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It is my pleasure to introduce the latest Scientific 
Beta special issue of the Research Insights supple-
ment to IPE. 

In our first article, we seek to provide an effective 
response to the traditional criticism of cap-weighted 
indices, which are both poorly diversified, because 
they are highly concentrated in a small number of 
large-cap stocks, and exposed to poorly-rewarded risk 
factors such as large and growth stocks. EDHEC-Risk 
Institute’s research on the concept of smart factor risk 
allocation involves offering both the ingredients and 
allocation methods to benefit from the diversifica-
tion offered by smart beta weighting schemes, which 
reduce the unrewarded or specific risks, and to make 
an efficient allocation to systematic or rewarded risk 
factors. 

We then discuss smart factor indices. We construct 
smart factor indices by using diversified multi-strat-
egy weighting on characteristics-based half universes 
– small size, high momentum, low volatility, and 
value. In this way, investors can i) manage systematic 
risks through explicit stock selection; and ii) diversify 
away strategy-specific risk by combining different 
strategies. The smart factor indices that result from 
this framework show pronounced improvements in 
risk-adjusted performance compared to cap-weighted 
factor-tilted indices. Such smart factor indices thus 
provide suitable building blocks for the implementa-
tion of static or dynamic factor allocation decisions.

Having analysed smart factor indices using US 
long-term track records, we look at the performance 
of smart factor indices in other developed economies 
and in the global developed stock universe. Our 
results thus complement the long-term US data analy-
sis and provide an assessment of the performance 
consistency of the smart factor indexing approach 
when applying the methodology to different stock 
universes.

We then analyse the potential benefit of combin-
ing factor tilts. Combinations of tilts to different 
factors may be of interest for two reasons. First, 
multi-factor allocations are expected to result in 
improved risk-adjusted performance. Second, inves-
tors may benefit from allocating across factors in 
terms of implementation. Some of the trades neces-
sary to pursue exposure to different factors may 
actually cancel each other out.

Looking at the extreme risk of cap-weighted and 
smart beta indices, we ask whether smart beta strate-
gies, which produce better performance and some-
times lower volatility, are more exposed to extreme 
risk. Our conclusion is that extreme risk across 
strategies is primarily driven by average volatility or 
average tracking error, depending on whether we con-
sider absolute or relative returns. It therefore seems 
essential for long-term investors to focus on volatility 
or tracking error management on a strategy level.

Finally, we look at factor investing in the equity 
space. In order to avoid the pitfalls of non-persistent 
factor premia and achieve robust performance, we 
suggest that investors keep the following checks in 
mind. First, they should require a sound economic 
rationale for the existence of a premium. Second, 
due to the risks of data-mining, investors would be 
well advised to stick to simple factor definitions that 
are widely used in the literature rather than rely on 
complex and proprietary factor definitions.

We hope that the articles on smart beta in the 
supplement will prove useful and informative. We 
wish you an enjoyable read and extend our warmest 
thanks to our friends at IPE for their collaboration on 
the supplement. 

Noël Amenc, Professor of Finance, EDHEC Business 
School, Director, EDHEC-Risk Institute, CEO, ERI 
Scientific Beta
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risk exposures can be hidden behind a seem-
ingly well-diversified allocation. In this context, 
the risk allocation approach, also known as 
risk budgeting approach, to portfolio construc-
tion, consists in advocating a focus on risk, as 
opposed to dollar, allocation. In a nutshell, the 
goal of the risk allocation methodology is to 
ensure that the contribution of each constitu-
ent to the overall risk of the portfolio is equal 
to a target risk budget (see Roncalli [2013] for a 
comprehensive treatment of the subject). In the 
specific case when the allocated risk budget is 
identical for all constituents of the portfolio, the 
strategy is known as risk parity, which stands 
in contrast to an equally-weighted strategy that 
would recommend an equal contribution in 
terms of dollar budgets. To better understand 
the connection between this portfolio construc-
tion technique and standard recommendations 
from modern portfolio selection techniques, it is 
useful to recognise that, when applied to uncor-
related factors, risk budgeting is consistent with 
mean-variance portfolio optimisation under the 
assumption that Sharpe ratios are proportional 
to risk budgets.2 Thus, risk parity is a specific 
case of risk budgeting, a natural neutral starting 
point that is consistent for uncorrelated factors 
with Sharpe ratio optimisation assuming con-
stant Sharpe ratios at the factor level. 

