contrast 
to capital markets theory. Evidence for this anomaly was present in early academic tests 
of the Sharpe (1964) Capital Asset Pricing Model and has been documented in a num-
ber of more recent practitioner publications like Clarke, de, Silva, and Thorley (2006). 
For example, Exhibit 9.1 plots the performance of five risk-quintile portfolios and the 
large-cap US stock market over the last half-century, 1967 to 2016. The vertical axis in 
Exhibit 9.1 is the average portfolio return in excess of the contemporaneous risk-free 
rate, and the horizontal axis is portfolio risk as measured by the realized standard devia-
tion of those returns. The market portfolio and risk-quintile portfolio average return 
and risk numbers are reported in the first two rows of Exhibit 9.2.

The market portfolio in Exhibits 9.1 and 9.2 contains the largest 1,000 US com-
mon stocks (excluding ETFs), capitalization-weighted, with dividends reinvested and 
rebalanced monthly, a rough proxy for the Russell 1000 Index. The market portfolio’s 
6.23% average excess return over 50 years, divided by the market portfolio’s risk of 
15.21%, gives a Sharpe ratio of 0.41, as reported in the third row of Exhibit 9.2 and 
shown by the slope of the Capital Market Line in Exhibit 9.1. This 0.41 Sharpe ratio 
verifies a substantial premium over the risk-free rate for the equity market as a whole, 
in accordance with basic intuition about risk and return.

The five risk-quintile portfolios plotted in Exhibit 9.1 employ a monthly sort of 
the 1,000 stocks in the market benchmark into five 200-stock portfolios, using the 
prior 36-month return standard deviation of each stock. The five risk-quintile portfo-
lios are capitalization-weighted and rebalanced monthly, with performance numbers 
as given in Exhibit 9.2. Because larger stocks in the US market tend to have lower 
risk, the 200 stocks in Portfolio 1 (low risk) comprise about 36 rather than just 20% 
of total market capitalization, while the 200 stocks in Portfolio 5 (high risk) comprise 
only about 7% of total market capitalization. The result of this skewed cross-sectional 
distribution of market capitalization is that Portfolio 2 rather than the “middle risk” 
Portfolio 3 plots closer to the general market in Exhibit 9.1.

The results in Exhibits 9.1 and 9.2 illustrate two well-known historical facts: First, 
the cross-sectional variation in individual stock risk is persistent and predictable, 
so that stocks sorted into the lower and higher quintiles based on their historical 
(i.e. prior 36 month) risk, produce portfolios with reliably lower and higher real-
ized risk. For example, the 12.34% realized risk of Portfolio 1 is less than half the 
26.73% realized risk of Portfolio 5, as reported in Exhibit 9.2. Second, the average 
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return to individual stocks does not increase with risk, in that all five risk-quintile 
portfolios have realized returns that are within half a percentage point of the 6.23% 
market return, statistically and economically indistinguishable from each other. This 
historical experience runs counter to what one would expect about higher return for 
higher risk within the US stock market. The same no-reward-to-risk pattern has been 
documented in other country equity markets, for example by Blitz and Vliet (2007), 
and for periods that precede 1967. We focus on the last half-century in the US eq-
uity market due to the availability of accurate and comprehensive data on a large  
(i.e. 1,000) set of stock returns in the CRSP database.
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Exhibit 9.1  Total Risk Quintile Portfolio Performance (1967–2016)

Exhibit 9.2  Total Risk Quintile Portfolio Performance (1967–2016)

1 2 3 4 5 Quintile 1
Market Low High

Average Return
Standard Deviation
Sharpe Ratio

Market Beta
Market Alpha

6.23%
15.21%

0.41

1
0.00%

Active Risk
Information Ratio

6.27%
12.34%

0.51

0.73
1.69%
5.26%

0.32

6.54%
15.23%

0.43

0.96
0.58%
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6.31%
18.08%

0.35
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–0.86%
4.57%
–0.19

6.59%
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1.3
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The portfolio performance results in Exhibits 9.1 and 9.2 run counter to the con-
cept that investors demand higher returns for higher risk. The historical data could be 
a biased representation of higher investor expectations for higher risk stocks, so that 
investors have simply been repeatedly disappointed in the past. But the long history 
in the US equity market and similar results in other country markets suggests that 
there are probably other explanations. Researchers have proposed several theories 
related to either investor behavioral biases or leverage constraints. One proposal is 
that investor preferences for “lottery” effects represented by the upside potential of 
high-risk stocks may result in the prices of those stocks being bid up beyond their 
fair value, as suggested in Boyer and Vorkink (2014). Alternatively, high-risk stocks 
may be good “story” stocks whose gains selectively demonstrate skill, thereby attract-
ing additional investors, as discussed in Frazzini and Pedersen (2014). Constraints 
on some investors against short selling may be an impediment to taking the mis-
pricing out of the high-risk stocks by more sophisticated investors, as explained in  
Baker et al. (2011).

Another theory is that the asset management industry’s focus on market relative 
return and portfolio tracking error, instead of absolute return and volatility, may lead 
professional fund managers to shy away from lower volatility stocks that have rela-
tively high tracking error to the broad market. For example, the active risk of 5.26% 
for the lowest-risk (i.e. quintile 1) portfolio given in Exhibit 9.2 is actually higher 
than for quintile portfolios 2 or 3. In any event, the rationale for why the anomaly 
exists is important to predicting whether the same pattern will persist going forward. 
Specifically, a better understanding of why the public equity markets have performed 
the way they have in the past could provide a perspective on the conditions under 
which the anomaly is likely to continue.

The performance numbers in Exhibit 9.2 illustrate another characteristic of low-
volatility stock returns. By design, the market beta of the lower volatility portfolios is 
below 1.00. This means that when the market is down, the lower volatility portfolios 
tend to outperform the market, but to underperform when the market is up. Low-
volatility portfolios keep pace with the market on average, but the market relative 
returns are somewhat cyclical and less directional than the market. For example, a zero 
net-investment portfolio formed by subtracting the high-risk portfolio (quintile 5) 
returns from the low risk portfolio (quintile 1) returns in Exhibit 9.2 has an average re-
turn of just 6.27% – 6.17% = 0.10%, but a large return standard deviation of 20.99%. 
On the other hand, the realized market beta of this long/short portfolio is large nega-
tive value of − 0.80, suggesting a significant hedge to the market portfolio. The Q1-Q5 
portfolio thus has a healthy Information Ratio of 0.30, as reported in Exhibit 9.2.

III. H ow Is “Low Volatility” Defined?

Three general measures of stock risk are total volatility, beta risk, and residual or 
idiosyncratic volatility. The three measures are linked in that the total volatility of a 
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security can be decomposed into sensitivity to a market index (i.e. beta) and idiosyn-
cratic risk, according to the formula

σ β σ σεi i i= 2 2 2
M + , � (9.1)

An open question among equity market observers is whether the Low Vol Anom-
aly is associated with beta risk, and thus more correctly called a “Low-Beta Anomaly” 
or with idiosyncratic risk, and thus more correctly called a “Low Idio Anomaly.” The 
quintile sorting of individual stocks in Exhibit 9.1 is based on total risk, specifically 
parameter σi  in Equation (9.1). In contrast, Exhibits 9.3 and 9.4 use the separate 
parameters βi  and σε,i , respectively, to sort the 1,000 individual stocks each month 
into 200-stock risk-quintile portfolios.

As can be seen by visually comparing Exhibits 9.3 and 9.4, simply sorting by the 
security risk parameters βi  versus σε,i  does little to resolve the underlying source of 
the Low Vol Anomaly. Either both sources of risk are anomalous in terms of their as-
sociated return, or one source of risk is behind the anomaly, but positively correlated 
to the other source of risk. Indeed, a closer examination of the data shows that the 
cross-sectional correlation between historical observations of the security risk param-
eters βi  and σε,i  is consistently positive and quite high, on the order 0.2 to 0.7 at 
the start of any given month. In other words, stocks with high market betas also tend 
to have high levels of idiosyncratic risk.

Exhibit 9.3  Beta Risk Quintile Portfolio Performance: (1967–2016)
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Multivariate regression analysis is a common tool for examining the interaction 
between a dependent variable and two or more independent variables. To investigate 
which security risk parameter is the most influential with respect to the Low Vol 
Anomaly, we converted both the historical market beta and idiosyncratic risk for 
each stock into capitalization-weighted z-scores each month. We then ran monthly 
capitalization-weighted Fama-Macbeth (1973) cross-sectional regressions of realized 
security returns, with both measures of security risk as the independent variables, as 
described in Clarke et al. (2017).

The slope coefficients of this monthly 1,000-observation cross-sectional regression 
equal the difference between the factor portfolio return to each source of risk and the 
market benchmark return, given by the intercept term. The sum of the intercept term 
and the specified slope coefficient is thus the total excess (of risk-free rate) return for 
the factor portfolios, as reported in Exhibit 9.5. Because both measures of security 
risk are included in the monthly regressions, each risk-factor portfolio controls for 
the influence of the other factor and are thus “pure” factor portfolios. Specifically, the 
pure Beta Factor Portfolio has security weights that exactly match the market-wide 
average idiosyncratic risk exposure, and the pure Idiosyncratic Risk Factor Portfolio 
has an ex ante estimated market-beta of exactly one.

The second and third columns of Exhibit 9.5 report the return performance from 
1967 to 2016 (600 months) of the univariate or primary beta factor and idiosyncratic 

Exhibit 9.4  Idiosyncratic Risk Quintile Portfolio Performance (1967–2016)
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factor portfolios, from two different capitalization-weighted Fama-Macbeth regres-
sions. In contrast, the performance of the pure risk factor portfolios from one multi-
variate capitalization-weighted Fama-Macbeth regression are shown in the fourth and 
fifth columns of Exhibit 9.5.

The second and third columns show that both the uncontrolled Beta Factor and 
the uncontrolled Idio Risk Factor portfolios have outperformed the market on a 
risk-adjusted basis over 50 years, with Sharpe ratios of 0.52 and 0.46, respectively, 
compared to the market portfolio Sharpe ratio of 0.41. To calculate an annualized 
alpha, a single time-series regression over the entire 50 years gives the active return 
performance numbers in the lower half of Exhibit 9.5. The 1.75% alpha of the Beta 
Factor portfolio, and the 1.11% alpha of the Idio Risk Factor portfolio, indicate that 
a substantial low-volatility anomaly exists in both, although the Information Ratio 
(alpha divided by active risk) of the Beta Factor portfolio is slightly higher at 0.36, 
compared to 0.22 for the Idio Risk Factor portfolio.

The fourth and fifth columns of Exhibit 9.5 show the performance results for 
the two pure factor portfolios, based on a monthly capitalization-weighted Fama-
Macbeth regression that includes both independent variables. The performance results 
on these two pure factor portfolios makes the assignment of the Low Vol Anomaly to 
a beta rather than idiosyncratic risk property of individual securities quite clear. The 
Pure Beta Factor portfolio has an Information Ratio of 0.43, improved from the 0.36 
Information Ratio from the univariate regression analysis. On the other hand, the 
0.02 Information Ratio of the Pure Idio Risk Factor portfolio is substantially lower 
than the 0.22 Information Ratio of the uncontrolled univariate portfolio, and not 
statistically different from a zero. With respect to inferential statistics, the t-stat for 
the null hypothesis of a zero alpha is the Information Ratio (as given in Exhibit 9.5) 
times the square root of 50 (the number of years). The t-stat for the pure Beta Factor 
portfolio is thus 0.43*SQRT(50) = 3.0 (highly significant) while t-stat for the pure 
Idiosyncratic Risk Factor portfolio is 0.02*SQRT(50) = 0.1 (close to zero).

Market
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Factor
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Pure
Idio

Average Return
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Exhibit 9.5  Primary and Pure Risk Factor Portfolio Performance (1967–2016)
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Exhibit 9.6 plots the portfolios in Exhibit 9.5, similar to the plot in  
Exhibit 9.1, except that the range of both axes has been adjusted to focus in the 
risk-return area where the portfolios are concentrated. Both primary risk factor 
portfolios plot above the market’s 0.41 sloped Capital Allocation Line. But the 
pure Idio Risk portfolio actually lies below the line, with a Sharpe ratio of 0.40, 
while the pure Low-Beta portfolio plots well above the market’s Capital Alloca-
tion Line, with a Sharpe ratio of 0.53. The conclusion from the multivariate 
Fama-Macbeth regression analysis is that the well-known Low Vol Anomaly is 
associated with low-beta stocks rather than low idiosyncratic risk stocks and is 
thus more correctly called the Low-Beta Anomaly. This empirical result (new to 
this book chapter) is ironic, given that the low-volatility anomaly received much 
of its academic credibility based on an examination of stock’s idiosyncratic risk in 
Ang et al. (2006).

IV.  Secondary Factors of Low-Beta Portfolios

In general, the returns to low-beta portfolios are not independent of the returns 
to other popular equity factors. To illustrate, we calculated the returns to several  
additional factors over the half-century from 1967 to 2016 for the largest 1,000 US 
stocks, similar to Clarke, de Silva, and Thorley (2016). Besides low-beta, the factor 
exposures are:

Exhibit 9.6  Primary and Pure Risk Factor Portfolio Performance (1967–2016)
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Value: Inverse P/E ratio or “earnings yield” using the beginning-of-month stock 
price (from CRSP) and earnings-per-share, with a one-quarter lag on the most 
recent annual Income Statement (from Compustat). Earnings yield is an alterna-
tive to the Book-to-Market ratio (annual Balance Sheet book equity over equity 
market-cap) originally identified as the Value factor in Fama and French (1996).
Momentum: The 11-month stock return, with dividends, lagged by one month, 
sometimes called Carhart (1997) momentum. The momentum factor in this study 
refers to the price momentum of the stock, first identified as a factor by Jegadeesh 
and Titman (1993), not the earnings momentum of the corporation.
Small Size: The log of 1 over beginning-of-month market capitalization (i.e. nega-
tive log market capitalization), as used in Fama and French (1996). This factor 
measures smallness within the investable set of the largest one thousand US com-
mon stocks (approximately the Russell 1000 Index), not the exposure to an even 
smaller capitalization index like the Russell 2000.
Profitability: Gross profit margin, defined as Revenues minus Cost of Goods Sold 
from the most recent annual Income Statement, divided by Total Assets from the 
most recent annual Balance Sheet. We use these accounting numbers with a one-
quarter lag to ensure the data would have been available to investors historically. 
This factor is often called Novy-Marx (2013) Profitability but is also referred to as 
a Quality factor by some investors.

We convert the factor exposures to z-scores and calculate the relative returns to 
the factor portfolio using the capitalization-weighted Fama-Macbeth regression tech-
nique. Exhibit 9.7 reports the performance the single-variable factor portfolios, simi-
lar to the second and third columns of Exhibit 9.5. However, in Exhibit 9.7 we adjust 
the presentation to focus on market-relative returns. For example, the market-relative 
mean return to the Value portfolio is 1.05%, for a total return including the embed-
ded market return, of 6.25% + 1.05% = 7.30%. Note that the return to the market 
portfolio of 6.25% in Exhibit 9.7 is slightly different than the 6.23% return in the 

Exhibit 9.7  Return Performance of Primary Factor Portfolios (1967–2016)

Mean 6.25% 1.05% 2.32% 1.32% 0.06% 0.92%
Standard Deviation 15.22% 4.55% 6.12% 4.22% 6.33% 3.93%

Market Beta 1 –0.08 –0.01 0.08 –0.26 –0.02
Market Alpha 0.00% 1.54% 2.39% 0.84% 1.70% 1.02%
Active Risk 4.40% 6.13% 4.06% 4.93% 3.93%
Information Ratio 35.00% 39.00% 21.00% 34.00% 26.00%

Market Relative

Value Momentum Small Size Low BetaMarket Pro�tability
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prior sections, because the additional accounting data requirements for the Value and 
Profitability exposure calculations result in a slightly different set of the largest 1,000 
stocks in the US market. The Value, Momentum, Small Size, and Profitability portfo-
lios in Exhibit 9.7 all have positive long-term averages, although the market-relative 
return to the Low-Beta portfolio is quite low at just 6 basis points.

The lower rows in Exhibit 9.7 show that value-added of the Low-Beta portfolio 
comes in terms of the realized market beta of − 0.26, in contrast to realized market 
betas that are closer to zero for the other factor portfolios. Exhibit 9.7 reports on 
market-relative returns, so the Low-Beta portfolio’s realized beta of − 0.26 equates 
to the more familiar total return beta of 1.00 – 0.26 = 0.74. As a result of this low 
realized beta, the Market Alpha and Information Ratio of the Low-Beta portfolio is 
competitive with the performance of the other equity market factors.

The univariate or “primary” factor portfolios reported in Exhibit 9.7 have sub-
stantial secondary exposures, and thus return correlations with each other. The real-
ized market-relative return correlations over the entire 50-year period from 1967 to 
2016 for the various factor portfolios are reported in Exhibit 9.8. The correlations 
are not stable, so point-in-time exposure correlations discussed later provide a better 
perspective on the inter-dependencies of the various factors. However, the single real-
ized return correlation of − 0.41 between Value and Momentum is quite substantial, 
while the realized positive return correlation of 0.44 between Value and Low-Beta is 
substantial in the other direction. Note that the return correlation coefficients in Ex-
hibit 9.8 are for market differential returns. All six-factor portfolio total returns (i.e. 
with the market return included) would have large positive correlations to each other.

For a visual perspective on the track record of the factor portfolios in Exhibit 9.7, 
Exhibit 9.9 plots the cumulative market-differential returns through the end of 2016, 
starting with zero at the beginning of 1967. For example, the outstanding market-
relative performance of the Momentum portfolio appears to flatten out after the 
turn-of-the century tech-bubble, which was simultaneously marked by large draw-
downs in the Value and Low-Beta portfolios, while the performance of the Profit-
ability portfolio appears to be more slow and steady, at least since the 1980s. The 
Low-Beta portfolio’s cumulative return ends in 2016 at about zero, consistent with a 
mean market-relative return of about zero, as reported in Exhibit 9.7. But again, the 

Exhibit 9.8  Correlations of Market-Relative Primary Factor Portfolio  
Returns (1967–2016)

Momentum Small Size Low Beta Pro
tability

Value 1 –0.42 0.2 0.44 –0.48
Momentum –0.42 1 –0.14 0.02 0.25

Small Size 0.2 –0.14 1 –0.27 –0.32
Low Beta 0.44 0.02 –0.27 1 –0.04

Pro
tability –0.48 0.25 –0.32 –0.04 1

Value
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advantage of the Low-Beta portfolio is not measured by cumulative market-relative 
returns, but by the negative market-relative beta of those returns.

While the large positive correlation between the Low-Beta and Value portfolio 
returns in Exhibit 9.8 is indicative of a substantial correspondence between Low-
Beta and Value exposures in the individual securities, the return correlation is not 
stable in that nature of the exposure correlation changes from month to month. 
Rather than depend on the realized correlation in factor portfolio returns over time, 
month-by-month factor exposures provide a better point-in-time perspective on the 
interdependencies between the factors. Specifically, Exhibit 9.10 plots the standard-
ized exposures at the beginning of each month from 1967 to 2016 of the Low-Beta 
portfolio. Note that the low-beta factor exposure of the Low-Beta portfolio is exactly 
one by design in Exhibit 9.10, while the other exposures vary over time.

For example, the Value exposure of the Low-Beta portfolio is generally positive 
over time, ranging between 0.0 and 0.4, but with negative exposure episodes in the 
1970s, and then again in more recent years. A negative Value exposure indicates that 
the Low-Beta portfolio is more “expensive” than the capitalization-weighted market 
benchmark portfolio, in that the earnings yield is lower (i.e. P/E ratio is higher) 
than the market. However, because this is not the typical state of affairs, in that the 
Low-Beta’s value exposure tends to be positive over time, the 50-year correlation co-
efficient between the Low-Beta and Value portfolios is large and positive at 0.44, as 
reported in Exhibit 9.8. The only other Low-Beta portfolio exposure in Exhibit 9.10 

Exhibit 9.9  Cumulative Market-relative Primary Factor Portfolio Returns (1967–2016)
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that is fairly consistent over time in terms of sign is the Small Size exposure, which 
generally ranges from − 0.4 to 0.0, although with a positive episode at the turn of the 
century. The exposure pattern means that Low-Beta stocks tend to be larger stocks 
within the market benchmark, except for the turn-of-the century technology bubble. 
The result is that the long-term 50-year correlation coefficient between the Low-Beta 
and Small Size portfolios is negative at − 0.27, as reported in Exhibit 9.8.

As is Clarke, de Silva, and Thorley (2017), we can employ the capitalization-
weighted Fama-Macbeth regression methodology with several factor exposures on 
the right-hand side, to calculate the return performance of factor portfolios that are 
pure. The portfolios are pure because the standardized exposures to other non-market 
factors are set to zero at the beginning of each month. Exhibits 9.11 and 9.12 report 
on pure factor portfolios in the same format as Exhibits 9.7 and 9.8.

The mean return and alpha of the pure Low-Beta portfolio in Exhibit 9.11 of 
0.58% and 1.96%, respectively, are slightly higher than the Low-Beta portfolio in 
Exhibit 9.7, which has nonconstant secondary exposures. Even more conceptually 
important, the Exhibit 9.11 active risk of 4.26% is lower than Exhibit 9.7 because 
the secondary exposures and risks have been neutralized. The result is that the Low-
Beta portfolio’s Information Ratio increases from 0.34 in Exhibit 9.7 to 0.46 in Ex-
hibit 9.11, as it does for all of the other pure factor portfolios where the secondary 

Exhibit 9.10  Standardized Exposures of the Primary Low-Beta Factor  
Portfolio (1967–2016)
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risk exposures are removed. The result is lower although still nonzero return correla-
tions over time between the factor portfolios, as shown in Exhibit 9.12. The Low Beta 
to Value factor portfolio return correlation drops by about half, from 0.44 in Exhibit 
9.8 to 0.19 in Exhibit 9.12. The negative correlation of the Low-Beta and Small Size 
factor portfolio return, goes from − 0.27 in Exhibit 9.8 to − 0.15 in Exhibit 9.12.

The overall performance of the pure factor portfolios are shown visually in  
Exhibit 9.13, with cumulative return plots that can be compared with Exhibit 9.9. 
Notably, the simultaneous turn-of-the century drawdown in both the Low-Be-
ta and Value portfolios in Exhibit 9.9, only appears in the Low-Beta portfolio in  
Exhibit 9.13, suggesting that a more correct characterization of the build-up to 
the technology bubble was high beta stocks, rather than growth stocks per se. In 
any event, the most important visual characterization of Exhibit 9.13 is that the 
cumulative return plots for the pure factor portfolios are much smoother than in  
Exhibit 9.9 for the primary factor portfolios, with all of their secondary risk expo-
sures. Note that we do not provide a plot of secondary exposures for the pure Low-
Beta portfolio, similar to Exhibit 9.10 for the primary Low-beta portfolio, because 
the market relative exposures would be exactly zero at each point in time (i.e. the 
lines would all plot on the x-axis) except for the Low-Beta exposure, which would 
continue to plot at one at each point in time by design.

Exhibit 9.11  Return Performance of Pure Factor Portfolios (1967– 2016)

6.25% 1.91% 2.73% 1.16% 0.58% 1.44%
15.22% 3.17% 4.81% 3.67% 5.41% 3.25%

1 –0.04 –0.008 0.049 –0.219 –0.01
0.00% 2.16% 2.78% 0.86% 1.96% 1.50%

3.11% 4.81% 3.60% 4.26% 3.25%
0.69 0.58 0.24 0.46 0.46

Market Relative

Market

Mean
Standard Deviation

Market Beta
Market Alpha
Active Risk
Information Ratio

Value Momentum Small Size Low Beta Pro�tability

Exhibit 9.12  Correlations of Market-Relative Pure Factor Portfolio  
Returns (1967–2016)

Momentum Small Size Low Beta Pro
tability

Value 1 –0.15 0.04 0.19 –0.17
Momentum –0.15 1 –0.06 0.02 0.03

Small Size 0.04 –0.06 1 –0.15 0.01
Low Beta 0.19 0.02 –0.15 1 –0.12

Pro
tability –0.17 0.03 0.01 –0.12 1

Value
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V.  Building a Low-Volatility Portfolio

A number of steps are involved in constructing any factor portfolio, like low volatil-
ity, and each step involves multiple decisions that affect the eventual performance 
of the portfolio. In general, these steps can be summarized as: selecting the uni-
verse of investable securities (e.g. country/region, capitalization size, liquidity, ESG 
considerations) including any filtering (e.g. data sufficiency requirements) that nar-
rows the scope of acceptable stocks; choosing a portfolio construction technique (i.e. 
weighting scheme) for how to combine the selected securities; and specifying any 
constraints or limitations on the portfolio.

With respect to low-volatility portfolios, we mention three general approaches to port-
folio construction that have been employed in practice: First, optimization with respect to 
various objective functions including minimum variance, maximum Sharpe ratio, target 
tracking error, maximum diversification, and security risk parity. Second, heuristic rules 
like sorting and taking the top ranked securities down to a cutoff point, together with 
equal-, risk-, or capitalization- weighting. Third, factor return replication using the port-
folio weights from a Fama-MacBeth regression. This third category includes the primary 
beta and pure beta portfolios described in earlier sections. The second category includes 
the quintile sorts discussed briefly in the first section.

One of the first direct empirical observations of the low-volatility anomaly came 
in examining an optimization process, the first category above, which we discuss 

Exhibit 9.13  Cumulative Market-Relative Pure Factor Portfolio Returns (1967–2016)
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next. Clarke et al. (2006) examined minimum variance portfolios is the US equity 
market, where the objective function was simple portfolio risk minimization, irre-
spective of any particular forecast of security returns. The only input to the numeri-
cal optimizer is some reasonable estimation of the security covariance matrix. For 
example, using the investable universe of the largest 1,000 US stocks, a one-million 
element covariance matrix can be based on a matrix of prior 36 months of excess 
returns, transposed and multiplied by itself. This 1,000-by-1,000 “sample” matrix is 
combined with a “prior” matrix where all 1,000 securities each month have the same 
volatility (i.e. the sample average across all stocks), and each stock has the average 
correlation coefficient with all the other stocks.

The exact amount of “Bayesian shrinkage” toward the prior can be based on statis-
tical methods that incorporate the number of securities (e.g. 1,000) and the number 
of historical return observations (e.g. 36), but here we use a simple Bayesian shrink-
age parameter of 50%. With a long-only constraint added to the numerical optimizer 
(i.e. only positive security weights are allowed), the process yields a portfolio with an 
average of about 150 securities in solution, although this number varies slowly over 
time between about 50 and 250 positions. The performance of this long-only mini-
mum variance portfolio over the last half-century is given in in the second column 
of Exhibit 9.14. Despite the fact that higher returns are not explicitly part of the 
objective function, the average return of the long-only minimum variance portfolio is 
6.64%, slightly higher than the 6.24% market return, with a substantial reduction in 
risk. For example, the market beta of the minimum-variance portfolio (one number 
based on the entire 50-year time series) is 0.70, giving an annualized alpha 2.26%, 
and an Information Ratio of 0.37.

An important concept of Low Volatility investing is that portfolios are still sensi-
tive to the overall market performance, so tend to underperform when the market 
is up. For example, using the long-term results in Exhibit 9.14, if the market is up 
15% in a given year, the Minimum Variance portfolio would be on average up only 
2.26% + 0.70 * 15.00% = 12.76%. On the other hand, if the market is down − 15% 
in a given year, the Minimum Variance portfolio on average would only be down  
2.26% + 0.70(− 15.00)% = − 8.24%. Also note that the Active Risk number of 6.08% 
in Exhibit 9.14 is calculated based on benchmark of 0.70 (the realized beta) times 
the market return. Tracking error, defined as the simple difference between the Mini-
mum Variance and Market portfolio returns, is 7.60% (not reported), compared to 
6.08%. Such a high level of tracking error may be unacceptable to investors who are 
primarily concerned about returns relative to the market.

Notably, the third and fourth columns of Exhibit 9.14 report on the performance 
of the long-only minimum variance portfolio since the publication of Clarke et al. 
(2006), where the results ended in December 2005. Unlike some market anomalies, 
where performance seems to disappear after the initial publication of the anomaly  
(either because the factor was data-mined, or because general awareness of the anoma-
ly leads to its elimination), the market-relative performance of the minimum variance 
portfolio has been similar ex-post (i.e. after publication). The average return from 
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2006 to 2016 is not quite equal to the market-wide return, but the risk reduction 
from 14.64% down to 12.51% for the minimum variance portfolio, is substantial. 
The realized market beta (based on a single time-series over these 11 years) is 0.77, 
leading to an annualized alpha 1.61%, and an Information Ratio of 0.30, similar to 
the 0.37 Information Ratio over the entire 50-year history.

VI. Publ icly Available Low-Volatility ETFs

The interest in the low-volatility anomaly has led to a number of low-volatility 
Exchange-Traded Funds (ETFs), developed using a variety of choices in their con-
struction. The ETFs cover both US and non-US equity universes, particular geo-
graphic regions, and developed and emerging markets. The ETFs vary by security 
capitalization ranges as well as hedged or unhedged currency exposure. The funds 
are also distinguished by how the portfolios are constructed. ETF providers may 
construct the portfolios by optimizing to minimize volatility, or by ranking securi-
ties by volatility or market beta and then choosing securities from the lowest ranks.  
Exhibit 9.15 reports on some of the larger ETFs by assets under management (AUM) 
as of March 21, 2017, as given in “ETDdb.com.”

VIi.  Summary and Conclusion

The historical performance of low-volatility securities has been well-documented 
in both the US and non-US equity markets. Counter to the traditional risk return 
trade-off of higher return for more risk, the long-term historical record suggest that 
there has been little if any return penalty relative to investing in riskier securities. 
Given the lower systematic risk of the low-volatility securities, the pattern of returns 
to low-volatility equities is dependent on the direction of the market. Low-volatility 
securities tend to underperform in up markets and outperform in down markets. 
This pattern of returns creates substantial tracking error relative to the broad market 

Exhibit 9.14  Minimum Variance Portfolio Performance

Market Long-Only Market Long-Only

Min Var Min Var
Average Return 6.24% 6.64% 7.72% 7.57%
Standard Deviation 15.24% 12.28% 14.64% 12.51%
Sharpe Ratio 0.41 0.54 0.53 0.61

Market Beta 100.00% 70.00% 100.00% 77.00%
Market Alpha 0.00% 2.26% 0.00% 1.61%
Active Risk 6.08% 5.47%
Information Ratio 0.37 0.3

50 Years (1967–2016) 11 Years (2006–2016)

226�P erformance Characteristics of Smart Beta Strategies

 



portfolio even though the average returns are about the same. From a long-run per-
spective, low-volatility portfolios offer the hope of market returns at lower volatility, 
although with a different return pattern over time.

A variety of approaches can be used to build a portfolio that captures the low-vol-
atility effect. Some portfolios use heuristics like sorting the securities based on either 
total volatility or on market beta and choosing the ones with the lowest volatility. 
Other portfolios are built by using the entire correlation structure to optimize a port-
folio with minimum variance. In this chapter, we emphasize a portfolio generated 
from a Fama-MacBeth regression designed to capture the low-volatility effect. We 
also show that the Low Volatility anomaly should be called the Low-Beta anomaly, 
based on an empirical “horse race” between idiosyncratic and systematic risk. The 
various portfolio construction approaches can be tailored with different constraints 
and limitations, so will generally not give the same performance results because they 
result in slightly different portfolio positions. Focusing primarily on just the low-
volatility factor usually leaves the portfolio exposed to secondary factors that may be 
correlated with low volatility, so care should be taken to control secondary exposures. 
Without this control, some of the performance, either positive or negative, may be 
due to factors other than low beta.

Exhibit 9.15  Low-Volatility ETFs

Symbol ETF Name AUM ($ mil.)

USMV 12,292
SPLV 6,463
EFAV 6,236
EEMV 3,727
ACWV 2,968
XMLV 957
XSLV 934
IDLV 446
ONEV 422
EELV 248
SMLV 201
LGLV 89
JPMV 30
EUMV 24
AXJV

iShares Edge MSCI Min Vol USA
PowerShares S&P 500 Low Volatility
iShares MSCI EAFE Min Vol
iShares MSCI Emerging Markets Min Vol
iShares MSCI All Country World Min Vol
PowerShares S&P MidCap Low Volatility
PowerShares S&P SmallCap Low Vol
PowerShares S&P International Developed Low Volatility
SPDR Russell Low Volatility Focus
PowerShares S&P Emerging Markets Low Volatility
SPDR Russell 2000 Low Volatility
SPDR Russell 1000 Low Volatility
iShares MSCI Japan Min Vol
iShares MSCI Europe Min Vol
iShares Edge MSCI Min Vol Asia ex Japan 6
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Chapter 10
Structuring Better 
Equity Portfolios: 

Combining Smart Beta 
with Smart Alpha

In this chapter, we analyze various potential challenges that investors face in structur-
ing multistrategy, multimanager portfolios. These challenges partially arise from current 
portfolio structuring practices, which, in our opinion, do not provide adequate guidance 
on how to implement efficient style and manager diversification. Therefore, we propose 
an alternative portfolio structuring framework that seeks to improve upon current prac-
tices by facilitating the building of potentially more efficient overall portfolio structures.

Chapter Summary

•• In principle, portfolio structures that incorporate uncorrelated strategies and  
active managers offer diversification benefits by reducing active risk and enhancing 
information ratios.

•• In practice, however, in working with asset owners, we find that such diversification 
benefits may not be fully realized in many instances.

•• We believe this is partially driven by current portfolio construction practices, which 
include alpha-beta portfolio structure, decomposition of policy benchmark into 
size (large/small) and style (value/growth) segments, and seeking risk model-based 
factor exposures through active management, as they do not provide adequate guid-
ance on which strategies and active managers to include in a composite portfolio.

•• We propose an alternative framework for structuring multistrategy, multimanager 
portfolios to potentially improve on current practices.

 



•• This framework decomposes active return into two components: one emanating 
from static exposure to basic factors and one driven by sources unexplained by basic 
factors. This decomposition (1) recognizes the existence of certain factors or styles, 
(2) provides clarity on which active returns to pursue through active management, 
and (3) introduces a layer of diversification as the two active return components 
are largely uncorrelated.

•• In our framework, basic factors refer to the five smart beta factors, namely, 
size, value, momentum, volatility, and quality. As shown in Chapter 8, when 
combined, these factors can offer significant diversification benefits and thus 
introduce an important layer of style diversification. Further gains from style 
diversification can be realized by adding active strategies that derive their active 
returns from sources other than a static exposure to smart beta factors. These 
active strategies may include advanced quant, focused fundamental, market 
timing, factor timing.

•• We define “smart alpha” as smart beta factor-adjusted active return. Smart alpha is 
calculated relative to the smart beta implementation vehicles actually used in the 
active portfolio. This definition makes smart alpha an asset owner-specific measure, 
as it should be, in our opinion.

•• Asset owners should focus on smart alpha in analyzing active managers and achieve 
manager diversification by selecting those with lowly correlated smart alphas.

•• In determining the allocations between smart beta and smart alpha, asset owners 
may pursue various approaches, such as weighting by active risk contribution, 
weighting by active risk, or optimizing.

I. I ntroduction

The overall equity portfolio of asset owners typically consists of a passive component, 
which replicates the returns of a policy benchmark, and an active component, which 
seeks to outperform the policy benchmark through active management. In imple-
menting the active component, very few, if any, asset owners use a single strategy or a 
single active manager. It is clearly the norm to employ multiple strategies and manag-
ers. Sharpe (1981) referred to the practice of using multiple managers as “decentral-
ized investment management.” He argued that by employing multiple managers, 
asset owners could potentially gain from “diversification of style” (such as value and 
growth) as well as “diversification of judgment” (managers holding different portfo-
lios within a given style). From an investment perspective, by investing in strategies 
and active managers with uncorrelated active returns, asset owners, in principle, can 
achieve diversification benefits in the active portfolio in the form of lower active risk 
and higher information ratio (IR).

In our experience working with asset owners, however, it is not uncommon to 
find the active portfolio delivering limited diversification benefits. We believe this 
outcome is partially driven by current portfolio structuring practices, which we re-
view in the next section.
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II.  Current Portfolio Structuring Practices

In this section, we discuss three portfolio structures that are commonly used by  
asset owners.

A. A lpha-Beta Portfolio Structure

Asset owners widely use the alpha-beta portfolio structure in implementing 
their equity allocations, as depicted in Figure 10.1. In this structure, “beta” 
represents the passive replication of the policy benchmark, and therefore deliv-
ers approximately the policy benchmark returns. “Alpha” refers to the active 
component of the equity portfolio and captures returns associated with active 
management. The objective of the active component is to outperform the policy 
benchmark. This objective is achieved by assuming some reasonable level of  
active risk consistent with the desired outperformance. In this traditional alpha-
beta portfolio structure, any returns in excess of the benchmark are viewed as 
alpha by practitioners.

In our view, this simplistic definition of alpha is not very helpful in determin-
ing how the active component of the equity portfolio should be structured. It 
doesn’t provide any guidance on what drives excess returns. It doesn't distinguish 
between excess returns driven by additional forms of beta (factors) and those ema-
nating from true manager skill. It provides no guidance on which strategies or 
styles might enhance diversification benefits within the active portfolio and how 
these styles should be implemented. This definition of alpha tends to place too 
much emphasis on just excess returns and not enough on their source and abil-
ity to provide diversification benefits when multiple strategies and managers are 
combined.

Figure 10.1  Alpha-Beta Portfolio Structure

Alpha

Beta
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B.  Size and Style Decomposition of Policy Benchmark

In order to incorporate some style diversification, and to recognize that active manag-
ers tend to specialize in certain segments of the market, some asset owners and index 
providers, especially in the US, further decompose the policy benchmark into size 
(large/small) and style (value/growth) categories, as shown in Figure 10.2. This de-
composition does not provide adequate style diversification in our view. For instance, 
value and growth styles may be negatively correlated, but their active returns are not 
independent. The style benchmarks used, by construction, have offsetting active re-
turns. If value outperforms, then growth underperforms, and vice versa. Momentum 
and/or quality styles are much better diversifiers of value, as they have independently 
positive active returns and negative correlation of active returns with value. Although 
the size and style structure seeks to account for manager specialization and selection, 
it is also relatively complex and offers very limited style diversification.

C. G aining Risk Factor Exposures Through Active Management

Many other asset owners, especially outside the US, do not follow the conventional 
value-growth categorization of styles. Instead, they believe that there are other styles, 
such as momentum and quality, that deliver important diversification benefits in 
a multimanager portfolio. These asset owners seek explicit exposure to these styles 
primarily through active managers. The exposures are typically assessed using com-
mercial risk models, such as Barra or Axioma. For example, an asset owner may 
combine value managers that depict high exposure to the Barra value factor with 
other managers that produce high exposure to momentum or quality risk factors. 
The objective is to achieve both style and manager diversification. In our experience, 
however, such portfolio structures typically lead to portfolio active risk being driven 
by the basic risk-model defined risk factors. This is, of course, by design, but it may 
be important to recognize that risk-model factors are designed to predict active risk, 

Figure 10.2  Size and Style Decomposition

Policy Benchmark
(Russell 3000

Index)

Large Cap
Benchmark (Russell

1000 Index)

Value Benchmark
(Russell 1000 Value

Index)
Active Managers

Growth Benchmark
(Russell 1000
Growth Index)

Active Managers

Small Cap
Benchmark (Russell

2000 Index)

Value Benchmark
(Russell 2000 Value

Index)
Active Managers

Growth Benchmark
(Russell 2000
Growth Index)

Active Managers
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as opposed to alpha factors that predict active returns (more discussion on this topic 
appears in Typical Investor Question 10.6). Additionally, with the advent of smart 
beta investing, gaining exposures to risk-model factors through active management 
may no longer be an efficient implementation vehicle for capturing smart beta fac-
tors, both from an investment and cost perspective.

To summarize, the current portfolio construction practices described earlier have 
some limitations, which may lead to subpar portfolio structures. Next, we discuss an 
alternative portfolio structuring framework that seeks to address some of these limita-
tions and, hence, potentially improve on current practices.

III.  Portfolio Structuring: A Suggested 
Framework

We believe that a given portfolio structuring method should, at a minimum, (1) 
clearly define the sources of active returns that an asset owner wishes to capture, and 
(2) provide guidance on which strategies and managers to consider for inclusion in a 
multistrategy, multimanager construct.

Our suggested framework seeks to achieve these objectives by answering four po-
tential key questions, as outlined in Figure 10.3.

A. H ow to Decompose Active Return?

This question seeks to identify the sources of active return that the asset owner wishes 
to capture. In our framework, we propose decomposing the active return, at a mini-
mum, into two main components; static exposure to basic factors and active return 
unexplained by basic factors, as shown in Figure 10.4.

In our opinion, this decomposition of active return is important for several rea-
sons. First, it recognizes the existence of certain factors, which represent additional 
forms of beta or systematic returns. Second, it provides clarification on the type of ac-
tive returns asset owners should seek from active managers. That is, active returns that 
go beyond those delivered by the basic factors. Third, by design, it introduces a first 
layer of diversification in the portfolio structure. If basic factor and manager active 
returns are driven by different return sources, then they are also largely uncorrelated.

Some asset owners may not agree with the sources of active return identified 
above, as they may not believe in the existence of any smart beta factors. They may 
seek to capture only active returns emanating from other sources. This is a perfectly 
reasonable approach, as long as these asset owners do not inadvertently end up mostly 
capturing smart beta factor pay-offs through active management.

B. H ow to Diversify Across Strategies?

The decomposition of the active return in Figure 10.4, however, raises the question of 
which factors and which active strategies an asset owner should pursue.
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How to Diversify
Across
Strategies?

How to Diversify
Across
Managers?

How to Size the
Active Portfolio?

How to
Decompose
Active Return?

Which Active Return?

Understanding the
Sources of Active Return

Which Factors?

Defining Smart Beta
Factors

Which Smart Beta
Implementation?

Selecting Appropriate
Smart Beta

Implementation Vehicles

How Much to
Smart Beta?

Which Active
Strategies?

Understanding their
Characteristics and
Ability to Diversify

Which Alpha?

Defining Smart Alpha
as the Basis for

Manager Selection

How Much to
Smart Alpha?

Figure 10.3  Potential Key Questions in Portfolio Structuring

How to Decompose
Active Return?

Active Return from
Static Exposure to

Basic Factors

Active Return
Unexplained by
Basic Factors

Figure 10.4  Decomposition of Active Return
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a.  Which Factors?

One important challenge posed by the suggested active return decomposition is that 
it forces asset owners to identify which factors (styles) to pursue, whereas that deci-
sion in the conventional alpha-beta structure was left to active managers. The choice 
of basic factors may be difficult because it may be partly driven by philosophical 
beliefs. However, in our experience, there appears to be some degree of consensus in 
the industry that the basic factors may comprise of size, value, momentum, low vola-
tility, and quality. These factors/styles have generated positive out-of-sample active 
returns and depicted low or negative active return correlations. Therefore, they offer 
the potential, when combined, to reduce active risk and enhance the IR of the active 
portfolio. Because smart beta offerings typically also focus on these basic factors, in 
previous chapters we have referred to these five factors as “smart beta factors.”

b.  Which Active Strategies?

As a next step, we need to identify which active strategies should be considered in the 
active portfolio. The choice of active strategies should be driven by a conceptual ra-
tionale and understanding of what drives their active returns and why such strategies 
can be expected to provide diversification benefits when combined with smart beta 
factors and other considered active strategies. As an illustration, the active strategies 
of interest may include quantitative strategies, fundamental stock-picking, and other 
investment processes, such as, market timing, factor timing, or covered call writing.

i.  Quantitative Processes

Quantitative processes often fall within the broad category of “factor” investing. 
Broadly speaking, there are two types of quant processes; those that mainly deliver 
smart beta factor exposures and returns and those that create a value proposition 
relative to smart beta offerings. In our proposed structure, the former type of quant 
processes, which we refer to as “traditional quant,” should not be of interest to asset 
owners, as they provide limited diversification benefits when combined with smart 
beta factors (in fact, many of their strategies are smart beta factors). Only the latter 
type, which we refer to as “advanced quant,” should be considered. The primary focus 
of advanced quant processes is either to significantly improve upon the conventional 
smart beta factors and/or to research and implement new proprietary factors. Since 
advanced quant processes are designed to go beyond the conventional smart beta fac-
tors, their active return and risk will be largely driven by sources that are unexplained 
by smart beta factors. This provides the rationale, at a strategy level, of combining 
smart beta with advanced quant processes to realize additional diversification benefits.

ii.  Fundamental Processes

There are various types of fundamental processes. At one extreme are managers who 
take relatively small active positions, run low tracking errors and active share, and 
hold a relatively large number of positions. These managers are typically called “closet 
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indexers,” as they don't deviate much from the benchmark. At the other extreme, are 
concentrated or “focused managers,” who hold a very limited number of securities 
and have high active share and active risk compared to the benchmark as well as high 
conviction in their best ideas. In the middle are managers, who are modestly diversi-
fied and tend to have relatively high exposures to smart beta factors. These manag-
ers are sometimes called “factor replicators,” as they explicitly or implicitly replicate 
factor payoffs through active management. The closet indexers are not an interesting 
group to consider, as they generally tend to deliver benchmark returns, but with 
active fees. Similarly, the factor replicators charge much higher fees than smart beta 
providers, and potentially introduce some degree of noise in the portfolio through 
higher stock-specific risk. As such, in our view, asset owners’ primary interest should 
be on the concentrated/focused managers.

One important distinction between smart beta and quant processes and focused 
fundamental processes is the nature of active returns being generated. By investing 
in factors, smart beta and quant processes tend to harness risk premia as well as ex-
ploit behavioral biases and structural frictions. By investing in companies, and having 
an in-depth knowledge of their businesses, focused fundamental processes leverage 
their deep insights to generate superior assessments and forecasts relating to com-
pany management, growth prospects, development of new products and markets, 
and company financials. To the extent that these sources of active returns are uncor-
related, adding focused stock-picking to a mix of smart beta and quant strategies 
should be beneficial in a multistrategy structure.

iii.  Other Investment Processes

Other equity investment processes, such as those focusing on market timing, fac-
tor timing, or lowering volatility through the use of derivative products, may also 
provide significant diversification benefits in a multistrategy context. Figure 10.5 pro-
vides a graphical summary of the strategy diversification discussion.

C. H ow to Diversify Across Managers?

a.  Which Smart Beta Implementation?

Once the desired smart beta factors have been identified, the asset owner also needs to 
select the products and offerings that will be used to implement these factors. There 
are many considerations in choosing an appropriate smart beta product. In previous 
chapters, we have discussed some of the salient features of smart beta investment 
processes including product design, product structure, and implementation flexibil-
ity (Chapter 1), weighting schemes and construction efficiency (Chapter 4), signal 
specifications (Chapter 5), and approaches to factor diversification (Chapter 8).

Some asset owners implement the selected individual smart beta factors through 
different providers. For instance, they may select a provider for value, a different 
provider for momentum, etc. Others implement a multifactor diversification strategy 
through a single provider. In our view, single-factor implementation is more effective 
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for asset owners who wish to time factors, trade and implement the selected products 
internally or who have existing licensing or other fee arrangements with providers 
that allow them to realize significant cost savings (please also refer to Application 
Example 8.2).

In our framework, the signal-tilted (ST) and Enhanced ST individual factor port-
folios and multifactor portfolios (MFPs), discussed in Chapter 7 and Chapter 8, 
would represent examples of implementation options for capturing smart beta factor 
returns.

b.  Which Alpha?

With the selection of the smart beta factors and implementation vehicles, we have 
a basis for properly defining alpha. In the context of the suggested active return de-
composition, alpha is defined as “smart beta factor-adjusted active return.” We refer 
to this active return as “smart alpha.”

In the proposed framework, smart alpha is computed relative to the selected 
smart beta vehicles that are actually implemented in the active portfolio. This 

Figure 10.5  Strategy Selection and Diversification Example
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is quite different from the calculation of alpha using Fama-French factors or 
commercial risk model–based factors. The determination of factor exposures and 
alpha based on such risk models, though informative, is not very useful in portfolio 
structuring, as the risk factors incorporated in the risk models do not match the 
factors implemented by the asset owner. The diversification benefits achieved in a 
given portfolio are driven by the correlations between the implemented strategies. 
To the extent that asset owners implement different smart beta factors and prefer 
different implementations, smart alpha becomes an asset owner-specific measure, as 
it should be, in our opinion. In analyzing and selecting active strategies and manag-
ers, therefore, asset owners should focus on, not just any alpha, but smart alpha. To 
achieve manager diversification, asset owners should focus on active managers with 
lowly correlated smart alphas (please also refer to Typical Investor Question 10.6).

In our framework, we calculate smart alpha relative to the ST (or Enhanced ST) 
factor portfolios. Managers that deliver a positive ST factor-adjusted alpha, which 
is uncorrelated with the smart alpha of other selected managers, are candidates for 
inclusion in the portfolio. As an illustration, Table 10.1 presents a risk decomposition 
of a US large cap advanced quant manager's strategy against the five ST factor portfo-
lios. Apart from modest exposures to quality and momentum, which were significant, 
the manager had no other meaningful factor exposures. In fact, 93% of the total ac-
tive return of 4.06% and 85% of the total active risk was contributed by alpha. And 
the alpha of 3.76% per annum was statistically significant at the 1% level. This is the 
“quant smart alpha” that asset owners should seek.

Along similar lines, Table 10.2 shows an example of a risk decomposition of a 
fundamental manager benchmarked against the MSCI EAFE Index. This manager 
had no statistically significant smart beta factor exposures. The manager generated a 
highly impressive and statistically significant alpha of 4.67% per annum from sources 
other than smart beta factors. Once again, this is the “fundamental smart alpha” that 
asset owners should pursue.

Figure 10.6 provides a graphical summary of the manager selection and diversifi-
cation discussion.

Table 10.1  Example of Smart Quant Alpha: Russell 1000 Benchmark 

Advanced Quant Manager
ST 
Size

ST 
Value

ST  
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active 
Risk

             

Exposure 0.26 0.12 0.24 -0.12 0.11    

Contribution to Active Return 0.03 0.13 0.02 -0.05 0.17 3.76  

Contribution to Active Risk 0.02 0.06 0.15 0.04 0.06 1.85 2.18

Note: Figures in bold are statistically insignificant at the 5% level.
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Table 10.2  Example of Smart Fundamental Alpha: MSCI EAFE Benchmark 

Fundamental Manager
ST 
Size

ST 
Value

ST  
Momentum

ST  
Volatility

ST  
Quality Alpha

Total  
Active 
Risk

Exposure 0.06 0.06 0.10 0.22 0.21

Contribution to  
Active Return 0.00 -0.04 0.07 0.24 0.28 4.67

Contribution to  
Active Risk 0.00 -0.04 0.07 0.24 0.28 4.37 4.93

Note: Figures in bold are statistically insignificant at the 5% level.
Source: GSAM.

Figure 10.6  Manager Selection and Diversification Example 
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D. H ow to Size the Active Portfolio?

How should asset owners determine the allocations between smart beta and smart 
alpha? The answer to this question depends on the investment objectives of an asset 
owner. For instance, if the primary investment objective of the asset owner is to re-
duce the total volatility and drawdown of the portfolio, then a meaningful allocation 
to low-risk strategies would be required, whether such strategies are implemented 
through smart beta products or through active managers. In such instances, the sizing 
decision may well become a strategic allocation decision.

a.  Weighting by Active Risk Contribution

When the focus is on active returns and IR, various approaches may be followed to 
allocate between smart beta and smart alpha. One approach might be to choose an 
allocation that achieves a specific active risk contribution from smart beta and smart 
alpha. Typically, asset owners seek to outperform a given policy benchmark, subject 
to an active risk budget (e.g. 2%). The allocations to smart beta and smart alpha may 
be determined by distributing the active risk budget across these two components. 
For instance, a 25% active risk contribution (or 0.25 × 2% = 0.5% active risk) coming 
from smart beta and 75% (or 0.75 × 2% = 1.5% active risk) from smart alpha.

Application Example 10.1

A pension plan has a total active risk budget of 1.5% relative to the 
MSCI World policy benchmark. In assessing the allocations between 
smart beta and smart alpha, the plan's objective was to remain within 
the total active risk budget and achieve a 50% active risk contribution 
from smart beta and 50% from smart alpha. On the basis of the selected 
smart beta vehicles and a composite of smart alpha active managers, 
an analysis was conducted to determine the allocations between smart 
beta and smart alpha. This analysis, summarized below, showed that 
when 25% of assets were allocated to smart beta, the active portfolio 
remained close to its overall active risk budget, but the contribution 
to active risk from smart beta was only 15%. When 75% of assets 
were invested in smart beta, the objectives relating to the active risk 
contribution from smart beta and overall active risk budgets were not 
achieved. In this case, the plan would achieve its desired objectives by 
allocating 50% to smart beta and 50% to smart alpha.

Smart Beta Allocation (%)
Smart Beta Active Risk 

Contribution (%)
Overall Active Risk of  
Active Portfolio (%)

25 15 1.58
50 50 1.59
75 80 1.87

Source: GSAM.
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b.  Weighting by Active Risk

Another approach might be to target active risk parity in allocating funds across 
the various strategy buckets, as shown in Figure 10.7. Suppose an asset owner has 
four strategy buckets, namely, smart beta, quant smart alpha, fundamental smart 
alpha, and other smart alpha. If the four strategy buckets were constructed, such 
that they had the same active risk to the policy benchmark (e.g. 3%), then equal 
weighting the strategy buckets would achieve active risk parity in the active port-
folio. If equal active risk buckets cannot be constructed (e.g. focused managers 
tend to run high active risk), then the asset owner could weight the buckets by 
active risk. If correlations are reasonably stable over time across strategy buckets, 
then weighting by active risk may also result in similar active risk contribution 
over time.

c.  Ability to Find Smart Alpha

Allocations between smart beta and smart alpha may also be driven by consider-
ations relating to market efficiency and asset owners’ ability to find skilled active 
managers. For example, it may be more difficult to find skilled active managers 
in the US large cap space than in global Emerging markets or global small cap. 
Therefore, an asset owner may decide to assign a much higher allocation to 
smart beta for US large cap (e.g. 75%) compared to global Emerging markets 
(e.g. 25%).

The allocation between smart beta and smart alpha can also be determined using a 
variety of other methods, such as risk model-based optimizing. Figure 10.8 provides 
a graphical summary of the sizing discussion.

Figure 10.7  Weighting Strategy Buckets by Active Risk Example 
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E.  Summary

Our proposed framework, which is summarized in Figure 10.9, potentially generates 
more efficient overall portfolio structures because it introduces multiple layers of 
diversification in its design. Within the smart beta component, one layer of strategy 
diversification is offered by the choice of smart beta factors and their active return 
correlation attributes (please refer to Chapter 8). Another layer is offered by combin-
ing the selected smart beta factors with other strategies and investment processes 
that can be reasonably expected to offer additional diversification benefits in a mul-
tistrategy structure. Beyond strategy diversification, by focusing on lowly correlated 
smart alphas as well as the source of smart alpha (e.g. advanced quant and focused 
fundamental), asset owners will further ensure that additional layers of diversification 
are introduced in the active portfolio. For instance, the smart alpha of a focused fun-
damental manager should be uncorrelated or lowly correlated with the smart alpha 
of other focused managers, the smart alpha of advanced quant managers, and with 
the smart beta factors.

Figure 10.9  Summary of Proposed Structure 
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Application Example 10.2

A pension plan was seeking to reduce the total volatility and 
drawdown of the overall equity portfolio by having a meaningful 
allocation to minimum-variance (low-volatility) strategies. Since 
such strategies are quite unattractive in a benchmark-relative 
implementation (they have high tracking errors and low information 
ratios (IR)), the investment staff internally recommended that 
minimum-variance investing should be approached from a strategic 
asset allocation perspective. They argued for a respecification of the 
policy benchmark from MSCI World Index to 50% MSCI World Index 
and 50% MSCI World Minimum Volatility Index. The respecification 
of the policy benchmark would make tracking error and IR 
considerations irrelevant by shifting the focus to total risk reduction 
and Sharpe ratio improvement for the overall portfolio. In terms of 
implementation, the minimum volatility index would be replicated 
passively and/or used as a performance benchmark for active 
managers who are hired to implement low-volatility approaches.

IV. T ypical Investor Questions

10.1 H ow Are Investors Funding an Allocation to Smart Beta?

Depending on the perspective investors take on smart beta, the allocations could 
come from the passive, active or both components of the overall portfolio.

The allocation from the capitalization-weighted passive component to smart beta 
may be driven by various considerations. For instance, investors who view capitaliza-
tion weighting as being inefficient in some form allocate to smart beta from this com-
ponent. Such investors tend to view smart beta as an “alternative to passive.” However, 
in our experience, an alternative-to-passive perspective rarely leads asset owners to 
fully replace their capitalization-weighted policy benchmarks. Typically, for large asset 
owners, allocations to smart beta range between 5% and 25% of the passive allocation.

In other cases, some large plans have experienced considerable inflows over the 
last few years. These inflows have primarily been allocated to the passive compo-
nent, as the asset owners have been unable to find additional skilled managers or 
increase the allocations of existing managers for fear of diseconomies of scale. As 
a result, the passive component has grown over time to undesirably high levels. 
These asset owners are also using smart beta to reduce their passive allocation to 
more normal levels. Although the allocation to smart beta is coming from passive, 
these asset owners generally view smart beta as a high-capacity alternative to active 
management.
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Application Example 10.4

A Sovereign Wealth Fund (SWF) had most of its equity assets 
managed passively against their global equity benchmark. 
Recently, they decided to allocate to smart beta. They opted for a 
factor diversification strategy that targets a 0.75% tracking error to 
their benchmark. The SWF views the allocation to smart beta as an 
extension of their passive portfolio. The objective is to improve the 
performance of the extended passive portfolio by seeking to add  
50 basis points of extra return, net of costs, while limiting the 
amount of tracking risk.

Application Example 10.3

An investment consultant recommends that clients consider 
changing their policy benchmark by allocating a portion of their 
capitalization-weighted passive allocation to diversifying smart 
beta strategies, such as those that introduce value or low-volatility 
tilts. The respecification of the policy benchmark would lead to 
more diversification at the strategic asset allocation level, potentially 
resulting in more efficient (i.e. higher risk-adjusted returns) overall 
portfolio structures.

Application Example 10.5

A pension plan viewed US large cap as the most efficient segment 
of global equity markets with little or no opportunity to add value 
through active management. Therefore, the US large cap allocation 
historically was implemented entirely through passive investing. 
The plan's investment staff viewed smart beta as an opportunity to 
harvest additional systematic sources of long-term excess returns 
without deviating too much from the indexing (passive) philosophy 
toward US large cap. Given this perspective, they implemented 
a multifactor strategy through a transparent, rules-based index-
like approach, targeting a 1% tracking error to their US large cap 
benchmark. The strategy was licensed in the form of a model 
portfolio and implemented in-house by the plan, similar to the 
internal replication of the US large cap benchmark.
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Application Example 10.6

A few years ago, a large institutional plan had a 60% allocation to 
passive and a 40% allocation to active within the global public equity 
portfolio. As the plan grew in size, it was unable to find more active 
managers to allocate to. The plan also was unwilling to increase the 
allocations of most of their existing managers due either to concerns 
relating to diseconomies of scale or to unsatisfactory performance. 
Consequently, inflows were primarily “parked” in passive and the 
equity portfolio structure changed over time to almost 80% passive 
and 20% active. Smart beta presented an opportunity for the plan 
to reduce the passive allocation to more normal levels, while 
generating excess returns that were otherwise expected from active 
management.

Many asset owners also view smart beta as an “alternative to active.” In this 
approach, smart beta is typically used to replace “closet indexers” and/or “factor 
replicators,” that is, active managers who deliver either market-like returns and/or 
extra-market factor returns, while charging alpha fees. We reviewed several examples 
of such managers in Chapter 6 in our discussion of the risk decomposition of ac-
tive strategies. With the development of simple, rules-based, and cost-effective ap-
proaches to capturing factor returns, we believe such managers can be easily replaced 
with smart beta. Other asset owners, who either have been disappointed with their 
active managers or who do not have confidence in their ability to select skilled active 
managers, also are allocating to smart beta from the active component of the equity 
portfolio.

Smart beta may also be used as an alternative to active in other applications, such 
as in the structuring of various types of investment vehicles.

Application Example 10.7

Four mutual funds of an investment company were subadvised by 
external active managers. These mutual funds invested in a range 
of developed and emerging markets stocks. Although the active 
managers had high and significant exposures to common factors, 
their performance was disappointing, as negative contributions 
from stock selection (alpha) more than offset the positive excess 
returns emanating from factors. The investment company, therefore, 
decided to replace the active managers with smart beta factor 
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Application Example 10.8

An insurance company, offering subadvised international mutual 
funds in its product suite, views the median manager, not the 
underlying market index, as their primary performance benchmark. 
That is, for international equities, the primary objective is to beat 
the median manager in the Morningstar International Large Blend 
Category, and a secondary objective is to outperform the MSCI 
EAFE Index.

A risk decomposition analysis of the median manager active 
returns (e.g. please refer to Chapter 6) revealed that the median 
manager had no meaningful factor exposures and high and negative 
factor-adjusted alpha, which led to an overall underperformance 
relative to the MSCI EAFE Index. Given the historical evidence 
relating to smart beta factor performance, the insurance company 
viewed gaining efficient and diversified exposure to smart beta 
factors as a simple and cost-effective potential solution, compared 
to identifying active managers with above-average skill, for 
achieving its desired primary objective of outperforming the 
median manager.

strategies. Since the objective is to harvest long-term excess returns 
of factors, the investment company selected a highly diversified (i.e. 
low stock specific risk) multifactor strategy at the desired level of 
tracking error. In the process, the investment company also reduced 
the management fee by about 50% compared to the replaced active 
managers, thus significantly improving the economics of the 
underlying mutual funds.

Investors also use smart beta to complement their existing portfolios through 
exposure management and portfolio completion strategies. In this application, 
smart beta is used to mitigate undesirable factor exposures and/or gain exposures 
to additional factors. For instance, the composite active portfolio of an asset 
owner, which includes multiple active managers, may show that it has a positive 
exposure to value and quality and a negative exposure to momentum. The nega-
tive exposure to momentum may dilute overall portfolio returns, if momentum 
outperforms the market in the long run. Therefore, the asset owner could poten-
tially improve portfolio performance by mitigating or offsetting the undesirable 
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negative momentum exposure through a smart beta momentum overlay strategy, 
without excessive dilution of the value or quality exposure. Additionally, smart 
beta strategies may be considered when investors are unable to find an active 
manager to gain exposure to additional factors. For example, an investor may use 
a smart beta quality strategy to complement the existing value, momentum, and 
low-volatility active managers in order to enhance factor or style diversification 
within the portfolio. When investors use smart beta as a complement to the exist-
ing portfolio, the allocation to smart beta may come from the passive and/or the 
active component of the portfolio.

Application Example 10.9

An investment consultant offers a US large cap multimanager 
fund. At the time when the analysis was conducted, the fund 
consisted of seven active managers selected by the consultant on 
the basis of their stock selection skill and diversification potential 
within the fund. The fund had outperformed its benchmark by 
1.24% per annum over the last five years. An active return and 
risk decomposition of the fund's performance revealed that, net of 
factor exposures, the fund realized an alpha of about 1% per year. 
This result suggested that the consultant successfully identified 
active managers with some level of stock selection skill. However, 
the risk decomposition analysis also revealed that the stock picking 
activities of the active managers led to negative exposures to value 
and (low) volatility. These negative exposures detracted 1.2% of 
return per year from the performance of the fund. In other words, 
if the negative exposures to value and volatility were neutralized, 
through a smart beta overlay strategy, the fund's outperformance 
would have been 2.44% per annum, which is a significant 
improvement over the realized outperformance of 1.24% per 
year. These findings led the consultant to consider incorporating 
exposure management strategies using smart beta within the 
structure of the multimanager fund.

Application Example 10.10

A pension plan employed several active managers in the US large 
cap segment of the global equity portfolio. A risk decomposition 
of manager active returns showed that, for more than 80% of 
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the active managers, the primary contribution to active return 
and tracking error came from alpha. The plan's investment team 
had done a fantastic job at selecting skilled managers. At the 
composite level, the US large cap portfolio's active returns were 
also primarily driven by alpha. The portfolio had no meaningful 
exposures to smart beta factors, other than a modest exposure to 
quality. These results suggested that the plan could benefit by 
complementing the existing portfolio with additional smart beta 
factor tilts. The analysis conducted for the plan showed that even 
a modest allocation to a factor diversification strategy resulted 
in reasonable active risk reduction and IR improvement for the 
overall portfolio.

10.2 H ow Are Investors Structuring the Smart Beta Component of 
the Portfolio to Better Meet Its Various Applications?

In order to achieve various investment objectives, the allocation to smart beta is 
sometimes split between a core component and a satellite component, as shown in  
Figure 10.10. In the core component, a diversified static exposure to smart beta 
factors is sought. This component has a strategic perspective and its performance 
is assessed on a long-term basis. The satellite component is more tactical in na-
ture. It may be used by the asset owner to implement short-term market views or 
exposure management and portfolio completion exercises. For instance, an asset 
owner may have short-term concerns about declines or higher volatility in the US 

Smart Beta

Core Component
Strategic and Diversified
Exposure to Smart Beta

Factors

Satellite Component

Implement Tactical
Views on Markets and

Factors

Exposure Management
and Portfolio

Completion Activities

Figure 10.10  Core and Satellite Components of Smart Beta
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market. The asset owner may wish to put on a tactical low-volatility trade in the 
US. Also, the activities of the active managers may lead to negative or undesir-
able exposures to certain factors in the overall portfolio. The satellite component 
may be used to implement overlay strategies designed to mitigate these factor 
exposures.

10.3 I n Many Instances, the Active Risk and Return of the Overall 
Active Portfolio Ends Up Being Driven by Basic Equity Factors. 
What Considerations May Be Driving This Result?

In some cases, this is by design, such as when the asset owner selects active man-
agers based on their exposures to risk model-based risk factors. In other cases, it 
may potentially be because of the factor concentration problem identified by Kahn 
and Lemmon (2016) and Garvey et al. (2017). The way this problem manifests 
itself is as follows. The investment process of a typical active manager derives 
its active return and risk from exposures to basic factors as well as stock-specific 
risk. When individual managers, who largely assume stock-specific risk, but also 
have common exposures to basic factors, are combined, the contribution to active 
risk from basic factors in the multimanager portfolio increases because this risk 
is positively correlated across managers. As such, the multimanager portfolio pro-
portionally delivers more factor risk than the individual managers. For instance, 
Garvey et al. (2017) documented that, for US large cap long-only funds, when 
1,000 multimanager portfolios were generated, randomly combining five manag-
ers, the proportion of active risk explained by the factors (beta, size, value, and 
momentum) for the multimanager portfolios increased significantly compared to 
the proportion explained by the average of the five underlying funds. The increase 
in factor risk ranged from 1.2 times for value to 2.1 times for size. The authors 
argued that the much higher increase for size may be due to the fact that long-
only funds tend to have higher exposure to small stocks, while value funds may be 
counter-balanced by growth funds.

10.4 I n the Implementation of Smart Beta Investing, What 
Considerations May Lead Investors to Choose Either Smart Beta 
Public Indexes or Solutions Offered by Smart Beta Managers?

Smart beta public indexes are an important innovation for various reasons. First, 
they can be used to facilitate the policy-level passive implementation of smart beta 
investing. Second, they can serve as the performance benchmark for solutions offered 
by smart beta managers or for active style managers. And third, smart beta public 
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Application Example 10.11

The investment staff of a pension plan reviewed a number of smart 
beta strategies offered by index providers as well as investment 
managers, while considering an allocation to smart beta. The staff 
decided to implement the smart beta allocation through a public 
index solution. The index provider was well known and respected 
by the staff and the Board of Trustees, as the plan already used the 
index provider's capitalization-weighted market indexes as the 
policy benchmark. The staff felt that using a simple and transparent 
index solution would be better received and understood by the 
Trustees. The index provider's data feeds were well integrated into 
the plan's investment activities, making in-house implementation 
relatively seamless. Licensing agreements with the index provider 
were also in place and would cover the considered smart beta index, 
thus saving time and resources that would otherwise be spent in 
contract negotiations. Finally, a certain level of licensing fees for 
index products was already included and approved in the current 
operating budget.

Application Example 10.12

An SWF was considering an allocation to low-volatility investing. 
The SWF invited submissions for a Request for Proposal (RFP) from 
investment managers for smart beta low-volatility strategies. The 
RFP specified that the performance of smart beta managers would 
be evaluated against an MSCI Minimum Volatility Index. The 
investment objectives were outlined as: achieve similar or better total 
risk reduction compared to the market as the minimum volatility 
index, while delivering outperformance of 0.5% per annum with a 
tracking error of no more than 3% relative to the minimum volatility 
index over rolling three-year periods.

indexes are better suited to serve as the basis for creating structured products. In 
general, smart beta index solutions typically appeal to asset owners for whom simplic-
ity, transparency, and low cost are the driving considerations from a governance and 
implementation perspective.
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Application Example 10.13

A pension plan uses a fundamentally weighted index as the 
benchmark for active value managers. The plan does not view 
fundamental indexation as a better alternative to a capitalization-
weighted market portfolio, but does recognize it as a better value 
index compared to capitalization-weighted value indexes, such 
as the Russell or MSCI Value Index series. The investment staff 
at the plan is of the opinion that existing capitalization-weighted 
value indexes employ methodologies that result in a less efficient 
(capitalization weighting distorts the link between attractiveness 
based on value and security weights) and less diversified (indexes 
include only a subset of stocks from the parent universe) capture 
of value compared to fundamental weighting or value-weighted 
methodologies.

Smart beta public indexes also present some challenges for investors. One chal-
lenge relates to consistency of methodologies employed. Most public index strategies 
are based only on the standard market indexes of the index provider. This forces asset 
owners to use smart beta indexes with differing methodologies for various markets/
regions, such as Russell methodologies for the US market and MSCI methodolo-
gies for international and Emerging Markets. These methodological differences are 
more pronounced than those relating to capitalization-weighted market indexes cre-
ated by various index providers. Additionally, within an index family, some index 
providers do not use a consistent methodology for capturing factors. For example, 
an index provider may use multiple methodologies for capturing a single factor, 
such as value or low volatility. An index provider may also use different methodolo-
gies for capturing different factors, such as employing one methodology to capture 
value and a different methodology to capture momentum and quality. This results 
in asset owners having to understand and explain multiple methodologies and their 
differences to investment committees and boards. The differences can sometimes be 
quite subtle, which even the index providers have difficulty articulating in a clear 
and concise fashion.

Another challenge presented by smart beta public indexes is the lack of ability 
to implement factor exposures in a risk-controlled manner. In a benchmark-relative 
implementation, asset owners seek to gain exposure to common factors within the 
constraints of their tracking error budgets. Even though smart beta public indexes 
are typically conditioned on or derived from the underlying market benchmarks, the 
methodologies employed in most smart beta public index offerings do not allow for 
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tracking error targeting. The tracking error of these indexes is simply a by-product of 
the methodologies used.

Finally, some index providers create multifactor strategies by combining in-
dividual factor indexes based on different methodologies (that lead to different 
portfolio characteristics), typically in equal proportions. This simple combina-
tion of factor indexes potentially does not take full advantage of the active risk-
reduction and IR-enhancement benefits offered by factor diversification. Factor 
combination indexes created in this fashion may not take full advantage of turn-
over reduction opportunities provided by low cross-sectional correlation across 
factors.

Smart beta investment managers tend to provide more advanced, customiz-
able, and benchmark-aware solutions in order to distinguish their offerings from 
the public indexes. These solutions allow asset owners to select the policy bench-
marks relative to which common factor tilts are to be implemented. The poli-
cy benchmark could be a market index covering global equities, such as MSCI 
ACWI, or benchmarks covering segments of global equities, such as S&P 500 
Index, Russell 2000 Index, or MSCI Emerging Markets Index, or a custom policy 
benchmark, such as US All Cap ex. Tobacco and Firearms. The factor tilts are 
implemented relative to the investor-specified policy benchmark using a single, 
consistent methodology.

Smart beta nonpublic solutions, however, also present some challenges. In our 
experience, one significant challenge for investors is to figure out if an offered 
approach is truly smart beta or just active management disguised as smart beta. 
With smart beta investing gaining in popularity and assets, it is not surprising 
that many active managers, and not only quant managers, want to ride the smart 
beta bandwagon. For instance, some nonpublic smart beta offerings are based 
on proprietary processes, which are not fully disclosed. Some are highly concen-
trated strategies with very high turnover levels. And some charge fees, that are 
similar or even higher than traditional active management. To avoid investing in 
active strategies claiming to be smart beta, investors may find it useful to specify 
up-front what characteristics or features they view as essential in a smart beta of-
fering and to have the identified characteristics dictate the strategy screening and 
selection process.

In our experience, asset owners also tend to prefer investing with smart beta 
managers, as opposed to smart beta indexers, when they place a higher emphasis on 
more flexibility in implementing investment process enhancements. Additionally, 
large institutional asset owners, who are considering making a sizable allocation to 
smart beta, often are concerned about the potential for front-running and higher 
market impact costs associated with (more popular) public smart beta indexes. 
Such asset owners, therefore, also tend to prefer nonpublic, customizable smart 
beta solutions.
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Application Example 10.14

After more than three years of careful and extensive due diligence 
and analysis, a large asset owner decided to implement a smart beta 
program using investment managers as opposed to smart beta public 
index solutions. The asset owner wanted nonpublic, customized 
solutions that were tailored to their choice of policy benchmark, 
tracking error, and factor combinations. Additionally, the asset owner 
expected the smart beta allocation to grow considerably over time, and 
potential sizable dollar investments raised concerns relating to front-
running, execution delay, and market impact with regards to public 
index solutions. The asset owner, therefore, licensed the nonpublic 
smart beta strategies from investment managers and implemented 
them in-house. This structure provided the asset owner the high 
degree of flexibility and control over implementation that was sought.

10.5 W hat Challenges Do Investors Face in Adopting and/or 
Implementing a Smart Beta Program?

With regard to retail investors, the major challenge may be understanding smart beta 
investing. Indeed, for retail investors, smart beta can be more difficult to understand 
compared to a market index fund or an actively managed fund, which seeks to beat the 
market through stock picking. Education of clients, therefore, is perhaps the biggest 
hurdle in the widespread adoption and implementation of smart beta in the retail space.

For institutional investors, the challenges may revolve around various consid-
erations. For instance, historically, asset owners have delegated the responsibility 
for factor selection and allocation to active managers. The consideration of smart 
beta investing brings the factor selection and factor allocation decisions back to the 
investment staff, boards, and consultants of asset owners. It forces asset owners to 
assume responsibility for identifying the “right” factors and allocating investment 
funds across the chosen factors. These decisions are often viewed as difficult and the 
reluctance of asset owners to assume responsibility for them may become a hurdle to 
implementing a smart beta program. In other instances, the education of the board, 
which may consist of many trustees with limited investment knowledge and experi-
ence, sometimes becomes a hurdle.

Application Example 10.15

The investment staff of a pension plan viewed capitalization weighting 
as inefficient. They requested the board, which included several 
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noninvestment trustees, to consider complementing the existing 
capitalization-weighted policy benchmarks with fundamentally 
weighted indexes. This request led to deep philosophical and 
technical discussions at the board level regarding the drawbacks of 
capitalization weighting as well as the rationale for the proposed 
alternative solution. These discussions, which started more than two 
years ago, are still ongoing, as of this writing.

The implementation and monitoring of a smart beta program can also lead to 
serious and prolonged internal discussions. These discussions typically relate to which 
internal team, passive (index) or active, should assume responsibility for supervising 
a smart beta program. The active team may argue that they should have oversight of 
smart beta assets as smart beta is active. The index team may respond that smart beta 
is passive indexing and can be implemented in-house similarly to the replication of 
capitalization-weighted market indexes. As sizable allocations to smart beta are con-
sidered and discussed, the desire to retain or manage more assets invariably gives rise 
to heated debate and discussion. For some large asset owners, these internal sensitivi-
ties represent one of the major hurdles and can significantly delay the implementa-
tion of a smart beta program.

Application Example 10.16

After a prolonged period of internal discussion and debate between 
internal index and active teams, the investment committee of a large 
asset owner reached the view that (1) the selection and performance 
of smart beta strategies, relative to the policy benchmark, would 
be the responsibility of the committee and (2) the implementation 
would be the responsibility of the internal index team. To the extent 
that the performance of the active team is assessed based on the 
level of excess returns generated over short-term rolling periods, it 
was determined that their ability and willingness to stay the course 
when smart beta strategies undergo a prolonged period of market 
underperformance would be limited. The performance of the index 
team, on the other hand, is typically assessed on how closely they 
replicate or supervise the replication of a given smart beta strategy, 
and not on how it performs versus the policy benchmark. Therefore, 
the internal index team was deemed to be better suited to facilitate the 
long-term investment perspective, which the investment committee 
believes is needed to harvest factor premia.

Chapter 10  Structuring Better Equity Portfolios: Combining Smart Beta� 257

 



10.6 I n the Context of Portfolio Structuring, When Assessing 
Factor Exposures and Alpha, Why Is It Advisable to Conduct a 
Risk Decomposition Analysis Against the Implemented Smart 
Beta Solutions?

Asset owners typically use commercial risk models, such as Barra or Aximoa, to ana-
lyze the factor exposures of various active strategies and to construct portfolios with 
desired factor exposures. However, in portfolio structuring, since the basic objective 
is to choose strategies and managers that, when combined, deliver diversification 
benefits, in our opinion, this objective is more appropriately achieved by analyzing 
the factor exposures and correlation attributes using the smart beta strategies that are 
actually implemented, as opposed to risk model-based decompositions.

As discussed in Chapter 6 Typical Investor Questions 6.2 and 6.3, a risk decomposi-
tion analysis conducted using commercial risk models can sometimes show counter-
intuitive factor exposures. This typically happens because of mismatches between the 
active strategy and the risk model. The mismatches can arise from many sources. For 
instance, the factor set used may be different. That is, an active strategy may use a dif-
ferent factor set compared to the risk model, such as noninclusion of quality as a risk 
factor in a risk model, or inclusion of other risk factors, such as liquidity in a risk mod-
el. Factor definitions may vary. A risk model may define value as a cross-sectional book 
value-to-price ratio, while a smart beta manager may specify value as a industry-relative 
signal and/or as a composite of various valuation ratios. Different methods may be used 
to calculate factor scores. A risk model may use z-scores, whereas a manager may use 
ordinal ranks as the basis for calculating factor score. Some of these mismatches arise 
because the objective of a risk model is to identify and select factors that can predict 
ex-ante risk. That is, factors that can explain the cross-sectional variation in risk. In the 
design of smart beta and other active strategies, the emphasis is on factors and/or factor 
specifications that can predict expected returns and IRs. In other words, risk factors 
may be different from return factors, which can cause mismatches and counterintuitive 
exposures emanating from a risk decomposition analysis based on a risk model.

In addition, the inability of risk models to capture contextual relationships may 
sometimes lead to counterintuitive factor exposures. For example, an active strategy 
may be designed to take advantage of the finding that the low-volatility effect is 
stronger among small cap low-volatility stocks. Risk models generally do not capture 
such contextual returns. Finally, because of the reasons mentioned earlier, different 
risk models also often produce different exposures.

V.  Conclusion

In our assessment, current portfolio structuring practices provide little guidance on 
what sources drive active returns, which strategies may offer diversification benefits, 
and, for managers within strategies, which manager alpha asset owners should seek. 
To address these challenges, we have proposed a framework for structuring better 
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equity portfolios. This framework decomposes the traditional alpha into active re-
turns emanating from factor selection and smart alpha that goes beyond factor selec-
tion. In this structure, smart alpha is defined relative to the smart beta strategies that 
are actually implemented. In our opinion, asset owners should focus their strategy 
and manager selection efforts on the identification of smart alpha, not just any ac-
tive returns. Smart alpha can be found across strategies (e.g. quant and fundamental) 
and across managers within a given strategy. To the extent that smart alpha is uncor-
related with factor active returns and across strategies and managers, the proposed 
framework should deliver better overall diversification benefits compared to current 
practices, such as the traditional alpha-beta structure.
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Chapter 11
Incorporating ESG 

with Smart Beta
Investors have an increasing desire to reflect environmental, social, and governance 
(ESG) values and perspectives in their overall equity portfolios. In this chapter, we 
propose a framework for incorporating as well as combining ESG factors with smart 
beta investing. The framework emphasizes customization and transparency in perfor-
mance attribution, while maintaining some degree of benchmark-awareness.

Chapter Summary

•• Environmental, social, and governance (ESG) investing is one of the fastest growing 
areas within global equities.

•• In implementing ESG factors, some investors apply industry or stock-level ESG screens 
and/or tilts. Others prefer the integration of ESG within the investment process.

•• For investors who have yet to incorporate ESG considerations in their overall port-
folios, understanding the risk-return implications of ESG factors and their impact 
on other portfolio characteristics, such as turnover and diversification, remain  
important challenges.

•• We propose a framework that seeks to address these challenges for incorporating 
ESG factors.

•• With respect to ESG data, quantity is not an issue, but quality and relevance are. 
According to one study, 62% of all data surveyed had disclosure rates below 20%. 
Furthermore, 84% of ESG factors consisted of “binary” (yes or no) answers relating 
to ESG-focused policies. In our view, such factors are less useful in conducting cross-
sectional analysis of companies. Numeric metrics, which may be more useful for anal-
ysis purposes, are limited and 70% of such metrics had disclosure rates below 20%.

•• Despite these constraints, ESG data has improved over time, and coverage and dis-
closure rates are adequately high for many ESG factors to conduct reasonable analy-
sis. However, to the extent that ESG data is subject to a selection and a look-ahead 

 



bias, we believe that historical simulations should be approached with caution. In-
vestors’ focus should perhaps not be on active returns, but rather on other portfolio 
characteristics, such as active risk, turnover, and diversification.

•• The illustrated framework for incorporating ESG factors in the equity portfolio 
consists of two steps. In Step 1, two exclusionary screens are applied to a given 
universe: (1) Product Involvement screens, which exclude the stocks of companies 
engaged in the manufacture and distribution of certain products, such as contro-
versial weapons, small arms, and tobacco, and (2) Controversies screens, which 
exclude companies involved in ESG-related controversies. In Step 2, ESG tilts are 
applied to the screened universe to reflect additional objectives. As an example, we 
study the impact of incorporating a low emissions tilt, which seeks to reduce emis-
sions by 70% compared to the market.

•• The ESG Portfolios derived from the application of the two screens and the low 
emissions tilt resulted in an active risk of only about 1% relative to the corre-
sponding market benchmark in the US, World ex. USA, and Emerging Markets 
universes. The turnover of the ESG Portfolios was about 12% and these portfolios 
held at least 75% of the securities from the underlying universe.

•• When ESG investing is combined with smart beta a similar process is followed. In 
Step 1, exclusionary screens are implemented. In Step 2, smart beta factor tilts are 
applied to the screened universe by creating a multifactor strategy. And in Step 3, 
the low emissions overlay is implemented to construct an ESG-focused multifactor 
portfolio.

•• The historical performance of the analyzed ESG-focused multifactor portfo-
lios shows that factor tilts, when applied to a screened universe with reduced 
breadth, still deliver attractive after-cost active returns and information ratios (IR).  
Additionally, the application of the low emissions tilt does not meaningfully alter 
the risk-return profile and other portfolio characteristics of the smart beta multifac-
tor strategy.

I.  Introduction

According to a recent Bank of America Merrill Lynch report (2018), ESG has been 
one of the fastest growing strategies within the equity asset class, with an estimated 
increase in assets of over 50% per annum from 2013 to 2017. ESG factors are also 
increasingly being combined with smart beta factors. In implementing ESG factors, 
some investors employ industry- or stock-level screens to align their investments 
with their values. For instance, an asset owner may employ a custom policy bench-
mark that excludes certain industries, such as firearms and tobacco. This custom 
benchmark is then used as the portfolio construction universe for active managers. 
Other asset owners may create a list of restricted securities for their managers, such as 
companies associated with serious controversies surrounding labor abuse or bribery 
and corruption. And some asset owners may not employ any exclusionary screens. 
Instead, they may have a strong preference for hiring active managers that integrate 
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ESG factors into their investment process. These asset owners may not approach ESG 
investing necessarily from a values-alignment perspective. They may simply regard 
ESG factors as being important drivers of growth and risk prospects and, hence, of 
future company performance. As an example, the Bank of America Merrill Lynch 
study documents that 17 companies filed for bankruptcy during the period under 
review. Five years prior to bankruptcy, if investors had focused only on companies 
with above-average ESG scores, they would have avoided 15 of the 17 companies.

While the ESG adoption rate has been high in recent years, many investors still 
remain on the sidelines. These investors may have a desire to create ESG-focused 
portfolios, but may struggle to understand not only the risk and return consequences 
of such decisions, but also their impact on other portfolio characteristics, such as 
turnover and diversification. We illustrate a framework that seeks to address some 
of these considerations in implementing an ESG strategy as well as combining ESG 
factors with smart beta factors. However, we start with issues surrounding ESG data.

II. E SG Data

The quantity of ESG data is not an issue. Bingham et al. (2017) surveyed a number 
of third-party data providers and found a significant proliferation in ESG data over 
the past few years. One ESG database they surveyed expanded its data points be-
tween 2010 and 2017 from 1,200,000 to more than 6,000,000, a fivefold increase. 
Despite this proliferation in data, quality and relevance remain a concern. Bingham 
et al. (2017) report that for 300 total E&S metrics they evaluated, 62% had dis-
closure rates below 20%. Additionally, 84% of all data they surveyed consisted of 
“binary” (yes or no) answers to questions relating to certain ESG-focused policies, 
such as: Do you have a policy against the use of child labor? Such ESG data points 
offer limited information and are not useful in cross-sectional analysis of companies. 
Quantifiable, numeric metrics may be more useful. However, the disclosure rate for 
such metrics was found to be even lower than binary metrics by Bingham et al. 
(2017), as more than 70% of all numeric metrics had a disclosure rate below 20%. 
Of the top 25 most disclosed ESG metrics, only one was numeric. And only two 
numeric metrics, Total CO2 Emissions and % Women Employees, had disclosure 
rates of more than 50%.

Despite ongoing concerns relating to the quality and relevance of available ESG 
data, in the past few years, progress, nonetheless, has been made. Coverage and dis-
closure rates have generally increased over time. For many ESG metrics, disclosure 
rates across different regions of global equites are adequately high to conduct reason-
able analysis. According to Bingham et al. (2017), it is also interesting to note that, 
compared to the US, current disclosure rates are generally significantly higher for 
Europe and Australia/New Zealand and similar or higher for Japan and Emerging 
Markets. Further, we are also seeing a rapid increase in the availability of additional 
numeric metrics. Bingham et al. (2017) report that, between 2007 and 2015, nu-
meric metrics expanded by 120% compared to 68% increase for binary data fields.
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In our analysis, we use the Sustainalytics and Trucost databases. We study three 
universes, namely, US (Russell 1000 universe) and World ex. USA and Emerging 
Markets (MSCI universes). Reasonable-quality data, with adequate coverage and dis-
closure rates, starts in October 2009 for the US and World ex. USA universes, and 
from October 2011 for Emerging Markets. We highlight that, since data is voluntary 
and in some cases backfilled, the results we report are subject to a selection bias as 
well as a look-ahead bias. Therefore, in our opinion, the reported simulated histori-
cal performance should be interpreted with caution. In particular, the focus should 
perhaps not be active returns, but rather on other portfolio characteristics, such as 
active risk, turnover, and diversification.

III.  Incorporating ESG Strategies

We illustrate a framework for incorporating ESG strategies within the equity port-
folio. The strategies we discuss may be implemented within the active component of 
the equity portfolio or within the passive component. Indeed, for the vast majority of 
asset owners, the allocation to passive represents a significant portion of total funds 
invested in the equity asset class. Therefore, for ESG investing to make a serious im-
pact from a capital allocation perspective, an ESG focus needs to be embedded in 
the passive component as well. However, many asset owners and their boards may be 
reluctant to incorporate ESG considerations in their passive allocations for concerns 
that they may lead to large deviations relative to the market indexes currently used as 
policy benchmarks. In our framework, we aim to show that many ESG-focused strat-
egies, consisting of screens and/or tilts, may be incorporated in the passive component 
without assuming excessive tracking risk relative to market policy benchmarks. Ad-
ditionally, the ESG strategies can be customized to suit a specific active risk budget.

Our framework, which is depicted in Figure 11.1, consists of two steps. Starting 
with an asset owner-specified universe, in Step 1, certain ESG Exclusions are imple-
mented. The ESG Exclusions comprise of screens that exclude the stocks of compa-
nies involved in the manufacture and distribution of certain products and services 
as well as companies that are ranked “Severe” or “High” by Sustainalytics on con-
troversies relating to ESG issues. As an illustration, the Product Involvement screens 
that are implemented relate to controversial weapons, small arms, and tobacco. The 
screens we employ relating to ESG Controversies cover many areas, some of which 
asset owners may find as excessively stringent or not in alignment with the specific 
values they wish to reflect in their portfolios. However, we use these exclusions to 
highlight the impact on portfolio performance of comprehensive screens based on 
Controversies. As of October 2017, examples of companies that are ranked Severe or 
High by Sustainalytics on various ESG Controversies included:

•• Companies facing serious environmental controversies include Chevron for law-
suits relating to contamination of ground water as well as responsibility for pipeline 
spills, emissions incidents.
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•• Companies facing employee-related social controversies include Walmart for law-
suits relating to violations of labor rights, discrimination, and wrongful termina-
tions. Walmart is also linked to suppliers involved in labor abuses, such as forced 
labor, child labor, excessively long hours, and worker health and safety.

•• Companies facing customer-related social controversies include Johnson & John-
son for pharmaceuticals and medical devices safety incidents, Mastercard for regu-
latory scrutiny over its interchange fee structure, Alphabet for multiple anticom-
petitive investigations, and Merck for lawsuits regarding undisclosed side effects 
and safety of its products.

•• Companies facing governance-related controversies include Wells Fargo for 
creating 3.5 million customer accounts without their permission, Apple for  
scrutiny over tax avoidance, JP Morgan Chase for recurring allegations of sig-
nificant compliance breaches, and Walmart for numerous allegations of bribery 
and corruption.

Figure 11.1  Process Overview: Constructing ESG Portfolios

Controversies
• Environmental
• Social
• Governance

Product Involvement
• Controversial Weapons
• Small Arms
• Tobacco

Starting Universe

Low Emissions

Step 1
ESG
Exclusions

Step 2
ESG Tilts

ESG Portfolio
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In Step 2 of the process, various ESG Tilts are applied to the screened universe 
to reflect additional objectives. For illustration purposes, we implement a low emis-
sions tilt, which may be a relevant objective for those asset owners who wish to 
mitigate the current impact their investments may have on climate risk. We calcu-
late total emissions using two commonly used metrics: Scope 1 emissions occurring 
from sources owned or controlled by the company and Scope 2 emissions occurring 
from the generation of purchased electricity, steam, or heat consumed by the com-
pany. Total emissions are then scaled by market capitalization to create an emissions 
measure that facilitates comparisons across companies. The emissions measure, thus 
defined, becomes a signal, which is used to create an emissions-tilted portfolio us-
ing the signal-tilted (ST) methodology defined in Appendix 4.1 of Chapter 4. The 
use of this methodology makes the process of implementing an ESG-tilt consistent 
with how smart beta factor tilts are incorporated. Additionally, the methodology 
allows for the targeting of a specific tilting objective, such as a targeted reduction 
in emissions relative to the market, similar to how tracking errors are targeted in 
implementing smart beta factor tilts. The emissions tilt is reflected by overweight-
ing (underweighting) companies with low (high) carbon footprint. In our case, we 
implement a low emissions tilt that targets a 70% reduction in emissions compared 
to the market universe.

A.  Impact of ESG Exclusions

Table 11.1 shows the weight impact of ESG Exclusions across the three universes as 
of October 2017. In the US (Panel A), Total Product Involvement screens resulted 
in the exclusion of companies that accounted for 5% of the weight in Russell 1000 
universe. Total Controversies screens constituted 17.2% by weight. The weight  
impact of implementing the Product Involvement and Controversies screens  
in MSCI World ex. USA and MSCI EM universes is shown in Panel B and  
Panel C, respectively.

Table 11.2 reports the impact of ESG Exclusions on historical performance. In 
assessing historical performance, we use the same implementation cost assumptions 
we derived in Chapter 5, that is, 0.50% round-trip for the US, 0.80% for World ex. 
USA, and 1.50% for Emerging Markets. The application of the ESG screens resulted 
in an active risk relative to the corresponding benchmark of 0.81% in the US (Panel 
A), 0.64% in World ex. USA (Panel B), and 0.76% in Emerging Markets (Panel C). 
Across the three universes, the ESG Exclusions produced a turnover of about 10% 
and eliminated about 5% of the names.