Such risk allocation techniques, defined as 
portfolio construction techniques focusing on 
allocating wealth proportionally to risk budgets, 
can be used in two different contexts: across 
asset classes (for the design of a policy portfolio) 
or within asset classes (for the design of an asset 
class benchmark). In an asset allocation context, 
the focus of risk parity is to allocate to a variety 
of rewarded risk factors impacting the return 
on various asset classes so as to equalise (in the 
case of a specific focus on risk parity) the risk 
contribution to the policy portfolio variance.3 
Within a given asset class, eg, equities, risk 
parity can be applied to portfolio returns in the 
rare instances where there is no pre-existing 
benchmark, or, more often than not, to portfolio 
relative returns with respect to the investor’s 
existing benchmark. In the latter case, it is typi-
cally the contribution of risk factors impacting 
the returns on the asset class (eg, the Fama-
French factors for equities) to portfolio tracking 
error, and not variance, that matters. Hence, 
just as minimising variance is the appropriate 
objective when the focus is on risk minimisa-
tion in an absolute context while minimising 
tracking error is the appropriate objective when 
the focus is on risk minimisation in a relative 
context, equalising contributions to risk can also 
apply in an absolute risk context or in a relative 
risk context. Overall, it appears that risk alloca-
tion can be thought of both as a new investment 
paradigm advocating a focus on allocating to 
uncorrelated rewarded risk factors, as opposed 
to correlated asset classes, and a portfolio con-
struction technique stipulating how to optimally 
allocate to these risk factors. It should be noted, 
in closing, that the existence of uncorrelated 
long-short factor replicating portfolios is not a 

Risk allocation has gained increasing 
popularity amongst sophisticated inves-
tors, as is perhaps evidenced by the 

increasing number of papers, too numerous to 
be cited, recently published on the subject in the 
practitioner literature. What the concept exactly 
means, however, arguably deserves some clarifi-
cation. Indeed, various interpretations exist for 
what is sometimes presented as a new invest-
ment paradigm and sometimes presented as a 
simple re-interpretation of standard portfolio 
construction techniques.

To obtain a better understanding of the true 
meaning of risk factor allocation, it is useful 
to go back to the foundations of asset pric-
ing theory. Asset pricing theory suggests that 
individual securities earn their risk premium 
through their exposures to rewarded factors 
(see Merton [1973] Intertemporal Capital 
Asset Pricing model for equilibrium arguments 
or Ross [1976] Arbitrage Pricing Model for 
arbitrage arguments). Asset pricing theory also 
suggests that factors are (positively) rewarded 
if and only if they perform poorly during bad 
times, and more than compensate during good 
times so as to generate a positive excess return 
on average across all possible market conditions. 
In technical jargon, the expected excess return 
on a factor is proportional to the negative of 
the factor covariance with the pricing kernel, 
given by marginal utility of consumption for a 
representative agent (see for example Cochrane 
[2001] for more details). Hence, if a factor 
generates an uncertain payoff that is uncor-
related to the pricing kernel, then the factor will 
earn no reward even though there is uncertainty 
involved in holding the payoff. On the other 
hand, if a factor payoff covaries positively with 
the pricing kernel, it means that it tends to be 
high when marginal utility is high, that is when 
economic agents are relatively poor. Because it 
serves as a hedge by providing income during 
bad times, when marginal utility of consump-
tion is high, investors are actually willing to pay 
a premium for holding this payoff. Standard 
examples of such rewarded factors in the equity 