B.  Impact of Low Emissions Tilt

In Table 11.3, a low emissions tilt, which targets a 70% reduction in emissions com-
pared to the corresponding market benchmark, is applied. Tilting the benchmark 
universe by emissions resulted in an active risk of 0.62% in the US and World ex. 
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Table 11.1  Exclusion Impact by Weight: Various Universes, as of October 2017

Weight (%)

PANEL A: Russell 1000 Universe  

Controversial Weapons 2.7

Small Arms 0.8

Tobacco 1.5

Total Product Involvement 5.0

Environmental Controversies 1.2

Social Controversies 8.9

Governance Controversies 7.7

Total Controversies 17.2

PANEL B: MSCI World ex USA Universe

Controversial Weapons 1.1

Small Arms 0.4

Tobacco 2.9

Total Product Involvement 4.4

Environmental Controversies 2.4

Social Controversies 4.1

Governance Controversies 6.6

Total Controversies 10.9

PANEL C: MSCI EM Universe

Controversial Weapons 0.3

Small Arms 0.0

Tobacco 1.2

Total Product Involvement 1.5

Environmental Controversies 1.1

Social Controversies 3.7

Governance Controversies 7.6

Total Controversies 11.9

Source: GSAM.
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USA and 0.48% in Emerging Markets. The turnover created by the tilt was about 
10% in the three universes and the tilted portfolios held around 80% to 90% of the 
names from the underlying universe.

C.  Combined Impact of ESG Exclusions and Low Emissions Tilt

In Table 11.3, the low emissions tilt was applied to the underlying benchmark uni-
verse. We now apply the emissions tilt, which still targets a 70% reduction in emis-
sions relative to the market benchmark, to the portfolios that incorporate the ESG 
Exclusions (Table 11.2). We refer to the resulting portfolios as ESG Portfolios. The 
backtested historical performance of the ESG Portfolios is reported in Table 11.4. We 
first note that the ESG Exclusions portfolios in the three universes had an emissions 
profile ranging from 88% relative to the market for Emerging Markets to 95% for 
the US. The application of the emissions tilt reduced the carbon footprint of the ESG 
Portfolios to 30% of market. In the US, it increased the active risk by only 0.24% 
(from 0.81% to 1.05%) and turnover by 3%, and reduced the number of names held 
by 14%. Similar changes in active risk, turnover, and percent of names held were 
recorded in the other two universes.

Some useful insights we gain from the characteristics of the ESG Portfolios are 
as follows. First, the application of ESG Exclusions, which screen out about 20% of 
the underlying universe, plus a low emissions tilt, that reduces carbon footprint by 
70% relative to the market, result in a combined active risk of only about 1% in the 
three universes. This amount of active risk for the ESG Portfolios may be viewed as 
quite reasonable for the level of ESG constraints that are incorporated. Second, the 
implementation of a low emissions tilt to the ESG Exclusions portfolios increased the 
active risk of the ESG Portfolios by about 0.20% only, whereas the low emissions tilt 
relative to the market introduced an active risk of about 0.50% or higher across the 
three universes (Table 11.3). This result is driven by the fact that active risk is not ad-
ditive (active risk squared is) and the ESG Exclusions and Tilted portfolios were not 
perfectly positively correlated. Third, the emissions tilt also resulted in only a small 
increase in turnover of 3% and the ESG Portfolios remained adequately diversified, 
holding 75% or higher of the securities from the underlying universe. Furthermore, 
the ESG Portfolios also can be customized to meet an asset owner’s risk budget. For 
instance, an asset owner may wish to implement the discussed ESG characteristics in 
the passive component of the equity portfolio and subject to an active risk constraint 
of about 0.50%. In our illustration, this may be achieved by excluding companies 
that rank only Severe on Controversies, as opposed to Severe and High, and targeting 
a lower level of emissions reduction, such as 50%.

D. P erformance Attribution

In our experience, many investors view the ability to attribute performance to the 
various ESG factors as an important and desirable feature of an ESG-focused pro-
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cess. Our building-block framework provides this ability by decomposing the con-
tributions to active risk and return made by each step of the investment process.  
Table 11.5 shows the performance attribution of the ESG Portfolios in the three uni-
verses. This table highlights that the active risk of the ESG Portfolios was largely driv-
en by the Controversies exclusions, as more than 55% of the active risk was explained 
by these screens. The low emissions tilt was the next largest contributor to active 
risk. The Product Involvement screens did not contribute much to active risk in the  
three regions.

Table 11.5  Performance Attribution of ESG Exclusions and Low Emissions Tilt: Various 
Universes, Periods Ending March 2018

Start Date
Active Return 

Contribution(%)

Active Risk 
Contribution 

(%)

Percent of 
Active Risk 
Explained

PANEL A: Russell 1000 
Universe

Oct-2009      

Product Involvement -0.22 0.12 11.6

Controversies 0.21 0.62 58.6

Low Emissions Tilt 0.19 0.31 29.8

ESG Portfolio 0.18 1.05 100

PANEL B: MSCI World 
ex USA Universe

Oct-2009

Product Involvement -0.16 0.04 4.1

Controversies 0.39 0.50 55.3

Low Emissions Tilt 0.14 0.37 40.7

ESG Portfolio 0.37 0.90 100

PANEL C: MSCI EM 
Universe

Oct-2011

Product Involvement -0.02 -0.02 -2.1

Controversies 0.33 0.72 78.3

Low Emissions Tilt 0.24 0.22 23.8

ESG Portfolio 0.55 0.91 100

Source: GSAM.
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IV.  Incorporating ESG with Smart Beta

Our proposed process for incorporating ESG with smart beta is depicted in Figure 11.2. 
As previously, in Step 1 of the process, ESG Product Involvement and Controversies 
Exclusions are implemented. In Step 2, desired smart beta factor tilts are applied to the 
screened universe. In our case, we apply value, momentum, volatility, and quality tilts 
through the construction of the signal-tilted (ST) Multi-Factor Portfolio (MFP) we dis-
cussed in Chapter 8. Finally, in Step 3, a low emissions tilt is applied to the ST MFP to 
derive the ESG-Focused MFP.

Figure 11.2  Process Overview: Incorporating ESG with Smart Beta

Controversies
• Environmental
• Social
• Governance

Product Involvement
• Controversial Weapons
• Small Arms
• Tobacco

Low Emissions

ESG-Focused MFP

Value Low VolatilityMomentum Quality

Step 1
ESG
Exclusions

Step 2
Factor Tilts

Step 3
ESG Tilts
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A. H istorical Performance of MFP Based on Market Index

Before we look at the historical performance of the ESG-Focused MDP, which incor-
porates the ESG screens and tilts, let’s briefly review the performance of smart beta 
factor tilts, for the time period under review, when applied directly to the underlying 
parent universe. This is shown in Table 11.6, which reports the simulated historical 
performance of the “MDPs Based on Market Index” in the various universes. Across 
the three universes, the MDPs generated IRs ranging from 0.64 in the US to 1.19 
in World ex. USA. The annual turnover varied from 12% in the US to 26% in 
Emerging Markets. The MFPs held about 80% of the names from the underlying 
parent universe in the US and World ex. USA, while this number was considerably 
lower in Emerging Markets at 47%. This is because in the construction of the MFP 
for the Emerging Markets universe we applied liquidity and other trading screens 
to improve the investability and capacity of the portfolio. Finally, we note that the 
emissions profile of the MFP was higher than the market in the US (120%), while 
it was lower than the market in World ex. USA and Emerging Markets (91% and 
83%, respectively).

B. H istorical Performance of ESG-Focused MFP

For the US, as reported in Table 11.7, when the factor tilts were implemented on the 
screened universe, the “MFP Based on ESG Exclusions” generated an after-cost active 
return of 0.85% and an information ratio (IR) of 0.52 for the period under review. 
The MFP generated a turnover of 14%, held 79% of the names, and realized an 
emissions profile of 112% relative to the Russell 1000 Index. The application of a low 
emissions tilt to derive the ESG-Focused MFP increased active risk by 0.09% and 
turnover by 2%, and reduced names held by 5% and emissions to 30% of the market.

For World ex. USA, the MFP Based on ESG Exclusions realized an IR of 1.12 
with a turnover of 18% and an emissions profile averaging 90% of market. The 
ESG-Focused MFP, which incorporates the low emissions tilt, reduced the carbon 
footprint to 30% of market, while adding 0.19% to active risk and 2% to turnover 
and reducing names held by 10%.

In Emerging Markets, the MFP Based on ESG Exclusions also realized an IR in 
excess of one with a turnover of 25% and an emissions profile of 72% of market. 
Similar to other universes, the application of a low emissions tilt resulted in marginal 
increases in active risk and turnover.

In comparing Table 11.6 and Table 11.7, we note the following. First, the cre-
ation of the MFP from the screened universe (MFP Based on ESG Exclusions in 
Table 11.7) resulted in slight increases in active risk across the three universes, when 
compared to the MFPs Based on Market Index (Table 11.6). This is to be expected, 
as ESG screens, which reduce the breadth of the underlying universe, introduce a 
higher level of tracking risk relative to the market index. Second, the MFPs Based 
on ESG Exclusions still generated respectable IRs that were similar to those of the 
MFPs Based on Market Index. Finally, a low emissions overlay, which targets a 70% 
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reduction in carbon footprint compared to the market, did not fundamentally al-
ter the risk-return profile and other portfolio characteristics of the MFPs Based  
ESG Exclusions.

B. P erformance Attribution of ESG-Focused MFPs

The impact of incorporating ESG factors alongside smart beta factors is shown in 
Table 11.8. Across the three universes, smart beta factor tilts contributed at least 80% 
to the active return. The active risk contributions for smart beta factors ranged from 
56% in the US to 75% in Emerging Markets.

V. T ypical Investor Questions

11.1 W hat Considerations Should Investors Keep in Mind in the 
Design and Implementation of ESG Strategies?

A good discussion of potential considerations for investors exploring ESG strategies 
appears in Alford (2018). In this article, Alford (2018) focuses on three main areas: 
ESG perspectives, implementation, and monitoring.

With regard to the perspectives that investors adopt in implementing ESG strate-
gies, Alford (2018) argues that investors could benefit from a better understanding 
of the various potential trade-offs involved. For example, the choice between two 
ESG implementation approaches—one that integrates ESG factors in the investment 
process and one that uses screens and/or tilts—may have different implications with 
regard to the interaction between ESG and non-ESG factors. In the case of an inte-
grated approach, ESG factors constitute one of the inputs, and not the only input, in 
the security selection process. Therefore, it is possible that a stock with a weak ESG 
profile may be included, or even overweighted, in the portfolio because it appears at-
tractive on other non-ESG inputs. In the case of screens and/or tilts, it is also possible 
that an undervalued stock, which represents an attractive investment opportunity, 
is excluded from consideration in the portfolio. Investors, therefore, would need to 
understand, and feel comfortable with, how ESG and non-ESG factors interact in a 
given implementation perspective.

In the implementation of an ESG strategy, Alford (2018) also discusses various 
considerations relating to the design of the investment process. For example, should 
the process focus on current performance, measured by the level of the ESG factor, 
or on the rate of improvement, as measured by the change in the ESG factor? Should 
the process evaluate companies relative to its industry peers or relative to a broad-
er universe? How should ESG metrics be scaled to facilitate meaningful cross-sec-
tional comparisons? Should the process be benchmark-aware and, if so, what active  
risk budget should be assigned to the ESG strategy? These are some of the consid-
erations that investors will have to form specific views on in considering an ESG 
investment process.
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Table 11.8  Performance Attribution of ESG-Focused MFPs: Various Universes, Periods 
Ending March 2018

Start Date
Active Return 

Contribution(%)

Active Risk 
Contribution 

(%)

Percent of 
Active Risk 
Explained

PANEL A: Russell 1000 
Universe

Oct-2009      

Product Involvement -0.22 0.04 2.4

Controversies 0.21 0.57 32.8

MFP Based on ESG  
Exclusions

0.87 0.99 56.7

Low Emissions Tilt 0.22 0.14 8.0

ESG-Focused MFP 1.08 1.75 100

PANEL B: MSCI World  
ex USA Universe

Oct-2009

Product Involvement -0.16 -0.06 -3.1

Controversies 0.40 0.40 19.6

MFP Based on ESG  
Exclusions

1.84 1.47 72.4

Low Emissions Tilt 0.12 0.23 11.1

ESG-Focused MFP 2.19 2.03 100

PANEL C: MSCI EM 
Universe

Oct-2011

Product Involvement -0.02 -0.04 -2.0

Controversies 0.33 0.37 19.8

MFP Based on ESG  
Exclusions

1.62 1.42 75.5

Low Emissions Tilt 0.10 0.13 6.7

ESG-Focused MFP 2.03 1.88 100

Source: GSAM.
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Finally, with regard to monitoring an ESG strategy, Alford (2018) outlines many 
challenges that investors potentially face. For instance, one possible challenge is the 
long and uncertain investment horizon required for evaluating ESG risks and perfor-
mance. Indeed, the performance impact of many ESG factors, such as climate risk, 
may not be fully visible for many years to come. Investors with a short-term perfor-
mance evaluation horizon may find it difficult to maintain confidence in an ESG 
strategy when it underperforms, even if such investors have a long-term philosophical 
belief in the strategy. Another potential challenge relates to performance attribution, 
which involves gaining a clear understanding of the risk and return contributions of 
various ESG factors. Investors typically use commercial risk models for evaluating 
portfolio risk and performance. However, such risk models currently do not include 
ESG factors. As such, they are often not useful in assessing the risk and performance 
impact of ESG factors. One solution to this problem entails building a custom risk 
model, which includes the relevant ESG factors. This solution is, of course, not fea-
sible for most investors. A much simpler alternative solution, suggested by Alford 
(2018), is to construct paper or hypothetical portfolios designed to isolate the impact 
of various ESG components in a given investment process. These paper portfolios 
could then be used to attribute active risk and return contributions coming from the 
ESG factors. The building-block framework we have suggested and outlined in this 
chapter follows the spirit of the solution proposed by Alford (2018). It is designed 
to facilitate an understanding and attribution of the performance impact of various 
ESG constraints in the overall portfolio.

11.2 D o Smart Beta Factors Have Varying ESG Characteristics, 
Such as Emissions Intensity?

In general, smart beta factors do have different exposures to various ESG factors. To 
the extent that individual smart beta factors may depict industry biases, they may also 
depict varying exposures to ESG factors. For instance, the construction industry may 
show higher employee injury rates than the banking industry. The retailing industry 
may be more exposed to certain controversies, such as child labor and labor abuse 
through its supply chain, than the insurance industry. Specifically with regard to 
greenhouse gas emissions, smart beta factors, such as value, that favor industries, such 
as utilities and energy, may depict a much higher emissions profile than the market. 
This is shown in Table 11.9. This table reports the average emissions relative to the 
market experienced by individual smart beta factor portfolios used to construct the 
MFPs Based on Market Index in Table 11.6. Across the three universes, we note that 
the value portfolios had a considerably higher carbon footprint than the market. On 
the other hand, the quality portfolios had a much lower carbon footprint of around 
30% of market.

These results have important implications for how investors should assess the ESG 
profile of their overall equity portfolios. Consider the following situation. A US pub-
lic plan implemented a low-emissions strategy, which sought to reduce emissions  
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Table 11.9  Emissions Profile of Individual Smart Beta Factors: Various Universes, 
Periods Ending March 2018

Start Date
Average Emissions Relative 

to Market (%)

PANEL A: Russell 1000 
Universe

Oct-2009

Value 241

Momentum 96

Low Volatility 127

Quality 31

MFP Based on Market Index 120

PANEL B: MSCI World  
ex USA Universe

Oct-2009

Value 179

Momentum 71

Low Volatility 91

Quality 33

MFP Based on Market Index 91

PANEL C: MSCI EM 
Universe

Oct-2011

Value 161

Momentum 79

Low Volatility 116

Quality 24

MFP Based on Market Index 83

Source: GSAM.

relative to the market by around 60%. The plan then proceeded to allocate an amount 
equivalent to that invested in the low-emissions strategy in a specific low-volatility 
strategy. The chosen low-volatility strategy had an emissions profile 40% higher than 
the market, thereby undoing most of the emissions reduction targeted by the low-
emissions strategy. Similarly, in our experience, it is not uncommon to find that one 
strategy or component of the overall portfolio often negates the ESG benefits sought 
by another strategy or component of the portfolio. For instance, it may be that inves-
tors seeking to reduce their carbon footprint through the implementation of an ESG 
strategy may have a strong value-bias in the rest of their portfolio. These situations 
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highlight that investors should ascertain the ESG factor exposures of various imple-
mented strategies in order to gain a better understanding of the ESG profile of the 
overall portfolio.

11.3 W hen ESG Is Combined with Smart Beta, Isn’t There 
Potential for ESG Factors to Dilute the Smart Beta Factor Tilts?

Yes. However, we believe this should not be viewed as a problem if the primary 
objective of a combined strategy is to reflect certain ESG characteristics in the final 
portfolio. For instance, the ESG-Focused MFPs illustrated in Table 11.7 incorporate 
the desired ESG exclusions as well as emissions reduction. This is why in our pro-
posed process we start with the ESG screens (Step 1 in Figure 11.2) and end with 
the emissions overlay (Step 3 in Figure 11.2) in order to ensure that both constraints 
are reflected in the final portfolio. The cost of incorporating various ESG constraints 
may well be some level of dilution of certain smart beta factor tilts. However, from 
Table 11.8, we also note that, when ESG factors were included, the active return and 
risk of ESG-Focused MFPs was still primarily driven by the smart beta factor tilts.

VI.  Conclusion

In this chapter, we have used a simple framework to show that many ESG-focused 
strategies, comprising of screens and/or tilts, may be incorporated in the passive com-
ponent of the equity portfolio without assuming excessive tracking risk relative to a 
given market policy benchmark. Additionally, ESG investing can also be combined 
with smart beta investing. Indeed, investors can incorporate ESG considerations in 
a smart beta multistrategy without fundamentally altering its risk-return profile. Fi-
nally, an ESG focus also can be incorporated in a customized fashion to suit a specific 
active risk budget.
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Chapter 12
An Alternative to 

Hedge Fund Investing: 
A Risk-Based Approach

Oliver Bunn1 
Vice President, Goldman Sachs Asset Management

I. I ntroduction

By virtue of their lack of investment constraints relative to traditional equity and fixed 
income managers, hedge funds have produced positive, diversifying returns for more 
than 20 years.2 Investors have therefore used hedge funds to complement core equity 
and fixed income allocations with the expectation that this will result in an increase 
in overall portfolio efficiency. However, investing in hedge funds presents a distinct 
set of challenges for investors, notably liquidity restrictions, potential lack of transpar-
ency into the investment strategy, extensive due-diligence requirements as well as their 
fee structures. In the context of public equity market mutual funds, one response to 
some of those challenges has been to passively track a representative market bench-
mark. Unfortunately, the concept of the market portfolio as a representative benchmark, 

1 Mr. Stephan Kessler contributed to this chapter while employed at Goldman Sachs Asset 
Management.
2 Hedge fund returns—as measured by the HFRI Fund Weighted Composite Index—returned 
a Sharpe ratio of 0.61 and an information ratio versus equities of 0.51 from September 1997 
until September 2017, illustrating their ability to deliver strong returns in excess of the equity 
risk premium.
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founded in the Capital Asset Pricing Model (CAPM) and Efficient Market Hypothesis 
(EMH), does not exist with hedge funds. Against this background, this article discusses 
an alternative to hedge fund investing. Informed by techniques from other asset classes, 
it outlines a factor-based approach to identifying the systematic risk exposures taken 
by hedge funds. These economically intuitive factors based on academic research are 
well-defined, liquid and can be implemented at relatively low cost. A portfolio of these 
systematic factors can provide investors with access to a hedge-fund-like return profile.

There are several reasons why a representative market benchmark does not exist 
for hedge funds. Leaving aside the fact that there is hardly a consensus definition of 
what a hedge fund is, it is impossible to passively track a benchmark representative of 
the entire hedge fund universe because of, among other issues, coverage restrictions 
of hedge fund data sources and investment frictions. On the one hand, hedge funds 
may report information to one or more of multiple hedge fund databases at their sole 
discretion, with the result that each database, and all databases collectively, provides 
only a partial representation of the hedge fund universe. On the other hand, the in-
vestment frictions associated with hedge funds (e.g. lockups, minimum investment 
amounts) and extensive due-diligence requirements represent significant barriers to 
initiate and maintain coverage of any sizeable and diverse portfolio of hedge funds, 
therefore posing further challenges to a passive investment approach.

Given the lack of a viable hedge fund benchmark for investors to track passively, 
the question arises—is there a case to be made for a select portfolio of hedge funds 
instead. Investors may naturally strive to select those hedge funds that consistently 
and persistently produce diversifying and positive returns. In practice, the lack of 
transparency not only in the investment strategy but also in the reporting of hedge 
fund performance, positions, and attribution (which is often voluntary with no 
clearly defined standards in existence), can make it difficult to distinguish luck from 
skill. Additionally, this article quantifies the lack of performance persistence among 
hedge funds on a year-on-year basis. As outlined in Section II.B, out of the top 20% 
funds in terms of past-year performance, only 29% of funds are found to be able to 
repeat this placement in the next year. This is in line with the academic literature on 
hedge fund manager performance persistence, as summarized for example by Agar-
wal et al. (2015) and Eling (2009). While there may be a degree of persistence over 
a shorter-term horizon, that is, periods of six months or less, this literature finds that 
the evidence for persistence becomes much more challenged over intermediate- to 
long-term horizons. This in turn implies that even if a hedge fund investor can con-
tinuously identify successful individual hedge funds ex ante they would be required 
to turn over their portfolio quite frequently. Additionally, subscription/redemption 
cycles as well as manager relationship constraints present material implementation 
challenges, leaving only potentially the most sophisticated investors with sufficient 
expertise and resources to dynamically adjust these types of portfolios.

The alternative investment approach proposed in this article acknowledges both 
the lack of a representative market benchmark as well as the challenges around main-
taining a well-performing select portfolio of hedge funds. In order for investors to 
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manage the dispersion in the performance of individual hedge funds, it argues in  
favor of a sufficiently diversified universe of hedge funds. While individual hedge 
funds may be highly idiosyncratic in their investment styles and resulting return 
profiles, such broadly diversified portfolios of hedge funds exhibit a higher degree 
of stability when it comes to the drivers of their return evolution over time. The 
discussed portfolio construction approach argues in favor of inferring such return 
drivers using systematic factor exposures of hedge funds, instead of the creation of 
large portfolios of direct hedge fund holdings. This study is grounded in the work 
of Fama and French (1992) on cross-sectional equity pricing and of Sharpe (1992) 
on asset-class factor models, Fung and Hsieh (1997, 2001, 2004), and Agarwal and 
Naik (2000a, 2000b, 2004), among others, that have pioneered this type of analysis 
of systematic return drivers for hedge funds.

The well-defined, liquid and relatively low-cost factor exposures we employ fall 
into two categories, traditional and alternative risk premia. Traditional risk premia 
are individual “long only” market factors (betas), such as equities or fixed income. Al-
ternative risk premia are defined as collections of investment rules and strategies that 
are often employed by hedge funds that can be implemented using liquid financial 
instruments and therefore have similar liquidity as traditional market factors. Particu-
larly through its emphasis on alternative risk premia, the suggested methodology ac-
complishes enhanced tracking of the performance of a broad portfolio of hedge funds 
in comparison to, for example, Hasanhodzic and Lo (2007) or Hill et al. (2004). 
Liquid access to these two categories of risk premia in an investment vehicle provides 
advantages over portfolios of individual hedge funds, and potentially even over in-
vestments in fund-of-hedge funds, such as liquidity, affordability, transparency, and 
clear return attribution. A portfolio of these two categories of risk premia could be 
the solution for investors concerned about the challenge of performance consistency 
of portions of their hedge fund universe. Another advantage of such an investment 
approach is that it leaves open the possibility of investors to complement their portfo-
lios with investments in specifically selected individual high-conviction hedge funds.

Individual high-conviction hedge funds might indeed be delivering attractive re-
turns over and above the performance of traditional or alternative risk premia. This 
raises an important caveat about the investment approach to make the traditional 
and alternative risk premia exposures of hedge funds available to investors, as it does 
not provide access to the “unexplained” portion that may be present in the hedge 
fund universe beyond these systematic factor exposures. However, as outlined in Sec-
tion IV.A, only 16% of the return of the hedge fund universe constructed for our 
analysis can be attributed to this unexplained portion. In turn, 84% of the return 
of the universe can be provided to investors by means of traditional and alternative 
risk premia. This percentage is not only due to static exposures to these risk premia 
but also captures time variation of hedge fund exposures to such risk premia, as the 
discussed methodology updates at regular intervals. Overall, the high degree of hedge 
fund performance capture translates into a correlation of 93.5% to the return time 
series of the underlying hedge fund universe.
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While the proposed investment approach might represent a remedy for investors 
to the noninvestability of a hedge fund benchmark, it is important to note that it 
behaves very differently from a passively tracking benchmark portfolio in the realm 
of, for example, public equity markets. Notwithstanding the very nonpassive nature 
of the risk premia, particularly the alternative risk premia, the difference between the 
well-defined and liquid nature of the factors and the opaqueness and illiquidity of 
some hedge fund investment strategies will necessarily lead to a degree of tracking 
error. In the specific case of the proposed alternative to hedge fund investing, the 
tracking error amounts to approximately one third of the volatility of the hedge fund 
universe benchmark, per backtested analysis.

This document is structured as follows: Section II presents a more detailed intro-
duction into the universe on which we base this analysis. We then analyze hedge fund 
performance persistence and elaborate on the similarities of portfolios of hedge funds 
of different sizes compared to the overall hedge fund universe. In Section III, we pres-
ent the set of traditional and alternative risk premia that allow us to identify the system-
atic drivers of hedge fund performance and discuss the weight estimation framework 
to allocate to those premia to emulate the risk-return characteristics of hedge funds in 
liquid form. Section IV discusses the efficacy of the discussed weight estimation proce-
dure. It further presents an explicit return and risk decomposition of overall hedge fund 
returns into traditional risk premia, alternative risk premia as well as an unexplained 
component. Section V complements the analysis with a cross-sectional analysis of the 
evolution of fees and liquidity of hedge funds. It also presents an outlook on the role 
that liquid tracking might be able to play against the background of recent develop-
ments in the hedge fund universe. Finally, Section VI concludes with a perspective 
on the broader universe of liquid alternative investment vehicles that has emerged in 
recent years.

II.  Benefits of a Diversified Portfolio  
of Hedge Funds

In this section, we focus on the hedge fund dataset that is at the core of the subse-
quent analysis of systematic performance drivers. We first describe the construction 
of the proprietary aggregate hedge fund data set and review its current and historic 
properties such as number of funds and assets under management.

We then focus on an analysis of performance persistence and highlight the lack 
thereof on a year-on-year basis. This lack of persistence suggests that hedge fund 
investors aiming at selecting top performing hedge funds would have to rebalance 
hedge fund portfolios more frequently and to a larger extent than is practically fea-
sible, a concern that hedge fund investors may address by increasing their hedge fund 
portfolio’s diversification.

However, another finding in this section is the degree of convergence between 
hedge fund portfolios and the overall studied hedge fund universe, even for hedge 
fund portfolios with a limited number of individual funds. Paired with the persistence 
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result, this finding is the fundamental justification for the use of a broad and diverse 
set of hedge funds and their corresponding investment strategies to draw inferences 
about systematic hedge fund return drivers.

A. H edge Fund Universe

We source hedge fund information directly from hedge fund database providers. 
Hedge funds or their management companies3 typically provide information about 
hedge-fund-level monthly returns as well as assets under management (AUM) on a 
monthly basis, paired with a host of more qualitative information such as classifica-
tion or their fee structure.

The universe of hedge funds this study is based on is constructed from data pro-
vided by two hedge fund database providers, Hedge Fund Research, Inc. and Bar-
clayHedge, LLC. As of December 2017, these two databases provide us with access 
to close to 14,000 hedge fund time series.4 As found in Joenvaara et al. (2016), these 
two databases exhibit a high degree of complementarity. In order to ensure compara-
bility of the hedge fund return time series, we restrict attention to US$-denominated 
return time series and require all return information to be reported net of all fees. 
Using a proprietary merging algorithm,5 we then construct a point-in-time represen-
tation of the hedge fund universe from the filtered raw information available from 
the hedge fund data providers.6 Using this merging algorithm allows the analysis to 
be driven by a more comprehensive universe of hedge fund strategies while reducing 

3 Disclosure to hedge fund databases is voluntary and one might express concerns about the 
selection bias inherent in hedge funds or their management companies deciding to be included 
in a hedge fund database or not. Reasons for reporting hedge fund returns to a database are 
manifold and include, amongst others, increased publicity, requests by investors or a perceived 
higher institutional quality. Implementing the methodology on as broad a hedge fund universe 
as possible makes the results robust to individual hedge fund managers stopping to report their 
returns and abates some concerns about the data’s comprehensiveness.
4 Note that the approximately 14,000 time series include the overlap of funds reporting to both 
databases as well as, for example, multiple share classes being reported for individual funds.
5 The algorithm groups time series that exhibit a high degree of commonality to limit 
duplication. This way, we ensure that specific hedge fund’s returns are not disproportionately 
represented in the universe by virtue of their reporting style or their reporting to both databases 
simultaneously.
6 As we have access to point-in-time files from the database providers, we can rely on their 
information about hedge funds as being available at historic points in time to construct our 
aggregate database, which addresses concerns about survivorship biases. Prior to 2009, we 
rely on so-called graveyard files, which contain information about funds that no longer report 
to a database, to derive approximations of point-in-time available information to counteract 
survivorship bias. We further address concerns about backfill bias by using hedge fund database 
inclusion dates to accurately reflect when a specific fund’s information became available 
through either of the two database providers.
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noise in the analysis due to double-counting entries, which appear multiple times 
across both databases.

Exhibit 12.1 shows the number of funds as well as the total AUM of this universe. 
For the past 10 years, its coverage in terms of the number of funds has remained fairly 
steady at around 3,500 funds, which, according to the Hedge Fund Research Inc. 
(HFR) Global Hedge Fund Industry Report from the third quarter of 2017, repre-
sents slightly less than half of the number of funds commonly considered to be in the 
hedge fund universe. In terms of AUM, the universe has declined in the aftermath of 
the Global Financial Crisis, but has been steadily increasing since then. It now stands 
at around $1.7trn, which, as with the number of funds, is approximately half of the 
overall AUM managed within the hedge fund industry.7

In line with the results from Exhibit 12.1, the average AUM across hedge funds 
dipped by around $100mn during the Global Financial Crisis in 2008, but has sub-
sequently increased and now sits at two and a half times the level of the average AUM 
post-Global Financial Crisis (Exhibit 12.2). While the median AUM generally co-
moves with the average AUM, it is worth pointing out that it is noticeably less than 
$100mn. When contrasting the median and the average, it becomes apparent that 
the average is skewed by the presence of a few high-AUM funds, which overpowers 
the presence of a substantial number of smaller AUM funds.

When constructing aggregate hedge fund return time series from individual 
hedge fund information, there are typically two main weighting approaches, AUM-
weighting and equal weighting. In contrast to AUM-weighting, equal weighting has 
the benefit that the composition of the overall hedge fund universe is not dominated 

7 This representation of AUM coverage considers the AUM coverage of the hedge fund 
universe captured by our database in relation to estimates about the overall size of the hedge 
fund universe from the 3Q 2017 HFR Global Hedge Fund Industry Report.

Exhibit 12.1  Number of Funds and Total AUM of Hedge Fund Studied Universe
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by a few very large hedge funds, which is an imminent concern provided the evidence 
from Exhibit 12.2.8 Relatedly, equal weighting implies that our return representa-
tions capture all size segments of the hedge fund universe comprehensively. This is 
particularly relevant in the context of the complexities for hedge fund investors to 
perform hedge fund due diligence on a large set of hedge funds. Equal weighting has 
the advantage of providing access to a diverse set of smaller-capitalization funds that 
investors might otherwise find difficult to subject to a thorough and comprehensive 
due diligence procedure.

Another key component of the hedge fund universe construction in addition to 
equal weighting is a “bottom-up” process of grouping hedge funds. Instead of con-
sidering the universe of hedge funds as a single abstract average of all available return 
time series, we break the universe down according to common hedge fund invest-
ment styles. These styles represent selections of hedge funds from the overall universe 
that generally are still broad and diversified, but are more homogeneous than the 
overall universe in that they share certain investment characteristics. These styles then 
enable us to develop an understanding of the systematic drivers of their returns, 
which we subsequently aggregate back to the overall hedge fund universe.

8 Despite concerns about differences in concentration between an AUM-weighted and 
an equally weighted aggregate hedge fund return time series, it should be noted that these 
two construction approaches result in fairly highly correlated aggregated return time series. 
Comparing the HFRI Asset Weighted Index (AUM weighted) to the HFRI Fund Weighted 
Composite Index (equally weighted) over the maximum available overlapping time period 
from December 2007 until November 2017, it becomes apparent the two time series are 
92.7% correlated with a Root Mean Square Error (RMSE) of 2.3%. For more information 
about the two hedge fund indices, please refer to the Hedge Fund Research Inc. website,  
www.hedgefundresearch.com.

Exhibit 12.2  Median and Average AUM of Hedge Fund Studied Universe  
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Commonly considered aggregations of hedge fund styles are Equity Long Short, 
Macro, Relative Value, and Event Driven. Hedge Fund Research Inc. generally char-
acterizes these four aggregations, which we will refer to as categories, as follows:9

1.	 Equity Long Short:
This category contains hedge funds, whose exposure—both long and short—is pri-
marily in equities. These funds employ a variety of investment styles, ranging from 
quantitatively to fundamentally driven approaches.
2.	 Macro:
The Macro category represents funds, whose investment process and resultant  
exposures to a broad set of different asset classes is predicated on movements 
in underlying economic variables. Investment theses are based on a variety of 
discretionary or systematic techniques.
3.	 Relative Value:
Hedge funds in this category take positions across different asset classes in order to 
exploit valuation discrepancies in the relationship between multiple securities.
4.	 Event Driven:
Hedge funds in this category establish exposures to companies currently or pro-
spectively involved in corporate transactions. The types of such exposures cover the 
whole spectrum of the corporate capital structure.

Exhibit 12.3 shows the relative proportions of these categories in December 2017. 
Equity Long Short hedge funds make up almost 50% of the universe, while Macro 
hedge funds make up between a quarter and a third. The remainder is split approxi-
mately two thirds to one third between Relative Value and Event Driven hedge funds, 
respectively. This relative composition of the overall universe does not change much 
over time. In fact, the average month-on-month change across the weights to all four 
categories amounts to only slightly below 0.8%. 

B. P ersistence of Hedge Fund Performance

Having established the hedge fund dataset, we now turn to the analysis of performance 
persistence. In order to gain a high-level insight into potential performance persistence, 
we consider return aggregates for the four main categories of the hedge fund universe.  
Exhibit 12.4 shows the annual performance of each of these four categories and ranks their 
performance from 2003 through 2017. While there may have been a certain degree of sta-
bility in the very first years of the sample, the ranking of the categories subsequently changes 
dramatically year over year. The Macro category, for example, jumps from the bottom per-
former in 2009 and 2010 and again in 2012 and 2013 (0% in each year) to being the second 

9 Hedge Fund Research, Inc. provides information about hedge fund indices and descriptions 
of common hedge fund investment styles on their website, www.hedgefundresearch.com. The 
summaries for the four hedge fund categories source information from these descriptions.

 

http://www.hedgefundresearch.com


Chapter 12  An Alternative to Hedge Fund Investing: A Risk-Based Approach� 291

Exhibit 12.4  Annual Hedge Fund Category Performance 
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Exhibit 12.3  Weighting of Individual Hedge Fund Categories in Studied Universe 
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best performer in 2011 (−3%) and even the top performer in 2014 (+6%) before dropping 
again in 2015 and 2016. Equity Long Short is never the worst performer after 2011 but 
it alternates year by year between top and third strongest performer. Overall, there is little 
evidence of performance persistence on this fairly high aggregation level of the four hedge  
fund categories.
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In order to more accurately reflect the challenges in assembling a hedge fund 
portfolio, we complement this high-level analysis with a fund-level analysis of persis-
tence. Corresponding results in the academic literature are mixed. Agarwal and Naik 
(2000a, 2000b), and Amenc et al. (2003), as well as Bares et al. (2003), for example, 
have established evidence in favor of performance persistence for shorter periods up 
to a quarter. Ter Horst and Verbeek (2007), Boyson (2008), and Eling (2009) provide 
a more nuanced perspective that is supportive of performance persistence for shorter-
term periods up to six months but regard the evidence for intermediate- to longer-
term horizons as more challenged. These intermediate- to longer-term results are in 
line with Brown and Goetzmann (2003), Capocci and Huebner (2004), Capocci  
et al. (2005), and Malkiel and Saha (2005).

Acknowledging the practical complexities in adjusting hedge fund portfolios 
dynamically, this analysis focuses on an annual period to evaluate performance per-
sistence in single hedge funds. For each year from 2003 until 2015, we sort all 
hedge funds that have reported returns throughout the entire year into performance 
quintiles. We subsequently measure the performance over the following year and 
apply another quintile sort. For the following year’s performance, we however need 
to be mindful that hedge funds may no longer report returns to the hedge fund 
database providers. This may be driven by, for example, fund restructurings or liqui-
dations. For this reason, the ranking in the subsequent year also contains a column 
termed “NR,” which stands for “Not Reporting.” This column reflects those funds 
that have stopped reporting returns at some point throughout the subsequent year.

Exhibit 12.5 contains 55,727 observations from 2003 until 2016. For each row, 
the different columns show how likely a fund is to end up in the respective perfor-
mance quintiles in the following year.10 For example, for a fund that is initially ranked 
in the third quintile, there is a 13% likelihood that it will be in the first quintile in the 
subsequent year and an 18% likelihood that it will be in the second quintile. High 
performance persistence would be demonstrated by the diagonal elements of this 
matrix being an order of magnitude larger than the off-diagonal elements. While we 

10 Each element in this matrix is the average over the transition likelihoods for all initial sorts 
from 2003 to 2015.

Exhibit 12.5  Transition Matrix for Performance Quintiles of Individual Hedge Funds 
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find some very limited evidence for this effect for the very best and worst performing 
hedge funds in the initial year ranking, instability abounds and one even observes 
evidence of mean reversal of returns in the extreme quintiles.

As a matter of fact, the probability of starting off in quintile 1 and ending in the 
worst performing quintile is the second highest probability after staying in quintile 
1. The same holds true for the worst performer where moving from quintile 5 to 
quintile 1 in the following year has the second highest probability after remaining at 
the bottom. Generally, in contrast to the required pattern to establish performance 
persistence, each row in Exhibit 12.5 actually displays a much more pronounced 
tendency towards a uniform distribution of likelihoods across the different quintiles. 
Overall, Exhibit 12.5 confirms the lack of unified evidence in the academic litera-
ture of performance persistence in single hedge funds once one imposes a minimum 
evaluation time period.

Another point to note about Exhibit 12.5, which is problematic for the selection 
of portfolios consisting of only a few individual funds, is the high likelihood of a fund 
not reporting 12 months of returns in the subsequent year. While there is already an 
approximately 1 in 13 likelihood that funds in the top quintile do not report returns 
in the following year, this probability increases monotonically for worse-performing 
quintiles and exceeds a one in four likelihood for the worst-performing quintile. It is 
noteworthy that these likelihoods only represent one-year quantities and imply an even 
higher fraction of hedge funds that may potentially stop reporting over a multiyear 
period.11

This type of inevitable hedge fund turnover may lead to potentially costly searches 
for replacement funds and may involve periods where certain fractions of a hedge 
fund portfolio are left unallocated and therefore cannot deliver the return characteris-
tics that investors seek. This is a challenge to which the proposed alternative approach 
to hedge fund investing will not be subject.

C.  Convergence of Hedge Fund Portfolios to the Overall  
Hedge Fund Universe

While the lack of performance persistence warrants caution when it comes to the 
construction of select hedge fund portfolios, the question arises whether selec-
tions of hedge funds could provide sufficient diversification to deliver alternative 
returns without the risk of exposing a portfolio to the idiosyncrasies of individual 
hedge funds while still offering the potential to generate superior risk-adjusted 
returns.

Exhibit 12.6 provides answers to this question by comparing portfolios of differ-
ing number of hedge funds to a broad universe of hedge funds as well as to the aver-
age performance of funds in that universe. In this analysis we randomly form hedge 

11 For example, if a hedge fund starts off in quintile 1, there is approximately a 36% likelihood 
that this fund will stop reporting at some point in the subsequent three years.
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fund portfolios of various sizes and hold these portfolios for a period of five years 
using data covering a time period from October 2012 to September 2017.12

The portfolio sizes we consider range between 5 and 200 funds.We then run a 
bootstrapping analysis of 10,000 selections per portfolio size and calculate the Sharpe 
ratio as well as the correlation to the average return of all hedge funds in our database 
for the analyzed time period, for each random selection.

Exhibit 12.6 displays the Sharpe ratio and correlation characteristics for the dis-
tribution associated with each specific hedge fund portfolio size in the simulation. 
The most striking feature of this analysis is the high correlation of the simulated 
portfolios with the average returns across all hedge funds in our universe. For a 
portfolio with only five-member hedge funds the correlation is at 0.45 and increases 
to 0.69 for a portfolio of 20 hedge funds. This illustrates how even portfolios with 
a relatively small number of hedge funds behave very similar to the average return 
across all hedge funds. The average Sharpe ratios of the simulated portfolios are 

Exhibit 12.6  Sharpe Ratio and Correlation for Simulated Hedge Fund Portfolios 
(October 2012 to September 2017)13 

Source: Data from HFR, BarclayHedge, GSAM, as of December 2017.
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12 If a hedge fund ceases to publish returns during the time frame considered for this analysis, 
we reallocate its weight to the remaining hedge funds in the respective sampled portfolios of 
hedge funds. If all hedge funds from an initial selection cease to publish returns, we there are 
no more hedge funds in an initial selection from the universe.
13 A five-year time period is used for the simulation in order to ensure the inclusion of an 
appropriate number of Funds with overlapping time periods without inducing excessive 
survivorship bias in the analysis.
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below the ones from the hedge fund average returns but converge for larger port-
folios. This is partially driven by the diversification effect of larger portfolios given 
that the applied selection mechanism does not model any skill in selecting hedge 
funds. However, the dispersion between the 5th and 95th percentile illustrates the 
variability in terms of Sharpe ratio that the simulation is still subject to across dif-
ferent portfolio sizes.

While the simulation study relies on indiscriminate selections of hedge funds, the 
following paragraphs complement this analysis by analyzing portfolios of fund-of-
funds, which deliberately select specific funds from the hedge fund universe that they 
cover. Exhibit 12.7 highlights the risk-return characteristics of our overall representa-
tion of the universe of individual hedge funds in conjunction with the characteristics 
for a universe of fund-of-funds. It considers single hedge fund as well as fund-of-fund 
data14 over the past five years up until the fourth quarter of 2017 and also includes 
the performance of the equally weighted average return across all hedge funds over 
the same time period.

It becomes apparent that fund-of-funds generally accomplish diversification, as 
their distribution is located within the distribution of the overall universe of hedge 
funds. The average volatility across all fund-of-funds is approximately 6.1%, while 
the average for all individual hedge funds amounts to close to 11.4%. It is, however, 
not necessarily the case that the additional diversification translates into superior risk-
adjusted returns, particularly when compared to a diversified aggregate of individual 

14 We construct a universe of fund of funds analogous to the construction of the universe of 
single hedge funds as outlined in Section II.A.

Exhibit 12.7  Historical Risk/Return Distribution 
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hedge funds. The average time series constructed from the universe of all hedge funds 
delivers a return of 5.2%; more than 1% higher than the 4.1% return of the fund-of-
fund universe at a risk level of around 3.7%, which is 2.4% lower than the average 
volatility of the fund of funds at 6.1%. This translates into a Sharpe ratio of 1.3 for 
the average time series constructed from the universe of all hedge funds, which is 0.4 
higher than the average Sharpe ratio of the fund-of-funds (0.9).

In summary, the lack of performance persistence and its implications for the nec-
essary turnover of investors’ hedge fund portfolios may provide an argument against 
hedge fund portfolios with very few individual funds. If a hedge fund investor devi-
ates from a very select portfolio by increasing the number of funds, the resulting 
performance may already exhibit a high degree of resemblance, on average, with a 
broad and diversified set of hedge funds. However, there is still substantial risk to 
deviate from the broader universe, as evident from the deviation in Sharpe ratios in 
the top chart of Exhibit 12.6.15 Seeking exposures of a broadly diversified portfolio 
of hedge funds instead is an effective means for a hedge fund investor to navigate 
this risk. Such portfolio furthermore proves to exhibit attractive risk-adjusted re-
turn characteristics, even compared to the average fund-of-funds, as highlighted in 
Exhibit 12.7.

III. S ystematic Drivers of Hedge Fund 
Performance

Building on a broadly diversified portfolio of hedge funds, our approach to identify-
ing the systematic risk exposures delivered by hedge funds consists of three steps: 
The first step is the identification of our universe of hedge fund returns together 
with a hedge fund categorization scheme. As discussed in Section II.A, we break the 
universe down into four main categories. Within each category, we then identify 
individual hedge fund styles, for which we aim to characterize the systematic return 
drivers. The second step is the identification of a selection of factors, which can be 
classified as either traditional or alternative risk premia associated with each of the 
different hedge fund styles within a hedge fund category. Finally, these two steps are 
tied together by a weight estimation methodology, which is applied for each hedge 
fund style and determines exposures to traditional and alternative risk premia in or-
der to best emulate a given hedge fund style’s returns.

15 In unreported results we repeat the simulation analysis using the information ratio versus the 
MSCI World index rather than the Sharpe ratio as performance metric. The results are similar 
in as much as the random portfolios converge to the information ratio of the average returns 
across all hedge funds as the portfolio size grows. The one noteworthy difference is that the 
information ratio decays as the portfolio size increases (for example, from an average of 0 for a 
portfolio of 10 holdings to an average of −0.03 for 200 holdings).
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A.  Characteristics of Systematic Factors in Hedge Funds

The approach used to identify systematic factors delivered by hedge funds is based on 
insights from the academic literature on common risk premia for mutual funds. The 
advent of factor analysis of mutual fund returns can be traced back to the Capital Asset 
Pricing Model (CAPM) by Sharpe (1964), Lintner (1965), and Mossin (1966) who 
link return expectations back to exposures to the equity market factor. Fama and French 
(1992, 1993) extend this factor set by a value and a size factor and apply the result-
ing 3-factor model to equity returns. Carhart (1997), based on Jegadeesh and Titman 
(1993), extends the Fama and French (1992, 1993) factors by a momentum factor and 
finds that there is a significant loading on this factor in the cross-section of mutual funds.

Based on this work on factor analysis for mutual funds, Fung and Hsieh (1997) 
pioneer the analysis of the systematic return drivers for hedge fund styles. Research by 
Schneeweis and Spurgin (1998), Liang (1999), Edwards and Caglayan (2001), Capocci 
and Huebner (2004) as well as Hill et al. (2004) refines the factor set used to determine 
the drivers of the returns of hedge fund styles by focusing on more easily interpretable 
factors as well as by considerations around tradability. Fung and Hsieh (2001, 2004) 
as well as Agarwal and Naik (2000a,b, 2004) further expand the set of return drivers 
beyond the inclusion of basic representations of asset classes or parts thereof by intro-
ducing implementable trading strategies to improve the explanatory power of their 
approximation of hedge fund returns. Their factor sets can already be decomposed into 
traditional and alternative risk premia, with both types of factors playing a key role in 
understanding and emulating the risk-return characteristics of hedge funds.

As defined in the introduction, traditional risk premia are individual “long only” 
market factors (betas), such as equities or fixed income. Alternative risk premia in-
stead are systematic, multiasset, long/short investment strategies, backed by academic 
research and employed by market practitioners. Roughly, alternative risk premia fall 
into four categories:

1.	 Value strategies, which take advantage of the tendency for cheap assets to out-
perform expensive assets on a relative basis;

2.	 Carry strategies, which capitalize on the tendency for higher yielding assets to 
outperform lower yielding assets;

3.	 Momentum strategies, which exploit the tendency for recent relative price 
movements to continue in the near future; and

4.	 Structural strategies, which capture returns from market anomalies arising from 
structural constraints rather than economic fundamentals.

Attractive risk-adjusted returns, return persistence, economic intuition, and their 
highly liquid and cost-efficient profile have led an increasing number of investors 
to adopt alternative risk premia strategies in their portfolios. Many such strategies 
have historically realized low correlation to the price movements of traditional asset 
classes, and have proven effective in explaining sizeable portions of the returns of 
particular hedge fund styles.
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B.  Mapping Systematic Factors to Hedge Fund Categories

As outlined in Section II.A, we do not just consider a single representation of the 
hedge fund universe as a whole, but we rather aim to develop a precise and tailored 
understanding of the traditional and alternative risk premia factors that play a role 
for each hedge fund category. The applied approach to factor identification even goes 
a level deeper to not only look at individual hedge fund categories but to consider 
aggregates of hedge funds within a category, so-called styles, that share commonalities 
in terms of the investment approach as well as investment exposures.

When identifying the appropriate factor set for specific styles within an individual 
hedge fund category, we rely on fundamental insights verified by a quantitatively driv-
en weight estimation methodology. Fundamental insights allow us to cross-validate 
factors using a range of qualitative sources from hedge fund database information to 
prime brokerage reports, hedge fund consultant reports or hedge fund holdings from 
13F filings.16 This approach puts us in a position to not only identify correlation be-
tween hedge funds and risk premia, but also to address causation, which is beneficial 
for the out-of-sample properties that the estimated weights will exhibit to the returns 
of the hedge fund style under consideration.

The following overview outlines general characteristics for the identification and 
selection of traditional and alternative risk premia. For ease of presentation, the over-
view aggregates these characteristics to the level of the four main hedge fund catego-
ries identified in Section II.A:

1.	 Equity Long Short:
A core exposure of funds within the Equity Long Short category is global equity 
market exposure. This can be complemented by additional traditional risk premia 
providing exposure to equity sectors actively held by Equity Long Short funds, such 
as energy, technology, or health care. Alternative risk premia such as Value strategies 
further complete the set of exposures. Finally, systematic stock selection aspects can 
be captured with a factor based on 13F filings.
2.	 Macro:
The core exposures for this hedge fund category are alternative risk premia—specifi-
cally Momentum strategies across a diverse set of asset classes. From the perspective 
of alternative risk premia, Carry strategies in foreign exchange also contribute to un-
derstanding the drivers of Macro hedge fund returns. Traditional risk premia repre-
senting exposures to, for example, commodities or emerging market equities exhibit 
a suitable degree of complementarity to the aforementioned alternative risk premia.

16 13F filings refer to Form 13F by the US Securities and Exchange Commission (SEC). 
Institutional investment managers satisfying certain criteria such as holding more than 
$100mn in qualifying assets need to submit this form on a quarterly basis. The form contains 
information about the holdings of those investment managers. Filings are made publicly 
available with a 45-day delay after the end of each calendar quarter. See the SEC website, 
www.sec.gov/divisions/investment/13ffaq.htm for more information.

 

http://www.sec.gov/divisions/investment/13ffaq.htm


Chapter 12  An Alternative to Hedge Fund Investing: A Risk-Based Approach� 299

3.	 Relative Value:
Risk exposures for the Relative Value category consist of a diverse set of tradi-
tional risk premia paired with alternative risk premia falling into the category of 
Structural strategies. The set of traditional risk premia is fairly diverse in this hedge 
fund category, consisting of not only exposures at various seniority points of the 
corporate balance sheet, but also of government debt instruments, Master Limited  
Partnerships (MLPs) as well as Real Estate Investment Trusts (REITs). With respect 
to alternative risk premia, factors with return profiles similar to those of illiquid 
strategies17 arise from index option strategies as well as from the optionality com-
ponent in convertible bonds.

4.	 Event Driven:
Similar to the Relative Value category, alternative risk premia exposures cap-
ture illiquidity-type return profiles and fall into the Structural strategies block. 
The set of traditional risk premia provides exposure to different levels of market 
capitalization for equities as well as to different seniority points of the corporate 
balance sheet. 

C. P rinciples of the Weight Estimation Methodology

The weight estimation builds on original insights from Sharpe (1992), who uses fac-
tors to decompose and understand the returns of mutual funds and suggests a frame-
work, which actually invests in the respective factors in order to mimic mutual fund 
returns. More explicitly, we lean on subsequently developed approaches proposed, 
for example, by Hasanhodzic and Lo (2007), Hill et al. (2004), and Jaeger (2008), 
which take Sharpe’s (1992) methodology and extend it further to mimic the returns 
of hedge funds.

For a hedge fund style s, the methodology focuses on error terms of the form

e HFSS S

TRP ARPS S

t t RF t RF tf
f

f f
f

f( ) = ( ) − + ⋅ ( ) + ⋅ ( )










∈ ∈
∑ ∑α β β ,

where α  denotes a constant and βf  denotes the weight estimate for a risk premium from 
either the set of “Traditional Risk Premia” TRPS or the set of “Alternative Risk Premia”
ARPS for hedge fund style S. We further denote the excess return of the average return of 
hedge fund style S by HFSS and the excess return of risk premium f  (traditional or alter-
native) by RFf . As outlined in Section II.A, HFSS  represents an equally weighted average 
of the returns of a subset of hedge funds from the hedge fund dataset that we construct 
from single hedge fund time series originally provided by the two data providers. For t

17 These can be broadly understood as patterns of smooth accumulation of performance with 
intermittent periods of sharp drawdowns.
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spanning a time period of 24 months, we then determine α and the vectors βf f TRPS{ } ∈
and βf f ARPS{ } ∈ that minimize a quadratic transformation of the error terms e tS ( ).18

In line with the philosophy of the academic literature that originated from Sharpe 
(1992), we aim to translate the outcome of the in-sample weight estimation meth-
odology into an out-of-sample portfolio allocation, which is the core of our con-
struction of liquid representations of the factor exposures that hedge funds exhibit. 
As outlined in the introduction, we generally distinguish between traditional and 
alternative risk premia exposures for hedge funds and acknowledge the existence of 
an unexplained portion. The first two are incorporated in the factor sets TRPS and
ARPS  specified for each hedge fund style s, and what we refer to as the unexplained 
portion is captured by the constant term α . This portion, for example, reflects the 
fact that, by construction, the well-defined and liquid risk premia may naturally 
exhibit a degree of divergence to the opaqueness and illiquidity of some hedge fund 
investment strategies. It is then crucial for the determination of the overall success 
of the weight estimation procedures to verify the relative proportions of unexplained 
returns and returns driven by the two classes of risk premia, which we will further 
elaborate on in the subsequent section.

For the out-of-sample implementation of the methodology, this implies in turn 
that only the components from the factor sets TRPS  and ARPS  can be made avail-
able to an investor, as

β βf
f

f f
f

fRF u RF u
∈ ∈
∑ ∑⋅ ( ) + ⋅ ( )
TRP ARPS S

,

where u  denotes an out-of-sample time period that occurs after any of the  
periods t used for the in-sample weight estimation. As this process relies on collated 
hedge fund data, there is an inevitable gap between u  and any of the respective  
periods t  in order to account for the publication lag inherent in any hedge fund 
database. Once this delay has passed, weights to sets of traditional and alternative 
risk premia factors are re-estimated on a monthly basis based on the most recently 
available hedge fund database information by both data providers. This monthly re-
estimation of weights is targeted toward capturing the dynamic nature of hedge fund 
positioning. It complements the other source of dynamism present in this portfolio 
construction, which arises from shifts in investment exposures within each of the 
alternative risk premia.

The next crucial step is the aggregation to the level of the overall hedge fund 
universe. Even though we identify sets of traditional and alternative risk premia for 
individual styles within hedge fund categories, the objective remains to provide access 

18 The discussed transformation creates a convex objective function that ensures that the 
minimization problem is well-defined. It overweights more recent observation and also controls 
for illiquidity-induced autocorrelation using an adaptation of the methodology proposed by 
Scholes and Williams (1977). Note that the objective function is dynamic in the sense that it 
will change each month based on updated data points, albeit that the actual transformation 
function is static.
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to the return profile of the overall hedge fund universe. We accomplish this aggre-
gation by weighting sets of estimates for traditional and risk premia by the relative 
number of funds captured within a specific style, in line with the equal weighting 
approach outlined in Section II.A.

The out-of-sample implementation can be further adjusted to make the perfor-
mance more realistic from the point of view of an investor. First, this entails certain 
assumptions about the trading costs that the implementation of the portfolio of tra-
ditional and alternative risk premia might incur in the marketplace. Second, we will 
also assume a hypothetical management fee of 75bps that an investor might face. The 
final net performance of the portfolio of traditional and alternative risk premia is 
what we refer to as “Liquid Tracking Portfolio.” It can then be compared to the per-
formance of the average of returns across the broad and diversified universe of hedge 
funds, as described in Section II.A, referred to as “Hedge Fund Index.” It is important 
to note that, while the Liquid Tracking portfolio is explicitly tradable, the Hedge 
Fund Index is merely a representation of average hedge fund performance that is not 
actually investable and therefore directly accessible to investors. This nontradability 
mainly arises because of the sheer scope of the universe covered as well as liquidity 
and turnover restrictions that investors face in emulating the composition of the  
aggregate hedge fund universe.

A final noteworthy aspect of the applied weight estimation methodology is its lin-
earity. This paradigm is, for example, challenged by Kat and Palaro (2005) as well as 
Amenc et al. (2008, 2010), who suggest nonlinear regression approaches as well as 
distribution-based considerations. Hasanhodzic and Lo (2007) and Bollen and Fisher 
(2014), however, counter their suggested enhancements in favor of a linear relation-
ship. Besides the case for simplicity in the identification mechanism as well as in the 
translation of the in-sample estimation to the out-of-sample portfolio of factors, their 
argument rests on the preferable out-of-sample performance of linear approaches 
compared to nonlinear approaches that tend to be prone to overfitting. Furthermore, 
distribution-based approaches only match the distribution characteristics in the longer 
term, which could lead to substantial return mismatches over shorter periods of time.

IV. L iquid Tracking Portfolio Simulated 
Performance

A. P erformance Comparison

This section reviews the simulated performance of the Liquid Tracking Portfolio whose 
construction we described in the previous section. We initially discuss the simulated 
performance of the Liquid Tracking portfolio relative to the Hedge Fund Index before 
switching the focus to an attribution analysis of the overall hedge fund universe. Both 
in terms of return contribution as well as marginal contribution to risk, this enables 
us to explicitly assess the fraction of hedge fund performance that is due to traditional 
and alternative risk premia and compare it to the fraction that is left unexplained.
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Exhibit 12.8 compares the performance of the Hedge Fund Index to the simulated 
performance of the Liquid Tracking Portfolio for a period of almost 15 years.19 The 
Liquid Tracking Portfolio delivers an annualized simulated return that only falls 1% 
short of that of the hedge fund index, which translates into a Sharpe ratio difference 
of less than 0.1.20 As the Liquid Tracking Portfolio is constrained by construction, 
as outlined in Section III.C, to exclude the unexplained part of the returns of the 
hedge fund universe, we expect the volatility of the Liquid Tracking Portfolio to be 
below that of the hedge fund index, as the unexplained return component will, by 
definition, be uncorrelated with the liquid and alternative risk premia but has itself 
nonnegligible volatility. This is confirmed by Exhibit 12.8.

In terms of co-movement between the two time series, the Liquid Tracking Port-
folio exhibits a monthly return correlation of 93.5% to the Hedge Fund Index, i.e. 
the return observations of the liquid tracking align well with those of the Hedge Fund 
Index. The close co-movement not only in direction but also in quantity is further 
substantiated by an annualized Root Mean Square Error (RMSE)21 of 2.1%.

The high degree of co-movement is driven by a high in-sample quality of fit 
of the weight estimation procedure, which carries over to the out-of-sample per-
formance displayed in Exhibit 12.8 and 12.9. This provides evidence for the ap-
propriateness of the concept of relying on historic weight estimates to determine 
forward-looking risk exposures that we posit for the hedge fund index in the out-of-
sample performance analysis. An approach like this necessitates that the turnover of 

Exhibit 12.8  Aggregate Performance Comparison of Hedge Fund Index and Liquid 
Tracking Portfolio 

Liquid Tracking Portfolio (Simulated)Hedge Fund IndexApril 2003–September 2017
5.20%6.20%Total Return (Annualized)
4.90%5.80%Volatility (Annualized)
0.770.83Sharpe

–14.00%–18.10%Maximum Drawdown
93.50%-Correlation
2.10%-RMSE (Annualized)

Source: Data from HFR, BarclayHedge, GSAM as of December 2017. As outlined in Section 
III.C, the Liquid Tracking Portfolio is net of assumed transaction costs and 75bps manage-
ment fee.

19 The time window for this analysis is curtailed by the availability of the time series for some 
of the alternative risk premia.
20 Note that, according to the single hedge fund assessment of unexplained returns from 
Section III.C, only less than half of the hedge funds actually drive the outperformance of the 
overall hedge fund universe.
21 The Root Mean Square Error represents the square root of the average squared difference 
between predicted values (here: Liquid Tracking Portfolio) and observed values (here: Hedge 
Fund Index).
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the weight estimates is limited, which is confirmed by an average monthly turnover 
of the weight estimates of 7.3% (with a standard deviation of 3.7%) for the Liquid 
Tracking Portfolio.

At the same time, the turnover figures provide evidence for a certain degree of 
adaptability in the weight estimation methodology. Necessarily, the process needs to 
be able to detect and react to shifts in the role of certain risk premia (traditional or 
alternative) over time. For example, Cai and Liang (2012) and Patton and Ramado-
rai (2013) confirm this notion and emphasize the varying nature of exposures hedge 
funds take and the need to have the ability to react to such changes. Our methodol-
ogy accomplishes this objective through turnover in the weights estimated for indi-
vidual risk premia as well as through allocation changes in the investment strategies 
inside individual alternative risk premia strategies. For example, in the portion of 
the Liquid Tracking Portfolio capturing Macro hedge funds, the month-on-month 
turnover of the risk premia weights is around 5%, while the turnover within the 
alternative risk premia used for Macro hedge fund tracking can be much higher, as 
illustrated by a month-on-month turnover of 290%22 for the Momentum strategies 
employed in this category.

22 In order to put the turnover figures in context, over the time frame in question, the Macro 
Liquid Tracking portfolio and the Momentum Alternative Risk Premium realized annualized 
volatilities of 4.5% and 9.4%, respectively.

Exhibit: 12.9  Time Series Performance Comparison of Hedge Fund Index and Liquid 
Tracking Portfolio 
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Source: Data from HFR, BarclayHedge, GSAM, as of December 2017. As outlined in 
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management fee.
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While Exhibit 12.8 presents aggregate statistics for the Hedge Fund Index 
and the Liquid Tracking Portfolio, Exhibit 12.9 shows the evolution of both 
time series. It is apparent that the degree of co-movement between the two time 
series is very consistent over time and that there are no periods of significant 
divergence.

While the co-movement is very consistent in the time series representation of Ex-
hibit 12.9, it turns out that there is a sizeable degree of cross-sectional variation in how 
the 1% annualized performance difference of the Hedge Fund Index to the Liquid 
Tracking Portfolio is distributed among hedge funds. Based on the style-by-style port-
folio construction of selected traditional and alternative risk premia outlined in Sec-
tion III.A and III.B, one can construct performance comparables for individual hedge 
funds according to the hedge fund style that each hedge fund is categorized in.23 This 
way, although the general focus lies on the aggregate hedge fund universe, it is possible 
to make inferences about the cross-sectional distribution of the unexplained returns in 
the overall universe of hedge funds.

For the hedge fund sample outlined in Section II.A, which covers a period 
of almost 15 years with initially around 2,000 funds that later grows to close to 
4,000 funds, it turns out that only 45.8% of the funds actually manage to have 
positive unexplained returns when measured against their liquid performance 
comparable. At the same time, however, there is a considerable degree of variation 
in the unexplained returns. According to our analysis, while the 75th percentile 
of hedge funds manages to realize 47bps of monthly positive unexplained per-
formance, the 25th percentile falls short by 75bps per month. Keeping in mind 
the 1% overall performance difference between the Hedge Fund Index and the 
simulated Liquid Tracking Portfolio, this points to a fairly high degree of concen-
tration of positive unexplained returns within the universe of hedge funds. This 
consideration reiterates difficulties hedge fund investors may face in their alloca-
tion to individual funds.

B. D ecomposition of Hedge Fund Performance

On the aggregate hedge fund universe level, the previous section demonstrates 
the co-movement between the Hedge Fund Index and the out-of-sample per-
formance represented by the simulated Liquid Tracking Portfolio. Below, we 
will quantify the return and risk contributions of the unexplained returns of 
the Hedge Fund Index relative to the proposed Liquid Tracking Portfolio and 

23 We compare the cumulative performance of each hedge fund captured by the analysis over 
all months that this fund has a return observation in our database to the performance of the 
liquid portfolio of traditional and alternative risk premia constructed for the hedge fund style, 
under which the specific hedge fund falls, over the same months.
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put them into comparison with the impact of the traditional and alternative risk 
premia.24

Exhibit 12.10 presents the return contribution25 as well as the marginal contri-
bution to risk of the returns of the Hedge Fund Index coming from unexplained 
returns and traditional and alternative risk premia. In line with Exhibits 12.8 and 
12.9, the fraction of returns attributed to unexplained returns is only 16% of the 
overall returns of the Hedge Fund Index, with the remaining portion of 84% attrib-
utable to traditional and alternative risk premia. Further breaking down the return 
contribution of the two classes of risk premia, the return split between traditional and 
alternative risk premia comes out at approximately 55/45, which is a clear indication 
of the important and sizeable contribution that alternative risk premia make toward 
capturing hedge fund returns.

In terms of marginal contribution to risk, the breakdown between traditional and 
alternative risk premia shifts toward traditional risk premia, which explain about 
66% of the overall volatility. This is driven by the directional nature of the traditional 
risk premia, which tends to imply higher volatility for these factors, in compari-
son to the more diversified and long/short types of exposures typically embodied by  
alternative risk premia. For the unexplained return component, the contribution to 
the overall volatility remains at a level (∼20%) that is similar in magnitude to the 
proportional contribution to returns.

24 In an out-of-sample context, unexplained returns can essentially be decomposed into two 
parts: (1) Unexplained returns from the in-sample weight estimation procedure and (2) 
prediction error arising from the process of inferring out-of-sample weights from in-sample 
estimates. The prediction error in (2) can further be decomposed into a portion that arises as 
exposures to traditional and alternative risk premia change during the out-of-sample period 
compared to the window used for estimation as well as a portion attributable to the relative 
proportions of the different hedge fund investment styles changing over time. While the effect 
of changing weights has already been addressed in the context of the discussion about turnover 
in the previous section, it also turns out that the relative weight shifts of individual styles are 
minor, in line with the evidence presented in Exhibit 12.3 in Section II.A for the four main 
hedge fund categories.
25 While Exhibit 12.8 presents annualized total returns, the return decomposition in  
Exhibit 12.10 uses nonannualized return quantities; 136.9% total return over the time period 
considered translates to 6.2% annualized total return.

Exhibit 12.10  Factor Attribution of Hedge Fund Index Performance 

Relative Marginal Volatility
Contribution

Relative Return
ContributionApril 2003–September 2017

20.30%15.90%Unexplained
13.60%37.50%Alternative Risk Premia
66.10%46.50%Traditional Risk Premia

100.00%100.00%Aggregate

Source: Data from HFR, BarclayHedge, GSAM, as of December 2017.
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An important determinant of the stability of the out-of-sample contribution 
analysis in Exhibit 12.10 is the complementarity of the individual components of 
the return and risk contribution breakdown. For this reason, Exhibit 12.11 displays 
the pairwise correlations of the three hedge fund return components. Since the unex-
plained portion of the returns is orthogonal to traditional and alternative risk premia, 
we expect the correlation of unexplained returns to the other factors to be close to 
zero, which is confirmed for alternative risk premia and to a lesser degree for the 
traditional risk premia. We attribute the residual correlation between unexplained 
returns and traditional risk premia to short-term market timing by some hedge fund 
styles, which only gets picked up in an incomplete manner by the monthly weight 
estimation process.

A final point to highlight about Exhibit 12.11 is the low correlation between 
traditional and alternative risk premia. This bodes well not only for the stability of 
the contribution analysis, but also highlights the complementarity of the role that 
alternative risk premia play in explaining hedge fund returns out-of-sample in the 
applied methodology over and above the attribution that can already be inferred from 
traditional risk premia.26

Exhibit 12.12 elaborates further on the return decomposition from Exhibit 12.10 
by breaking down the contribution into three subperiods of approximately five years 
each. At first, it is noteworthy that hedge fund performance has actually undergone 
quite a high degree of time variation, as evidenced by the aggregate of the three col-
umns displayed for each time period. A period of exceptionally strong returns in the 
run-up to the Global Financial Crisis is followed by a period of more challenged per-
formance thereafter, which has then given way to a slight performance improvement 
in the latest part of the sample. Assessing the impact of the individual components, 
the exhibit proves the consistency of the return contribution of the alternative risk 
premia, as the impact of alternative risk premia has a higher contribution than that 
of unexplained returns in each of three subperiods.

In terms of the relative contribution of traditional and alternative risk premia, it 
becomes apparent that the 55/45 overall split is similar in the early part of the sample, 
while during the 2008–2013 period of market distress and subsequent recovery the 

Traditional
Risk Premia

Alternative
Risk PremiaUnexplainedApril 2003–September 2017

25.40%–0.30%100%Unexplained
17.70%100%Alternative Risk Premia

100%Traditional Risk Premia

Exhibit 12.11  Correlation of Hedge Fund Attribution Factors 

Source: Data from HFR, BarclayHedge, GSAM, as of December 2017.

26 The low residual correlation is predominantly driven by the Momentum strategies present in 
the Macro category that can take directional exposures based on sustained price moves in assets 
that also reflect traditional risk premia.
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contribution of alternative risk premia actually exceeded that of traditional risk pre-
mia. This further highlights the crucial role that these strategies play in understand-
ing and emulating the returns of hedge funds. In the later part of the sample, tradi-
tional risk premia outrank alternative risk premia in their contribution to hedge fund 
returns because of their higher degree of directionality in this long-trending market 
environment.

The final part of the analysis of returns and risk of the Hedge Fund Index ap-
plies this contribution analysis to the four main hedge fund categories over the full 
sample period. Focusing on the contribution of unexplained returns, Exhibit 12.13 
indicates that the overall return impact of unexplained returns on the hedge fund 
index is predominantly concentrated in the Equity Long Short and Relative Value 
categories. Furthermore, the exhibit points to clear disparities in terms of the con-
tribution of traditional risk premia relative to alternative risk premia across the four 
hedge fund categories. Whereas Equity Long Short is the most extreme case with an 
approximately 85/15 split of the proportional contribution in favor of traditional 
risk premia, the Macro category is at the other extreme with a 95/5 split of the pro-
portional contribution in favor of alternative risk premia relative to traditional risk 
premia. Compared to these extremes, Relative Value’s return contribution comes out 
very evenly between the three components.

Exhibit 12.12  Factor Attribution of Hedge Fund Index Performance over Time 
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The marginal contribution to risk by hedge fund category confirms the effect from 
the overall risk contribution analysis. Across all four categories, the relative role played by 
traditional risk premia to explain risk increases relative to the role played by alternative 
risk premia because of their higher inherent volatility. An additional noteworthy point 
relates to the relative proportion of volatility related to unexplained returns. Among the 
four categories, Relative Value turns out to have the highest proportional contribution, 
which hints at the complexities of identifying appropriately liquid vehicles to represent 
the complex and illiquid risk exposures hedge funds in this category tend to take. 

V. D evelopments in the Hedge Fund Industry

We conclude with some perspectives on the hedge fund industry, in particular their 
fee structure and overall liquidity. We also provide a forward-looking perspective on 
some near-term developments for the hedge fund industry.

A. T he Evolution of Hedge Fund Characteristics

Fees are at the forefront of every investor’s allocation decision, particularly in rela-
tion to the performance that the corresponding investment vehicle may offer and has 
historically realized. The question arises to what degree fee pressures may have also 
found their way into the hedge fund industry.

Exhibit 12.14 focuses on the fees that hedge funds charge. Their fee struc-
ture is typically composed of an incentive fee as well as a management fee. The 
incentive fee is charged on the profits27 that a hedge fund generates while the 
management fee is charged on the total assets under management regardless  
of performance.

Within the overall cross-section of hedge funds, Exhibit 12.14 takes an average 
over the observed fees across all hedge funds in our sample in a given year. It is 
therefore not necessarily a statement about the fee evolution of individual funds, but 
rather an assessment of the fee evolution of the overall hedge fund universe. As far 
back as 2009,28 both the incentive fee and the management fee are below the popu-
larly quoted fee structure of “2+20,” referring to a management fee of 2% paired with 
an incentive fee of 20%. Moreover, fees have actually turned out to be on a generally 
downward sloping trajectory. Incentive fees have shrunk from slightly below 19% to 
less than 16% over the span of eight years. Management fees initially proved more 

27 It tends to be the case that incentive fees are associated with certain threshold conditions, 
so-called watermarks, and incentive fees only apply to profits that exceed these watermarks. 
The fee overview in Exhibit 12.14 ignores any considerations around watermarks, as the 
bespoke and idiosyncratic nature of watermarks presents impediments to the cross-sectional 
aggregation across hedge funds.
28 The time frame is determined by our availability of point-in-time data for the fee structure 
of hedge funds.
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resilient at levels between 155 and 160bps but have since also succumbed to fee pres-
sure to fall below 145bps.

Overall, Exhibit 12.14 points to the existence of fee pressure for hedge funds and 
the end of the commonly quoted “2+20” fee structure. That said, it is worth noting 
that fees are still noticeably higher than the typical fees charged for, say, exchange-
traded products (ETPs) that provide passive exposure to a general equity market 
index or even ETPs that provide investors with access to specialized portions of the 
fixed income market, such as convertible bonds or bank loans.

Another investor concern, among others, is the liquidity of their investment 
portfolio. In the context of hedge funds, we use the existence of a lock-up peri-
od as a proxy for liquidity. A lock-up period is typically imposed in order to en-
able hedge fund managers to make investments in illiquid assets and puts restric-
tions on the ability of hedge fund investors to redeem or sell their investments in  
hedge funds.

As is the case for Exhibit 12.14, Exhibit 12.15 also focuses on the overall cross-
section of hedge funds and provides an assessment of the composition of the overall 
hedge fund universe instead of individual hedge funds. It displays the fraction of 
hedge funds that impose a lock-up period compared to all hedge funds in the uni-
verse that report in a given year. Over the span of eight years, the prevalence of lock-
up periods has fallen continuously and now stands at 25%— almost 10% below the 
level in 2009, suggesting that there has been pressure on hedge funds overall to make 
adaptations to their liquidity restrictions.

Exhibit 12.15  Percentage of Hedge Funds with a Lock-Up Period 

Source: Data from HFR, BarclayHedge, GSAM, as of December 2017.
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B.  Considerations Around the Implementation of Liquid Hedge 
Fund Tracking Strategies

Whereas Section V.A has focused on historic, backward-looking trends in the hedge 
fund industry, we now aim to provide a near-term forward-looking outlook on the 
hedge fund universe, both in terms of performance as well as in terms of their impact 
in hedge fund investors’ portfolios.

In terms of performance, we actually argue to move away from a narrow focus on 
absolute return but advocate for a measure of risk-adjusted outperformance. Particu-
larly given heightened fee sensitivity, hedge fund investors should at least be looking 
for outperformance over a fairly simplistic passive benchmark, such as a global equity 
market index. Because of their differing volatility levels, it is however not appropriate 
to compare hedge fund returns with outright returns of an equity index. Thus, we 
consider hedge fund returns only to the extent they outperform a beta-adjusted equity 
benchmark and normalize this adjusted return by the volatility of their idiosyncratic 
return to construct an information ratio.29 In this sense, Exhibit 12.16 presents the 
risk-adjusted performance of the overall hedge fund universe compared to the global 
equity market, as represented by the MSCI World Net Total Return Index.

29 Technically, we define the beta-adjusted IR as the annualized ratio of the intercept of a 
regression of the overall hedge fund index on the equity index and the standard deviation of 
the error term from this regression. Exhibit 12.16 displays this information ratio calculated 
based on a rolling 24-month window.

Exhibit 12.16  Beta-Adjusted IR of Overall Hedge Fund Studied Universe to MSCI 
World Index 

Source: Data from MSCI, HFR, BarclayHedge, GSAM, as of December 2017.
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In line with the growth of the AUM in the overall hedge fund universe presented 
in Sections I and II.A, hedge funds have—after adjusting for their equity beta-gener-
ated positive value over the general global equity market over the past 10-plus years. 
However, it is also apparent that this outperformance has been far from uniform. In 
particular during late 2012 and 2013 and also intermittently in more recent years, 
hedge fund performance has been challenged, which may have led some to call into 
question the attractiveness of hedge funds as sources of alternative returns and has 
certainly had an impact on the fees that investors proved to be willing to pay and 
the liquidity restrictions they were willing to accept. However, the second half of 
2017 has seen a sharp increase in the information ratio to levels above one. Histori-
cally, that puts current performance into the 10th percentile of the best performing 
time periods going back to 2005. If this continues, questions about the attractiveness 
of hedge funds should decline. Given the close co-movement between the Liquid 
Tracking and the Hedge Fund Index, such developments also look to be potentially 
beneficial for the risk-adjusted returns of access vehicles to the common systematic 
factor exposures of the broad universe of hedge funds.

Another noteworthy development in the hedge fund universe relates to diversifica-
tion. Particularly toward the end of the studied sample period, diversification among 
hedge funds has increased dramatically to a level previously not seen in our sample 
that extends back to early 2003 (see what we refer to as “Diversification Ratio” in 
Exhibit 12.17). This diversification effect implies that active managers of hedge fund 
portfolios express more diverse views in their positions. While this effect may increase 
the benefits to hedge fund selection it can also increase the risks of selecting the 
“wrong” fund, as discussed in Section II.B. An investor that is concerned about these 

Exhibit 12.17  Hedge Fund Volatility and Diversification 
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types of risks might find it beneficial then to rather rely on liquid investment vehicles 
designed to track the returns of the hedge fund universe as a whole.

Our measure of hedge fund diversification, as displayed in Exhibit 12.17, is based 
on volatility comparisons. The volatility of the Hedge Fund Index is driven by the 
overall level of volatility of the hedge funds making up the universe as well as the 
degree to which these hedge funds are correlated to each other. It is apparent from 
the chart that hedge funds have generally become less volatile, as evidenced by the 
decline in the Average of Hedge Fund Volatilities. However, a comparison of the 
volatility of the Hedge Fund Index (referred to as “Volatility of Average Hedge Fund 
Return”) to the Average of Hedge Fund Volatilities provides us with an indication 
of diversification between individual hedge fund returns. The more Volatility of Av-
erage Hedge Fund Return diverges from Average of Hedge Fund Volatilities, the 
greater the impact of diversification or lack of correlation. In this case, the Volatility 
of Average Hedge Fund Return has fallen more sharply than the Average of Hedge 
Fund Volatilities providing evidence for increased diversification.30 The capability 
of the simulated Liquid Tracking Portfolio to approximate the returns of the hedge 
fund universe has however proven to be resilient to this increase in diversification, 
as evidenced by the 24-month correlation being with 96.1% in the 97th percentile 
when compared to history. 

VI.  Conclusion

This chapter discusses an alternative to hedge fund investing based on a risk-based ap-
proach that dynamically infers the exposures to traditional and alternative risk premia 
present in a broad and diversified universe of hedge funds. The difference between 
the well-defined and liquid nature of the factors and the opaqueness and illiquidity 
of some hedge fund investment strategies leads to a tracking error of 2.1% between 
the simulated Liquid Tracking Portfolio and the aggregate performance of the hedge 
fund universe. However, a correlation of 93.5% between the two and the fact that 
84% of hedge fund returns can be captured to an almost equal degree by exposures 
to traditional and alternative risk premia make this methodology a viable alternative. 
A potential challenge to this high degree of hedge fund return attribution in the 
future rests on the ongoing impact of, for example, illiquidity or nonpublic aspects 
of stock picking. Sources of hedge fund returns like these will limit the efficacy of 
the proposed alternative because of the reliance on liquidity and publicly available 
information of this approach, although historically the impact over the past 15 years 
has proven to be limited.

30 Technically, the “Diversification Ratio” is defined as 1 minus the ratio of the difference of 
the volatility of the return average and a volatility measure that assumes uncorrelated hedge 
fund returns to the difference of a measure that assumes perfectly correlated hedge fund returns 
(average of individual hedge fund volatilities) and the uncorrelated measure.
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This article emphasizes the time varying nature of hedge fund positioning, as evi-
dent not only from the shifting attribution of hedge fund returns to traditional and 
alternative risk premia but also from the inherent dynamism of the allocations inside 
the alternative risk premia as well as the allocation to all risk premia. Any dynamic 
allocation and hedge fund positioning in particular hinges on the quality of the data 
to be able to monitor and assess it, which is why it is of eminent importance to have 
ongoing access to many and diverse sources of hedge fund information. Moreover, it 
is crucial to continuously enhance and refine the understanding of hedge fund invest-
ment strategies, especially through usage of alternative risk premia.

While the investment philosophy based on the identification of traditional and 
alternative risk premia from a broad universe of hedge fund returns is fairly unique, 
it generally fits into the classification of so-called “Liquid Alternative Funds” that 
has been created in recent years by investment research firms, such as Morningstar, 
Inc. As of the end of 2017, there were 640 funds with aggregate AUM of $316.8bn 
in this category according to an analysis based on data by Morningstar, Inc.,31  
illustrating the increased appeal of this concept to the marketplace. Over the years to 
come, it will be interesting to see how the interplay between hedge funds and liquid 
alternative funds plays out. Particularly interesting will be developments around fees, 
liquidity hurdles and more generally if hedge funds will be fast enough to innovate 
in order to generate attractive unexplained returns while an increasing amount of 
hedge fund know-how becomes common knowledge and finds its way into liquid 
alternatives funds.

*  *  *

Please see the Additional Disclaimers section at the end of this book.

31 The aggregate of 640 funds is decomposed of 551 funds across 17 different categories that 
Morningstar, Inc. categorizes as liquid alternatives as well as 89 funds in the Nontraditional 
Bond category, which contains many funds that qualify as alternative strategies. See the 
Goldman Sachs Asset Management publication Liquid Alternative Investments MAPS Year 
End 2017.
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Chapter 13
Implementing Smart 

Beta at CalPERS, A 
Conversation with

Steve Carden
Investment Director, Global  
Equities, California Public  

Employees Retirement System

Thank you, Steve, for speaking with us today. To start, tell us what was the 
motivation at CalPERS for considering smart beta investing?
You know, at the outset we were not thinking in terms of smart beta or factor in-
vesting. Initially, we were mostly interested in addressing what we perceived to be 
potential inefficiencies of capitalization-weighting. In particular, we believe that, al-
though markets are generally efficient, mispricings do occur and that capitalization-
weighting is a trend-following strategy, which may lead to a systematic overweighting 
of overvalued stocks and underweighting of undervalued stocks. We also believe that 
mispricings ultimately correct, which causes medium- to long-term mean reversion 
in prices and valuations. We were looking for ways to exploit that mean reversion. So, 
when fundamental indexation was introduced, we viewed it as a reasonable way of 
implementing a mean reversion strategy. Therefore, we invested in a customized ver-
sion of that index in 2006. That really was the beginning of our smart beta investing 
endeavors, although I am not sure that the term smart beta was coined at that time. 
We probably were thinking more in terms of an alternative beta strategy, focusing on 
mean reversion.
How did you move from an alternative beta perspective to more of a focus toward 
factor investing?
So, we implemented the fundamental indexation concept for about four or five years 
before we did anything else in this space. During this implementation phase, we also 
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gained a better understanding of the sources that drive the excess returns of this 
strategy. We realized that fundamental indexation gave us a high exposure to the 
value factor, which in turn largely explained its performance relative to the market. 
To the extent that we did not seek an explicit exposure to value, the question for us 
was whether we were comfortable with the implicit value exposure. I think it would 
be fair to say that, in general, we all believe in the value factor premium. Also, value 
investing is consistent with our core investment beliefs and the long-term investment 
horizon we generally adopt. As such, we accepted the value exposure we got through 
fundamental indexation. But, at the same time, we experienced the cyclicality of 
value returns and started asking ourselves whether we can do better. That is, diversify 
the value exposure, while retaining the best aspects of it. And then that’s really the 
time when factor investing became at the forefront of our minds. For example, we 
started thinking about momentum as historically a good way to diversify the value 
exposure.

As kind of a parallel to that we were also thinking about low-volatility investing 
at the plan level. Specifically, how can we use the low-volatility anomaly, however 
you want to describe it, as a source of alpha for our global equity portfolio? Can we 
improve the information ratio of our overall portfolio using that type of strategy? 
Knowing that it’s not going to get a lot of drawdown protection, but within a certain 
level of risk such a strategy may serve as a diversifier to what we already have and 
improve portfolio performance.

But as we worked through these various factors, low volatility, momentum, and 
then ultimately quality, it really kind of came together organically without a final 
goal of having a diversified factor portfolio, initially. But, over time, it led in that 
direction. So, in terms of the evolution of our portfolio, we started with funda-
mental indexation in 2006, then we implemented a volatility reduction strategy in 
2013, momentum in 2014, and finally quality in 2016. And now we are at point 
where we have all these different factors or the ability to get exposure to them, and 
our focus has shifted toward how to efficiently blend them. That is, how do we 
use these factor portfolios and the smart beta lever to improve the overall holistic 
portfolio?
Over time, it seems that CalPERS has moved from a strong philosophical be-
lief in value to more of a factor diversification approach. Did you become more 
philosophically comfortable with the other factors, or was it just to manage risk 
through factor diversification?
Maybe a little bit of both. At the outset, as I mentioned, we had this value exposure 
through fundamental indexation. And we wanted to diversify that exposure. That’s where 
momentum and quality came in. But, we also had to feel comfortable with the alpha-
generating capability of these factors. That is, believe in the existence and persistence of 
their excess returns.

But from a broader risk management perspective, and as a background, I should 
also mention that we were going through an evolution within the Global Equity 
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Team in identifying unintended risks that existed in our legacy portfolio. And as we 
identified those, we started to see some of the more prominent exposures kind of 
flesh out, such as, the factors, which are easier to see. We then started asking ourselves 
is this an avenue we want to go down where we do focus on the factors in order to 
reduce noise within the overall portfolio. Is factor investing the next evolution of 
beta where this is a better way of harvesting that equity risk premium than the cap-
weighted approach? And so, I think as we started to think about it more, we probably 
gained more conviction in pursuing factor investing.
The various factor strategies are implemented internally at CalPERS. Could you 
explain what drove the decision to develop significant internal implementation 
capabilities?
Maybe it was luck on the part of CalPERS and maybe a gift from BGI. When BGI 
closed its Sacramento office, there was a lot of local talent that suddenly became 
available to CalPERS. Specifically, investment professionals who had managed lots of 
index fund accounts for BGI mostly on the international side. At that time, CalPERS 
had internal domestic capabilities only. When Dan Bienvenue, our Head of Global 
Equities, joined CalPERS, it was partly with the mandate to bring in the interna-
tional passive management. So, the BGI situation created an opportunity to hire a 
lot of very talented people with considerable experience in international equities and 
building very strong internal execution capabilities. From that point forward, we 
have adopted a structure, in which systematic strategies offered by asset managers are 
delivered in the form of a model portfolio to our index calculation agent, who then 
delivers a custom index to CalPERS, which is replicated internally much like replicat-
ing a market index. This gives us a hybrid implementation model, which combines 
active and index management, for implementing external strategies.

So now we’re at a point where whatever it is we want to do, whatever type of strat-
egy, we ask ourselves the following.

•• Is it something that we want to build soup to nuts and implement internally?
•• Is it something where we’re better off sourcing a model portfolio from an external 
manager and then implementing internally?

•• Or is it something where really the source of alpha and how it’s linked to the trad-
ing function is something where you can’t really break those links? 

So, the implementation decision becomes flexible, and we can focus on the investment 
process and other characteristics of considered strategies.
All the Smart Beta strategies you currently invest in are sourced in the form of a 
model portfolio/custom index and implemented in house. Is that correct?
Correct.
You trade them at the same time?
Yes.
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So, you have a lot of crossing and netting of trades going on.
True.
How much turnover reduction do you typically achieve through this process?
The turnover reduction hasn’t changed because we implement them as individual 
portfolios. But the cost of that turnover, if that’s what you are asking, is significantly 
lower. At the time of our rebalances, trade netting takes place across the smart beta 
portfolios, but a lot of it is also netting or crossing with the Index Fund. Generally 
speaking, it is not unusual to see 50% cross at any given rebalance. However, a lot of 
it also depends on the money flows. If funds are not going into a smart beta product 
or coming out of a smart beta product, then the cross is lower, typically in the 30% 
to 40% range.
What other cost savings do you realize in this hybrid implementation structure?
Generally, it is, of course, much cheaper for us to implement the model portfolios 
in-house compared to paying an external manager for implementation in a typical 
separate mandate. Also, internal implementation is highly scalable. We have been 
able to grow this function considerably without having to increase headcount in any 
meaningful way.

Also, when we source the model portfolios from external managers, we pay them 
licensing fees. These fees tend to be a lot closer to index management fees than they 
are to even low-fee active management.
How do you go about selecting a smart beta product? What guidance can you 
provide to the readers of this book in this regard?
This is an important question. As you know, the large number of product offerings in the 
smart beta space can be overwhelming for most investors, including us. In my opinion, 
one useful approach is to gain clarity upfront on the motivation for considering smart 
beta or factor investing and identifying upfront what manager and strategy characteristics 
are important or even critical. And to have that motivation and characteristics drive prod-
uct screening and selection.

At CalPERS, we view institutional robustness, ability to deliver on the hybrid 
implementation model, and transparency of the investment process as key features 
that drive manager and product selection. Given the large account sizes we typically 
allocate, the requirement of institutional robustness is obvious.

From an implementation perspective, if a firm really hasn’t been in the business 
of producing model portfolios, whether they’ve been licensing them or not, then 
it gives me pause. In addition to that, they have to be willing to work with index 
providers where they can deliver the model portfolio in a robust, timely manner so 
that we actually get a decent transfer coefficient out of whatever research they’ve 
done. So that’s more on the business side. I should also mention that early on when 
we first started talking about doing the model licensing, there were a number of 
asset managers that weren’t comfortable with that business model. Some expressed 
legal concerns about front running and fairness and that sort of thing. And some of 
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the managers just flat out said, “We’re not ready for that” or “We’re not interested.” 
Fast-forward a few years, they’re calling us back saying, “We’re ready now.” So, I 
would say that, in terms of partnering with CalPERS, there’s been a first mover 
advantage to firms that really embraced the new implementation model early on. 
This implementation model probably doesn’t work for a lot of asset owners. But 
because CalPERS is the size it is and has developed significant internal capabili-
ties over the years, it’s made sense for us. And we’ve been able to get others in the 
market to join us in that kind of partnership.

In terms of the investment process and the strategy itself, transparency is key. We 
have to be able to fully understand the investment process and be able to communi-
cate it to senior management. Ultimately, we also have to be able to get our consul-
tants on board with understanding it. Not that we need them to sign off in order to 
do it but at some point, it’s going to be reported to the board. And if the consultants 
don’t have good transparency and it’s hard for the board to understand, then there’s 
probably not going to be enough credibility to pursue the strategy.

So, we generally consider highly reputable firms, with good histories, deep 
benches of talent on the research side, and who send people out who can explain 
in a clear way what it is that they’re trying to accomplish. This helps to reinforce 
the message that staff is sending upward. That kind of a strategic partner is impor-
tant to us. And we’ve had that with many firms, such as, Research Affiliates and 
Goldman Sachs.
CalPERS has developed some smart beta strategies in-house, and some other 
large asset owners are also developing strategies or at least thinking of develop-
ing strategies in-house. Where does this trend go in the long run? Is the objective 
that all smart beta strategies be internally developed and managed? And is that 
something that offers an advantage, in your opinion?
I don’t think it offers an advantage. In fact, we have never expressed it as a goal that all 
smart beta strategies be internally developed.

In some areas, such as implementation, execution, and trading, we feel relatively 
comfortable. These areas allow us to benefit from scale and result in other cost sav-
ings. But in other areas, such as the frontend research function, we are not going to 
be able to compete as effectively with some other firms. As you well know, CalP-
ERS’ ability to create positions, hire and retain talent is challenged by being a state 
agency, a government institution. And even if we could compete in this area, it still 
would only represent the equivalent of one firm. Why would we limit ourselves to 
that? Why not take advantage of the talent that’s available from multiple firms? So, I 
believe it’s in our best interest to continue to outsource a lot of the work we do, and 
not pretend that we can efficiently do everything ourselves.