Risk allocation and smart beta

space are the ‘HML’ or ‘value’ factor (repre-
sented by a portfolio going long value stocks and 
short growth stocks) and ‘SMB’ or ‘size’ factor 
(represented by a portfolio going long small-cap 
stocks and short large-cap stocks), which can 
be regarded as possible proxies for a ‘distress’ 
factor (Fama and French [1992]). On the other 
hand, the low volatility factor (represented 
by a portfolio going long low-volatility stocks 
and short high-volatility stocks) is in fact an 
anomaly since the less risky stocks enjoy the 
highest performance levels (Ang et al [2006]).1

In this context, one can argue that the ulti-
mate goal of portfolio construction techniques is 
to invest in risky assets so as to ensure effi-
cient diversification of specific and systematic 
risks within the portfolio. Note that the word 
‘diversification’ is used with two different mean-
ings. When the focus is on the diversification 
of specific risks, ‘diversification’ means reduc-

tion of specific risk exposures, which are not 
desirable because they are not rewarded. On the 
other hand, when the focus is on the diversifica-
tion of systematic risks, ‘diversification’ means 
efficient allocation to factors that bear a positive 
long-term reward, with modern portfolio theory 
suggesting that efficient allocation is in fact 
maximum risk-reward allocation (maximum 
Sharpe ratio in a mean-variance context). 

This recognition provides us with a first 
interpretation for what the risk allocation para-
digm might mean. If the whole focus of portfolio 
construction is ultimately to harvest risk premia 
to be expected from holding an exposure to 
rewarded factors, it seems natural to express the 
allocation decision in terms of such risk factors. 
In this context, the term ‘factor allocation’ is 
a new paradigm advocating that investment 
decisions should usefully be cast in terms of risk 
factor allocation decisions, as opposed to asset 
class allocation decisions, which are based on 
somewhat arbitrary classifications. 

The second interpretation for what the risk 
allocation paradigm might mean is to precisely 
define it as a portfolio construction technique 
that can be used to estimate what an efficient 
allocation to underlying components (which 
could be asset classes or underlying risk fac-
tors), should be. The starting point for this 
novel approach to portfolio construction is the 
recognition that a heavily concentrated set of 

Noël Amenc, Professor of Finance, EDHEC Business School, Director, EDHEC-Risk Institute, 
CEO, ERI Scientific Beta; Lionel Martellini, Professor of Finance, EDHEC Business School, 
Scientific Director EDHEC-Risk Institute, Senior Scientific Advisor, ERI Scientific Beta

“The term ‘factor allocation’ is a new
paradigm advocating that investment
decisions should usefully be cast in terms
of risk factor allocation decisions, as 
opposed to asset class allocation 
decisions, which are based on 
somewhat arbitrary classifications”

1 Assuming that it is not a mere statistical illusion (Bali and Cakici [2008]), 
the anomaly can be explained by constraints applying to rational investors 
(eg, limits to leverage, as in Baker, Bradley and Wurgler [2011]) or by 
behavioural biases (eg, preference for lottery stocks – see Bali, Cakici and 
Whitelaw [2011]).
2 Orthogonalising the factors is useful to avoid the arbitrary attribution 
of overlapping correlated components in the definition of risk budgets 
allocated to each of these factors. Principal component analysis (PCA) 
can be used to extract uncorrelated versions of the factors starting from 
correlated asset or factor returns (see for example Roncalli and Weisang 
[2012] or Deguest, Martellini and Meucci ]2013]). Alternatively, to avoid 
the difficulties related to the lack of stability and interpretability of principal 
components, and to generate uncorrelated factors that are as close as pos-
sible to the original assets or factors, one can use the minimal linear torsion 
(MLT) approach recently introduced in Meucci, Deguest and Santangelo 
(2013).
3 Risk allocation can also be defined with respect to downside risk measures 
such as semi-variance, value-at-risk (VaR) or expected shortfall (see 
Roncalli [2013]).
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a minimum volatility index to approximate 
the low volatility factor means forgetting that 
a minimum volatility index, since it is often 
‘deconcentrated’ by constraints relative to 
cap-weighting, is not the most exposed to low 
volatility stocks. Similarly, using a fundamen-
tally-weighted index as a proxy for a value factor 
means making the choice of another form of 
concentration but does not necessarily mean 
holding a well-diversified value index. 