For example, when we were considering momentum, we evaluated many external 
strategies as well as internal capabilities. And we determined that the best path was 
to partner with an external manager that offered an insightful product to capture the 
momentum factor. With regard to quality, we determined that an internal product 
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was better suited to our specific needs. And right now we’re evaluating how to com-
plement fundamental indexation with a more pure value portfolio. We’re lining up 
multiple providers as well as an internal strategy. In this case, it is likely that we will 
consider investing in a combination of internal and external strategies. But, in terms 
of manager selection, as I mentioned previously, we are also likely to work with larger 
firms that have considerable research and product development capabilities and that 
can serve as a strategic partner to CalPERS. These firms must also have robust opera-
tions, because one or two mistakes in this space and we’d probably lose the credibility 
to do the entire smart beta program.
In terms of research and product development, what is the current focus of your 
smart beta program?
In our evolution, we are at a stage where we are saying, okay, regardless of where we 
source the smart beta strategies from, what is the best way to bring them together? 
What is the best way to mix factors? We realize that there’s a required skill there, 
too. And we ought to be looking at how we do that versus how other organizations 
do it. Some firms, such as GSAM, EDHEC and others, have acquired considerable 
expertise in this area and have a robust platform of multifactor strategies and a good 
way of bringing them together. Those should be our peers for what we do internally. 
And if we can’t show that we’re competitive in doing that, then we should also per-
haps outsource those decisions. For example, maybe we identify external managers 
that each do a good job in the allocation decision amongst factors and also have a 
good lineup of factor portfolios, and then we diversify that effort among two or three 
managers.
What is the sizing of the Smart Beta Program right now?
As of December 2017, we have in the region of US$23 billion invested across the 
various smart beta strategies, which represents roughly 15% of our global equity 
portfolio.
Is that the strategic allocation to smart beta in the long run?
You know, we don’t have a strategic allocation. It’s just been the case where we’ve 
grown a lot in this space. I believe our smart beta allocation has almost doubled in 
the last four to five years. And we’ve also at the same time culled our external active 
manager lineup. So, we have fewer accounts but each one is more meaningful. These 
are generally higher conviction managers. And that’s a set of managers and strategies 
that we’re comfortable with.

At this point, we’re comfortable with where we are with Smart Beta. For us now 
the question is: Should we start taking more risk or tracking error in our smart beta 
strategies, perhaps at the expense of the index exposure or passive management, 
which represents about two-thirds of the portfolio? There are a lot of other initiatives 
and efforts happening at CalPERS that aren’t necessarily distracting us from answer-
ing that question but maybe are bigger questions, more important things to answer 
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right now. For instance, how we look at allocating across asset classes. There are a lot 
of resources going into that, and that’s a big question.

So, I think smart beta at CalPERS is in a stabilization and monitoring phase. 
We’ve rolled out the factor portfolios over the years, each one in and of itself had to 
look like a good standalone strategy, had to not degrade the IR of the Global Equity 
portfolio, had some requirements in that way. But now that we have each of the 
pieces and we can blend them, I think each one individually can take more risk, can 
look more like pure value, more like pure quality, and so forth, because now we can 
offset them. We can be more explicit about what exposures we want as long as we 
understand how those exposures work together. In this regard, one of the concerns 
also is the situation where the low correlation across factors breaks down. Perhaps 
such episodes or events aren’t being seen and aren’t fully understood with respect to 
factor investing. So, I take a little pause in terms of putting more money into smart 
beta until we better understand factor interactions under stress conditions and their 
impact on performance.
Was the doubling of the allocation to smart beta partly driven by disappoint-
ment with active management?
Not disappointment, but I think better understanding of what we’re getting from 
active management. And also the evolution of the industry, where we went from 
just the market beta plus error term forty years ago to something like Fama French 
factors breaking out expected returns, to today where we look at all the smart beta 
factors, strip that out of the return stream, and then what is left over is true alpha. 
We get that alpha from active management. We don’t need to get factor returns 
from active management. And we don’t want to pay for static factor exposure; we 
don’t want to pay active fees for that.

You know, true alpha is not common. But, there are managers who have shown 
skill to identify it and deliver it efficiently through activities, such as stock picking 
or factor timing. Those are the kind of processes we can’t implement passively. So, 
we outsource and pay active fees. But, we don’t want to outsource factor exposures 
to active management. We can strip those out and go the smart beta route for all 
the identifiable exposures that we want to maintain strategically and structurally 
over time.
In assessing true alpha, what factor portfolios do you use to conduct a return and 
risk decomposition?
For now we use Barra. I am not sure if that is the ideal way of doing this, but we 
view the Barra risk factors as generic factors. And so, we risk decompose contribu-
tions from the various Barra factors to each of the strategies. And we do that on the 
attribution side, too, to determine where the contributions are coming from. Is it 
stock-specific? Is it styles? Is it countries or industries, etc.?
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But, I’ll tell you my prior is that most of that is not going to matter and we’ll 
probably end up with directionally a desire to get strategic exposure to certain factors 
that we think carry a premium. What the factor premiums will be in the long term is 
unknown, though we believe they’ll persist.
What is your view on factor timing?
In the conventional factor timing sense, I think it detracts from those long-term 
premiums. But, it’s something I want to better understand. However, medium-term 
mean reversion in factor premiums may offer an opportunity, such as, when we’ve 
captured a premium well above what we would expect. For instance, value at the end 
of 2016 was at a point historically where I hadn’t seen our since inception perfor-
mance on the value strategies ever being that strong. And so, you ask yourself, well, 
have we captured the majority of the value premium that this cycle was going to pay? 
And if so, do we want to maybe bring down our exposure? That kind of opportunistic 
rebalancing might be within reach for us, but maybe not true factor timing.
You’ve been implementing smart beta for over a decade. How do you evaluate 
the smart beta program? Relative to the objective set out at the start, how has it 
done?
There are so many moving parts in our overall portfolio that it’s really hard to answer 
that question. Also, recall that our initial objective in 2006 was just to implement 
a mean reversion strategy. We haven’t had what I would consider a comprehensive 
and fully fleshed smart beta program until we launched quality a year and a half ago.

So, we haven’t looked at it as an isolated program where we can measure the 
performance and efficacy of the smart beta book. There hasn’t been a smart beta 
book. However, what I’ve asked the team to do is to look at the performance of 
the products we implemented throughout the entire period of time since 2006, 
assuming we don’t have a view on whether value works better in the US versus 
EM or DM. So, we built some composites, region-neutral theoretical composites 
of our actual strategies. We then combined them using the weighting scheme that 
we currently consider, and if we had done that over this full period of time, what 
would it look like?

So, we have three regional composites: US, Developed ex-US, and Emerging Mar-
kets, that have each of the four factor strategies we pursue and weighted over time 
using our current weighting scheme. The historical performance of these composites 
provides support for value added from our smart beta strategies. It improved the 
information ratio, both in terms of the alpha and the risk reduction. So, it’s been a 
better way to harvest the equity risk premium. Better than index, of course, and also 
better than our legacy active book. This exercise gives us confidence that we are on 
the right path.
What kind of challenges did you face along the way with the board, the internal 
committees, and so on?
Well, I think we’ve been really lucky in terms of our ability to do this. Under the del-
egated authority that the staff has, we haven’t needed board approval to do this work. 
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But, if we screw it up then we’ll lose that ability. Back in 2006, when we did the RAFI 
strategy, that was a time when we did go to the board for approval of this type of initia-
tive. However, presenting it as a mean reversion strategy for the purposes of capturing 
any inefficiency in the cap-weighted index wasn’t met with resistance. We ran that for 
four or five years before we did anything else in this space. Then we slowly went into 
the other factors. And now that’s not something for which we need board approval. It’s 
something that we were able to do simply with approval from the Head of Equities.
In terms of governance, who has responsibility for the smart beta program?
Well, at CalPERS, it’s not really a program per se; it’s not independent like that. It’s a piece 
of the holistic portfolio view. But in terms of governance, the way we decide how much to 
put into smart beta, or any other strategy, that decision is made by our Capital Allocation 
Committee. This committee meets once a month. It makes decisions about all the differ-
ent products and strategies. And then, of course, we have an oversight team that monitors 
month-to-month all of the strategies, whether they’re actual segregated mandates or the 
smart beta hybrid implementation model or even the index funds. So that’s just part of 
our normal governance.
You have acquired significant experience in designing and implementing smart 
beta. What guidance would you provide to investors who are now considering 
smart beta investing?
First, I would say keep it simple and make sure you fully understand what you are 
doing. This is the reason why we place so much emphasis on the transparency of the 
investment process. We hesitate to work with firms that are unwilling to provide 
that required level of transparency. In addition to transparency, it is also the ability 
to take something that could be very complex and distilling it down into something 
that’s easier to understand and, almost more importantly, easier to communicate, 
because there are constituencies that are going to need to know this. This is one of 
the reasons why we value our strategic partnership with certain firms. They provide 
access to talented people who have this ability to communicate complex ideas in 
simple, easy-to-understand terms. Unlike CalPERS, I’m sure a lot of the asset own-
ers do need to go to their boards for permission to do this sort of thing. If they 
can’t even explain it to their peers among staff, how are they going to be able to 
get buy in from the board? I think that would be very challenging. So, I would say 
that, in working with our strategic partners, it has been highly beneficial for me to 
be able to fully understand the approach and communicate that to my manager to 
get sign off. Simplicity, transparency, and ability to communicate are very critical, 
in my opinion.

The next thing I would say in terms of guidance is for folks not to expect too much 
from smart beta. In my mind, it’s not a broad replacement for active management. 
I haven’t come to a conclusion whether it’s a replacement for a piece of the beta or a 
piece of the alpha; it’s probably some combination of both. But, I think asset own-
ers have to be honest about their ability to identify skilled managers, on an ex ante 
basis. If somebody thinks that they can’t identify skilled active managers, then yes, 
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wipe that out and just do smart beta. But if they think or they still like the challenge 
of trying to identify skilled active managers, then don’t expect smart beta to take the 
place of that. Don’t assume that active management doesn’t have something to offer 
above and beyond the factor exposures.

Then, beware of crowding. I don’t have a real good feel for exactly when some-
thing’s too crowded, but I do have an intuition around it. If I’m hearing about 
something becoming very popular, I get nervous. It is not clear to me how to 
quantify crowding. People look at the valuation levels of smart beta strategies, 
for example. But, crowding to me means it gets more and more expensive to get 
the trade done. It means when things start to unravel, there are a lot of people 
heading for the exits at the same time. We want to be trying to get out a differ-
ent door. For us, all this means that we should be trying to gain the same general  
exposure to a factor but do it in a different way. Smart beta has gotten very popular. 
And as a market competitor, I would like other investors to pile into the off-the-shelf 
products. And we will try to do something different. To further elaborate on this 
point, we do measure valuations of various public indexes published by the index 
providers. And then, using the same measurement technique, we also measure the 
valuations of what we’ve built or what we’ve sourced from our model providers. And 
it’s oftentimes fairly different. For instance, when we launched quality, every source 
we could find said quality is very expensive. And we said, okay, we’d better take a look 
for our own product. And for our own product we were actually moderately cheap 
relative to its history. That gives us confidence that yes, we’re chasing the same general 
exposure but we’re coming at it form an angle that’s different enough that we’re not 
going to be impacted by crowding as much. So, again, in terms of potential guidance, 
I would suggest to investors that they should consider unique, customized smart beta 
solutions as much as possible. The idea is to be different, while achieving the same 
general goal. Then, regardless of whether or not we can measure crowding, we can  
perhaps mitigate it to some extent.

Finally, I would say choose your managers/partners carefully. I have talked a lot 
about our desire and ability to work with strategic partners, whether they’re manag-
ers or model providers. Partners that give us the transparency we seek, but also have 
conservative expectations and conservative assumptions in the work they’re doing. I 
want the model providers to be telling us to be realistic about what can be achieved 
from smart beta. And not just sell us high backtested IRs. We like working with 
folks who are humble, legitimately. We think we talk to enough folks on the out-
side, such as managers, researchers, and so forth that we can usually see whether or 
not somebody thinks they have the next best thing or that they’re still asking them-
selves all the right questions. Folks that have enough integrity to accept if the value 
proposition behind their smart beta approach starts to diminish, if it’s arbitraged 
away, whatever it is, that they would come to us and say, “Hey, we don’t think this 
is going to pay off for you in the future.” And those types of shops, I think, will also 
come to us with maybe some forward-looking solutions that could replace it, but 
have the willingness and also maybe the breadth to do that, as opposed to being a 
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one-trick pony where it’s like they couldn’t come to us and say maybe you shouldn’t 
do this because it’s all their business. We value integrity and choose our partners 
carefully.
Steve, thank you again for taking the time to speak with us today.
On behalf of Ho Ho and Sin Sai Vang, my former and current colleagues who helped 
build our smart beta platform, thank you for giving us the opportunity to share our 
perspectives and our story with your readers.
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I. I ntroduction

It was in 2014 that pension fund TNO (corporate pension plan for the TNO company, 
a Dutch organization for applied scientific research) started its smart beta equity project. 
Up till that point, the equity investments were passively managed through traditional 
index funds. This project was an interesting journey, which provided us with new insights 
and that finally led to the appointment of two smart beta managers in 2015. Along the 
way we had to find answers to various questions relating to smart beta strategies, but also 
relating to the way we used to invest. We did this journey together with the board. At the 
start of the journey we asked ourselves why we invest the way we do (passively through 
traditional index funds), and what new insights would lead us to question this approach. 
This is discussed in Section II. We also asked ourselves the question whether smart beta 
strategies would be superior relative to our current way of investing, and if so, under what 
circumstances would that be the case? This is dealt with in Section III. Finally, there were 
various practical challenges we had to deal with, which are discussed in Section IV. We end 
this chapter in Section V with the main conclusions.
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II. T he Case for Passive Market Cap–  
Weighted Strategies

Both academics and practitioners have spent a lot of time and effort in understanding 
the drivers of stock returns. The oldest and most well-known model for describing 
stock returns is the Capital Asset Pricing Model (CAPM), developed in the 1960s 
by Sharpe, Lintner, and Mossin. The model is built on the mean-variance portfolio 
theory of Markowitz. Assuming investors are rational mean-variance optimizers, they 
will allocate their money between two assets: the risk-free asset and the market port-
folio. If we would limit ourselves to the stock market, the market portfolio represents 
the market cap–weighted composite of the total equity market. The implication of 
the insight that investors will hold perfectly diversified portfolios of risky assets is that 
investors will only be compensated for bearing systematic risk. The systematic risk is 
measured by the stock’s beta (β), which measures a stock’s sensitivity to the market. 
The relationship between a stock’s realized return and its beta can be written as:

R R R R ei f i m i= + −( ) +β f � (14.1)

with Ri, Rf, and Rm being the return of respectively stock i, the risk-free asset and 
the market. The last term, ei is a residual with E(ei) = 0. Along the same lines the 
risk of stock i can be decomposed into a systematic component and an idiosyncratic 
component.

σ β σ σi i m ie= + ( ) � (14.2)

According to the CAPM theory the last term in Equation (14.2) will vanish to zero if 
the number of securities in the portfolio becomes sufficiently large.

Based on the insights of the CAPM theory, passive index investing gained a lot of 
popularity in the 1970s. If investors are not expected to be compensated for bearing 
idiosyncratic risk, the best recipe is to hold the market cap–weighted index portfolio 
(popular examples include the MSCI indices and the S&P 500 index).

Even though early studies on the empirical validity of the CAPM provided only 
weak support for the beta as being the sole relevant risk factor, it did not prevent 
investors from adopting the market cap–weighted index as the prime benchmark for 
their equity investments.

Apart from academic considerations, there are good practical considerations for 
doing so. First, the market cap–weighted index is the most cost-efficient passive 
benchmark. This is the result of the fact that it is skewed toward large cap stocks 
for which trading costs are low, and also because the market cap–weighted index 
entails a buy-and-hold strategy. Alternative passive strategies contain an element of 
rebalancing, and therefore incur trading costs.

Second, for most market cap–weighted indices a liquid derivatives market is avail-
able which facilitates efficient portfolio management. From a practical point of view 
that is a relevant consideration.
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Third, in practice it is hard to find active managers that are able to outperform the 
market cap–weighted indices on a persistent basis, which makes market cap–weighted 
indices a logical starting point and benchmark for equity investors.

And fourth, the market cap–weighted index is the only macroconsistent investment, 
meaning that it is the only portfolio that all investors can hold (Bender et al. 2013).

In spite of its practical appeal, market cap–weighted buy-and-hold indices have been 
attacked by a new strand of strategies, which are labeled smart beta strategies. As the name 
suggests, proponents of smart beta strategies hold the view that market cap–weighted 
indices are inefficient strategies. They may be inefficient for a number of reasons:

1.	 market cap–weighted indices are trend-following strategies, which means that 
over time they will overweight overvalued stocks and underweight undervalued 
stocks, making them more vulnerable to market shocks;

2.	 market cap–weighted indices tend to be less diversified and skewed toward the 
stocks with the largest market capitalization;

3.	 market cap–weighted indices do not explicitly account for all the risk factors 
that have been found to explain the cross-section variation in stock returns, for 
example, value, size, and momentum.

The next section discusses the view we have developed at pension fund TNO with 
regard to smart beta strategies.

III. A re Smart Beta Strategies the Better 
Alternative?

In the well-known study by Ang et al. (2009) for the Norwegian Reserve Fund, it was 
found that most of the added value of the active equity managers could be explained 
by implicit exposures to systematic factors. Their recommendation was to adopt factor 
investing in the investment process: allocate risk capital to proven factors in a top-down 
fashion. Other studies showed that multiple factors were able to explain cross-sectional 
differences in returns over time, next to the market factor. Based on the available academic 
research there were good reasons to take a closer look at the added value of smart beta 
strategies. When we started looking at smart beta strategies we established a list of three 
critical questions that needed to be answered. These three questions were the following:

1.	 Which factors qualify for inclusion in a smart beta strategy? What are the 
relevant criteria?

2.	 Do smart beta strategies perform better than market cap–weighted buy-and-hold 
index strategies, and if so do they outperform both on a short-term and long-
term basis?

3.	 If smart beta strategies outperform market cap–weighted buy-and-hold index 
strategies, what are the sources of their excess returns?

In the next three sections these three questions will be addressed.
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A.  Factors That Qualify for Inclusion in a Smart Beta Strategy

With regard to the first questions we have, based on the existing literature, we devel-
oped four criteria for determining which factors are eligible for inclusion in a smart 
beta strategy. These criteria are:

1.	 Factors need to be economically sensible (there must be a good reason why the 
factor should offer a persistent premium);

2.	 Factor returns must be persistent and pervasive (the factor return does exist for 
a long time period, and the factor return has not disappeared after it was docu-
mented in the academic literature);

3.	 Factor returns must be robust (the factor return has been documented for different 
regions and countries; if the factor return does also hold for other asset classes this 
would also contribute to the factor’s robustness; the factor return should not signifi-
cantly change with small changes in the factor definitions); and

4.	 It must be possible to capture the factor return in a cost-efficient way.

Using these four criteria the number of eligible factors comes down significantly. 
Harvey et al. (2016) examined 315 factors from top journal articles and working 
papers. They found that most of the 315 factors that have been discovered in the aca-
demic literature do not pass the test when using the four criteria mentioned earlier. 
Their results corroborate the findings of Van Gelderen and Huij (2014) who found 
that the most successful equity managers in the US for the period 1990–2010 are 
those who have adopted factor investing strategies with exposure to factors that fulfill 
the earlier mentioned four criteria.

Based on our own analysis the factors that are most notable in the academic litera-
ture and that fit the four criteria are the following:

1.	 The Market factor, represented by the CAPM beta;
2.	 The Value factor, represented by the price-to-earnings ratio (Basu, 1977), the 

price-to-book ratio (Fama and French, 1992); in general, low valuation stocks 
outperform high valuation stocks;

3.	 The Size factor, represented by the market capitalization of a stock (Banz, 1981; 
Fama and French, 1992); in general, small cap stocks outperform large cap stocks;

4.	 The Momentum factor, represented by the total return of a stock over the past 
twelve months (Jegadeesh and Titman, 1993; Carhart, 1997); in general stocks 
with a high return over the past 12 months outperform stocks with a low total 
return over the past 12 months;

5.	 The Volatility factor, represented by the volatility of the stock’s return over the 
past period (Haugen and Baker, 1991; Clarke et al., 2006); in general stocks 
with a low return volatility outperform stocks with a high return volatility; and
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6.	 The Quality factor, for example, represented by the firm’s profitability (Novy-
Marx, 2013); in the academic literature there is a vast amount of characteristics 
that fit the Quality factor description; in general high-quality stocks outperform 
low-quality stocks.

The six factors have been tested extensively in the academic literature and their 
existence has proven to be persistent and robust. Even if we control for the other fac-
tors, these factors show a significant added value.

B. T he Performance of Smart Beta Strategies

Chow et al. (2011) have analyzed the performance of different smart beta strategies 
for both the US stock market and the Global stock market. For the US they have 
studied the period 1964–2012 and for the Global stock market they have used the 
period 1991–2012.

The first conclusion that follows from their study is that all their smart beta strate-
gies outperform the market cap–weighted buy-and-hold index (MSCI World Index). 
The largest outperformance is realized by the Fundamental Weighting (Fundamen-
tal Indexing) strategy; the performance of the Diversity Weighting strategy and the 
Maximum Diversification strategy is only slightly better than the MSCI World In-
dex. Except for the Diversity Weighting strategy, all smart beta strategies have higher 
Sharpe ratios than the MSCI World. If we would perceive smart beta strategies as 
active strategies, the information ratio would be a valid measure. Based on the infor-
mation ratio, the heuristic-based weighting strategies seem to do a better job as an 
active strategy than the optimization-based weighting strategies. This is caused by the 
relatively high tracking errors for the minimum variance and maximum diversifica-
tion strategies.

The results for the US are in line with the results for the Global strategies. Like the 
Global strategies, all US smart beta strategies outperform the market cap–weighted 
buy-and-hold index (S&P 500). However, the outperformance for the US strategies 
is more significant.

Arnott et al. (2005) have studied the risk-return characteristics of a set of funda-
mental factors (Book Value, Income, Revenue, Sales, Dividends, and Employment) 
and a composite (similar to what Fundamental Index strategies do). Their study 
was confined to the US stock market (Russell 1000 Index constituents), cover-
ing the period 1962–2004. Their study shows that all fundamental index strate-
gies outperform the S&P 500 and the Russell 1000. The smart beta strategies also  
report better Sharpe ratios. The same is true for the information ratio; all infor-
mation ratios are statistically significant. In Arnott et al. (2013) the analyses are 
expanded to 2012 and to the Global stock market. The results in this paper confirm 
the results of earlier studies.

To check the robustness of their results, Arnott, Hsu, and Moore split their sample 
in five 10-year periods. Their results appear to be rather stable, with the exception of 
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the 1990s. That period was dominated by the mega-cap companies; in addition to 
that the second half of the 1990s was dominated by the so-called TMT (Technology-
Media-Telecom) stocks that had high valuations based on high expectations regard-
ing future growth. However, this was not yet visible in the current fundamentals. In 
times like the 1990s one would expect smart beta strategies to underperform market-
cap weighted indices.

Koedijk et al. (2013) have analyzed the size of a set of factor premiums for both 
the US and Europe. The factors they have looked at were Market (beta), Size, Value, 
Momentum, and Low Volatility. Their findings corroborate the results of earlier stud-
ies: all fundamental factor premiums in their study are higher than the return of the 
market cap–weighted index.

Although the previous studies are just a snapshot of all available empirical studies 
with regard to smart beta strategies, they provide a fair representation of the vast body 
of empirical research. What these studies show is that various forms of smart beta 
strategies outperform their market cap–weighted buy-and-hold counterparts over the 
long run. What is not clear yet is the behavior of smart beta strategies over the short 
run. If smart beta strategies may underperform market cap–weighted indices with a 
large margin over a three- to five-year period, this may be regarded an unacceptable 
risk for a pension fund. Therefore, it is important to have some insight into the be-
havior of smart beta strategies over shorter time periods.

Several studies have shown that factor returns are cyclical and can underperform 
the passive buy-and-hold cap-weighted index for three- to five-year periods (e.g. 
Bender et al. 2013). That may be a challenge for pension funds since for the average 
pension fund board three to five years is a long time. There are at least two things a 
pension fund can do to deal with the short-term risk of factor strategies. Most impor-
tantly, instead of focusing on one or two factors, it is better to build a portfolio with 
a diversified exposure to multiple factors. Given that factor returns are not perfectly 
correlated, this may lead to a more stable return and a smaller risk of a longer-term 
underperformance relative to a cap-weighted benchmark. This was the choice we 
made at pension fund TNO. In addition to that it is important to embed the smart 
beta concept within the investment beliefs of the pension fund. This is discussed in 
Section III.C.

C. E xplanations for the Factor Returns  
and Their Practical Relevance

Although all smart beta strategies contradict the validity of the CAPM, they do not 
necessarily agree on the sources of the excess returns relative to the market cap–
weighted indices. Essentially there are two schools of thought in explaining the excess 
returns.

The first school assumes that markets are informationally efficient and investors 
are rational. Therefore, the excess returns that can be gained by having different risk 
exposures than the market cap–weighted index are simply a compensation for risk.
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The other school claims that markets are informationally inefficient and investors 
are subject to behavioral biases. To the extent that these behavioral biases are persis-
tent, this leads to mispricing of stocks from which one may profit by having a strategy 
that tilts toward stocks with specific characteristics.

To some extent this seems an academic debate, however, it can also have practical 
relevance. In case the excess returns reflect a compensation for risk, the probability 
that it will sustain in the future is high. However, when excess returns reflect a mis-
pricing it could evaporate in the future once discovered by “smart investors.” This 
does not necessarily need to happen. From behavioral finance studies we know that 
people in general are rather consistent in their inconsistencies and biases. If people 
are confronted with their mistakes, it does not automatically mean that people will 
change their behavior accordingly. To (mis)quote John Legend, it is sometimes hard 
for human beings to withstand their “perfect imperfections.” Against this backdrop 
one could expect excess returns to sustain in the future, even if they are rooted in 
mispricing of stocks.

At pension fund TNO we are agnostic with regard to the explanation of the factor 
returns. There is enough academic research available to support either view. We do 
not think that we have the final answer in this debate. We also think that it does not 
make a lot of difference for the efficacy of smart beta strategies. Even if the behavioral 
explanation would be correct, we hold the view that human behavior is rather persis-
tent, also in its behavioral imperfections.

What is important, though, is that the belief that a long-term exposure to factors 
pays off in the form of a positive return is sufficiently embedded in the investment 
belief of the pension fund. We have spent a lot of time with the board to discuss the 
characteristics of smart beta strategies and also the reasons why these strategies are 
expected to contribute to a better return. A good understanding of these strategies is 
of critical importance, especially at times when performance is lacking, which may 
happen now and then. When equities underperform bonds for a few years, nobody 
would propose to move out of equities and invest the money in bonds. That is be-
cause everybody—at least the pension funds in The Netherlands—understands that 
having a long-term exposure to equities contributes to the return of the fund and is 
necessary for realizing the long-term pension ambition. The same belief is needed for 
smart beta strategies, and that requires a good fundamental understanding of these 
strategies by the board. If that is not in place, the fund runs the risk that it may not 
reap the long-term fruits of this strategy.

IV. P ractical Considerations

After the discussions with the board and the embedding of our views regarding the 
long-term factor returns in our investment beliefs, we had to solve a number of prac-
tical issues. The first issue was portfolio construction, in particular the factor alloca-
tion of the portfolio and the risk constraints imposed. This is discussed in Section 
IV.A. A second issue is the choice of a proper benchmark. Although there are various 
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factor benchmarks available in the market, there is still not a communis opinio about 
what constitutes a proper factor benchmark. This topic is dealt with in Section IV.B. 
A last point we had to address was the impact of costs on the strategy and portfo-
lio construction. Relative to the passive buy-and-hold cap-weighted index approach 
there are incremental transaction costs and fees that need to be taken into account. 
This is addressed in Section IV.C.

A. P ortfolio Construction

A proper portfolio construction methodology requires at least a clear definition of 
the objective function of the investor. With regard to smart beta strategies an investor 
can, grosso modo, choose between two approaches. In the first approach, the abso-
lute risk-return approach, smart beta strategies are considered as an enhanced passive 
equity strategy and therefore the objective function can be formulated in terms of 
absolute risk and absolute return (Sharpe ratio). In the second approach, the rela-
tive risk-return approach, smart beta strategies are seen as active equity strategies, 
and therefore the objective function should be formulated in terms of relative risk 
and relative return (Information ratio). At pension fund TNO we approach smart 
beta strategies as enhanced passive equity strategies, since we look for a consistent 
long-term exposure to a set of factors for which we expect a positive factor premium. 
Basically, we see the transition to a smart beta equity portfolio as a shift from a passive 
single-beta inefficient strategy to a passive multibeta efficient strategy.

In case smart beta strategies are seen as enhanced passive equity strategies, the 
equity benchmark should in principle be a factor-based index. The reason for 
replacing the cap-weighted index with a factor-based index is because adopting a 
factor-based investment strategy as an enhanced passive strategy implies that the cap-
weighted index is seen as an inefficient benchmark. There is no logical reason to use a 
benchmark that is seen as a priori inefficient. In terms of portfolio construction and 
factor strategy evaluation, it is important to recognize that the smart beta strategy is 
basically the new default for equities. Therefore, the factor allocation is a multiple-
beta problem instead of an alpha problem. Consequently, the strategy should be 
evaluated in terms of Sharpe ratio.

Evaluation of smart beta strategies can yield different outcomes depending on 
the approach that is used. For example, several studies (e.g. Bender et al. 2013) have 
shown that low-volatility strategies tend to have high Sharpe ratios but relatively 
low Information ratios. This makes sense since low-volatility strategies tend to have 
long-term returns that are similar or slightly higher than the return of the market 
cap–weighted index but with lower risk. However, their tracking error can be significant 
(e.g. Hsu and Li 2013). As a result, low-volatility strategies are more preferred by 
investors that adopt the absolute approach than by investors that adopt the relative 
approach. Since we approach smart beta strategies from an absolute risk-return per-
spective we appreciate the risk-return characteristics of low-volatility strategies. We 
interpret the high tracking error of low-volatility strategies as a risk absorber in the  
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portfolio, since the tracking error is particularly high in strong down markets. It is 
also in these markets that low-volatility strategies show strong relative performance 
due to their defensive nature.

In Section III it was mentioned that pension fund TNO has identified six fac-
tors—including the market factor—that are eligible for inclusion in its smart beta 
strategy. Combining these factors does not only offer the possibility to take advantage 
of the return potential of the individual factors but also of the diversification benefits 
resulting from the imperfect correlations between the factors. However, there are dif-
ferent ways of combining factors into a multifactor strategy. So, we had to find out 
what approaches could be used and their relative attractiveness for our pension fund.

In principle there are two ways to construct multifactor portfolios, the top-down 
approach (also known as factor mixing or portfolio blending) and the bottom-up ap-
proach (also known as factor integration or signal blending). The top-down approach 
is essentially a two-step portfolio construction process. In the first step individual 
factor portfolios are constructed, and in the next step these stand-alone factor sleeves 
are combined into a blended portfolio. For this final step the investor has to choose a 
weighting procedure (e.g. equal weighting or an optimization process). The bottom-
up procedure combines the individual factor signals into a combined or integrated 
factor signal, which forms the basis for constructing the portfolio.

A potential drawback of the top-down approach is that it comes with undesired 
factor exposures. This is especially relevant when factors are negatively correlated. For 
example, if Value and Momentum are negatively correlated one automatically selects 
stocks with negative momentum signals in the Value sleeve and stocks with negative 
value characteristics in the Momentum sleeve. The bottom-up approach takes into 
account these correlations when integrating the factor signals. One way to solve this 
problem is to “decorrelate” the factor sleeves and transform them into pure factor 
portfolios. Combining pure factor portfolios into a multifactor portfolio should sig-
nificantly reduce the problem of undesired risk exposures.

The top-down approach also comes with advantages that are particularly relevant 
from a practical point of view. The top-down approach is transparent and therefore it 
facilitates performance attribution.

Looking at the academic literature, Clarke, de Silva, and Thorley (2016), Bender 
and Wang (2016), and Fitzgibbons, Friedman, Pomorski, and Serban (2016) con-
clude that the bottom-up approach is preferred as it yields higher absolute and risk-
adjusted returns. Amenc, Goltz, and Sivasubramanian (2018) and Leippold and 
Rüegg (2017) on the other hand come to the conclusion that the superiority of the 
bottom-up approach disappears once methodological weaknesses of the former stud-
ies are taken into account. For example, Chow, Li, and Shim (2018) conclude that 
the superiority of the bottom-up approach vanishes once portfolio concentration and 
turnover is taken into account.

Comparing the different studies is difficult as most of the studies compare port-
folios given a certain risk metric (volatility or tracking error). However, this leaves 
the possibility that portfolios differ significantly in terms of factor exposure. Ghayur, 
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Heaney, and Platt (2018) show in their study that for low to moderate levels of factor 
exposures the top-down and bottom-up approach yield similar results. Only for high 
levels of factor exposure the two approaches show diverging outcomes. Therefore, 
the relative attractiveness of both approaches is dependent on the investor’s objective 
function and preferences.

Pension fund TNO does not prefer high factor risk exposures as it usually comes 
with more concentrated portfolios. Therefore, from a risk-return perspective, we do 
not have a strong preference for either the top-down or bottom-up approach. How-
ever, since the top-down approach is more transparent and makes performance at-
tribution easier we tend to have a preference for the top-down approach.

A last portfolio construction issue we had to decide on was the risk limits we want 
to impose.

At pension fund TNO we have chosen to define the smart beta mandate at the 
level of the global developed markets. That means that country risk and FX-risk 
are important contributors to the overall risk level. If we would only care about the 
overall risk level relative to the benchmark we could set a constraint at the tracking 
error level. However, if we would care about the overall risk profile of the smart beta 
strategy we should also set limits to specific risk exposures. With regard to FX-risk, 
we apply a currency overlay program, so FX-risk is hedged on a total portfolio level. 
Two other major risk factors that need to be addressed is country risk and sector risk. 
An interesting question here is to what extent country and sector risk limitations im-
pact the performance of smart beta strategies. It could be that a preference for certain 
factor exposures steers the portfolio in the direction of specific countries and sectors. 
With one of the smart beta managers we had on our short list we did some extensive 
analysis into the impact of country and sector constraints. As it turned out, tight 
country and sector constraints have a negative impact on the risk-return trade-off of 
smart beta strategies (having no constraints at all is not optimal either, as it leads to 
extreme underweights and overweights). The return-risk ratio of the strategy using 
tight constraints (±0,5% relative to the benchmark) was 0,76; for the strategy with 
loose constraints (±10%) it was 1,0; the sample consisted of all stocks in the MSCI 
World and the sample period was 1985–2015. As a result, we decided to use loose 
constraints with regard to countries and sectors.

B. D efining the Right Benchmark

The next challenge is finding the right benchmark. There are various well-accepted 
benchmarks for capturing market risk (e.g. the S&P 500, the MSCI indices), but not 
yet for smart beta equity strategies. Although a few index providers have developed 
factor indices (e.g. MSCI, Russell, FTSE), these indices may differ in their portfolio 
construction and factor definition from the actual strategies they should represent. 
Also, these factor indices are not necessarily a good default, which can be realized in 
a cost-efficient way. Given these limitations, at pension fund TNO we have chosen 
to retain the cap-weighted indices as the benchmark for the smart beta strategies. If 
factors do indeed provide an additional return in addition to the market return, we 
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should see an outperformance over a longer time period. The board is aware that the 
performance of the smart beta strategies should be evaluated over a longer time span, 
say three to five years.

C. T he Impact of Costs

The final issue that had to be addressed is costs, in particular transaction costs and 
fees. If not properly addressed and managed, costs can have a big impact on the re-
turns of smart beta strategies. In the end we want to optimize the trade-off between 
net returns and risk.

There is a big difference in transaction costs between a passive buy-and-hold cap-
weighted index fund and a smart beta strategy. The latter is clearly more expensive 
since it requires more rebalancing, and relatively more trading in the small cap seg-
ment where transaction costs are higher. Since pension fund TNO used to invest 
its equity portfolio in a passive cap-weighted index fund we knew that transaction 
costs would be higher in the new situation. It is important to realize when looking 
at the vast amount of academic studies, that most of these studies are based on paper 
portfolios (simulated portfolios) without accounting for transaction costs. Therefore, 
these studies tend to overestimate the added value of smart beta strategies. An excep-
tion is the study of Beck et al. (2016). They show that the attractiveness of certain 
factor strategies vanishes once transaction costs are taken into account.

In the same study it is shown that the impact of transaction costs on performance 
can differ a great deal among factors. For example, value and minimum volatility 
strategies tend to have low turnover and therefore have low transaction costs. How-
ever, turnover for momentum strategies can be quite high. Especially when most of 
the turnover takes place with the small caps, transaction cost can have a major impact 
on performance.

In analyzing the performance of smart beta strategies, we have explicitly account-
ed for the effects of turnover on the smart beta strategies.

Another cost that is typically ignored in academic studies is fees. Typically, fees 
for smart beta strategies are higher than for passive buy-and-hold cap weighted index 
funds (though typically lower than for active equity funds). Just like the incremental 
transaction cost, the additional costs of fees should be taken into account before 
making a decision with regard to smart beta strategies and portfolio construction. We 
have made these analyses, and that led us to conclude that smart beta strategies pro-
vide added value over traditional buy-and-hold cap-weighted index funds; therefore, 
it is in the interest of the pension fund to add smart beta strategies to the portfolio.

V.  Conclusion

This chapter describes the journey of pension fund TNO from a traditional passive 
buy-and-hold cap-weighted index strategy to a smart beta strategy. What was clear 
from the outset was that for a successful transition it is essential to involve the board 
in the process. Although smart beta strategies have been shown to provide a better 
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risk-return trade-off over the longer term, there could be periods of underperfor-
mance relative to the traditional approach. In that situation it is important that the 
underlying reasons for investing in smart beta strategies are embedded in the fund’s 
investment beliefs and are fully understood.

A large part of the analyses that we did is based on academic studies. These studies 
have been extremely helpful in pointing us to the right factors, and to improve our 
understanding of the risk-return characteristics of smart beta strategies and the ex-
planations for their existence. Grosso modo, the academic literature makes a compel-
ling case for smart beta strategies. Relative to passive cap-weighted indices they have 
shown a better performance. Nevertheless, before making any decisions with regard 
to smart beta strategies, both in terms of allocation and portfolio construction, it is 
critically important to take into account the practical issues an investor has to deal 
with. In this respect, the importance of knowing the investor’s objective function 
and preferences, portfolio construction (factor mix and risk constraints), benchmark 
definition and costs is stressed.
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Barclays Bank UK Retirement Fund

I. I ntroduction

The basic concept of smart beta and factor investing is not new. Indeed, historically, 
fundamental, and quant active managers have used exposures to certain smart beta 
factors, in combination with stock selection, to generate excess returns. With regard 
to smart beta, what is new, however, is the ability to isolate the capture of persistent 
long-term factors through transparent, low-cost offerings. This decoupling of excess 
returns coming from factor exposures and excess returns attributable to stock selec-
tion skill is an important development for asset owners because it allows for the con-
struction of more efficient overall equity portfolios. At Barclays Bank UK Retirement 
Fund (BUKRF), we have been one of the early adopters of smart beta factor investing. 
And since inception, smart beta has contributed meaningfully to enhancing the risk-
return profile of the overall equity allocation. In this chapter, smart beta implementa-
tion experience is discussed.

C
o
p
y
r
i
g
h
t
 
2
0
1
9
.
 
W
i
l
e
y
.

A
l
l
 
r
i
g
h
t
s
 
r
e
s
e
r
v
e
d
.
 
M
a
y
 
n
o
t
 
b
e
 
r
e
p
r
o
d
u
c
e
d
 
i
n
 
a
n
y
 
f
o
r
m
 
w
i
t
h
o
u
t
 
p
e
r
m
i
s
s
i
o
n
 
f
r
o
m
 
t
h
e
 
p
u
b
l
i
s
h
e
r
,
 
e
x
c
e
p
t
 
f
a
i
r
 
u
s
e
s
 
p
e
r
m
i
t
t
e
d
 
u
n
d
e
r
 
U
.
S
.
 
o
r
 

EBSCO Publishing : eBook Collection (EBSCOhost) - printed on 4/7/2020 8:27 AM via ST MARYS UNIV

main.ehost



344�A sset Owner Perspectives

II. M otivation and Strategy Selection

In recent years, increased and enhanced data availability, improved risk models, and 
more focus on quantitative investment management techniques have allowed insti-
tutional investors to better decompose overall portfolio performance and to gain a 
deeper understanding of the drivers of performance. In our case, such activities, over 
time, have led to a clearer identification of the factor exposures embedded in our pas-
sive and active portfolios. This, in turn, led to internal discussions regarding which 
factors we want to gain exposure to, which factors were actually represented in the 
portfolio, and how do we balance the risk exposures to factors. The advent of factor-
based smart beta strategies provided an efficient vehicle for implementing under-
represented factor exposures. Therefore, initially we used certain smart beta product 
offerings for portfolio completion purposes. For instance, we recognized that our 
overall portfolio lacked adequate exposure to defensive strategies. As such, our smart 
beta strategy selection efforts initially focused on defensive or low-risk strategies.

As our overall equity strategy evolved, the mix of smart beta strategies also broad-
ened to facilitate efficient portfolio management. For instance, large cap value strate-
gies were introduced to balance the small cap growth exposures from the active equity 
portfolio. In some highly efficient market segments, smart beta factor strategies have 
also been identified as a more efficient, transparent, and cost-effective alternative to 
actively managed strategies. In such instances, we have favored a multifactor alloca-
tion that has the potential to improve risk-adjusted returns by combining factors 
with low correlation, along with cost-efficient implementation.

Over time, therefore, smart beta factor investing, in our case, has evolved from 
a portfolio completion application to strategies that allow us to capture a particular 
risk premium for a low cost as well as to serve as an alternative to active management, 
where appropriate. In the end, the main objective of smart beta for us is to aid in 
portfolio construction and improve investment efficiency relative to pure passive, 
through higher Sharpe ratios, and active portfolios, through higher IRs.

III.  Challenges

As is the case with most investors, we faced several challenges as we sought to imple-
ment a smart beta program. First, we had to decide on the motivation behind the 
factors. This decision is difficult because it involves a discussion of why factors work 
and, more importantly, why we can expect them to keep working. On this topic, 
the academic literature provides limited guidance because it is divided between an 
efficient markets-based risk premium explanation and a behavioral finance-based 
anomalous returns explanation. At a practical level, we feel that factor returns may be 
driven by a combination of risk and mispricing or that different factors may be driven 
by different considerations. That is, some may represent more of a risk premium, 
while others may be better explained through behavioral biases. Also, at a practical 
level, persistence in factor premiums is an important consideration. In our view, a 
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premium for additional risk and limits to arbitrage relating to behavioral mispricing 
are reasonable arguments for the persistence of factor returns.

Second, we had to decide on which specific factor premiums we should seek to 
capture. Again, although in the academic literature hundreds of factors have been 
identified, our view is that the focus of smart beta strategies should be on the well-
accepted basic factors, such as value, momentum, low volatility, and quality. At a very 
minimum, asset owners should aim to capture these basic factors through transparent 
and cost-effective smart beta solutions. Other potentially more advanced and sophis-
ticated factors, we believe, are best captured through active management.

Third, we had to decide on how to use our existing risk management systems in 
the new smart beta framework. Historically, we have made use of commercial risk 
models to assess the risk exposures of our portfolios. The advent of smart beta strate-
gies potentially challenges the use of commercial risk models to assess risk exposures. 
For instance, if we decide to invest in a certain smart beta value strategy, it is because 
we believe that strategy represents a good capture of value. It may be that when as-
sessed against a commercial risk model, that smart beta value strategy may not show 
a meaningful exposure to value, because the commercial risk model defines and cap-
tures value factor differently. Such results are actually quite common and highlight 
the need for asset owners to carefully analyze counterintuitive exposures emanating 
from commercial risk models. It may also be a good idea for asset owners to comple-
ment risk model-based exposure analysis with a risk decomposition of active strate-
gies against the smart beta strategies that they are considering and implementing.

Finally, another challenge was determining what steps to take to mitigate the po-
tential impact of factor crowding on future performance. As smart beta continues to 
gain in popularity and adoption, crowding and its impact on the valuation of fac-
tors becomes a reasonable concern. Additionally, crowded trades in individual stocks 
may imply that in the event of a factor crash, exit can potentially entail high market 
impact and implementation expense. We believe asset owners can mitigate the po-
tential negative impacts of crowded trades by keeping a long-term perspective and 
by focusing on customized smart beta solutions with differentiated features, as we 
discuss next.

IV. P roduct Selection

In selecting smart beta products, we tend to focus on the following considerations.

A. F actor Mix

The factor mix decision involves determining which specific factors to invest in. 
When smart beta is used in a portfolio completion application, this decision is 
straightforward as a specific factor or risk premium is targeted. When smart beta 
is used as an alternative to active management, we prefer multifactor solutions. In 
a multifactor strategy, we also prefer the inclusion of all the smart beta factors men-
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tioned earlier, that is, value, momentum, low volatility, and quality. Some smart beta 
managers do not include momentum in their multifactor strategy. Their argument is 
that momentum has very high turnover, which increases implementation costs and 
negatively impacts the overall capacity of the strategy. Other smart beta managers do 
not include low volatility, as it tends to lower the IR of the overall strategy. Although 
these potential shortcomings of momentum and low volatility are generally valid, 
we also find smart beta managers that have designed good methodologies to address 
them. They employ innovative techniques to control the turnover of momentum 
and improve the active return and IR associated with low-volatility investing. In the 
end, the point is that asset owners do not necessarily have to forgo the diversification 
potential of certain factors, as many smart beta offerings exist that aim to strike an 
appropriate balance in the various potential trade-offs involved. Therefore, at the start 
of the process, we use a complete factor mix, which delivers adequate factor diversifi-
cation, as a screen to narrow the universe of strategies that we wish to analyze further.

B. F actor Signal Definitions

With regard to signal definitions, our focus is on two main areas; the trade-off be-
tween simplicity and complexity and individual factor versus multifactor application.

Although we are advocates of simplicity and transparency, we also recognize that 
some level of complexity may be needed to adequately define a particular factor or 
style. For instance, price-to-book value may be too simple and narrow of a definition 
to define value. We would prefer appropriately designed value composites that adopt 
a broader perspective of value investing. On the other hand, some smart beta manag-
ers use 10 or even 20 different metrics to define quality. We find such composites are 
overly complex, as they do not facilitate a clear understanding of risk exposures and 
performance attribution of the strategy.

In a multifactor application, we believe that the various factor definitions used 
should be relatively independent of each other. Otherwise, the expected benefits of 
factor diversification may be compromised. As such, we pay particular attention to 
potential unintended or ancillary exposures of specific factor definitions. In this re-
gard, we may ask a smart beta manager to establish the orthogonality of various 
factor definitions used. This typically entails conducting an exposure decomposition 
analysis of one factor relative to the other factors used in the strategy.

C.  Weighting Scheme and Portfolio Construction

The basic objective of portfolio construction is to deliver an “efficient” capture of 
targeted factors. However, different smart beta managers may approach the objective 
of efficiency from different perspectives. Therefore, we ask the managers to clearly 
specify how they define the efficiency objective function and how their portfolio 
construction helps them achieve that objective.
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In our view, it is also important to fully understand the potential exposure and 
risk concentrations introduced by a given weighting scheme and other portfolio con-
struction parameters. In our experience, the size exposure represents one important 
concern. Certain portfolio construction techniques lead to a dominant exposure to 
size relative to the other factors in the strategy. Although we understand that some ex-
posure to size will invariably be embedded in strategies that deviate from cap weight-
ing, having size be the dominant factor exposure represents a problem in our view. 
In certain other cases, the constraints specified in an optimized solution may lead to 
implicit factor timing. In general, a reasonable argument could be made in favor of 
factor timing. However, the benefits of implicit factor timing remain questionable. In 
our view, factor timing is better implemented in an explicit fashion through talented 
active managers, as opposed to smart beta offerings, as it requires a higher degree  
of skill.