It is in this spirit, as part of the Smart Beta 
2.0 approach4, that ERI Scientific Beta offers 
smart factor indices that are constructed using 

a dual approach. The first step is to select the 
stocks on the basis of their exposure to a desired 
factor, carried out using simple and consensual 
attributes to limit any risk of factor model 
mining. Once these stocks have been selected, 
their diversification is assured using a smart 
weighting scheme that is chosen from those that 
have been the subject of both serious academic 
publications and long-term robustness tests. 

Conscious that whatever the precautions for 
ensuring the robustness of their implementa-
tion, all diversification strategies contain risks of 
their own (strategy-specific or model risk), ERI 
Scientific Beta also proposes to diversify these 
risks using the concept of the multi-strategy 
index, which enables the risk of the diversifiers 
to be diversified. This approach, which has been 
widely documented in the academic literature5, 
has led to the offer of a diversification method 
based on equal weighting of the diversifica-
tion strategies available on the Scientific Beta 
platform: Maximum Deconcentration, Diversi-
fied Risk Weighted, Maximum Decorrelation, 
Efficient Minimum Volatility and Efficient 
Maximum Sharpe Ratio. 

These multi-strategy smart factor indices are 
in our view the ideal ingredients for the imple-
mentation of a risk allocation strategy that is 
also called ‘multi-smart-beta’, whether defined 
in absolute or relative terms. 

necessary condition to perform risk budgeting, 
which is fortunate since such uncorrelated pure 
factors are hardly investable in practice. Indeed, 
one can use any set of well-diversified portfolios, 
as opposed to factor-replicating portfolios, as 
constituents, leaving the hurdle to reach target 
factor exposures to the asset allocation stage. 
For example, Amenc, Deguest and Martellini 
(2013) use long-only factor-tilted smart beta 
benchmarks as constituents and choose the 
allocation to these constituents so as to ensure 
that the contributions of standard rewarded 
equity factors to the tracking error of the portfo-
lio with respect to the cap-weighted benchmark 
are all equal. 

It is in such a framework that the research 
conducted by EDHEC-Risk Institute to 
define the concept of smart factor risk 

allocation is situated. It involves offering both 
the ingredients and the allocation methods that 
allow one to benefit, on the one hand, from the 
diversification offered by smart beta weighting 
schemes, which reduce the unrewarded or spe-
cific risks, and on the other, to make an efficient 
allocation to systematic or rewarded risk factors. 

This dual perspective is an effective response 
to the traditional criticism of cap-weighted 
indices, which are both poorly diversified, 
because they are highly concentrated in a small 
number of large-cap stocks, and exposed to 
poorly-rewarded risk factors such as large and 
growth stocks. 

This risk allocation to smart beta has trans-
lated into smart factor index offerings proposed 
by EDHEC-Risk Institute’s venture that is 
dedicated to the design and production of smart 
beta indices: ERI Scientific Beta.

This smart factor index offering is innovative 
compared to the traditional approaches to factor 
index construction in the long-only universe. 
Factor indices are often constructed using 
a selection of stocks that are exposed to the 
right factor, but their weighting is not the most 
efficient. One can have traditional cap-weighted 
factor indices or indices weighted according to 
the stocks’ exposure to the factor. In both cases, 
even though the goal of the choice of alternative 
benchmark was to respond not only to the poor 
factor exposure but also to the poor diversifica-
tion of cap-weighted indices, the latter problem 
is not really addressed by traditional factor 
indices. 