In creating a multifactor strategy, some smart beta managers combine factor 
signals to construct a single multifactor portfolio, while others combine indi-
vidually constructed factor portfolios. From an investment efficiency perspective, 
we believe that both approaches are reasonable ways of constructing multifactor 
strategies. In the implementation and monitoring of smart beta multifactor strat-
egies, we view the ability to understand and explain performance as an important 
advantage.

Finally, we value clear and transparent investment processes that are specifical-
ly designed to improve diversification and mitigate overall implementation costs.  
Diversification is an important consideration in the capture of factor returns, as high-
lighted by academic studies. Ideally, a factor capture should be implemented with 
high diversification and low stock-specific risk, such that factor risk is the main driver 
of the total active risk assumed. The objective of mitigating overall implementation 
costs leads us to prefer strategies that have a reasonable annualized turnover and are 
offered at a reasonable price.

V. S mart Beta Allocation

Our process for determining the allocation to smart beta involves two steps. In the 
first step, the Equity Investment Team works with the internal Portfolio Construc-
tion Group to develop recommendations regarding the strategic weights for smart 
beta strategies in the context of the overall investment strategy. In the second step, 
the recommendations are reviewed and approved by the Investment Committee.  
As the initial aim of our smart beta allocation was to act as a completion portfolio 
to the active and passive equity allocations, the sizing was a result of overall equity 
and factor exposures across the fund. In the long run, while still being conscious of 
overall factor exposures, some smart beta strategies are likely to be part of the core  
Equity allocation for the fund.
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VI. G overnance, Monitoring, and 
Performance Benchmarking

In terms of governance, the Investment Committee has ultimate responsibility for 
oversight of the smart beta program. On a daily basis, the Equity Team oversees and 
manages the implementation of the smart beta allocation. Most of the smart beta 
strategies we employ are externally developed and can be implemented in a separate 
mandate, ETF, mutual fund, or a total return swap on an index. In some cases, the 
internal Equity Team is more involved in the factor strategy development in order to 
ensure that specific plan-level strategic considerations and guidelines are taken into 
account.

In terms of monitoring, we pay particular attention to realized factor exposures, 
active risk contributions, large country, sector and industry active positions, and real-
ized turnover and overall implementation costs. These aspects help us determine if a 
given investment process is working as it’s intended to. On a periodic basis, we also 
ask managers to conduct a capacity analysis for their strategies.

Performance benchmarking of smart beta strategies can be a challenging task. 
Ideally, we would want to use standard or public factor indices to assess the perfor-
mance of implemented customized strategies. However, in practice this is difficult 
to do, as it may be hard to determine what a “standard” index might be for certain 
factors or strategies, such as, quality or a multifactor strategy. As such, our prima-
ry performance benchmark continues to be the same as the strategic cap-weighted 
benchmark for the overall equity allocation. Nonetheless, where appropriate, we do 
use secondary benchmarks, in the form of standard factor indices, to analyze and 
measure the performance of individual smart beta strategies.

VII.  Conclusion

So far, our experience with smart beta has been a positive one. The smart beta alloca-
tion has provided diversification, reduced risk, and improved long-term performance. 
In addition, the introduction of smart beta strategies has put more emphasis on fac-
tor exposures across the overall fund and has led to a more granular performance and 
risk contribution analysis. In our experience, smart beta and factor strategies have 
proven to be excellent tools for efficient portfolio management. However, they do 
require careful and bespoke consideration and should not be seen as “one size fits all” 
investment strategy.
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In our contribution to the smart beta debate, we focus mainly on the often-
overlooked perspective of the asset owner. We set the broad scene in which asset 
owners (e.g. pension funds and endowments) should operate, articulate the issues 
they face, and highlight some new challenges when using smart beta concepts and 
products.

We also explore how smart beta is currently evolving and will likely evolve in the 
future.

First though, we begin with some scene-setting.

I. T he Smart Beta Revolution or Evolution?

A.  Introducing Our View of “Smart Beta”

The story of smart beta goes back nearly 30 years, with origins very different to the 
today’s product-filled world. This journey reflects changes in an investment industry 
that has (in places) “industrialized” over time. We also see increased recognition from 
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asset owners that play to their strengths1 has the potential (if well executed) to confer 
a competitive advantage.

In the early 2000s Willis Towers Watson’s Thinking Ahead research team wrote about 
how asset owners could gain a competitive edge by using some of the ideas found in many 
of today’s smart beta products. However, we did not anticipate that the topic would be so 
high on investors’ agenda nor that it would elicit such strong opinions.

We see the heated debate around smart beta as a positive—innovation that doesn’t 
provoke a response from incumbents is unlikely to have a long-lasting impact. But 
the debate can descend into hyperbole and misunderstanding, and many valuable 
nuances lost. Stepping back, we find that, despite the back and forth between dif-
ferent members of the industry, there is actually wide agreement about many of the 
concepts behind smart beta, albeit with a vibrant debate about definitions, labels and 
the implications for markets and investors.

B. T he Origin of Smart Beta

The investment industry generates more than its fair share of jargon, and smart beta 
is no exception. Beta, smart beta, factors, alpha, alt beta, signals, strategies are terms 
that, unfortunately, everyone seems to use differently. We attempt to be consistent in 
our nomenclature, explaining as we go.

a.  Market Beta and Alpha

Before modern finance theory, equity returns were attributed only to stock picking—
returns, positive or negative, were down to the portfolio manager and nothing 
else. However, a seismic shift occurred with the development of the efficient mar-
ket hypothesis and Capital Asset Pricing Model (CAPM). With this more scien-
tific approach, as well as the consequent invention of passive management, the idea 
of separating returns into a market component and a residual took hold. CAPM 
assumes that nonmarket residual returns are zero on average and uncorrelated to the 
market—essentially noise. In a linear regression model, the Greek letter beta is used 
for the market coefficient, with the residual labelled as alpha.

These labels stuck, and today investment professions often refer to “beta” mean-
ing market or asset class exposure, and “alpha” as the additional positive or nega-
tive return generated relative to the market.2 The framework has been informally 
extended to incorporate the idea that some asset managers are “skillful” (they can 
deliver positive alpha over time) while others are not. Needless to say, if an investor 
does not just want to own the market (best described for practical purposes as a broad  

1For example, asset owners with a long-term investment horizon are able to exploit opportunities 
that short-term investors cannot.
2 Unhelpfully, alpha is sometimes used to mean the extra return relative to the market, and other 
times it is the extra returns adjusted to reflect the market exposure (as per a linear regression).
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market capitalization–weighted portfolio), then he/she should employ an asset man-
ager with the expectation of delivering positive alpha. With no belief in positive 
alpha, it would be logical for asset owners to invest in beta (the market portfolio), 
which is low cost because little unique investment insight is involved.

b.  A New Model: Factors Beyond Market Beta and Alpha

Having identified the first order market beta effect, which explains a lot of individual 
stock price movement, the search naturally moved to what else mattered. Over the years a 
number of factors have been identified and tested,3 including momentum, low volatility 
(and similarly low beta), value, and size.4 The additional factors more fully describe stock 
price movements, but also historically show positive alphas in the old CAPM beta-alpha 
model. In other words, some “old alpha” can be captured with new beta.

The smart beta term was originally coined to refer to long-only equity strategies 
that captured returns from new factors (as well as market beta). As we discuss in 
Section IV, the idea can also be applied to other markets and strategies; for example, 
merger arbitrage and trend-following are well-recognized hedge fund strategies that 
can be captured with factors (typically implemented as a long-short portfolio) and 
now often referred to as alternative beta.5

c.  What Do We Mean by “Alpha”?: A Broader Principle

From the previous section, we have a model that explains returns in terms of three 
things: market exposure, factors, and a residual. However, to define investment skill 
purely in terms of the residual of a model is, to us at least, incomplete or possibly mis-
leading. We view a “skilled” asset manager (with positive alpha) as having a competi-
tive edge over other market participants, and that edge is both sustainable (unlikely 
to be competed away) and scarce (it cannot be copied by other asset managers or be 
incorporated into the market’s collective pricing of securities). We also add assess-
able. Asset owners (or their representatives) must be able to form a robust view about 
the presence of investment skill before allocating capital.6 In our view scarcity, as a 

3 Factors are best thought of as investment strategies to group and weight securities with 
common characteristics and/or to capture some overall market “effect.” To be useful, the factor 
strategy should generate a positive risk adjusted return.
4 Initially value, size, and momentum were “discovered” in the early 1990s. Low volatility did 
not become “mainstream,” and in many factor models remains absent, until after around 2008, 
despite being discovered as a CAPM anomaly in the late 1960s.
5 This is not to say that asset managers can’t add value in a strategy, such as merger arbitrage, but 
that any added value should be set against the incremental fees over the cost of an alternative 
beta product.
6 We believe that the cost of false positives (assigning investment skill inappropriately) is high, 
whereas false negatives (missing a great investor) is low. This is because false positives affect 
portfolios, but false negatives result in regrets. This asymmetry in the cost of errors leads us to 
put significant emphasis on assessability in our manager research.
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defining feature of alpha, does not depend on how complicated a strategy is, nor the 
results of a factor model.

C.  Implications for Active Managers

a.  Raising the Bar

We think that smart beta represents a significant challenge for some asset managers 
and an opportunity for others. For example, an asset manager investing in small cap 
or low price/book companies should have a lower alpha under the “new model” than 
under the old one. Is the manager less skilled because some “old” alpha is in fact 
size or value factor exposure? Smart beta strategies, which capture returns previously 
labeled as alpha at low cost, are a disruptive technology in the same way that the 
Internet has disrupted markets in goods and services.

In many respects the increasing awareness of smart beta is refining the expec-
tations of asset managers. Asset owners are prepared to pay reasonable fees that 
deliver something genuinely different, but if a strategy is widely available, then 
naturally cost and other observable attributes become important in the manager 
selection process.

b.  The Need to Innovate

We believe an overlooked aspect of smart beta is that it is not a static set of strate-
gies. “Alpha strategies” can evolve into smart beta over time as the strategy is defined, 
tested, rationalized and becomes well understood.

As a result, asset managers must keep innovating to continue to deliver genuine 
alpha or accept that over time they will become smart beta providers. In our opinion, 
this is a difficult mind-set shift for some to accept, but ultimately they may have  
no choice.

c.  The Rise of the Index: Unbundling the Asset Management Product

We could think of any investment product as combining two functions. The 
first is strategy design, that is, security selection and allocation. The second is 
implementation—executing the trades required to invest in the target security 
weights in the most effective manner.

At its heart, an index is a technology that joins these two functions. The design of 
the strategy is carried out by a set of specialists,7 which can then be delivered via an 
index to implementation specialists. In traditional asset management these two func-
tions are part of the same company, and may even be the same person or team, but 
with the right technology (i.e. an index) this need not be the case.

7 In principle an “index” could be delivered in real time based on the discretionary view 
of a fundamental stock picker. The current incarnation of indices as quantitative strategies  
(of varying complexity) is only one version of the technology.
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Over recent years indices have evolved to include those based on company funda-
mentals (e.g. value, quality) and market prices (e.g. momentum, low volatility), with 
securities selected and/or weighted on these characteristics. Indices now cover both 
single factor strategies and combinations of factors. They can be constructed using 
simple weighting rules or optimization procedures. Some of these indices look very 
similar to asset manager quantitative strategies and in some areas, such as ESG invest-
ing, we would argue that indices are ahead of many asset manager offerings.

We expect that indices will continue to evolve and offer strategies that overlap 
with, and potentially surpass, those offered by asset manages. Likewise, we observe a 
trend where asset managers are creating indices based on their strategies to provide 
asset owners with additional implementation options.

d.  Take Care with Indices and Benchmarking

i.  Indices Do Not Define Smart Beta (or Passive) Management

Often it is claimed that smart beta strategies are either passive or need to track an 
index—the implication being that anything else qualifies as active management. This 
is not the case.

First, in a broad economic sense, all strategies that allocate away from market 
capitalization weights are active. This is because in aggregate all securities are owned 
at market capitalization weights (the market price, and therefore weight, for each 
security representing the balance of supply and demand). A portfolio that does not 
hold market cap weights is taking active bets against all other investors.

Second, an index is not needed for the definition of passive management. As a 
simple thought experiment consider a 100 stock portfolio with securities weighted 
either in line with market cap or at 1% each (i.e. equally weighted). Now suppose 
that there are three pooled funds to choose from:8 (1) one that tracks a market-
capitalization-weighted index, (2) one that tracks an equally weighted index, and (3) 
one that does not track any index but invests 1% in each stock.

•• If we choose to invest in the fund that tracks the market cap–weighted index, then 
we are a passive investor.

•• If we choose to invest in the fund that tracks the equally weighted index or the non-
index fund, then should we view ourselves differently? Are we a passive investor in 
one and an active investor in the other? Should there be any differential in fund terms 
between these funds? We believe that these two implementation options are the same.

The simple example highlights that the presence of an index per se does not de-
termine a strategy to be passive, let alone smart beta. Likewise, the absence of an 
index does mean something isn’t a smart beta product. It’s the underlying strategy 
that matters.

8 For convenience we are ignoring the further pool of capital that represents the offsetting 
positions to our choice, as it is not important in this example.
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ii.  Is There a “Correct” Smart Beta Index?

The index is a fairly good, and well accepted, way to assess a broad long-only strategy 
relative to its opportunity set. However, in the smart beta space does the same level 
of consensus exist?

Using value as an example, it is not obvious that there is a correct “value 
index” to use as a benchmark, just as there is no correct “value asset manager.” 
Indeed, even the design choices of the strategies used in the original studies of 
factor investing should not be thought of as “correct” or idealized version of the 
strategies. This means that selecting a smart beta index is very similar to selecting 
any active investment strategy. This has implications for benchmarking that we 
highlight in Section II.A.

II.  Smart Beta from the Asset Owner 
Perspective

A. A  Meaningful Change in the Investment Landscape

Asset owners previously had the choice of investing in (market cap) passive prod-
ucts (implying a belief in efficient markets) or in actively managed products 
(implying that persistently skilled asset managers exist and can be identified in 
advance). Now asset owners have a third choice—allocate capital to smart beta 
strategies with the belief that successful strategies can be pre-identified. Asset 
owners can now:

•• Make top-down allocations to smart beta strategies, which add diversifying factors 
to a portfolio (i.e. low correlation to equity and credit markets); and

•• Consider factor exposures more generally across the portfolio, and the appropri-
ateness of fees that they are paying for these exposures versus those available from 
active management.

For the asset owner this change of emphasis—shifting the sources of return from 
manager selection (idiosyncratic sources of alpha) to investment strategy (system-
atic sources of mispricing)—requires a different set of skills. Allocating top-down to 
strategies requires time and expertise. For example, some of these strategies are, in 
part, based on behavioral/structural phenomena and therefore require investor beliefs 
about the rationale and sustainability of returns.

For asset owners the governance emphasis is shifted toward understanding, con-
structing, and managing strategy allocations rather than manager monitoring and 
evaluation. We would argue that this broader framework entails more up-front gov-
ernance, but less ongoing governance than traditional alpha management. Investors 
can, of course, have both market exposure, smart beta, and alpha in their portfolios, 
where governance allows.
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B.  Portfolio Construction Perspective: New Building Blocks

In a traditional top-down process, investors first decide between asset classes (equi-
ties, bonds, etc.) to form a “strategic” allocation. For each asset class, the subsequent 
“implementation” decision is normally a choice between active and (market cap) 
passive management. This process is illustrated in Figure 16.1.

Smart/alternative beta challenges the traditional approach by bringing;

•• A new top-down set of “building blocks” in the form of factors and strategies.
•• Low-cost implementation options in long-only (factor tilts or similar) and long-
short formats (alternative beta).

•• Increased portfolio efficiency since these factors typically have better diversification 
than traditional asset classes.9

Figure 16.2 illustrates a broader way of thinking about portfolio construction, 
and with it an expanded set of building blocks. Traditional asset allocation is shown 
vertically, and examples of factors/strategies horizontally. When considered from an 
implementation point of view, note that we see smart beta as a bridge between the 
options of investing in a passive market cap portfolio and active management based 
on unique investment insights, as shown in the second and right-hand columns. For 
completeness, we extend asset classes from equities and bonds into more diversifying 
markets (where, as an aside, market cap makes less sense or can’t be defined). We can 
also neatly bring active stock selection and other ideas such as sustainability/thematic 
strategies into the framework.

Figure 16.1  Traditional Investment Review Process

Comments
1. Selection of traditional asset classes. Typically
use long-term Asset Liabillty Modelling (ALM)
analysis. Assess risk reward trade off for various
combinations and set risk and / or return targets
2. Choice of active vs passive (market cap) security
selection, some variation between asset classes.
Asset allocation rebalanced to fixed weights,
occasionally with a tactical asset allocation overlay.
3. Selection of a short-list of managers, with
selection via a ‘beauty parade’
4. Focused on active manager monitoring. Market
cap benchmarks used to measure success.

4. Monitoring
1. Strategic

Asset
Allocation

3. Manager
selection

2. Manager
structure

9 To exaggerate the point a little, the correlation between US and European equities or between 
equities and high yield bonds is around 0.5 to 0.9, whereas the correlation between the value 
and momentum factor is typically around −0.2 to −0.4. The lower the correlation between 
building blocks, the greater the portfolio efficiency. Note that portfolio construction is best 
considered between the most independent building blocks.
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Perhaps not surprisingly, we believe that this more sophisticated approach entails 
higher governance, as well as a change in mind-set for asset owners. While a full dis-
cussion is beyond the scope of this chapter, we believe that the additional effort leads 
to a significant improvement in portfolio efficiency through more robust portfolio 
construction and improved implementation.

C. A sset Owners Need Beliefs for Smart Beta (as Well as Market 
Cap and Alpha)

Regardless of whether asset owners consider smart beta to be a new investment man-
agement approach, or as a mechanism to enhance portfolio construction, they need to 
believe that portfolio outcomes will be improved in order to justify the cost and effort.

Because smart beta strategies entail somewhat higher costs than market cap,10 and 
that costs are certain and outcomes are not, it is important for investors to consider 
the beliefs needed for their investment choices. And the higher the cost, the higher 
the burden of proof. Often investors express beliefs implicitly, for example in their 
use of active or passive management, but we think that an explicit articulation of 
beliefs is a valuable exercise in its own right.

Table 16.1 shows some illustrative beliefs that lead to differing uses of market cap, 
smart beta and alpha investment approaches, with varying strength.

10 Market cap has the benefit that security weights move with market prices and so is “self-
rebalancing,” leading to lower transaction costs.

Table 16.1  Asset Owners Should Align Beliefs to Investment Strategies

Example Beliefs Views/Understanding Action

Markets are efficient and  
hard to beat

Efficient market 
hypothesis, CAPM

Predominantly market cap 
passive

No strong view on market 
efficiency, but wide range of 
outcomes for any weighting 
method

No specific view Mix simple non-market-cap 
approaches with market cap  
to diversify outcomes over 
medium term

Size weighting leads to too 
much concentration risk 

Risk management 
beyond just volatility

Specific strategies to reduce  
concentration at stock or country/ 
sector level

There are specific effects, or 
factors, that can produce 
better outcomes

Specific reasons for  
effect, e.g., risk pre-
mium or behavioral.

Strategies targeted at specific 
factors/effects 

Markets are strongly inefficient, 
skilful active managers can be 
identified in advance

Reasons for inefficiency Use active management and some 
smart beta, depending on costs
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As far as possible, beliefs should be supported with a solid rationale and evidence. 
Typical questions for asset owners are:

•• What is the underlying rationale—risk premium, behavioral, or structural effect?
•• What evidence is there? How well tested is it, for example, how much out-of-
sample testing?

•• In what environments does the strategy do well or poorly? How does this relate to 
the current or likely future environment?

•• What are the risks (e.g. volatility, tail risks, cyclicality, and liquidity)? What is a 
reasonable time horizon for success?

•• How different is the strategy from others in the portfolio?

Note that we believe that investors should also ask the same questions about tra-
ditional asset classes. However, it is fair to say that there is a higher degree of uncer-
tainty about smart beta strategies than traditional market betas, for example:

•• No universally agreed rationale. Many arguments are behavioral or structural, rath-
er than as risk compensation.

•• Less data in some cases.
•• Zero sum game arguments: Who is losing if smart beta is winning? Will returns be 
competed away?

D. N ot a Free Lunch: Smart Beta Requires Governance

a.  Up-Front, Top-Down

From the earlier examples, we think that asset owners need to consider the investment 
rationale for smart beta strategies carefully. Because smart beta strategies are highly pro-
cess driven (but need not be expressed as an index), subsequent performance follows 
more mechanically. The material decision is therefore up-front, rather than ongoing, 
and has similarities to asset allocation decisions, such as the equity and bond split. This 
contrasts to traditional active management, where more effort is required in monitoring 
the people, process and organization for changes in unique investment skill.11

b.  Absolute and Relative Return Worlds

Another big question for investors is whether tracking error or absolute risk is more 
relevant. At face value, absolute risk would seem more important since it directly  
relates to underlying investment goals.12 As noted earlier, the centrality of strategic 

11 Some up-front governance is also required for active management, for example the beliefs in 
alpha itself as well as the philosophy and process of each manager selected.
12 For simplicity, assuming that investors have a “cash+” or “inflation+” investment goals, or 
that other liability risks are dealt with separately. Few, if any, asset owners have “bottom line” 
goals of “Equities+” or similar. Put another way, equity goals are a means to an end, not an 
end in themselves.
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asset allocation and market cap benchmarking leads most investors to consider track-
ing error. In turn this puts a high weight on the “correctness” of these processes/con-
cepts, with tracking error as a measure of implementation risk or “delivery failure” on 
the investment strategy. This is open to challenge, however. For example, the problem 
of assumption dependency in asset allocation analysis is well known. Certainly, a 
focus on tracking error would seem inconsistent for investors with strong beliefs in 
nonmarket cap approaches.

To illustrate the dilemma, consider a low-volatility equity strategy. From an abso-
lute perspective a low-volatility strategy has less risk than market cap—often by some 
margin. But its tracking error would put it into the aggressive camp for an active 
strategy! Which is correct?

c.  Time Horizon and Monitoring

Longer time horizons allow tolerance for deviation from market cap performance. 
While certain types of asset owners naturally have longer time horizons,13 this needs 
to be embedded in a decision-making framework as well. For example, quarterly 
monitoring can lead to an inappropriate bias to action. In part this is due to a natu-
ral tendency to confuse luck and skill (by ascribing meaning to random outcomes). 
Short-termism is not unique to smart beta, however.

Taking into account all of the above, and depending on mind-set, asset own-
ers typically find that higher tracking error strategies are more difficult to handle—
higher governance—than low tracking error strategies.

Setting appropriate benchmarks and management objectives is very important 
and helps to mitigate the problems discussed earlier. Equally, inappropriate bench-
marks can make matters worse. Depending on strategy, here are some ways that we 
think asset owners should consider to mitigate pitfalls:

•• Put achieved returns in a wider context. For example, consider the returns achieved 
by a wide range of smart beta and active strategies (e.g. upper and lower quartile). 
This approach is most aligned for absolute return investors where market cap is one 
of many possible alternative strategies.

•• Consider absolute risk and return, even for tracking-error oriented investors. Abso-
lute returns are more aligned to underlying investment goals.

•• Ensure that the equity beta is appropriate. For example, a benchmark of 2/3 * 
equity market cap index +1/3 * cash is more appropriate for a low-volatility strat-
egy, to align with its absolute risk and equity sensitivity.

•• Use smart beta/factor indices. For example, a fundamentally weighted strategy 
has a value exposure. Some of its performance can be explained by whether value 

13 For example, institutions with long-term liabilities, that are well-funded, with some 
“flexibility” over commitments/liabilities (e.g. charities, sovereign wealth funds), or not subject 
to regulatory funding rules, such as Solvency II.
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securities are in or out of favor. Many factor indices are now available from index 
providers. Note that an index of the strategy itself is not independent by definition, 
but again may be more suitable for investors who see market cap as one of many 
possible alternative strategies.14

•• Whatever benchmark is chosen, understand the range of relative returns up front. 
This helps guide a reasonable range for disappointing outcomes, as well as upside 
ones.

•• Evaluate performance over a long time period—at least five years, ideally longer.

However, performance is measured, there is a question of interpretation and 
action. Again, an up-front understanding of smart beta characteristics, and environ-
ments for good and poor performance, helps. For example, the following are reason-
able explanations for poor performance:

•• Value strategies: falling interest rates boosts (longer duration) growth companies at 
the expense of value companies

•• Momentum strategies: a sudden change in sector leadership, for example, at the 
boundary between phases of an economic cycle or due to monetary or fiscal policy 
changes.

•• Small cap strategies: a phase of favoritism for large global corporations or a period 
of credit expansion what allows larger/mid-sized companies with access to debt to 
expand their business faster than smaller companies.

While all of this means that smart beta is a higher governance endeavor, many 
similar questions could be raised for a market capitalization strategy. The acceptance 
of market capitalization strategy performance is a testament to its near universal ac-
ceptance as the definition of the equity (or other) market—“it is what it is.” This is in 
line with the old adage that it is better to fail conventionally than succeed unconven-
tionally—asset owners take more regret risk with smart beta.

d.  Simple Versus Complicated

The degree of complexity varies considerably between smart beta strategies, which we 
see in two broad areas:

1.	 Underlying idea or effect: For example, rebalancing/mean reversion is arguably 
easier to understand and agree to than momentum or low volatility.

2.	 Implementation: For example, simple portfolio construction rules versus 
optimization.

14 Some smart betas are available as pubic indices, or investors can have private indices 
constructed. We do not think it necessary for smart beta to be codified in an index, but it can 
be helpful.
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Consistent with the idea of favoring robust strategy implementations, we think 
smart beta strategies should be “As simple as possible, as complicated as necessary.” 
There are some pitfalls with complicated strategies, for example:

•• Lack of understanding by an asset owner may lead to inappropriate action, that is, 
quitting of a strategy at the wrong time.

•• Confusion over whether the factor or implementation is responsible for 
performance.

•• Reliance on models for portfolio construction, particularly correlation and 
volatility—model risk.

Note that there is no link between “complicated” and high tracking error. For 
example, a simple strategy such as fundamental weighting may have a tracking error 
of around 4% to 6%, and can out- or underperform market cap significantly over 
extended periods—certainly not enhanced indexation.

e.  Governance as a Source of Competitive Advantage: Buy or Build?

The discussion earlier makes the case that asset owners need to raise their governance 
levels to invest in smart beta effectively. But asset owners have a choice to develop 
governance in-house or to outsource, depending on priorities and the level of internal 
resources. Where governance has been outsourced, it has traditionally been in the 
area of security selection rather than asset allocation, that is, in bottom-up implemen-
tation rather than top-down strategy.

The increasing use of fiduciary management (outsourced CIO) models has al-
lowed asset owners to take advantage of new innovations, such as liability hedging, 
increased asset diversity and smart beta, that have increased portfolio efficiency, but 
also complexity. It also frees asset owners to focus on the important high-level issues, 
such as investment goals, risk tolerance, and funding.

Assuming asset owners largely retain in-house governance, there are some “imple-
mentation” aspects of smart beta management that can be outsourced to fund man-
agers, in the same way as for other asset classes. See Table 16.2.

Table 16.2  Various Levels of Outsourcing for Smart Beta Beliefs

Decision Area Outsource to Asset Manager?

Factor/smart beta strategy selection No

Factor/strategy allocation (initial and ongoing) Perhaps

Factor/strategy  development* Yes, for most asset owners

*Because smart beta is a developing area, there is scope to refine and improve strategies over 
time. For example, the securities or markets included, portfolio construction method.
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We attempt to bring the various strands together in Table 16.3 accepting that 
there are some variations around the broad categorizations. Overall, there are many 
ways in which asset owners can access smart beta ideas, depending on beliefs, gover-
nance, and time horizon.

III. Ass et Owners Face New Challenges When 
Using Smart Beta Strategies

A. Introduction

From Section II we can see that there is a lot for asset owners to consider when investing in 
smart beta strategies. Some of the considerations will be familiar because they are impor-
tant when constructing any portfolio. But there are a number of challenges that investors 
have previously not had to consider because management was outsourced.

These new challenges arise because of a shift in decision making between asset 
owners and asset managers. As discussed in Section II.B, in a traditional portfolio 
construction process, asset managers are appointed to implement asset allocation 
decisions—to outperform market cap benchmarks in the case of active management. 

Table 16.3  Practical Considerations for Smart Beta Strategies

Example  
Beliefs

Market cap 
“Orientation” Governance

Approach/ 
Strategies

Benchmark/ 
Monitoring

Time 
Horizon

Some flaws in 
market cap(1)

Absolute  
risk / return

Lower Alternatively 
weighted(3), 
focus on 
absolute risk

Index proxy 
for strategy. 
Multiple 
references(4)

Longer

Factor effects Absolute Highest Factor targeting, 
security weights 
are absolute

As above, 
plus factor 
indices.

Longer

Some flaws in 
market cap

Relative risk 
and return(2)

Lowest Alternatively 
weighted, focus 
on tracking error

As above plus 
market cap 
index

Shorter

Factor effects Relative Higher Factor targeting, 
security weights 
relative to mar-
ket cap

Market cap, 
factor tilted 
indices

Shorter

(1)Weaker to stronger versions, but no specific views on alternative factors/effects.  
(2) “Market cap is not perfect, but is still the lowest cost approach, issues such as peer group 
comparisons or internal governance means a relative return world is at least partly relevant.”  
(3) Sophistication varies somewhat, which has an impact on governance, e.g. equal weight, 
volatility weighted. Can result in strategies with lower risk than market cap, but high 
tracking error.  
(4) For example, inter-quartile range of actively managed and smart beta funds/indices.
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The asset manager can choose the best approach, including in many cases con-
scious and pronounced smart beta (factor) exposures.15 Because asset managers are  
expected to outperform the broad market, we believe that they should actively 
manage factor exposures. For example, if value opportunities are scarce, then asset 
managers should address this by adapting to new conditions, potentially taking less 
risk.16 A smart beta mandate is different because asset owners want to target specific 
factor exposures (e.g. value), which the asset manager should deliver. In this case we 
see that the decision to allocate (or remove) capital, or change the strategy, belongs 
to the asset owner.

B. T he Risks of “Crowding” in Smart Beta Strategies

Crowding is an example of an issue that was previously handled by asset managers. 
With a top-down allocation to smart beta strategies, this is now an issue that asset 
owners must grapple with as well.

Crowding is a risk that smart beta strategies face (it exists in alpha strategies as 
well, but for genuine alpha this risk should be lower) because by their nature they are 
well-known and likely to be used by many investors. Essentially, crowding issues/risks 
can be thought of as those that arise from an increasing amount of capital adopting 
the same strategy and therefore taking similar positions in securities.

Unfortunately, concerns about crowding are not always well defined, which pres-
ents a problem when trying to manage potential risks. It is our view that issues related 
to crowding can be separated into two different concerns.

a.  Too Many Sellers

The first is a fear that crowding may cause a sudden and sharp loss—with the impact of 
price movements in August 2007 on quantitative strategies as the posterchild. This type 
of crowding is less related to the amount of assets in a strategy (although a contribut-
ing factor), but more dependent on a synchronized asset manager’s or investor’s decision 
making. With too much commonality between strategies, decisions are more likely to be 
synchronized. And the more that strategies have in common (e.g. the use of common 
metrics/signals and calculation techniques) the more synchronized trading decisions can 
potentially be. For this risk to manifest itself the level of synchronized assets does not need 
to be large relative to market size, but relative to available liquidity. With the benefit of 
hindsight trigger events such as August 2007 or October 1987 can be rationalized (but 
not proved), although this is not always the case.

15 A skilled value manager will have exposure to the value factor via its investment process but 
is able to use its unique insights to deliver additional returns beyond the smart beta.
16 Many asset managers with a pronounced smart beta exposure (factor or “style” bias) are 
prepared to wait though periods of poor performance and expect their returns to be cyclical. 
There is nothing wrong with this approach either, but the asset manager is expected to justify 
this to the asset owner.
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Unfortunately, this risk is very hard to identify in advance, and is not typically 
captured by risk models. In part this is because the problem arises from the emergent 
behavior of the system as a whole rather than current portfolio positioning.

The risk is therefore very hard to manage. Given the well-known nature of smart beta 
strategies this type of crowding from time to time may well be unavoidable. To us this 
suggests that strategies must be implemented using robust approaches that are likely to 
fail in predictable and understood ways rather than complicated strategies where failure is 
harder to predict or understand. Similarly, investors should avoid being in a position of a 
forced seller, either due to excessive leverage or to knee-jerk decision making.

The positive aspect of this type of risk is that not all asset owners are willing to 
accept it, and therefore it may be priced, that is, some element of return is com-
pensation for short-term loss. This can help mitigate the second form of crowding 
discussed in the next section.

b.  Too Much Capital

The second type of crowding is due to excessive flow of assets into a strategy/factor. As 
capital is allocated to a constrained set of securities (those selected and/or highly weighted 
by the strategy) the price of those securities rises. This attracts further capital and rein-
forces (past) returns, while in fact future prospects are diminishing. Eventually, as return 
expectations are lowered, concerns emerge about the strategy being “broken.” We do not 
think that this effect is surprising17 and is a natural part of how markets behave.

The impact on a popular strategy is likely to be lower future returns and poten-
tially a more periodic return profile. In this case we think that expectations need to 
adjust to reflect this change in reality.

As with the previous crowding example, a strategy that does not work all the time 
is not acceptable to some investors. This selling low and buying high behavior is well 
documented and contributes to the periodic nature of performance. This behavior is 
one reason why, although the performance may become more cyclical, it can remain 
positive over time.

c.  The Good Side of Crowding

Although often viewed as a negative, crowding does have a positive as it creates a 
first mover advantage. Asset owners that can invest in strategies before they become 
popular have the potential to benefit from buying low and selling high. Of course, 
this is not without risk, and begins to stray into the realms of strategy timing,18 but 
suggests that looking for and allocating capital to new smart betas is a worthwhile 
undertaking for a long-term asset owner.

17 While academic studies of smart beta strategies show positive returns over long backtest periods, 
they very rarely show a strategy that never has a multiyear period of poor performance.
18 We believe that strategy timing is harder than asset class or market timing, and so find it 
puzzling when investors that think timing asset classes is “too hard” but are interested in timing 
smart beta strategies.
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C. T iming Allocations to Strategies

If the returns of these strategies vary over time, then it’s natural to ask if they can be 
timed. This is often expressed by considering if strategies (or factors) are cheap or 
expensive and therefore should be over- or underweighted. In some ways the idea of 
factor timing seems odd given that:

•• Most institutions are skeptical about timing traditional asset classes;
•• Timing smart beta is arguably harder than for traditional markets for similar rea-
sons to those mentioned in Section II.C.

Of course, regret risk is natural when investing in a new area, so investors are con-
cerned over valuations, whether strategies are temporarily expensive or have run their 
course and been competed away—“don’t buy the backtest.” At the time of writing, 
there is a heated debate on the merits and difficulties of timing factors. Where inves-
tors do consider factor valuations, a common measure is valuation spread, that is, 
the cheapness of securities on measure, such as price to book or price to earnings for 
securities with positive versus negative factor characteristics. For example, low price-
to-book ratios for small companies relative to large companies indicates cheapness for 
the size factor and vice versa. There are several pitfalls in successfully converting these 
simple measures into tradable strategies, however.

Two other structural thoughts are also relevant in our view:

1.	 Factors have low correlations to each other, in other words, are highly diverse. 
Therefore, there is a high “concentration penalty” in focusing on just one or 
two factors on perceived attractiveness grounds.

2.	 With a limited number of factors to trade, the opportunity set is small. Ran-
dom outcomes are much more influential on short- and medium-term out-
comes compared to underlying returns—the high noise-to-signal problem.

Both suggest that investors need a high degree of skill to make factor timing suc-
cessful. Overall, therefore, we think that investors should think carefully about how 
much of their risk budget to spend on factor timing, or perhaps first consider tradi-
tional markets before taking on this more difficult area, perhaps including factors to 
increase the opportunity set.

IV. F uture Developments

A.  Introduction: Where Have We Come From?

The ideas behind smart beta have their origins in equity research, in particular tests 
of whether factors other than broad market exposure can explain the performance 
of individual stocks. While concepts such as value or quality go back much further 
(think Benjamin Graham), a more quantitative approach developed from the 1960s. 
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Without wishing to go through this history in detail, we highlight some key develop-
ments from a practitioners’ point of view:

•• Origins: Testing of the CAPM lead to the idea of “factors” in the early 1990s, 
value and small cap initially, but quickly followed by momentum. The main use 
of these findings by asset owners was to refine performance measurement for ac-
tive management. Active managers were put into style boxes to align investment 
processes (and natural stock habitats) to benchmarks. At the portfolio level, asset 
owners remained factor neutral, for example, balancing a growth (nonvalue) and 
value manager.

•• Development of nonmarket cap strategies: Early rules-based strategies focus on 
specific alternatives to market cap, in particular wealth weighted and low correla-
tion strategies. We originally referred to this as “beta prime.”

•• Not all alpha is alpha: Research into hedge fund strategies shows that a reasonable 
proportion of returns can be explained with rules-based approaches. The idea of 
hedge fund beta lead to early products that aimed to replicate hedge fund returns.

•• Early adopters: Fundamental indexation provided an additional catalyst for inves-
tors to explicitly consider nonmarket cap approaches, in part due to its simplicity. 
Arguably the global financial crisis, following shortly after the TMT boom/bust, 
also caused investors to doubt the theory of market efficiency, and therefore the 
centrality of market cap weighting. Heated debate followed as to whether funda-
mental indexation was a form of value investing in disguise.

•• Wider take off: Increasing proliferation of equity products, particularly low vola-
tility. Interestingly, low volatility did not become “mainstream,” and in many fac-
tor models remains absent, until after around 2008, despite testing from the late 
1960s.

•• Branching out: More recently and looking forward, we see smart beta moving in 
a number of directions: (1) single factor to multifactor equities; (2) smart beta/
nonmarket cap ideas outside of equities; (3) alternative beta as a strategy in its own 
right; (4) asset owners adopting a broader approach to portfolio construction—
covered earlier.

We comment on these developments in the following sections.

B. M oving from Single Factor to Multifactor Equities

In our view, getting exposure to several factors in one product is appealing to as-
set owners. In addition to the diversification benefits of combining several lowly 
correlated factors together, it requires lower governance—holding a single product 
rather than managing several. Governance is further reduced as combination prod-
ucts effectively outsource the selection and allocation of underlying factors to an asset 
manager. However, we believe that asset owners still need to have an understanding 
of the underlying strategies and how the combined portfolio will behave so as to have 
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reasonable expectations for performance, and, importantly, in what future scenarios 
the performance may be poor.

Multifactor strategies are often more complicated as they can (but do not always) 
use optimization in portfolio construction. All else being equal we favor simpler ap-
proaches where possible, but there are advantages in more sophisticated methods to 
control risks in higher tracking error/factor exposure products.

Some industry participants do not consider multifactor strategies as smart beta 
because the approaches are more complicated or do not utilize an index. As discussed 
earlier, we do not see the need for an index for a strategy to qualify as smart beta.

Naturally, we expect that the evolution of smart beta strategies will continue and 
that strategies that today are considered alpha will eventually be thought of as smart 
beta strategies.

C.  Smart Beta Outside of Equities

Many of the ideas behind the development of equity smart beta can be applied in 
other markets, albeit with different practical considerations. For example:

•• Using nonmarket cap weights in credit. This seems intuitive to asset owners since 
market cap is proportionate to the size of debt, and therefore the most indebted 
companies get larger weights. However, it still requires beliefs that markets are not 
perfectly efficient in to some way.

•• Factor thinking in bonds. There are direct analogs of equity factors to bonds, 
particularly credit. For example, value (spread vs. fair value spread), carry (higher 
yield/spread), momentum, low volatility/quality, size.

•• Commodity futures. Smart beta strategies can allow for different (1) commodity 
weighting methods, (2) term of futures, (3) roll process. The thinking behind many 
of the variations again relates to factors such as carry, liquidity, and momentum.

•• Listed property and infrastructure. Using nonmarket cap weights, and screens or 
tilts for low-volatility/quality factors.

This list was intended to be brief and illustrative. However, it demonstrates that 
investors can adopt smart beta techniques in most asset classes.

D. T he Rise of Alternative Beta: The Long and Short of It

The typical smart beta product is a long-only strategy that invests in securities with 
attractive/target characteristics (value, small cap, etc.). Either implicitly or explicitly 
(depending on the underlying process) this portfolio can be thought of as a mar-
ket cap portfolio plus a portfolio of relative over/underweights. This naturally shows 
a direct extension of the smart beta strategy into long-short investing: overweights 
become long positions and underweights become short positions. A long-short 
implementation can therefore be thought of as a way to construct a “pure” factor 
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portfolio19 and is relatively easy to implement because stocks can be shorted (bor-
rowed and sold, with the aim of buying back at a lower price). Because long and short 
positions can be balanced, equity market exposure can be close to zero, and the factor 
portfolio therefore has strong diversification properties compared to traditional as-
set classes. We think that there are some other pros and cons of investing long-short 
compared to long-only:

+	� Capital efficiency: more factor exposure per unit of capital. This is particularly 
useful for asset owners with high return targets or those that want to make 
larger allocations to nontraditional strategies/factors.

+	� Easier to use in portfolio construction as factor buildings blocks are separate 
from traditional market exposure.

-	� Likely higher cost, in part due to costs of shorting stocks. However, a fair com-
parison should be made to long-only by considering costs per unit exposure, 
not capital allocation.

-	� There are some additional risks due to leverage and shorting, for example, short 
squeezes. For modest levels of leverage, this tends not to be an issue.

-	 Some capital is “wasted” as physical assets are held in cash and other collateral.

The example earlier extends long-only equity smart beta into the long-short 
“world.” But factors such as momentum and value can be applied across markets as 
well—futures and forwards are typically used to take long and short positions. As 
mentioned earlier, strategies like these are now being referred to as alternative beta. 
We don’t see alternative beta as new, but more as a recognition that well-known strat-
egies employed by many hedge funds are in fact long/short implementations of smart 
beta strategies. Of course, recognizing these strategies explicitly is an interesting and 
innovative step in itself.

While the example makes a link to long-only smart beta, testing of hedge fund 
returns was also instrumental in the path to alternative beta. There are now numer-
ous studies showing that hedge fund returns can be (partly) explained by beta fac-
tors, that is, some alpha is beta. Table 16.4 shows analysis we conducted a few years 
ago to illustrate this point. Over the period studied, some 84% of the variation in 
returns can be explained by the combination of beta strategies, both traditional and 
alternative. We discussed the asset owner perspective in Section II in the context of 
long-only equities. But we think that the points made are more general, and largely 
apply to the alternative beta/hedge fund world as well.

As a final point, there are strategies that are harder to define as factors but are 
nevertheless becoming available as alternative beta. Examples are merger arbitrage 
and volatility selling.

19 This is true in a broad sense, although there is no precise definition of a pure factor as there 
(almost) is for market cap.
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We have seen a lot of asset owner interest in smart/alternative beta over the past 
few years, a key reason being that these strategies have high diversification compared 
to traditional asset classes. They also may have the following advantages relative to 
hedge funds:

•• Lower fees
•• Greater transparency
•• More liquidity

V.  Concluding Thoughts

Smart beta has come a long way since its origins, particularly over the past 5 to 10 
years. We have been surprised by the level of interest and (heated) debate on the sub-
ject, which we see as a good thing. Smart beta has shaken the investment industry. It 
has introduced new options for portfolio allocation and management for asset own-
ers and challenged existing business models for asset managers. We see many positive 
aspects to smart and alternative beta, but do not claim it as a “free lunch,” particularly 
in governance terms. Asset owners also need to carefully consider their beliefs before 
venturing forward.

Overall, we would say smart/alternative beta is moving out of the early adoption 
phase of the innovation cycle. We see potential for further development of new strate-
gies, as well as further opportunities for asset owners and asset managers.

*  *  *

Please see the Additional Disclaimers section at the end of this book.

Table 16.4  Hedge Fund Returns Explained by Beta (December 1996–December 2013)

Hedge Fund Category
Percentage of Hedge Fund Returns  

Explained by Beta

Relative Value 64

Equity Long-short 84

Event Driven 67

Macro 48

Aggregate Hedge Fund Index 84

Source: Towers Watson, “Into a New Dimension: An Alternative View of Smart Beta” (Octo-
ber 2014). See paper for further details on data and methods.
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Chapter Summary

Wilshire Consulting suggests that clients consider adopting smart beta approaches 
in equity portfolios as a replacement for or complement to active strategies. Smart 
beta strategies capture many of the systematic returns that active managers frequently 
implement, but do so in a systematic, consistent, and less expensive manner. Smart 
beta strategies may also be appropriate as a replacement for traditional passive strate-
gies for investors who are looking to improve the risk-adjusted returns of their equity 
portfolios without using higher cost-active strategies. Wilshire Consulting believes 
that smart beta strategies, particularly when implemented in a multifactor approach, 
can be an efficient, cost-effective solution for asset owners wrestling with today’s low 
return environment.
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In this chapter, we discuss what is meant by smart beta and which factors are typi-
cally targeted. We outline implementation options for investors considering smart 
beta integration within their portfolios and present an implementation case study. 
Finally, although the factors are targeted based on their historical ability to improve 
risk-adjusted returns, we highlight potential risks.

We begin, however, by noting our mild protest against the clever marketing implied 
within the smart beta label. Academic and industry attention to smart beta strategies has 
led to a proliferation of various labels that broadly encompass a differentiated approach 
to index investing (i.e. Factor Based Investing, Alternative Beta, Strategic Beta, Advanced 
Beta, Active Beta). We are not fans of the smart beta label, as we find it to be somewhat 
misleading and unnecessarily disparaging to traditional beta. Despite our effort to espouse 
a more appropriate name, we use smart beta within this note for convenience and because 
it has been widely adopted by many in the industry.

Several catalysts have contributed to the rise in the popularity of smart beta strate-
gies, including increased market demand for index-based investing, regulatory pres-
sures to provide transparency and investor frustration with the high fees and disap-
pointing returns of actively managed strategies. Additionally, technological advances 
have allowed index providers to deliver these strategies at reasonable (and declining) 
cost. Index investing has undergone significant evolution during the past century 
with many of the recent products and jargon flooding the industry focused on a 
departure from traditional, market capitalization–weighted indexing. Exhibit 17.1 
presents a timeline of the major changes regarding passive and rules-based investing.