Being aware of this problem, index providers 
have recently tried to reconcile factor investing 
and smart beta’s promise of diversification by 
offering a multi-smart-beta index allocation. 
This involves measuring the factor biases of 
different weighting schemes and offering to 
combine them to map an allocation to risk 
factors. 

Unfortunately, this approach is not optimal. 
Using an equal-weighted index for a broad 
large-cap/mid-cap universe as a proxy for size 
will not give the best and most stable exposure 
to the size factor, since the index will include a 
considerable share of large stocks, and therefore 
a short exposure to the positively rewarded 
small-cap factor. In the same way, choosing 
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“Using an equal-weighted index for a
broad large-cap/mid-cap universe as a
proxy for size will not give the best and
most stable exposure to the size factor,
since the index will include a considerable
share of large stocks, which are postulated
to be unrewarded”

4 Amenc, N., F. Goltz and A. Lodh (2012). Choose Your Betas: Benchmarking Alternative Equity Index Strategies. Journal of Portfolio 
Management Fall 2012; Amenc, N. and F. Goltz (2013). Smart Beta 2.0. Journal of Index Investing Winter 2013.
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combining portfolio strategies to diversify strategy-specific risks. Kan and Zhou (2007) show formally that a combination of the sample-
based MSR and minimum variance portfolios dominates the sample-based MSR alone in the presence of parameter uncertainty. Amenc, 
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weighted and maximum Sharpe ratio strategies. Martellini, Milhau and Tarelli (2013) show simulation results suggesting that combinations 
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1 Effective number of stocks (ENS) is defined as the reciprocal of the 
Herfindahl Index, which is defined as the sum of squared weights across 
portfolio constituents  

Cap-weighted (CW) indices are the 
default benchmark choice for active and 
passive managers, but they have two 

major drawbacks which lead to inferior risk-
adjusted performance compared to popular 
alternative beta indices. Firstly, they do not 
efficiently diversify unrewarded (specific) 
risks due to an excessive concentration in the 
largest market-cap stocks. The mean effective 
number of stocks (ENS)1 for the USA CW index 
is just 113 compared to a nominal number of 
500 stocks (see the details in figure 3). Second, 
they provide limited access to other rewarded 
risks (like size, value and momentum). Figure 
1 shows that the CW indices tilt towards low 
value (book-to-market) and large-cap stocks, 
and thereby do not capture value and small 
size risk premiums (Fama and French [1993]). 
Overall, these drawbacks contradict the two 
main results of Modern Portfolio Theory 
(MPT), namely the benefit of diversification 
highlighted by the Nobel Prize in economics 
winner Harry Markowitz and the existence 
of factors other than market beta that are 
rewarded over the long term, the subject of the 
work of the recent Nobel Prize winner Eugene 
F Fama. Ultimately, these drawbacks are not 
merely theoretical, but translate into the poor 
risk-adjusted performance of these indices.

Specific and systematic risks
Systematic risks come from the fact that new 
indices or benchmarks can be more or less 
exposed to particular risk factors depending 
on the methodological choices guiding their 
construction, but also on the universe of 
stocks supporting this construction scheme. 
For example, compared to the cap-weighted 
reference index, a minimum volatility scheme 
will lead to overweighting low volatility stocks. 
More generally, given that a cap-weighted 
index is typically concentrated in the largest 
capitalisation stocks, any deconcentration 
of the benchmark will inevitably lead to an 
increase in the exposure to smaller stocks, such 
as mid-cap stocks. In the end, any application 
of a weighting scheme results in exposures to 

From factor indices to smart 
factor indices:  
enhancing factor-tilted indices through 
diversification-based weighting schemes
Felix Goltz, Head of Applied Research, EDHEC-Risk Institute, 
Research Director, ERI Scientific Beta; Ashish Lodh, Senior 
Quantitative Analyst, ERI Scientific Beta

1. Drawbacks of cap-weighted indices 
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USA CW Index is the CRSP S&P 500 index. Book-to-market quintiles and market-cap quintiles are formed every quarter and average values across 160 quarters in the 
period from 31 December 1972 to 31 December 2012 are reported. Source: CRSP

systematic risk factors. These risks can be well-
rewarded or not. 