Price-
weighted 
index

Dow Jones 
(1896)

Market 
capitalization–
weighted 
index

S&P 500 
(1957)

Index mutual 
funds

Wells Fargo 
(1971)

Vanguard
Index Trust 
(1976)

ETFs

S&P 500 
Depository 
Receipts
(1993)

Smart Beta 
(2003)

Exhibit 17.1  Modifications of Index Investing

Source: Data from S&P Dow Jones, Wells Fargo, Vanguard, spdrs.com, Guggenheim.
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I.  Factors: The Building Blocks of Portfolios

Research by Eugene Fama and Kenneth French noted the explanatory power of 
characteristics other than market beta when examining a stock’s return (Fama and 
French 1992). Fama and French found that small stocks tended to outperform large 
stocks and that stocks with low price multiples (e.g. value stocks) tended to outper-
form high-multiple stocks (e.g. growth stocks). These two “factors” are now generally  
referred to as size and style. One way to conceptualize factors is to think of them 
as unifying security characteristics beyond just size and style. Smart beta strategies 
attempt to capture the performance patterns of those factors that demonstrate the 
potential to serve as broad and persistent drivers of return.

Continued research in this area has led to additional equity factors that may be 
targeted. The number of identifiable factors with positive relative historical perfor-
mance started in the single digits with several original strategies1 but has grown to a 
few hundred in recent years (Arnott et al. 2016). While the menu of options is over-
whelming, Wilshire Consulting’s examination points to five key factors:

1.	 Size. Smaller stocks tend to outperform larger stocks. Size is typically measured 
by market capitalization.

2.	 Value. Less expensive stocks, based on price multiples, tend to outperform more 
expensive stocks. Value can be measured many ways: price to earnings, price to 
book, price to sales, etc.

3.	 Quality. Higher quality stocks tend to outperform lower quality stocks. Quality 
is typically measured by fundamentals, such as earnings stability, low debt ratios, 
and/or high return-on-equity.

4.	 Momentum. Positive momentum stocks tend to outperform negative momen-
tum stocks. Momentum is normally expressed as price momentum. A momen-
tum strategy could be expressed as “buy winners and sell losers.”

5.	 Volatility. Lower volatility stocks tend to outperform higher volatility stocks. 
Volatility may be measured or estimated as standard deviation or beta. 

II. A lpha or Beta?

To fully appreciate smart beta, it is important to understand what is meant by beta 
investing and why one might be tempted to classify a particular approach as being 
“smart.” In a traditional sense, beta is referred to as the nondiversifiable risk and 
return inherent in a broad asset class. An equity market beta typically represents 
the risk and return that can be accessed through a broad array of equity securities. 
Market capitalization weighting is the standard in this application for its ability to 
collect the aggregate return of all investors participating in the asset class. Market 

1 Among the first Smart Beta ETFs are PowerShares Dynamic Market Portfolio (2003) and 
PowerShares FTSE RAFI US 1000 Portfolio (2005).
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capitalization weighted indexes were created to capture the statistical characteristics 
of a market beta and accommodate investor needs. This is passive investing in its 
traditional sense.

In contrast to passive investing, active managers attempt to add an incremental  
return—or “alpha”—to the market’s beta return. In the pursuit of alpha, active manag-
ers must deviate from a market cap–weighted index. Investment managers offer a wide 
variety of active strategies that can encompass quantitative and qualitative disciplines 
to derive such deviations. In analyzing characteristics of actively managed portfolios, 
we note that active managers frequently have a consistent bias toward certain factor 
characteristics, such as value, size, momentum. For example, an active manager may 
say “we buy good companies at reasonable prices,” implying both a quality and value 
bias. Smart beta investing uses similar factor-tilt investment concepts that are common 
elements of many active strategies. Therefore, while the concept of tilting toward these 
long-measured factors is not new, smart beta strategies provide systematic and consis-
tent exposure to these and other factors through higher capacity, transparent vehicles 
with lower costs. These products typically reweight traditional cap-weighted indexes 
through a transparent rules-based manner to target exposure to specific factors.

To the extent that common smart beta factors are embedded in the historical 
alpha delivered by active strategies, many of these excess return streams cannot be 
viewed as part of a truly unique active management process. As such, we would sug-
gest thinking of smart beta as falling between traditional beta and “true” alpha. We 
depict this concept visually in Exhibit 17.2, whereby the right panel of the schematic 
describes smart beta returns cutting into earlier definitions of alpha.

Exhibit 17.2  Rethinking Passive and Active Management

Traditional

“Alpha”

(Excess Return vs. Beta)

Traditional

Asset

Beta

Beta

Smart

Beta

Alpha

Source: Data from Wilshire Consulting.
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As the chart illustrates, alpha is better understood through a more refined lens 
that removes the impacts of persistent systematic factor tilts. As a result, what can 
be called true alpha (i.e. the idiosyncratic returns derived from security selection or 
opportunistic market timing) can then only be achieved after accounting for persis-
tent factor tilts.

III. E quity Factor Investing: An Example

Focusing on the value factor, which is one of the most commonly utilized funda-
mental equity factors, we provide a simplified example to highlight how a smart beta 
portfolio might be built. An investor could tilt toward value by overweighting the 
“cheapest” 30% of stocks in the value-to-growth spectrum, for example, as measured 
by low Price/Book (or Price/Earnings, Price/Sales, etc.) ratio, while simultaneously 
underweighting the most “expensive” 30% of stocks using the same measure. Such a 
portfolio could be constructed through a long-only or long-short approach, depend-
ing on the desired level of factor exposure. More sophisticated portfolio construction 
techniques could be (and often are) utilized to harness the desired factor tilt while 
attempting to maintain neutrality to other undesired factor exposures and to avoid 
excessive security specific risk. Using similar construction techniques with different 
variables, strategies can be built to extract other significant equity factors.

IV. P erformance of Key Equity Factors

Although there are many active smart beta products in the marketplace, we favor 
an initial assessment of equity factor investing by considering historical index per-
formance. MSCI, well known for their global equity indexes, offers a suite of fac-
tor indexes that serve as a reasonable representation of the broad factors available 
within the smart beta marketplace. Exhibit 17.3 charts the historical risk and return 
of the five equity factors identified earlier,2 along with a multifactor index3 and a 
capitalization-weighted index, for the entire index history.

During this time period, the Quality and Volatility factor indexes have performed 
well in a relative sense in that they have delivered both lower risk and higher return 
versus the capitalization-weighted index. While the other indexes have outperformed 
as well, they have done so at higher risk levels. However, it is not uncommon for 
higher risk investments to deliver higher returns as compensation for bearing incre-
mental risk. Exhibit 17.4 contains the underlying return and risk numbers along with 
additional performance metrics.

2 The MSCI ACWI indexes that are utilized throughout the historical analysis are: Equal 
Weighted for Size, Enhanced Value for Value, Sector Neutral Quality for Quality, Momentum 
for Momentum and Minimum Volatility for Volatility.
3 The MSCI “Diversified” index is comprised of four factors; value, momentum, quality,  
and size.
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Exhibit 17.3  MSCI All-Country World Factor Indexes: 1999–June 2018
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Exhibit 17.4  MSCI All-Country World Factor Indexes: 1999–June 2018

MSCI ACWIDiversifiedVolatilityMomentumQualityValueSize
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–55%–55%–39%–57%–51%–58%–57%Maximum Drawdown

112%68%108%96%126%114%Upside Capture

92%49%92%90%102%99%Downside Capture

0.00–0.81–0.14–0.350.260.22Correlation

Excess Return versus

Cap Weighting

Source: Data from MSCI.
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Exhibit 17.5 suggests that, with the exception of low volatility, the factor indexes 
are “market-like.” For example, their beta statistics, which capture their general sen-
sitivity to moves in the capitalization weighted index, are clustered around 1.0; rang-
ing from 0.93 for Momentum and 1.11 for Value. Note that, when combined into 
a multifactor construct, the diversified approach reflects a beta of 0.99. Additionally, 
the correlation between the excess return of the Diversified index versus the total re-
turn of the cap-weighted index is zero, an indication that general market returns have 
no bearing on the relative return of the Diversified smart beta index. These statistics 
generally confirm that smart beta strategies can be utilized to deliver capitalization-
weighted beta plus the incremental returns from desired factor tilts. It should be 
noted that, although accommodations can be made to include Low Volatility, specifi-
cally, within traditional investment structure analysis, the statistics above also support 
Wilshire’s previous research that advocates for the consideration of such strategies 
during the asset allocation process.4

V.  Implementation of Smart Beta

For those investors choosing to pursue an allocation to smart beta, Wilshire Consult-
ing favors a diversified, multifactor approach that would include a variety of factors 
identified earlier. One of the main benefits of following a multifactor approach is 
that individual factors have historically produced low correlations with one another 
and, therefore, should lower the risk of a single smart beta factor allocation and 
dampen the effects of individual factor drawdowns. We show the differentiation be-
tween these relative return relationships in two ways; first, through a “heat map” that 
demonstrates the changing leadership among smart beta factors from year to year.

Exhibit 17.6 contains the historical correlations among the five MSCI factor in-
dexes, along with each factor’s tracking error measured against a cap-weighted index. 
Correlations were calculated by first measuring the excess return of each index versus 
a cap-weighted index to isolate the incremental factor performance impact.

As the correlation numbers suggest, the return experience of the various factors 
during any given time period can be quite different. Exhibit 17.7 contains the three-
year rolling excess returns (again vs. the cap-weighted index) for the five factor in-
dexes plus a line showing the simple average of those same excess returns.

The minimum three-year excess return for each of the five single-factor indexes is 
noted within Exhibit 17.7 to highlight the fact that each of the factors experienced 
at least one lengthy period of underperformance. The average line exhibits negative 
three-year returns as well (with a minimum return of −0.8%), but is typically less 
volatile than the single-factor returns. The excess risk (tracking error) of the aver-
age return is 3.2% for the period of 1999 through June 2018. Looking back to  

4 While it is beyond the scope of this research piece, it should be noted that Wilshire advocates 
consideration of low-volatility strategies during the asset allocation process. For more 
information, see  Foresti ( 2012).
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Exhibit 17.7  MSCI All-Country World Factor Indexes Excess Return
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Exhibit 17.6, we see that only the Quality index exhibits a lower standard deviation 
of excess returns at 2.7%. This is further evidence of the benefits of diversifying across 
multiple factors.

Another benefit from multifactor investing is that the diversification can also 
help mitigate concerns over the relative valuation levels of individual factors. Valu-
ation shifts can have a large impact on the performance of any market segment (or 
asset class) and are notoriously difficult to predict. Spreading the unpredictability 

Exhibit 17.6  MSCI All-Country World Factor Indexes Excess Return Analysis:  
1999–June 2018

VolatilityMomentumQualityValueSize

1.00Size
1.000.73Value

1.00–0.42–0.24Quality
1.000.08–0.09–0.08Momentum

1.000.190.40–0.17–0.06Volatility
7.9%8.1%2.7%6.7%5.6%Tracking Error

Source: Data from MSCI.
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of that risk across multiple factors is an ideal way to dampen short-term impacts.  
Exhibit 17.8 contains a comparison of US large-cap value and large-cap growth 
stocks since 1987, including a relative valuation metric (B/P) and a measure of excess 
returns. For perspective, when relative B/P (the blue line) is trending downward on 
the chart, it is an indication that value may be getting more “expensive” versus its his-
tory; the opposite being true for an upward movement in relative B/P.

While the relationship between relative B/P and future factor returns is far from 
perfect, we can see that although the relative valuation signal was below its historical 
average (i.e. “expensive”) for some time, large-cap value enjoyed subsequent outper-
formance versus large-cap growth (early 2000s). Following 2007, the market reversed 
from a value factor return perspective (the excess return line trended downward) and 
the valuation signal flipped as well. As an example of valuation levels across other fac-
tors, the Appendix provides a sample of several smart beta valuation metrics utilized 
by Wilshire in monitoring relative pricing shifts. In the next section, we highlight 
how an investor may implement smart beta within a diversified portfolio through a 
case study that focuses on the approach identified earlier, as part of an investment 
structure analysis.

Exhibit 17.8  US Large-Cap Value versus Large-Cap Growth
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VI.  Smart Beta Case Study: A Potential 
Complement to Traditional Active 
Management

Wilshire suggests the consideration of smart beta within an investment structure 
analysis. Including these products during the investment structure process forces 
them to compete for capital versus traditional passive and active strategies. The in-
vestment structure case study below begins with a “traditional” US equity portfo-
lio consisting of a cap-weighted index fund and then allows for active management 
in each of the four size/style market segments (i.e. large growth, large value, small 
growth, small value). In the second step, we expand the opportunity set to allow for 
an allocation to a multifactor smart beta product. This construct forces passive man-
agement, active management and smart beta to all “compete” for assets based on their 
expected return, risk and correlation profiles.

Exhibit 17.9 is the starting point of our investment structure analysis and contains 
assumptions for each segment within a US equity portfolio. All risk and return as-
sumptions are expressed in excess terms versus the broad US equity market (i.e. the 
Wilshire 5000 Index), thus the nonzero risk and correlation estimates for the passive 
S&P 500 index fund. Additionally, the multifactor beta product was assumed to have 
a gross-of-fees information ratio (IR) similar to that of traditional active strategies, 
with relevant strategy/product fees deducted from each to arrive at the net-of-fees 
excess return assumptions.5 The IR assumptions are well supported by the histori-
cal record of smart beta discussed earlier and as delivered through successful active 
management.

Focusing on the large-cap managers, Product 1 exhibits a relatively high correla-
tion to the smart beta product while Product 2 reveals almost no correlation. This 

Exhibit 17.9  Investment Structure Assumptions

S&P 500
Multi-Factor
Smart Beta

Small Cap
Manager 1

Small Cap
Manager 2

Large Cap
Manager 1

Large Cap
Manager 2

0.390.150.550.350.570.00Expected Return
3.642.748.138.282.511.19Expected Risk
0.110.050.070.040.230.00Information Ratio

Correlation
1.00S&P 500

1.00–0.08Multi-Factor Smart Beta
1.000.21–0.80Small Cap Manager 1

1.000.870.16–0.76Small Cap Manager 2
1.000.820.850.28–0.70Large Cap Manager 1

1.00–0.23–0.12–0.230.030.16Large Cap Manager 2

Source: Data from Wilshire Consulting.

5 Live manager data from the Wilshire Compass database was used as a guide for establishing 
reasonable active management assumptions.

 



384� Consultant Perspectives

suggests that Large-Cap Manager 1 may have relatively high exposure to some of the 
factors that are common to smart beta investing. Both small-cap managers exhibit 
some correlation as well, likely due to the small-cap tilts that smart beta strategies 
typically employ. It is important to note that these risk statistics are product specific; 
suggesting that active managers with little embedded systematic exposures would 
likely reveal lower correlations to the excess returns of smart beta strategies. Addi-
tionally, large differences in these important inputs would likely lead to investment 
structure results that are quite different from this example case study. Exhibit 17.10 
contains the optimized case study results both with and without allocation allow-
ances to the multifactor smart beta strategy.

While an investor might not implement either structure shown above, instead 
choosing a smart beta allocation that falls somewhere between these two sample port-
folios, the results are instructive. First, the large-cap active manager with a relatively 
high correlation to the multifactor product was completely removed. The other active 
large-cap manager experienced a meaningful decrease in allocation while some “op-
timized rebalancing” was done among the other products. Finally, the overall infor-
mation ratio of the optimized smart beta–inclusive portfolio increased rather mean-
ingfully, benefiting in part from the improved efficiencies of introducing another 
portfolio candidate, but primarily from smart beta’s lower fees. To the extent that a 
smart beta strategy can replace some of the common risks found in some higher-fee 
active strategies, it can play a valuable role in a diversified investment program. As 
such, the above was meant to highlight what is possible for a portfolio with relatively 
high factor exposures embedded within active management products.

As a final step, we created efficient frontiers6 using the above assumptions with 
and without the multifactor product to show the affect that this strategy can have 

Exhibit 17.10  Optimization Outcome

Optimal Without
Smart Beta

Optimal With
Smart Beta

3.9628.48S&P 500
68.780.00Multi-Factor Smart Beta
0.000.00Small Cap Manager 1
4.8616.02Small Cap Manager 2
0.008.18Large Cap Manager 1
22.4047.31Large Cap Manager 2
0.510.28Expected Return
2.002.00Expected Risk
0.250.14Return/Risk

Source: Data from Wilshire Consulting.

6 An active efficient frontier plots the highest expected alpha portfolio at each level of expected 
tracking error (i.e. active risk).

 



Chapter 17  Smart Beta: The Space Between Alpha and Beta � 385

on a portfolio’s expected risk and return. In Exhibit 17.11, the different lines are the 
efficient frontiers with and without smart beta, respectively.

The upward shift in the frontier once smart beta is introduced as a possible invest-
ment choice highlights the fact that a multifactor product can have a meaningful 
and positive effect on a balanced portfolio where factor exposures are present within 
traditional active management products. The shift is more extreme at the higher ex-
pected risk portfolios due, in part, to the fee savings that are available by moving from 
a traditional active product with embedded factor exposures to a diversified smart 
beta allocation.

VII. T he Pros and Cons of Smart Beta

In the final section of this paper we review other potential benefits and risks of 
smart beta, in addition to the return history and valuation level caveats noted earlier.  
Exhibit 17.12 summarizes these pros and cons, which we discuss below.

A main advantage available through the successful use of smart beta strategies is 
the ability for an investor to access elements of the “alpha” that some active manag-
ers capture but at a lower cost. While active managers sometimes employ complex 
and broad investment philosophies and processes, smart beta portfolio construction 

Exhibit 17.11  Efficient Frontiers With and Without Smart Beta

Optimal Composite 1

Optimal Composite 2

0.00

0.10

0.20

0.30

0.40

0.50

0.60

10.008.006.004.002.000.00

R
et

u
rn

 (
%

)

Risk (%)

Efficient Frontier 1 Efficient Frontier 2

Source: Data from Wilshire Compass.

 



386� Consultant Perspectives

rules are typically transparent and implemented in a systematic way. Some smart 
beta managers may be thought of as index managers who manage to an alternatively 
constructed index rather than to cap-weighting. This sort of “rules-based” investing 
allows them to offer lower costs versus active management, much like what is deliv-
ered through traditional index investing.

The first two potential cons of smart beta listed in Exhibit 17.12—model integ-
rity and backward looking results—have already been discussed to some extent. Any 
strategy or investment model must target persistent generators of excess returns for 
smart beta to be effective. Regardless of a factor’s efficacy, if an investment manager 
or product does not effectively isolate and capture the factor return, future perfor-
mance could disappoint. While the factors that are being promoted as worthwhile ex-
hibit successful historical track-records, that history is no guarantee of future results. 
Therefore, before adopting a smart beta product, its history and investment model 
should be scrutinized. Absent a reasonable economic rationale underpinning why 
one should expect to be compensated with a positive systematic return for tilting on 
a given factor, investors should proceed with caution.

Another possible risk of smart beta is its potential for high tracking error versus 
traditional, cap-weighted indexes. The MSCI factor indexes highlighted earlier ex-
hibit historical tracking error in the 3%–8% range, including the MSCI All-Country 
Diversified Multiple-Factor Index at 4%. Extended underperformance versus a tra-
ditional index is another event that could prompt decision makers to abandon smart 
beta perhaps at the worst time, highlighting Behavioral Risk, one of Wilshire Con-
sulting’s six Risk Lenses. In order to properly manage Behavioral Risk, the potential 
for tracking error is something that must be well understood and accepted before 
pursuing factor investing. Finally, capacity limits and the performance impact from 
an expanding asset-base are difficult to assess. Highlighting these potential capacity-
related risks, Exhibit 17.13 provides an estimate of the growth in smart beta assets 
during the past 17 years.

Exhibit 17.12  Smart Beta: Advantages and Disadvantages

Potential ConsPotential Pros

• Transparent, liquid portfolios
• Integrity of the model drives

strategy performance

• Systematic implementation • Backward looking

• Lower costs versus active
management

• Potential for high tracking error
versus traditional index

• Focused exposure to risk factors • Unknown capacity limits

Source: Data from Wilshire Consulting.
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Assets under management in smart beta have increased 10-fold since the early 
2000s, reaching more than a half-trillion US dollars currently. While the capacity 
for investing in value stocks, for example, is certainly large, the natural question is, 
“will these tilts stop working if too many investors are targeting the same factor?” It is 
worth noting that, even as smart beta becomes more widely accepted as a potentially 
valuable investment approach, its specific appropriateness is highly dependent on 
each institution’s particular objectives and risk tolerances.

VIII.  Conclusion

While Wilshire Consulting believes that smart beta strategies, particularly when imple-
mented in a multifactor approach, can be an efficient, cost-effective solution for asset 
owners, we recognize there are no “one size fits all” solutions in the world of investing and 
smart beta is no exception. An investor’s goals and portfolio positioning, including the 
deployment of active management, should all play a role in deciding whether smart beta 
is a worthwhile pursuit. While potential incremental returns may be achieved, these ex-
posures should be taken in a risk-controlled manner designed to deliver modest improve-
ments over a long-term investment horizon. Whether smart beta is utilized, high-level 
asset allocation decisions will still dominate portfolio results. With some minor caveats 
noted earlier, Wilshire generally advocates the consideration of smart beta during the 
investment structure step of the investment process. We also favor a multifactor approach 
rather than single-factor implementation, as the diversification properties can be quite 
beneficial in managing the unpredictable nature of short-term factor risks.

Exhibit 17.13  US Strategic-Beta Exchange Traded Products Asset Growth

2005 20102000
0

100

200

300

400

500

600

700
$ Billion

2015 2017
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Due to investor interest and technological advancements, the smart beta market 
is evolving at a rapid pace. It is difficult to predict with any degree of certainty where 
its adoption levels will be in the coming years. One thing that is clear within factor 
investing is the compelling fee savings when compared to capturing a systematic risk 
premium through traditional active strategies. The case study earlier highlights how 
the use of smart beta strategies might improve upon the risk-return profiles of certain 
portfolios. Investors who have either shifted away from or become frustrated with 
more traditional forms of active management as the result of inconsistent or disap-
pointing results might appreciate the potential value of smart beta as a complement 
to purely passive investing.
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Appendix: Valuation Exhibits7

7Source: Wilshire Consulting.
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*  *  *

Please see the Additional Disclaimers section at the end of this book.
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Chapter 18
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Investment Management and Planning,  

Fidelity Investments

Petter N. Kolm
Director of the Mathematics in Finance  
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Courant Institute of Mathematical Sciences,  
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The majority of investment professionals will agree that retail investing is a smaller and 
more limited area of work than institutional investing. For years, the well-trodden path in 
investment management is that innovative ideas and strategies are tested in institutional 
contexts, and then—often much later—they gradually traverse the divide into consumer-
focused and retail investing. Such has been the case with smart beta investing. Now, in 
the second decade of the 20th century, smart beta ETFs are more broadly available, but 
there are surprisingly few smart beta portfolio offerings available in the retail market. 

1 Lisa L. Huang drafted this chapter while employed at Betterment and would like to thank 
Jamie Cartwright for editing the first version of this chapter.
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This chapter details the case for why a retail advisor would—and should—offer a 
complete smart beta portfolio solution. In the institutional smart beta space, smart 
beta ETFs have seen continued investment due to improved technology, a precipi-
tous reduction in the cost of trading (which in turn have decreased ETF expenses), 
and an ever-improving body of empirical evidence on what drives underlying risk 
premia. Because of this evolution, the retail advice market today has a strong founda-
tion to build on when implementing smart beta portfolios on behalf of individual 
clients. However, advisors have been slow to offer complete smart beta strategies to 
the masses, even though the evidence for smart beta's efficacy and the costs of imple-
menting a smart beta solution seem to be ripe for a retail audience.

When computers were first invented, they were big and expensive. While tech-
nology advanced and miniaturized in the 1960s and 1970s, computers were almost 
exclusively used in business contexts. To make the leap into the retail market, PC in-
novators like Apple and IBM had to change how people thought about the technol-
ogy. In a broad sense, smart beta strategies today are like computers at the advent of 
the PC. From the quant alpha of the 1980s and 1990s to the introduction of smart 
beta ETFs over the past 20 years, we have seen smart beta advancing among insti-
tutional investors and clients. However, to increase the adoption and understanding 
among retail investors, the smart beta space will likely require further innovation and 
development from advisors in the retail space in the near future.

In this chapter is structured as follows. In Section I, we provide an introduction 
to so-called factor investing and smart beta. We explain how factors can be imple-
mented and made available to retail investors as ETFs, often referred to as smart beta 
ETFs. We address the question of why to offer a smart beta product in the retail space 
in Section II. Thereafter, in Sections III and IV, we discuss challenges for offering a 
smart beta portfolio for retail. As this is a very active and rapidly evolving area, in 
Section V we highlight some of the key themes for the future of smart beta investing 
in the retail space. Section VI concludes.

Throughout this chapter, we keep the technical discussion to a minimum. We 
prioritize simplicity and brevity, at the risk of leaving out some details or being com-
plete. We want to make this chapter accessible to a wide audience. It is also not our 
goal to provide a survey of the smart beta retail space. Needless to say, there are many 
interesting areas and aspects of smart beta investing that we do not cover herein.

I.  Introduction to Factor Investing  
and Smart Beta

Rooted in the academic literature on the capital asset pricing model (CAPM) and 
arbitrage pricing theory (APT), factors can be thought of as atomic units that  
describe the return of a stock (see Sharpe 1964; Ross 1976; and Cochrane 1999).
For instance, a certain company's stock return might be broken down into: (1) 50% 
of the market factor, (2) 30% of the value factor, and (3) 20% of the company specific 
factor. The company specific factor is often also referred to as the unexplained or 
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idiosyncratic return. How much of each factor (the earlier percentages) contributes 
to the total stock return is called the factor exposure or beta.

The betas are determined statistically, and therefore the stock's return breakdown 
holds “on average.” The market portfolio is perfectly correlated with and has the 
same volatility as the market factor. Therefore, the market's beta to the market factor 
is one. A stock with a market beta greater (less) than one implies that it more (less) 
volatile than the market.

By decomposing the return of individual stocks into factors we obtain a better 
understanding of their behavior or, what is commonly referred to as their return char-
acteristics. Research spanning decades of academic and practitioner literature have 
identified a number of factors that are good atomic units of stocks.

We now turn to briefly describe the value, momentum and size factors below. 
Figure 18.1 shows the market, value, size, and momentum factors over the period 
January 1927 to May 2018.  

A.  Value

Value investing involves buying undervalued (“cheap”) stocks and selling them again 
when they have gained in value (Graham and Dodd 2009). Academic studies have 
shown that cheap stocks tend to outperform “expensive” stocks in the long run. 
Cheap stocks can be defined in many different ways. One way is to look at the so-
called price-to-book ratio (P/B for short) of the market price of the stock (P) and its 

Figure 18.1  Growth of One Dollar Invested in Value, Size, and Momentum  
Factors over the Period January 1927 through May 2018

Source: Data from Kenneth R. French Data Library, http://mba.tuck.dartmouth.edu/pages/
faculty/ken.french/data_library.html.
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book value (B). For instance, if the price-to-book of the stock is low, then the stock is 
considered cheap. Conversely, if P/B is high, then the stock is considered expensive.

The so-called value factor provides an atomic unit in which value can be measured 
(Fama and French 1996). For a company stock, one can use the value factor to ana-
lyze how much of its return is attributed to the value effect.

B.  Size

The size factor is based on the observation that small cap stocks tend to “on aver-
age” deliver higher returns than large-cap companies (Banz 1981). Generally, small 
capitalization stocks (called “small cap” for short) means stocks with a total market 
capitalization less than $2 billion. Mid-cap is between $2 billion and $10 billion. 
Large-cap stocks are companies with $10 billion or more in market capitalization.

C. M omentum

In physics, the momentum of an object is a function of its velocity. Therefore, mo-
mentum has both direction and speed. In investing, momentum is the observation 
that stocks that have performed well (poorly) on average continue to perform well 
(poorly). Academic research has shown that (1) stocks exhibit momentum on the 
time frame of 6 to 12 months (Jegadeesh and Titman 1993), and (2) the momentum 
factor can help explain stock returns beyond that of the market, size and value factors 
(Carhart 1997).

D. F rom Factors to Smart Beta ETFs

Named after the original authors, the three-factor model consisting of the market, 
size, and value factors is referred to as the Fama-French model. If also the momen-
tum factor is added, the resulting four-factor model is often called the Fama-French-
Carhart model. In extensive studies, Fama and French tested their three-factor model 
and found it can explain as much as 95% of the return in a diversified stock portfolio. 

Table 18.1  Summary Statistics for Momentum, Value, and Size

Annualized Mom Value Size

Return 7.99 4.52 2.65

Standard Deviation 16.29 12.11 11.09

Regression Beta -0.3 0.16 0.19

Return is calculated as the arithmetic return over the period 1926–2018. Regression beta is 
the slope coefficient of the factor returns regressed on the market returns for the same period.
Data source: Kenneth R. French Data Library, http://mba.tuck.dartmouth.edu/pages/faculty/
ken.french/data_library.html.
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The unexplained return (about 5% of a diversified portfolio) is referred to as idiosyn-
cratic or unsystematic risk.

While the technical details of how the factors are computed go beyond the scope 
of this chapter, there a few important results that follow from these well-established 
findings.

First, a factor decomposition allows the investor to measure and customize 
the return and risk characteristics of each stock and their portfolios as a whole. 
By controlling a portfolio's sensitivity to the factors, the investor can choose an 
appropriate level of risk. Closely related to that of managing portfolio risk is that 
of diversification, one of the pillars of sensible investing. Colloquially, the prin-
ciple of diversification is expressed as “do not put all your eggs in one basket.” 
When trying to improve on the diversification of a portfolio, how do we know 
that we do not have all our eggs in one basket? Factors provide great help here. 
Specifically, by decomposing our portfolio into their factor exposures, we can 
quantify the exposure to each of the factors. Therefore, if we think we are too 
exposed to a particular factor, we can decrease its exposure by rebalancing the 
portfolio. Take, for example, a portfolio of Google and Facebook stocks. A naive 
investor might think that they are diversifying holding two stocks. However, if 
we decompose these stocks into their factor components, we discover that they 
have very similar return and risk characteristics. From the factor perspective, they 
are therefore very similar stocks and together do not offer much diversification. 
Simplistically, it is like having a basket of McIntosh and Gala apples and thinking 
that we have got a lot of different types of fruit.

Second, today many factors are investable as exchange-traded funds (ETFs). Just 
like a stock, an investor can buy and sell ETFs on stock exchanges that mimic the be-
havior of the factors described earlier. ETFs can be attractive investments for individ-
uals because of their stock-like features, low cost, and tax-efficiency. Factor-specific 
ETFs are often called smart beta ETFs. Smart beta ETFs employ rule-based method-
ologies for selecting stocks to invest in, such that the resulting portfolio behaves like 
one or several of the factors we discussed earlier. Investing in smart beta ETFs is one 
way to engage in what is commonly called factor investing, without having to deal 
with the complexities of managing and trading large amounts of individual stocks. 
Smart beta ETFs simplify the customization of investor portfolios.2

II.  Why Provide a Smart Beta Strategy in 
Today's Retail Market?

Investment advisors are responsible for staying up-to-date on advancements and 
developments of new investment products. This includes careful evaluation of 
when a new product may be better suited for clients across dimensions, such 

2 See Hsu, Kalesnik, and Li (2012) for a good introduction to smart beta for the individual 
investor.
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as transparency, performance, risks, expenses, and tax efficiency. Transparency 
means that investors need access to the decision-making process on how their 
money is being invested.

The idea of offering a smart beta strategy to a retail client is akin to a doctor's 
choice to prescribe a new drug. There may be important reasons to prescribe a drug 
to a patient, but there are also risks and side effects that could outweigh its potential 
benefits. A patient needs to understand the various aspects of the new drug, includ-
ing its risks.

The main reason for advisors to implement smart beta strategies in client portfo-
lios is the value they can add in terms of improved risk-adjusted performance. Need-
less to say, investment professionals know that evidence of smart beta's performance 
comes with risks and other “wrinkles” that could diminish an investors’ appreciation 
of any value added as compared to traditional strategies.

The decision to implement a smart beta strategy for retail investors should be 
based on several considerations.

First, smart beta investing is well-understood and has an established track record. 
In particular, institutional investors have been using factor-based strategies (which 
provide the building blocks to smart beta strategies) for several decades. Just as 
Jack Bogle educated a generation of retail investors about passive index investing,  
today's retail investors are learning about other persistent drivers of returns aside 
from the market factor alone. This represents a natural evolution beyond the tradi-
tional CAPM model from the 1950s. The barrier to factor investing was high when 
Eugene Fama and Ken French published their seminal work on the cross-section of 
stock returns (Fama and French 1996). In fact, the factor portfolios in their original 
paper are not investable for the typical retail investor. Over the past decade, fac-
tor-based replication has become commonplace and suddenly it was possible to get  
exposure to the underlying factors that drive returns in a transparent, systematics, 
and rule-based way for a fraction of the cost of active management.

Second, there is demand in the retail space for portfolio strategies that mitigate 
market risk. This is because of the current high valuation of the market and the lin-
gering efforts of the global financial crisis being fresh in the minds of this generation 
of investors. Many factor-based strategies offer greater flexibility in controlling and 
customizing portfolio risk to outperform traditional market benchmarks by making 
factor “tilts.”

Third, smart beta strategies represent a form of investing that falls somewhere be-
tween active and passive strategies. They are active in the sense that they rely on allocat-
ing to factors that have a track record of enhancing returns. It is well documented in the 
academic literature that many high fee active managers have outperformed the market 
simply by taking implicit exposures to factors such as value, size, and momentum 
(Carhart 1997). Smart beta strategies represent a low-cost alternative to higher-cost 
traditional active management. Just like institutional clients, retail customers should 
be paying beta prices for beta risk. Similar to passive indexing, smart beta strategies are 
transparent, rule-based, and tend to have lower fees than active strategies.
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III.  Challenges in Developing a Smart Beta 
Portfolio Strategy for Retail Investors

A.  What Smart Beta ETFs to Choose?

The academic and practitioner literature has identified a “zoo” of hundreds of factors 
(Hou, Xue, and Zhan 2017). To add to the complexity, there are factors that explain 
risk but are not associated with a risk premium. It can be a daunting task for the retail 
investor to navigate this factor zoo and make a selection from all the different offerings.

We make the following recommendations for retail investors when investing in 
smart beta ETFs:

•• Only consider smart beta ETFs whose factors are associated with risk premia that 
have withstood the test of time (i.e. the factors show persistent performance).

•• Emphasize smart beta ETFs whose factors have been shown to work across 
multiple asset classes and/or geographies (i.e. the factors are pervasive) (Asness,  
Moskowitz, and Pedersen 2013).

•• Prioritize smart beta ETFs with high liquidity (i.e. smaller bid/ask spreads and 
higher trading volumes) and low costs (i.e. low fees and high tax efficiency).

These criteria should result in choosing smart ETFs that are built from true-and-
tried factors with robust performance through time. Despite the hundreds of factors 
described in the literature, only a select few truly satisfy these criteria. These include 
value, size, momentum, quality, and low-volatility/low beta.3

B. L ong-Only or Long-Short

While there are as many approaches to implementing factors and smart beta ETFs, 
such details are beyond the scope of this writing. Naturally, each approach has its 
own merits.

One important choice, that we briefly elaborate on here, is whether to use a long-
only or long-short implementation. In a long-only approach, the factor portfolio 
consists of long positions (i.e. the stocks in the portfolio were bought). In contrast, 
in a long-short approach the factor portfolio has both long and short positions (i.e. 
stocks were bought as well as sold short). In theory a long-short approach provides 
more flexibility over a long-only approach. However, it comes at additional risks and 
costs of having to short stocks.

We note that as the majority of retail investors measure their portfolio perfor-
mance relative to the market benchmark, the benefits of a full long-short approach 
are small. In most situations, the benefits are nonexistent. For most retail investors, 
we favor a long-only approach for its simplicity and parsimony, while at the same 

3 See, for example, Berkin and Swedroe (2016).
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time delivering (close to) the same performance as more sophisticated4 long-short 
approaches.

C. M ultifactor Strategies Are Optimal

How should an investment manager build a portfolio for a chosen set of factors? Of 
course, the answer depends on an investor's objective, investment horizon, and finan-
cial goals. If the objective is to have a lower risk portfolio, then a factor strategy com-
prised of the low-vol/low-beta factor makes sense. If the objective is to outperform 
the market cap benchmark, then combinations of factors may be more appropriate 
and also add some diversification. If the investment horizon is sufficiently long and 
outperformance is the main objective, then momentum factor strategies have (in the 
past) had the highest risk-adjusted return among the factors that satisfy our selection 
criteria mentioned earlier.

For the typical retail investor, we think a multifactor strategy is adequate.5 It 
is well-known that individual factor performance is cyclical. Some factors, such as  
momentum and value, are negatively correlated long-term. Therefore, a combina-
tion of factors is expected to provide better diversification and higher risk-adjusted 
returns as compared to a one-factor strategy. In Figure 18.2, we rank the annual port-
folio performance of the market, value, momentum, and size factors; and an equally 
weighted portfolio of all four factors. Notice that the equally weighted portfolio more 
often outperforms the other factors.6 In other words, a multifactor approach as sim-
ple as the equally weighted portfolio does better on average than individual factors.

IV.  Implementing a Smart Beta Portfolio 
Strategy as a Fiduciary Advisor

Investment principles that should guide any portfolio strategy choice for retail inves-
tors often include:

•• Seek broad diversification.
•• Weight investment cost and value.
•• Account for taxes.

4 For example, an investor can deploy a beta overlay to a long-short factor to satisfy market 
benchmark tracking restrictions. The resulting portfolio will be equivalent (or at least, close to 
equivalent) to a long-only approach.
5 There is a body of research that demonstrate better risk-adjusted returns for multi-factor 
strategies. A good starting point is the following article and the references therein: “A 
Smoother Path to Outperformance with Multi-Factor Smart Beta Investing.” https://www 
.researchaffiliates.com/en_us/publications/articles/594-a-smoother-path-to-outperformance-
with-multifactor-smart-beta-investing.html (accessed June 28, 2018).
6 To keep things simple, we have not risk-adjusted the returns. However, when adjusting for 
risk the qualitative result stays the same.
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Decades of research has shown the benefits of diversification to mitigate portfolio 
risk. This should be the starting point of any retail investment strategy. We believe 
that in the absence of views about asset returns, the most diversified portfolio is the 
“market portfolio.”

Any portfolio construction should weigh the cost of exposure to the asset with its 
added value. The cost of smart beta funds has declined in recent years, making their 
value to retail customers attractive. Indeed, we think the balance between cost and 
value has tipped in favor of their inclusion in a retail portfolio.

Finally, in the retail space, tax considerations and optimization are very important. 
We address this topic more in a subsequent section.

A.  Implementation in Mutual Funds, ETFs,  
and Advanced Indexing

Just as the market cap index is a way for a retail investor to get exposure to the market 
factor, factor indexes provide a tool for them to obtain factor exposures in a transpar-
ent and cost-effective way. After the decision to invest in a factor, there are many ways 
in which such a decision can be implemented in the portfolio. This includes products 
such as mutual funds, ETFs, and newer types of “advanced indexing” products. The 
retail investor must do due diligence to distinguish the nuances in the implementa-
tion of each product to understand the impact on returns, such as liquidity, turnover, 
and rebalancing rules. Advanced indexing represents a new type of smart beta strat-
egy at the security level that could be multifactor, and that often adds an overlay of 
tax strategies. These strategies may be appropriate for the taxable investor although 
their limited historical track record may be a barrier to entry. We advocate for evalu-
ating factor investment vehicles on a number of characteristics, including (but not 
limited to) the following:

•• Implementation: Factor methodology and portfolio construction
•• Efficiency of the factor capture (i.e. tracking error to the underlying factor)
•• Transparency of the implementation process
•• Turnover (i.e. how often and how much of the securities are traded)
•• Capacity (i.e. is the product scalable without the risk of degrading performance)
•• Trading costs and fees
•• Manager track record and experience

B. T he Behavioral Cost of Factors

Aside from the expense ratio and bid-ask spreads for smart beta ETFs, a large “cost” 
of factor exposure and portfolio strategy is tracking error regret (Clarke, Krase, and 
Statman 1994). This is particularly challenging in the retail space because of indi-
viduals’ low financial literacy (Elan 2011).

Most retail investors will benchmark themselves to the S&P 500 even though 
their portfolio is global. When the gap of their portfolio performance from the 
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benchmark is positive, most of them will not think about it. However, experiencing a 
negative gap can lead them to question their investment plan and intervene with it by 
changing their allocations. Even worse, they might give up on their investment plan 
altogether. The result is that many retail investors end up selling low and buying high.

In Figure 18.3, we see how often a factor strategy underperformed the market 
since 1927. On horizons such as three- to five years, we observe that the number of 
years factors have underperformed is large. For instance, the figure suggests that mo-
mentum alone is not a good factor to hold on that horizon. Naturally, as the horizon 
gets longer, the performance of all the factors improves. However, notice that there 
have historically been long periods of underperformance in several factor strategies. 
For example, the value factor has historically have periods extending out to eight 
years of underperformance relative to the market. Investors need to understand that 
factors—just like any other investments—involve risk. Unless investors can accept 
risk and stick to their investment plan, a global allocation may not have much value. 
The largest cost of factor and smart beta investing in the retail space is behavioral. 

C. T ax Overlay Algorithms

A key principle of retail investing in taxable accounts is that any portfolio strategy 
should be tax optimal. There are a number of ways to address taxes, some simpler 
and others more complex. One approach is to take the strategic asset allocation as a 
given and overlay “tax algorithms” either at the account level or the trading level to 

Figure 18.3  The Number of Years That a Given Factor Has Underperformed the 
Market in This Histogram
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generate tax alpha. The two ideas that we describe here are tax loss harvesting and 
asset location.

a.  What Is Tax Loss Harvesting?

Tax loss harvesting (TLH) is a strategy where assets that are held in a portfolio at a 
loss are sold opportunistically. When realizing the losses, they can offset capital gains 
and income from dividends. This is typically done at some predetermined frequency, 
such as quarterly or annually. Using computer algorithms, TLH can be done daily.

The complexity of TLH comes from navigating the wash-sale rule. The rule states 
that a wash-sale occurs when you sell an asset at a loss and then purchase that same 
asset or “substantially identical” securities within 30 days (before or after the sale 
date). The wash-sale rule was designed to discourage investors from selling an asset at 
a loss to claim a tax benefit. The cost of incurring a wash-sale must be outweighed by 
the benefit of harvesting a loss.

There are several ways to navigate the wash-sale rule. The basic idea is to sell a 
ticker at a loss and buy a “dual” ticker to replicate the exposure of the original ticker. 
For example, you might sell your holdings in an ETF tracking the S&P 500 index 
and buy back an ETF tracking the Russell 1000.

In the development of retail smart beta offerings, we advocate to execute TLH at 
the trading level. This will require the retail investor to identify dual tickers for each 
one of the factors.

ETFs are good vehicles for TLH for several reasons. Commonly, ETFs require 
authorized participants to create and redeem shares in kind, thereby enabling the 
ETF to avoid selling securities and realizing capital gains taxes to meet redemptions. 
Furthermore, the ETF manager can reduce the ETF's tax liability by providing the 
so-called authorized participant with the tax lots that have the lowest cost basis. With 
the rapid development of smart beta ETF offerings, it is becoming easier to identify 
dual (and multiple) tickers for many factors.

Based on the various investment alternatives available to retail investors to date, 
we believe that a carefully selected group of smart beta ETFs provides the best way 
to implement an efficient after-tax smart beta portfolio. Arguably, a bottoms-up ap-
proach to smart-beta investing, leveraging the trading of individual stocks, can offer 
some advantages for large retail accounts.

b. What Is Asset Location?

While often unknown or misunderstood by retail investors, another important tax 
overlay strategy is asset location. Assets have different after-tax profiles in taxable ver-
sus tax-advantaged accounts. Therefore, the after-tax return of an asset could look 
very different if it was sitting in a tax-deferred or tax-exempt account or a taxable 
account. Let us consider a coupon bond held in a taxable account. The coupon will 
be taxed as ordinary income. Therefore, an investor is better off allocating the bond to 
a tax-exempt account, if possible. Given that retail investors typically have a number 
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of taxable, tax-deferred, and tax-exempt accounts, it is possible to optimally allocate 
assets preferentially to specific accounts such that the after-tax return is maximized 
while the overall strategic allocation is maintained. The static version of the prob-
lem is similar to the so-called knapsack problem, which has a well-known solution 
(Kellerer, Pfersky, and Pisinger 2004). Once there is cash flow, the optimal static 
solution is no longer dynamically optimal as cash flow typically goes into one specific 
account. Managing the dynamic problem with inflow and outflow is more complex 
and can be solved as a linear programming problem.

There is no barrier in implementing asset location for a smart beta strategy, pro-
vided that one can estimate the after-tax return of each asset used in the strategy.

V. A  Look into the Future

In the final section we highlight a few key themes that we think will be (or continue 
to be) important for the future of smart beta investing in the retail space.

A. Increased Customization and Goals-Based Investing

A recent survey by FTSE Russell suggests that smart beta products are increasingly 
popular among financial advisors across Canada, the UK, and the US as a way of 
diversifying client portfolios as well as to express strategic views. As more smart beta 
ETFs are becoming available, we expect an increased level of customization to be-
come feasible to better fit investment objectives and financial goals of individuals.

What kinds of customization are retail investors looking for? First, we believe that 
one of the key components is to offer individuals a broadly diversified investment 
portfolio commensurate with their personalized risk profiles and financial goals. 
There is no “one size fits all.” It is important to gather accurate information about an 
individual's financial situation and goals before building their portfolio.

Financial theory suggests that we should consider an individual's total assets 
and liabilities when building their investment portfolio. In other words, also less 
liquid assets, such as that of homeownership, should be included in the asset allo-
cation decision. In the case of homeownership, we would expect that the resulting 
“optimal” portfolio will contain investments with low correlations to the housing 
market.

Based on the concept of mental accounting it is well-known that people do not 
treat all money the same.7 Specifically, it has been shown that individuals will attach 
different “chunks” of money to different risk-return preferences, depending on their 
perceived use of that money. An individual may therefore see their homeownership 
very differently from that of their investment portfolio. In other words, an individual 
may have different financial goals when it comes to that of their home and their 
investment portfolio.

7 See, for example, Thaler (1985, 1999).
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Goals-based wealth management is an investment and portfolio management pro-
cess that focuses on helping investors realize their different financial goals. Shefrin and 
Statman developed behavioral portfolio theory (BPT) in the late 1990s and suggested 
that investors behave as if they have multiple mental accounts. Each mental account 
has varying levels of aspiration, depending on its goals (Shefrin and Statman 2000). 
This form of behavioral thinking suggests a portfolio management framework where 
investors are goal-seeking (aspirational), while remaining concerned about downside 
risk in the light of their goals. In particular, rather than trading off risk versus return, 
investors trade off goals versus safety. Naturally, BPT leads to normatively different 
statements of the portfolio problem than those from classical portfolio theory. Das et 
al. propose a novel framework for goals-based wealth management (GBWM) where 
risk is understood as the probability of investors not attaining their goals (Das et  
al. 2018).