The non-rewarded or specific risk constitutes 
all the risks that do not have a premium in 
the long run, and are therefore not ultimately 
desired by the investor. Specific risks can cor-
respond to important financial risk factors like 
commodity, currency, or sector risks. Another 
kind of non-rewarded financial risks are specific 
financial risks (also called idiosyncratic stock 
risks) which are related to the risks that are 
specific to the company itself. Portfolio theory 
suggests that these risks are neither predictable 
nor rewarded, so one is better off completely 
avoiding them by investing in a well-diversified 
portfolio. Specific or non-rewarded risks can 
also correspond to specific operational risks 
that are specific to the implementation of the 
diversification model. 

A globally effective diversification weigh-
ing scheme aims to reduce the quantity of 
non-rewarded financial risk factors and non-
rewarded specific financial risks. However, due 
to imperfections in the model there remain 
residual exposures to these risks. For example, 
Minimum Volatility portfolios are often exposed 
to significant sector biases. Similarly, all weight-
ing schemes have specific operational risk. 
For example, the robustness of the Maximum 
Sharpe Ratio scheme depends on a good estima-

tion of the covariance matrix and expected 
returns. Therefore, it seems interesting to be 
able to further reduce the exposures that each 
weighting scheme, even it is smart, is not able 
to diversify. The Diversified Multi-Strategy 
approach, which combines the five different 
weighting schemes in equal proportion, enables 
all of the non-rewarded risks associated with 
each of the weighting schemes to be well diver-
sified (Amenc et al [2012]).

Smart factor indices: the Smart 
Beta 2.0 approach
It is well known that cap-weighted indices do 
not provide “fair compensation” for the amount 
of risk taken (Haugen and Baker [1991], Grinold 
[1992]). 

Asset pricing theory postulates that stocks 
earn a risk premium through their exposure to 
certain rewarded factors (Ross [1976]). Fama 
and French have identified that value (book-to-
market) and size (market cap) explain average 
asset returns, as a complement to the market 
beta (Fama and French [1993]). More evidence 
of the small size premium can be found in Banz 
(1981) and the value premium can be found 
in Basu (1977), Rosenberg et al (1985), and 
Chan et al (1991) among others. Carhart (1997) 
proposed the existence of another priced equity 
factor – the momentum factor. Originating from 
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2 Average percentage increase in Sharpe ratio observed between the 31 
December 1972 and the 31 December 2012 (40 years) for all long-term 
track record smart factor indices over their cap-weighted factor equivalent 
calculated on a universe of the 500 largest capitalisation US stocks.
3 The smart factor indices are available for nine geographical universes: US, 
UK, Euro-zone, Europe ex-UK, Japan, Asia Pacific ex-Japan, Developed, 
Developed ex-US and Developed ex-UK.
4 For more information on turnover and liquidity rules, please refer to 
the white paper Overview of Diversification Strategies by Gonzalez and 
Thabault (2013).