Based on its intuitive appeal and ability to model individual investor's finan-
cial goals in a flexible and highly customizable way, we conjecture that goals-based 
wealth management will emerge as an approach to investment management in the  
retail space.

B.  SRI/ESG

When making investment choices, individuals are increasingly concerned about  
socially responsible investment (SRI) and environmental, social, and governance (ESG) 
impact. Different individuals assign different relative importance between SRI/ESG 
and investment performance. Which SRI/ESG issues should a portfolio incorporate 
and address? One investor may primarily be concerned with equality- and diversity-
related issues, while another may care about environmental policy. Currently, there 
are only a limited number of SRI/ESG ETFs. As SRI/ESG preferences are often 
personal and specific, they may best be customized at the stock level rather than 
through ETFs.

C. T he Importance of Investor Education

As we are looking to the future, it is clear that more investor education is needed in 
order to increase individuals’ financial literacy. At the core of financial planning and 
advisory is communication. The financial industry is rich of highly technical and 
financial jargon in its communication, often making such communication ineffective 
or even impenetrable for individuals.8

There are costs to society for a financially illiterate population as governments and 
taxpayers may end up paying for the mistakes of others. In addition, there are benefits 
to society for having a population that has better financial habits and planning. Who 
should provide such education? These are important considerations for policy.

8 See, for example, Lusardi (2015).
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First, school could integrate course content designed to enhance financial literacy 
of the general population before they reach an age when they need to make impor-
tant personal finance decisions. Second, financial advisors and other fiduciaries have 
a responsibility to educate their clients in “sound” financial practices in general, and 
investment and retirement decisions specifically. This also includes providing tools 
that are more intuitive and easier to use. Third, employers could play a role in provid-
ing employees with updated information and continued education about financial 
matters.

VI.  Conclusion

In this chapter we have made the case for smart beta offerings in the retail space. 
We highlighted a number of challenges and important considerations, including fac-
tor selection and implementation, portfolio construction and tax overlays. We also  
offered some suggestions of where the future of this space may lie.

The holy grail of retail investing is personalization. Smart beta strategies offer one 
aspect of personalization but is certainly not the end goal. Asset allocation—whether 
it is smart beta, risk parity, or market capitalization—is an important component for 
retail investors. Beyond asset allocation, a retail investor has to consider fund selec-
tion (i.e. mutual funds versus ETF), tax considerations, and appropriate risk taking 
(that depends on their investment goal and horizon). Of course, the entire financial 
picture of a retail investor is not defined by a single portfolio. An investor may have 
multiple goals, with different horizons and therefore varying risk profiles. Optimizing 
across all these goals and determining which portfolio strategy is best suited for what 
goal is an unsolved problem and remains an active area of research.
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Chapter 19
Positioning Smart Beta 
with Retail Investors, 
A Conversation with

Jerry Chafkin  
Chief Investment Officer,  

AssetMark

Thank you so much for your time today, Jerry.
My pleasure.
How do you approach smart beta or factor investing?
I tend to think of smart beta or factor investing as a disciplined and systematic 
approach to alpha generation or phrased differently as a repeatable and transparent  
approach to active equity management.
So, you don’t really distinguish smart beta from active management.
To the extent that the objective is alpha generation, and that the alpha comes from 
similar sources, or factors, it is not different from active. But, to the extent that the 
alpha is generated through a disciplined and systematic approach, it is somewhat dif-
ferentiated in its implementation from traditional active management. Some of my 
colleagues refer to smart beta as actively passive, that is, active style strategies imple-
mented in an index-like fashion.

We could go one level deeper and characterize smart beta as taking the highest 
value-added filter used by many active managers in a particular style, for example, 
value, and applying it in a disciplined and systematic fashion across a large universe 
of stocks. But frankly, for most conversations that I have with financial advisors, the 
conversation is not about filters or factors, it’s about how to achieve the objective of 
active management with greater reliability and transparency.
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So, how do you suggest advisors talk about smart beta with retail clients so that 
it becomes easier to understand?
Retail investors understand passive. They understand that it is the easiest and cheapest 
way to earn the market return. They also understand active. Most retail investors believe 
that through knowledgeable security selection it should be possible to earn higher re-
turns than the market. They are also cognizant of the fact that earning a 1% or 2% higher 
annual return than the market in the long run results in significantly higher terminal 
wealth levels compared to a purely passive approach to investing. So, given these beliefs, 
it is reasonable for investors to pursue active returns, subject to their risk tolerance,  
of course.

But retail investors also understand the potential challenges associated with ac-
tive managers. First, they may charge high fees, causing investors to only get a small 
fraction of any potential outperformance. Second, their process may be complicated 
or even opaque making it difficult to set investor expectations properly. Misman-
aged expectations may lead to investors bailing out when disappointment strikes 
and as a result not realizing the full potential of the strategy in the long run. Third, 
active managers themselves, due to business considerations, sometimes fail to main-
tain discipline and abandon their own investment philosophy and process, such as 
when underperformance is significant or lasts for a few consecutive years. Fourth, ac-
tive managers tend to hold somewhat concentrated portfolios that do not have deep  
capacity and may depict significant idiosyncratic risk. Therefore, even for talented 
active managers, performance may be erratic and growth in assets may challenge 
future returns.

From an investment process point of view, one might ask: what do active manag-
ers, as a group, deliver? I would argue that where outperformance exists, it is driven by 
two main sources. One source is “common insights” into what kinds of securities are 
likely to perform best over time. These are high-level stock or company characteristics 
that are broadly known and accepted in the investing world. For example, value and 
quality investing date back to the 1930s and Benjamin Graham. The second source of 
outperformance I’ll call “manager-specific insights,” derived from in-depth research 
of companies and industries conducted by the manager. Research and experience tell 
us that quite a large proportion of active manager outperformance is actually driven 
by common insights. These insights are what investment professionals call factors.

The bottom line is that retail investors appreciate the advantages of passive: low-
cost, disciplined, repeatable, and transparent. But they also like the outperformance 
potential of active. What if we could create a solution that retains the advantages 
of passive investing and the outperformance potential of active investing? Enter 
smart beta. Viewed through this lens, smart beta becomes a compelling invest-
ment proposition. It becomes a good value compared to the more traditional active 
approaches. None of this is too complicated for the typical retail investor to under-
stand and appreciate.
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An argument is often made that smart beta requires a higher level of educa-
tion for retail investors, which represents a challenge to its widespread adoption. 
Would you agree?
Yes and no. If you approach the conversation using terms like “beta” or “factors,” 
then yes it can become a challenge. If you have to explain what factors are, why they 
work, why they persist, then yes, the conversation can quickly become complicated 
and therefore challenging. But, as I said previously, smart beta can be communicated 
in terms that investors understand. Smart beta is not differentiated from active by 
the characteristics it uses to select stocks, but rather by the systematic process used to 
identify and rank stocks with these characteristics.

Generally, I feel that any investment solution that requires significant client edu-
cation is challenged from the get-go. I’m an advocate of simplicity. But, at the same 
time, I’m committed to making new investment approaches accessible to investors 
if those approaches can help investors achieve their financial goals. Smart beta is one 
such approach. The trick lies in communicating these ideas in a way so that clients 
can actually understand them.
You don’t like the term beta in smart beta, you don’t like the term factor in  
factor investing, so maybe you should just call it “smart investing.”
That’s exactly right. The way I like to think about factor investing is that it’s “smart 
risk investing.” I say that because you know exactly what characteristic it is that 
you’re betting the market will reward, and you’re taking active positions in a disci-
plined fashion, minimizing risks other than the key stock characteristics that you 
believe in.

I think anybody who’s been doing diligence on active equity managers for any 
length of time knows that your typical equity manager has five great stock picks 
around which they have high confidence. They then add 100 other stocks to the 
portfolio, which they usually don’t deeply believe in and have not been as thor-
oughly researched. Rather, adding these stocks is their attempt to control risk 
around a handful of companies that they have researched deeply and that they do 
believe in.

What this often boils down to, though, is that there are certain qualities or 
characteristics of that handful of stocks that makes managers passionate about the 
wisdom of their selection, and everything else is what I’ll call “hamburger helper” 
purchased in order to fill out the portfolio and to some extent, mitigate risk relative 
to a capitalization-weighted index. In other words, managers are reluctant to accept 
the idiosyncratic risk of holding only a handful of individual stocks. With factor 
investing, or smart beta investing, it’s a much more systematic approach, both to 
risk management and to security selection, allowing the investment manager to 
focus on the qualities of those companies, or more accurately the stocks that they 
believe in.
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From the perspective of retail investors, what might be the motivation to con-
sider smart beta or factor investing?
In the end, I think the motivation for retail investors is simple. It’s primarily the 
combination of lower cost and better return over time. With regards to smart beta, 
there are a lot of investment reasons that one could argue make sense. But, in terms 
of what’s on the mind of a typical retail investor, I think the reasons that resonate are 
cost and return.
“Inexpensive” relative to what? Active management?
Yes, relative to active management.
And “higher return” relative to what? The market?
Yes. The market.
Look, let me take a step back here. When I talk to financial advisors about how they 
position passive solutions with retail investors, they tell me they generally focus on 
the aspects that matter most to the end-investor. They talk about it being the easiest 
and cheapest way of realizing the market rate of return. They talk about it containing 
no surprises. Most advisors don’t talk about the CAPM, or about why a cap-weighted 
portfolio is the market, or about efficient frontiers. Similarly, in the case of smart 
beta, advisors need to focus on why it is an interesting investment proposition for 
retail investors. And I think it mostly boils down to lower cost and higher expected 
return.
What do you say to the argument that if it is cheap it can’t be that good?
(Laughs) Gosh, I can honestly say I’ve never had a retail adviser try to make that argu-
ment to me. But look, I think the response would be that price is a function of added 
value and capacity. And in a systematic approach like smart beta or factor investing, 
I think the explanation for its pricing is really that the approach is designed to have 
deep capacity and low implementation costs, and that’s why it has a lower price point 
than traditional approaches to active equity management.
Are you seeing retail investors becoming more excited or motivated to consider 
factor investing in their portfolio?
So, at the risk of disqualifying myself for this interview, no is the answer. But that 
doesn’t mean that we’re not seeing greater adoption of factor investing. It doesn’t 
mean that we’re not seeing increased popularity of factor investing. What it means 
is that again, for the end investor, they don’t think in terms of factors; they think in 
terms of discipline or style, and alpha. And so, the characterization of an investment 
solution as smart beta or factor investing, is not self-explanatory and instead leaves 
the investor with sense that, “I can’t understand this.”

Unlike you and me, who would be developing investment strategies for fun if we 
weren’t doing it for a living, the typical person does not find investing fun and just 
wants to understand that their portfolio is being invested for them with a discipline 
and a philosophy that makes sense to them. That’s one of the beautiful things about 
smart beta. It really is an active management style story but implemented in an easily 
explained and disciplined fashion.
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From an advisor’s perspective, could we say that factor investing should actually be 
interesting because it may well be easier to implement than manager selection? After 
all, there are only a handful of factors that matter and they’re well-demonstrated, 
well-documented in the literature. Would an advisor view it to be an easier path to 
market outperformance?
As somebody who currently makes their living, at least in part, by selecting active 
managers, it’s a challenging question for me. But regardless of whether I’m picking an 
individual manager or whether I’m picking a smart beta approach, for me it’s about 
the process, the discipline or repeatability and the risk management. So, what I will 
say about smart beta is that the risk management and the discipline is built-in and, in 
many offerings, incredibly robust. And arguably, the security selection criteria are in 
many ways the same as what you would find with a good active manager.
But, look, smart beta may also present challenges.

One challenge for any investment strategy is managing investor expectations. It 
sounds simple, but it’s incredibly hard. Part of the reason for that is that whether 
we as individuals recognize it or not, newspapers, television, and radio inundate us 
with cap-weighted index performance, and that becomes our mental benchmark. 
Behaviorists would say that we “anchor” to it for understanding how our invest-
ments should have performed. And in fact, what we’re talking about with factor 
investing or smart beta is really an alternative approach to indexing. Whether it 
adds value relative to a cap-weighted approach can only reliably be judged over 
time. The outperformance will not be earned smoothly year after year after year. 
It will be a bumpy road. There are environments where certain factors might help 
you to outperform the broad market, and in other periods where the factors may 
cause performance to actually lag. Of course, this is a challenge with any type of 
investing other than cap-weighted indexing. From our experience, setting expec-
tations is critical because it has the most to do with client discipline and client 
satisfaction.

The other challenge that I alluded to earlier was the idea that few, if any, retail 
investors are going to immerse themselves in the academic support for why different 
investment styles make sense. Rather, they rely on the fact that somebody else such as 
an advisor has been screening managers for them and has found a manager with an 
approach that they have confidence in and that they can explain at a high level. And 
so again, a key to success for smart beta products is making them easier for the end 
investor to consume; making explanations as intuitive as possible.
How exactly do you set expectations?
One easy example perhaps might be to just talk about the classic divisions of value 
and growth or momentum. I think your typical investor understands that there are 
times when the market is rewarding stocks that have to date been undervalued, how-
ever you want to define that. And that makes total and perfect sense to them. It also 
makes sense that there are other times when it’s all about momentum. Stocks that 
have been growing quickly because some phenomenon, either in their industry or 
going on in the world, has benefited them, and it makes sense that for some period of 
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time it’s going to continue to benefit them. People understand that doesn’t happen in 
each and every year. But, that there are periods of time when it’s very helpful. And if 
you can combine these filters together, as part of a handful of characteristics that are 
going to be driving equity prices, then that can inspire investor confidence and lay a 
foundation for explaining performance going forward.

One of the points that I wanted to make earlier is about why it’s so important to 
be able to explain performance. With regard to equity research and stock selection, 
there is a perception that it’s very hard to add value. And in fact, it is very hard 
to add value. Yet there is no shortage of filters or signals or ideas that historically 
have added value over the long term. Given this it is understandable that the typi-
cal investor might ask how can it be so hard for people to beat the market when 
there are so many screens, so many signals that could help you to beat the market 
over the long term? Of course, the answer is the fact that people are emotional 
creatures; we tend not to stay disciplined. We tend to act on our disappointment 
or our fear. And generally, that happens at exactly the wrong moment, when that 
strategy would have paid off. That goes back to why it’s so important to appropri-
ately set and manage expectations, because the way investors hurt themselves, is by 
not understanding what to expect, getting disappointed or afraid, and abandoning 
discipline.
Is that one of the attractions of smart beta and factor investing, that it is disci-
plined and may help investors to maintain discipline?
I think that’s exactly right. It’s disciplined, and it helps investors stay disciplined. 
Part of how it helps investors to stay disciplined is that the stock positions you 
are taking are not a function of your trust in an omniscient market guru, who 
has picked a magic set of stocks. But rather, you are taking positions based on 
some pretty commonsense and intuitive ideas about how to invest. You’re able to 
understand that those may be recognized by the market over time, but not neces-
sarily recognized in each and every period in time. And so, it helps the investor to 
stay disciplined. Its transparency is a tool that helps to reassure investors and keep 
them invested.
Is there anything else that you would view as an important advantage of factor 
investing?
Sure. We’ve talked about a number of aspects that make the strategy of factor in-
vesting appealing. But the vehicle is also important. A good example would be mo-
mentum investing. The reason why there are more value investors than momentum 
investors is in part due to the fact that you’re able to hold onto value positions for a 
longer period of time, and therefore on an after-tax basis, it’s more attractive. If you 
have a smart beta strategy, where the strategy is actually delivered via an ETF, where 
the tax benefits of the turnover that would normally be associated with that strategy 
can be realized without the tax hit, it’s a uniquely efficient way of accessing that factor 
or that style of investing, because you don’t have to pay the taxes normally associated 
with the higher turnover of momentum relative to value.
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I guess that brings us to strategy selection. Any thoughts on what kind of smart 
beta strategies resonate well with retail investors?
Kal, like you, I’ve been in this business for an embarrassing number of years, and 
one of the things that you see is that at any moment in time there will be factors 
that are particularly popular. There are other factors that fall out of favor and come 
close to being forgotten. But then, they reemerge and become popular again because 
they work for that environment. So, what are some of the factors that have attracted 
attention recently?

There was a period of time where a low beta or minimum variance approach was 
very popular, right after the 2008 financial crisis. Then, partly due to quantitative eas-
ing, investors became desperate for income. And so, dividend yield became a popular 
filter or screen. Whenever there’s a bull market, momentum tends to be very popular, 
and during more typical times, people will fall back on the wisdom of value investing. 
So, the factor that resonates well with retail investors is whatever has been rewarded 
recently. My own view on this is that I try not to fall in love with any one factor. 
Because you only know what factors were helpful to you in the past. It’s like driving 
by looking in your rearview mirror. What lies ahead could be very different from the 
past. So, factor diversification makes sense to me.

Another thing to highlight, however, is that while there may or may not be new 
factors, there will likely be new, and potentially more effective ways of specifying and 
capturing the factors that researchers are trying to measure. And again, because it’s 
technical, or as some of my colleagues like to say, it’s talking “inside baseball,” this is 
not a conversation that you tend to have with the end investor. Yet it’s quite impor-
tant, particularly as a practitioner. When trying to select from multiple providers, we 
pay particular attention to how factors are specified, because they’re not all the same. 
They’re all related, but they’re not all the same. Beyond how the factor is specified, 
smart beta strategies may also differ in terms of how the factor is integrated into the 
larger portfolio of stocks. So, that’s how I think about it.
What are some of the other features that you look at in selecting a smart beta 
strategy or manager?
Gosh, everything from price to risk controls to brand to their ability to support advi-
sors with retail clients. But, very high on the list is an assessment of the investment 
team. I’m a big believer in teams. So, one of the things I look at when evaluating any 
type of manager, including those using factors or smart beta is how long the team has 
worked together. Portfolio management is not a solo activity. There is value created 
when researchers, portfolio managers, traders understand how to help each other get 
the most out of their investment strategy. The familiarity that people have working 
together, having encountered problems in the past together, being able to challenge 
each other in a comfortable way, knowing what’s worked and what hasn’t. That kind 
of common history and succinct communication is a big plus in terms of refining 
their process, deepening their research, and continued stability of staff. Also, I care 
a lot about the active research agenda of the manager. Because, in my view, process 
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innovations and enhancements are important to continued strong performance. 
With regard to implementation, on the list of things I look at, is liquidity or average 
daily trading volume for the instruments, especially in an ETF.

And then finally, as a function of having been in this industry for a long time, I 
try not to pigeonhole anybody. I say that because sometimes people say: well I want 
a boutique rather than a big institution, because I think they’re going to be more 
nimble and they’re going to be more focused. Yet, I know of big shops that have cre-
ated a number of teams with exactly that concept, where each team has that focus 
and is nimble. And they have access to resources that a small boutique might not. 
Similarly, I’ve seen small boutiques with high degrees of risk control and automation 
that defies the stereotype of a small company. Therefore, I think it’s important to look 
at each provider on its own merits, whether it be large or small.
Moving on to the topic of sizing, do you have any views on how much should be 
allocated to different strategy buckets; passive, active, smart beta?
The short answer is that I don’t. The reason is that I don’t think this is an op-
timization challenge, where there is a precisely right mix of passive, factor, and 
traditional active. Rather, I think it is a function of a retail investor’s profile. How 
much tolerance do they have for deviating from what they hear reported on the 
news as the return of the market? You know, when individuals hear the market 
return number reported again and again and again, their assumption is that’s what 
all of their neighbors are earning. And so, when they lag, they feel that they’re 
actually falling behind their friends and family. And there’s a bit of shame. On the 
flip side, when they’re doing really well, they feel proud and they stand up. When 
in fact, there is nobody who is solely or entirely invested in these cap-weighted 
indexes. I guess the basic question is: if I’ve got a better approach to indexing, 
why would I use cap-weighted passive at all? Well, there’s really only one answer 
to that, which is that the flavor of the smart beta or factor index that was avail-
able to you had more tracking error than you were comfortable with. And so, you 
choose to dilute it with some passive in order to sync up with your risk appetite. 
If you are not sensitive to fear or greed or regret, then you may not want to have 
any cap-weighted passive exposure. You may want to have exclusively active or 
smart beta exposure. By the same token, it may very well be that you don’t want, 
for example, to have a value approach to investing; you want to have a deep value 
approach to investing. You might have a much higher tolerance for how much you 
can deviate from an index in any given year. And that can govern what you want to 
do with active. Therefore, it really depends on an individual investor’s profile and 
customizing investment solutions to match that profile. The one exception I will 
make to that is the distinction between liquid and illiquid markets. With regard to 
smart beta, I have been talking about highly liquid public securities. That’s where 
I believe it makes sense to have these smart beta approaches, these disciplines 
and systematic approaches to generating alpha. There are other sources of alpha, 
or what I’ll call “risk premia,” that you can’t get from liquid public markets. An 
example of that might be an illiquidity risk premium or a credit risk premium. 
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For those, you may feel that an active approach is superior to any kind of index or 
factor-based approach.
Any other thoughts that you would like to share on smart beta or factor investing?
Yes. I think it might also be useful to think of smart beta or factor investing as “deep 
capacity” alpha strategies, which makes them quite attractive relative to traditional 
active management, where capacity often becomes a concern. Why do smart beta 
strategies have deep capacity? It’s because many smart beta managers employ meth-
odologies that are designed to keep turnover low and diversification high. Of course, 
not all smart beta offerings have deep capacity. For example, there are quant products 
that seek to offer a narrower, more concentrated exposure to a factor, such as “deep” 
value. I think such products may not be fully in line with the spirit of smart beta 
investing as I see it.

Smart beta strategies make use of the greater and greater computing power that 
has become available. We can now slice and dice thousands of securities much more 
quickly and efficiently than it takes an analyst to do a thorough evaluation of a single 
company. And change is driven by new financial technologies, not just systems, that 
may have tax benefits and/or liquidity benefits. Therefore, the impact of technology 
on investing should not be underestimated, because it basically enables smarter and 
perhaps more complex investment approaches to be implemented in a passive man-
ner. A good example is smart beta index-type approaches where there is an explicit 
way to consider and manage tracking error relative to market indices. That is a highly 
useful feature in a smart beta offering.

The customization that smart beta investing can offer is also attractive. As an 
example, I generally deemphasize low beta or low volatility as a factor. Not that I 
don’t think it’s important, not that I don’t think that I want to control for it, but I’d 
rather control for it dynamically, through tactical decisions. Since roughly 80% of 
the time the market has a positive return, I’ve tended to give greater weight to the 
other factors, which don’t perform as well in bear markets, but which don’t drag 
down performance during bull markets. But it is a luxury for someone construct-
ing portfolios to be able to customize in this fashion. It’s an advantage associated 
with smart beta technology, to be able to pick and choose from these different 
factor tools.

Another thought I have relates to cost. How important is cost? I think the answer 
depends on the context. Common wisdom would suggest that your cheapest strate-
gies, your cheapest vehicles are going to be your best performers. The argument is 
that since it’s quite hard to outperform the market, you might as well increase your 
odds by investing with the lowest cost vehicles. While that may be true if you’re 
evaluating a fund that charges 150 basis points versus a fund that charges 15 basis 
points, it tends to be a bit unreasonable when evaluating funds that charge 30 basis 
points versus funds that charge 15 basis points. From my perspective, when you’re 
comparing funds with fees that are low versus even lower, the decision really needs to 
be informed by the alpha that you associate with each of the different strategies. The 
assessment needs to be whether the strategy is likely to more than offset the 3, 10, 
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or 15 extra basis points that you might be paying. So, I think it’s just important for 
retail investors and their advisors to keep some perspective. Given that not all indexes 
are the same, not all factor approaches are the same, fees are important, but are only 
half of the equation.

Finally, you’ve caught me having just returned from an industry conference where 
one speaker after another was talking about the outflows from actively managed 
funds, and even greater inflows to passively managed funds. Extrapolating this into 
the future suggests to them that active management is going to struggle, though there 
will always be some portion of the industry in active strategies. However, as price 
becomes increasingly important, more and more advisors and do-it-yourself investors 
are going to be using passively managed funds instead of actively managed funds. In 
my opinion, that may very well be a false choice. I say that because I think that factor 
investing, or smart beta, arguably, does provide advisors and do-it-yourself investors 
with the best of both worlds. That is, the opportunity to have an approach to secu-
rity selection that is smarter than basically cap-weighted indexes, but with the costs, 
risk control, and discipline of indexing. So, I think that smart beta is an incredibly 
valuable tool that advisors need to give consideration to, if for no other reason than 
it provides a way out of the false choice between expensive active management and 
low-cost cap-weighted indexing.
How would you summarize the smart beta value proposition for advisors and 
retail investors?
I’d summarize it as a repeatable and lower-cost approach to generating above-market re-
turns over time.

Now, let’s dig deeper.
First, smart beta relies on the highest value-added filters employed by active man-

agers. As a source of potential alpha, these filters or factors are arguably more reli-
able than alpha generated through a more concentrated set of stocks selected with 
manager-specific insights.

Second, I think to some extent retail investors understand stock selection styles, 
or what you and I call factors, better than the one-off stories spun by a gifted stock 
picker. For example, they can understand that value investing can go in and out of 
favor. They can understand that small companies struggle during economic reces-
sions but tend to perform well during expansionary periods. With this understand-
ing, their ability to stay the course may be improved. As such, it may be that investor 
expectations are better-managed and more reasonable with smart beta and factor 
investing, which may facilitate discipline and the achievement of financial goals in 
the long run.

Third, smart beta also provides discipline for managers. To the extent that smart 
beta is a well-defined systematic approach, the risk of a manager abandoning that 
approach at the wrong time is significantly reduced.

Finally, the lower cost of smart beta due to its systematic implementation, large 
capacity, and low turnover should represent a significant benefit for retail investors.
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Before ending our conversation, I want to be careful not to draw too fine a distinc-
tion between smart beta and active management. While smart beta is an attractive 
alternative relative to the average active manager, so are the best active managers, if 
you can identify them. In the end, I’m an advocate of disciplined and reasonably 
priced active investment processes, including smart beta.

*  *  *

The views expressed are those of Mr. Chafkin and do not necessarily represent the views of 
AssetMark.
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Chapter 20
Addressing Potential 
Skepticism Regarding 

Smart Beta
Arguments that are typically made against smart beta investing tend to focus on 
factor existence (factors are data-mined, factors are inconsistent with theory), fac-
tor implementation (capturing factors requires skill, smart beta is active manage-
ment repackaged, smart beta is based on backtested results), and factor persistence 
(smart beta excess returns will be arbitraged away by smart investors, smart beta is 
becoming a crowded trade). In this chapter, we address such skepticisms.

I. S kepticism Regarding Factor Existence 

A.  Factors Are Data Mined 

•• Argument: Hundreds of factors have been documented in the academic literature 
over the last few decades, and the list keeps growing every year. The vast majority of 
documented factors are simply a result of data-mining. Such factors do not deliver 
persistent out-of-sample outperformance.

•• Our Perspective: It is fair to say that the vast majority of documented factors 
may show in-sample statistical significance in individual tests, but not in testing  
environments that account for problems associated with data mining. Such factors 
also often do not perform well on an out-of-sample basis. However, in studies that 
attempt to correct for multiple testing in order to distinguish between true and 
spurious factors, a handful of well-known factors still retain statistical significance. 
Smart beta offerings generally tend to focus only on these validated and rewarded 
factors, which include size, value, momentum, quality, and low volatility (refer  
to Chapter 2). 
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B. S ome Factors Are Inconsistent with Theory 

•• Argument: Some factors, such as low volatility, defy the fundamental principles relat-
ing to the relationship between risk and return in well-functioning capital markets. 
Other factors, such as momentum, challenge even the weak form of market efficiency, 
in which past prices cannot be used to predict future prices. As such, these factors can-
not be reasonably rationalized, if markets are viewed as highly efficient.

•• Our Perspective: Investors should certainly follow their philosophical beliefs and 
should not invest in factors that violate those beliefs. However, it is not reasonable to 
deny the existence of certain factors simply because they cannot be rationalized accord-
ing to a given school of thought. Low volatility and momentum may not be consistent 
with a rational risk pricing argument, but we find it hard to argue that these factors are 
not real. Clearly, these factors exist and have persisted at least historically. They may not 
be fully explainable based on risk-based arguments but appear to be well-supported by 
behavioral mispricing arguments (refer to Chapter 3).

II. S kepticism Regarding Implementation 

A.  Factor Implementation Requires Skill and Smart Beta  
Is Just Dumb Alpha 

•• Argument: In the academic literature, as well as in many smart beta offerings, fac-
tors are typically defined in terms of single-dimension specifications. For example, 
value is defined as book value-to-price and quality/profitability as gross profits 
scaled by total assets. Such specifications may not fully capture the various dimen-
sions of value and quality investing. An efficient capture of such factors requires 
a certain level of skill and sophistication. Active managers possess these required 
skills. For example, active managers may be able to capture the value premium 
better by defining value in smart ways, such as using different valuation ratios for 
different industries rather than just using a simple book value-to-price ratio across 
all industries. Or using various metrics to define quality rather than using a simple 
gross profitability measure. Similarly, other factors, such as momentum, depict very 
high turnover and require a high level of implementation skill to deliver an efficient 
after-cost capture. Trying to capture these factors through simplistically designed 
smart beta offerings does not realize the full potential of these sources of excess re-
turns. As such, smart beta offerings simply deliver a “dumb” alpha, not the “smart” 
alpha that talented active managers can deliver in exploiting these same factors.

•• Our Perspective: It is fair to argue that simplistic definitions of factors may not 
be as efficient as more advanced and well-thought-out specifications. For instance, 
book value-to-price may no longer be as effective a specification of value in today’s 
economy, which is dominated by technology and other “growthy” sectors, as it was 
two decades ago. However, many smart beta managers do define factors through 
carefully designed composite signals to address such concerns (please also refer to 
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Chapter 5). Similarly, smart beta managers have developed innovative methodolo-
gies to address the high turnover of certain factors and to significantly lower imple-
mentation costs (refer to Chapter 7). So, for investors, it becomes a matter of due 
diligence relating to smart beta strategy selection. Additionally, the argument that 
smart beta delivers a dumb alpha perhaps misses the basic philosophy behind smart 
beta. One of the primary motivations of smart beta is to deliver the basic sources of 
excess returns (factors) in simple, transparent and cost-effective offerings. Such of-
ferings seek to deliver reasonably attractive risk-adjusted returns (Sharpe ratios and 
IRs) compared to traditional passive and active strategies (refer to Chapters 7 and 
8). Active managers can certainly claim that they can provide a more efficient cap-
ture of the same sources of excess returns, but, in our opinion, they have to validate 
that claim relative to the smart beta offerings (refer to Chapter 6).

B. S mart Beta Is Active Not Passive 

•• Argument: Capitalization-weighted market indexes represent a true passive solu-
tion. In the construction of such indexes, very few active decisions are involved. 
Market capitalization as a scaling metric is well defined, the weighting scheme is 
transparent, and the index is largely self-rebalancing. The creation of smart beta 
indexes, on the other hand, typically involves many active decisions. Which factors 
should be included? How should factors be defined? Which weighting scheme and 
portfolio construction methodology should be employed? Which rebalancing fre-
quency should be adopted? Given the degree of activeness generally embedded in 
smart beta offerings, it is misleading to label smart beta indexes as passive solutions.

•• Our Perspective: We agree that in the design of smart beta offerings, many active deci-
sions are involved. In that sense, smart beta is closer to active than to passive indexing. 
On the other hand, many smart beta products employ transparent and well-defined 
methodologies, which results in systematic, disciplined, and cost-effective solutions, 
and in that sense, makes such products much closer to indexing than to active manage-
ment. That is why it is most commonly argued that smart beta is neither truly active or 
passive, but more a hybrid solution (refer to Chapter 1). 

C. M ultifactor Strategies Are Not What They Seem 

•• Argument: Multifactor strategies claim to deliver higher risk-adjusted returns 
compared to individual factors through factor diversification. However, that may 
not be necessarily true. This is because factors have offsetting exposures. They are 
contra-bets and can cancel each other out. For instance, value stocks have negative 
exposure to momentum, and vice versa. Quality stocks have essentially growth 
characteristics, and, therefore, when combined with value, simply result in a neu-
tral, market portfolio.

•• Our Perspective: The argument that factors cancel each other out and, when com-
bined, produce no more than the market portfolio is simply inaccurate. It represents 
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a basic misunderstanding of how factors work, how they interact, and how they gen-
erate alpha net of all other factor exposures. Value and momentum independently 
deliver excess returns and are negatively correlated (refer to Chapter 8). Value works, 
despite its negative exposure to momentum. Momentum works, despite its negative 
exposure to value. And, within a given universe, the highest value (momentum) 
stocks deliver the highest excess returns, while having the highest negative exposure 
to momentum (value) (refer to Chapter 10). Similarly, quality is negatively corre-
lated with value, but not perfectly so. Quality is not growth. Therefore, combining 
quality with value doesn’t bring us back to “neutral.” In fact, it is well-documented 
that quality/profitability delivers a statistically significant alpha in a risk decomposi-
tion against the Fama-French-Carhart factors (refer to Chapter 5). It is true that the 
correlation structure between factors implies that when factors are combined, it may 
lead to reduced exposures, but not complete offsetting of exposures. And this is true 
for a multifactor strategy as well as an overall portfolio that combines multiple active 
style managers to achieve better diversification. 

D. S mart Beta Is Just Active Management Rebranded  
and Repackaged 

•• Argument: It is well-known and well-understood that active managers load posi-
tively to certain factors and at least partially rely on positive exposures to these 
factors to deliver market outperformance. This means that active managers had 
discovered and had invested in factors that smart beta offerings seek to capture 
for decades. So, there is nothing new in smart beta, other than a rebranding and 
repackaging of traditional active management.

•• Our Perspective: It is true that smart beta offerings exploit the same sources of 
excess returns (or factors) that active managers have targeted for decades. From 
this perspective, there is indeed nothing new in smart beta. However, the manner 
in which smart beta offerings aim to capture these sources of alpha is character-
ized by a much higher level of transparency, diversification, and implementation 
cost-efficiency. In our experience, these characteristics (or repackaging) are viewed 
by many investors as value-adding, which explains the widespread popularity and 
adoption of smart beta strategies (refer to Chapter 1). The term “smart beta” can 
certainly be viewed as somewhat confusing, and perhaps inappropriate. But it is the 
rebranding that the industry seems to have settled on. 

E. S mart Money Doesn’t Invest in Backtests 

•• Argument: Most smart beta offerings, which are new products with limited live 
track records, are marketed on the basis of a historical backtest. And all historical 
backtests invariably make a compelling case in favor of the proposed strategy. In-
vestors should avoid investing in such strategies, as historical simulations may not 
be reflective of future performance.
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•• Our Perspective: This argument is more about investing in new strategies, in gen-
eral, than about smart beta. If investors have governance considerations that limit 
their ability to invest in strategies lacking a specified period of live performance, 
such as three years, then they will not invest in new strategies. Beyond that, in our 
opinion, new strategies and backtests should not always be viewed negatively. In 
our experience, many investors start by focusing not on performance but on the 
investment process of a given strategy and the performance characteristics that 
can be expected from that process. A backtest may then be used to validate those 
expectations. Additionally, all backtests are not created equal. Investment processes 
that employ transparent and fully replicable methodologies should command more 
credibility than those that don’t (refer to Chapters 8 and 10). Finally, it is also 
argued that new strategies deliver high returns in the initial years and may offer 
a first-mover advantage to early investors (refer to Chapter 16). As such, an argu-
ment can also be made that smart money does indeed invest in new strategies  
and backtests. 

III. S kepticism Regarding Factor Persistence

A.  Factors Can’t Persist in Efficient Markets 

•• Argument: Simple sources of excess returns that are in the public domain are un-
likely to persist under efficient markets. Such sources will be exploited by investors 
and their excess returns will disappear over time.

•• Our Perspective: If factor excess returns are viewed as mispricing arising from 
behavioral biases of investors that can be arbitraged away, then from an efficient 
market’s perspective, this argument may hold true. However, this argument is chal-
lenged if factor excess returns depict a risk premium. Even under efficient markets, 
we would expect risk premia to persist because they represent a compensation for 
bearing additional extra-market risks. Further, this argument is also challenged by 
the vast body of literature that argues that certain forms of mispricing can persist 
because they cannot be fully arbitraged away (refer to Chapter 3).

B.  Factor Persistence Will Be Challenged by Crowding 

•• Argument: Even if we assume that factor excess returns represent a risk premium 
and/or behavioral mispricing that cannot be fully arbitraged away, the widespread 
adoption of smart beta strategies will certainly result in much lower factor excess 
returns going forward.

•• Our Perspective: It is true that if smart beta factors become highly popular, and 
hence perhaps overpriced, their future returns could be reduced. However, in our 
opinion, the capacity of typical smart beta strategies is significantly higher than 
traditional active strategies. And the amount of assets required to make a meaning-
ful impact is potentially quite large. For instance, the amount of assets linked to 
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factors, such as value, momentum, and low volatility, has grown by multiples since 
these factors were first documented. Yet, the factor premia have not disappeared 
and have persisted over the years. Investors can also mitigate the potential impact 
of crowding by pursuing customized smart beta solutions, rather than “one size fits 
all” offerings (refer to Chapters 13 and 15).

IV.  Conclusion

In this chapter, we have reviewed some of the various skepticisms relating to smart 
beta factor investing. In our opinion, some elements of the arguments being made are 
fair and reasonable, others less so.
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Chapter 21
Conclusion

In our experience, the major appeal of equity smart beta factor investing lies in its 
ability to help investors structure more efficient overall equity portfolios, and achieve 
better investment outcomes, through various applications, such as:

•• A cost-effective solution for asset owners seeking return enhancement in a low  
expected return environment, without increasing the allocation to equities.

•• A potential solution for asset owners looking to reduce portfolio volatility, without 
lowering the allocation to equities.

•• A replacement for and/or complement to a capitalization-weighted policy  
benchmark.

•• A disciplined approach to alpha generation, which seeks to facilitate the basic objec-
tive of market outperformance, but with potentially greater reliability and transpar-
ency compared to traditional active management.

•• A complement to active management that improves diversification benefits in a 
portfolio.

•• An effective solution for factor exposure management and portfolio completion 
purposes.

•• A compelling proposition for retail investors, as it combines the advantages of both 
active (market outperformance) and passive (low-cost, disciplined, and transparent) 
investing.

•• A high-capacity alpha generation solution for institutional asset owners confronted 
with the problem of generating reasonable excess returns on a large and growing 
asset base.

•• A systematic approach that helps investors and asset managers set appropriate  
expectations and maintain discipline during difficult times.

•• A cost-effective solution capable of generating trading cost and management fee 
savings through hybrid implementation models based on licensing arrangements 
and index-like implementations.

Moving forward, we expect product development in years to come to further 
broaden the scope of smart beta investing. We anticipate continued application of 
factor investing in other asset classes and strategies, such as fixed income, commodities, 
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currencies, and hedge funds. We expect long-short offerings to complement the  
existing long-only strategies. And we expect continued integration of environmental, 
social, and governance (ESG) factors alongside smart beta factors.

The increased popularity and adoption of smart beta investing also poses some 
challenges for asset owners and asset managers. In the case of asset owners, it shifts 
the emphasis from manager selection to investment strategy selection, which  
requires forming beliefs in relation to smart beta factors, distinguishing between  
absolute return and relative return strategies, and avoiding short-termism in strategy 
selection, monitoring, and evaluation. For active managers, the primary challenge 
is establishing a value proposition relative to the smart beta solutions. This entails  
designing investment processes that deliver smart beta factor-adjusted excess returns. 
For instance, active managers, whether quantitative or fundamental, that primar-
ily deliver smart beta factor payoffs, we believe, will find it increasingly difficult to 
maintain current management fee and asset levels. Smart beta managers also may face 
some important challenges. As the amount of assets linked to smart beta investing 
grows over time, concerns relating to factor crowding and crashes will undoubtedly 
become more pronounced. Smart beta managers will have to develop new, unique 
methodologies and customization capabilities that adequately address such concerns.

Some may argue that smart beta is a fad. We beg to disagree. In our view, smart 
beta is an important and useful innovation in the field of investments. It represents a 
structural force reshaping the asset management industry. Smart beta further broad-
ens the tool kit and the set of strategies available to asset owners and potentially 
improves their ability to build more efficient portfolios that better meet their specific 
investment objectives and constraints. As such, we expect smart beta investing to 
continue to attract investor attention and assets going forward.
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Additional 
Disclaimers

Chapter 12

General Disclosures

This material is provided at your request for informational purposes only. It is not an 
offer or solicitation to buy or sell any securities.

This material is provided for educational purposes only and should not be 
construed as investment advice or an offer or solicitation to buy or sell securities.

This material does not constitute an offer or solicitation in any jurisdiction 
where or to any person to whom it would be unauthorized or unlawful to  
do so.

These examples are for illustrative purposes only and are not actual results. If any 
assumptions used do not prove to be true, results may vary substantially.

Backtested performance shown is not actual performance and in no way 
should be construed as indicative of future results. Backtested performance results 
are created based on an analysis of past market data with the benefit of hindsight, do 
not reflect the performance of any GSAM product and are being shown for informa-
tional purposes only. Please see additional disclosures.

Simulated Performance

Simulated performance is hypothetical and may not take into account material 
economic and market factors, such as liquidity constraints, that would impact the 
adviser’s actual decision-making. Simulated results are achieved by retroactively 
applying a model with the benefit of hindsight. The results reflect the reinvestment 
of dividends and other earnings, but do not reflect fees, transaction costs, and other 
expenses a client would have to pay, which would reduce returns. Actual results 
will vary.
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Index Benchmarks

Indices are unmanaged. The figures for the index reflect the reinvestment of all 
income or dividends, as applicable, but do not reflect the deduction of any fees or 
expenses, which would reduce returns. Investors cannot invest directly in indices.

The indices referenced herein have been selected because they are well known, 
easily recognized by investors, and reflect those indices that the Investment Manager 
believes, in part based on industry practice, provide a suitable benchmark against 
which to evaluate the investment or broader market described herein. The exclusion 
of “failed” or closed hedge funds may mean that each index overstates the perfor-
mance of hedge funds generally.

The website links provided are for your convenience only and are not an endorse-
ment or recommendation by GSAM of any of these websites or the products or ser-
vices offered. GSAM is not responsible for the accuracy and validity of the content of 
these websites.

This material is provided for educational purposes only and should not be con-
strued as investment advice or an offer or solicitation to buy or sell securities.

This information discusses general market activity, industry or sector trends, or other 
broad-based economic, market or political conditions and should not be construed as 
research or investment advice. This material has been prepared by GSAM and is not 
financial research nor a product of Goldman Sachs Global Investment Research (GIR). 
It was not prepared in compliance with applicable provisions of law designed to pro-
mote the independence of financial analysis and is not subject to a prohibition on trad-
ing following the distribution of financial research. The views and opinions expressed 
may differ from those of Goldman Sachs Global Investment Research or other depart-
ments or divisions of Goldman Sachs and its affiliates. Investors are urged to consult 
with their financial advisors before buying or selling any securities. This information 
may not be current and GSAM has no obligation to provide any updates or changes.

Although certain information has been obtained from sources believed to be reli-
able, we do not guarantee its accuracy, completeness or fairness. We have relied upon 
and assumed without independent verification, the accuracy and completeness of all 
information available from public sources.

Views and opinions expressed are for informational purposes only and do not 
constitute a recommendation by GSAM to buy, sell, or hold any security. Views and 
opinions are current as of the date of this presentation and may be subject to change, 
they should not be construed as investment advice.

Past performance does not guarantee future results, which may vary. The 
value of investments and the income derived from investments will fluctuate and 
can go down as well as up. A loss of principal may occur.

Studied Hedge Fund Universe is not inclusive of all hedge funds in existence.
No part of this material may, without GSAM's prior written consent, be (i) copied, 

photocopied or duplicated in any form, by any means, or (ii) distributed to any per-
son that is not an employee, officer, director, or authorized agent of the recipient.
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Chapter 16

Towers Watson Limited (“Willis Towers Watson”) has prepared this material for 
general information purposes only and it should not be considered a substitute for 
specific professional advice. In particular, its contents are not intended by Willis 
Towers Watson to be construed as the provision of investment, legal, accounting, 
tax or other professional advice or recommendations of any kind, or to form 
the basis of any decision to do or to refrain from doing anything. As such, this 
material should not be relied upon for investment or other financial decisions and 
no such decisions should be taken on the basis of its contents without seeking 
specific advice.

This material is based on information available to Willis Towers Watson at the 
date of this material and takes no account of subsequent developments after that 
date. In preparing this material we have relied upon data supplied to us by third 
parties. Whilst reasonable care has been taken to gauge the reliability of this data, 
we provide no guarantee as to the accuracy or completeness of this data and Willis 
Towers Watson and its affiliates and their respective directors, officers and employees 
accept no responsibility and will not be liable for any errors or misrepresentations in 
the data made by any third party.

This material may not be reproduced or distributed to any other party, whether 
in whole or in part, without Willis Towers Watson's prior written permission. In the 
absence of our express written agreement to the contrary, Willis Towers Watson and 
its affiliates and their respective directors, officers and employees accept no responsi-
bility and will not be liable for any consequences howsoever arising from any use of 
or reliance on this material or the opinions we have expressed.

Chapter 17

This material contains confidential and proprietary information of Wilshire Consult-
ing, and is intended for the exclusive use of the person to whom it is provided. It may 
not be disclosed, reproduced or otherwise distributed, in whole or in part, to any 
other person or entity without prior written permission from Wilshire Consulting.

This material is intended for informational purposes only and should not be con-
strued as legal, accounting, tax, investment, or other professional advice. Past per-
formance does not guarantee future returns. This material may include estimates, 
projections and other “forward-looking statements.” Due to numerous factors, actual 
events may differ substantially from those presented.

Third-party information contained herein has been obtained from sources believed 
to be reliable. Wilshire Consulting gives no representations or warranties as to the 
accuracy of such information, and accepts no responsibility or liability (including for 
indirect, consequential or incidental damages) for any error, omission or inaccuracy 
in such information and for results obtained from its use. Information and opinions 
are as of the date indicated, and are subject to change without notice.
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Wilshire Consulting is a business unit of Wilshire Associates Incorporated. 
Wilshire is a registered service mark of Wilshire Associates Incorporated, Santa 
Monica, California. All other trade names, trademarks, and/or service marks are the 
property of their respective holders.

No part of this publication may be stored in a retrieval system, transmitted, 
or reproduced in any way, including but not limited to, photocopy, photograph, 
magnetic or other record, without the prior written permission of Wilshire Associates 
Incorporated, Santa Monica, CA, USA, www.wilshire.com.
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