2. Sharpe ratio and information ratio of competing factor indices

 Sharpe ratio Information ratio From To Full competitive index name
Provider Tilt Broad CW Competitive Tilted CW SciBeta Competitive Tilted CW SciBeta 
   index  Diversified index  Diversified 
     Multi-Strategy    Multi-Strategy  
     Index   Index
Russell Low vol 0.28 0.37 0.32 0.44 0.05 0.03 0.36 3 Jan 05 31 Dec 13 Russell 1000 Low Volatility
 Mid cap  0.30 0.38 0.40 0.45 0.51 0.54 0.74 1 Jan 04 31 Dec 13 Russell Mid Cap
 Value  0.30 0.27 0.27 0.43 –0.03 -0.03 0.84 1 Jan 04 31 Dec 13 Russell 1000 Value
 Momentum  0.28 0.31 0.33 0.34 0.12 0.29 0.24 3 Jan 05 31 Dec 13 Russell  US LC High Mom
S&P Low vol  0.26 0.26 0.31 0.40 –0.06 0.07 0.31 31 Mar 06 31 Dec 13 S&P 1500 Reduced Volatility Tilt
 Mid cap  0.30 0.38 0.40 0.45 0.39 0.54 0.74 1 Jan 04 31 Dec 13 S&P Mid Cap 400
 Value  0.26 0.27 0.18 0.29 0.19 –0.30 0.27 31 Mar 06 31 Dec 13 S&P 1500 Low Valuation Tilt
 Momentum  0.26 0.25 0.28 0.26 -0.10 0.10 –0.03 31 Mar 06 31 Dec 13 S&P 1500 Positive Mom Tilt
MSCI Low vol  0.30 0.39 0.36 0.50 0.10 0.06 0.47 1 Jan 04 31 Dec 13 MSCI USA Minimum Volatility
 Mid cap  0.30 0.35 0.40 0.45 0.41 0.54 0.74 1 Jan 04 31 Dec 13 MSCI USA Equal Weighted
 Value  0.30 0.27 0.27 0.43 –0.04 -0.03 0.84 1 Jan 04 31 Dec 13 MSCI USA Value Weighted
 Momentum  0.30 0.38 0.35 0.39 0.23 0.22 0.34 1 Jan 04 31 Dec 13 MSCI USA Momentum

The table shows Sharpe ratios and Information ratios of Russell, S&P, and MSCI indices marketed as factor indices with the same performance metric for the corresponding Scientific Beta US Diversified Multi-Strategy and CW indices with stock 
selection based on mid cap, momentum, low volatility and value, as well as the SciBeta Broad CW. All statistics are annualised and the analysis is based on daily total returns. Data is always taken for the 10-year period January 2004 to December 
2013 as available on Bloomberg; Indices which have shorter than 10-year data available are compared for their respective period of data availability to broad CW, the corresponding tilted CW, and Smart Factor Index for the same period. MSCI 
is a registered trademark of MSCI Inc. S&P and S&P 500 are registered trademarks of Standard & Poor’s Financial Services LLC, a subsidiary of The McGraw-Hill Companies, Inc. Russell 1000 and Russell are registered trademarks of Russell 
Investments.

“Seeking exposure to the low 
volatility factor through a minimum 
volatility index does not guarantee either
the greatest exposure to low volatility
stocks or the best diversification of this
 low volatility portfolio”

early work by Grinblatt and Titman (1993) and 
Jegadeesh and Titman (1993), the idea that 
a short-term momentum effect exists is now 
broadly accepted. The low volatility factor, 
which qualifies as an anomaly rather than a risk 
factor, is the result of the famous ‘volatility puz-
zle,’ which states that low-volatility stocks tend 
to outperform high-volatility stocks in the long 
run (Ang et al [2006]). The anomaly has been 
recognised as a persistent phenomenon and has 
been explained through leverage constraints 
and the lottery preferences of investors (Baker, 
Bradley and Wurgler [2011]). Factor indices 
have become popular through these observa-
tions. The construction methods for factor 
indices are traditionally broken down into two 
major categories. 

The first involves selecting stocks according 
to their pronounced exposure to a risk factor 
and the application of a weighting scheme to 
this selection. While this approach responds 
to the first limitation of cap-weighted indices, 
namely the choice of exposure to a good factor, 
it does not solve the problem of the indices’ 
concentration in a small number of stocks and 
therefore their poor diversification. For the 
same choice of stocks, cap-weighted indices 
ultimately perform much worse than well-
diversified, or smart, factor indices. The latter 
outperform the equivalent tilted cap-weighted 
indices by 68% on average.2

The second method for constructing factor 
indices involves maximising the exposure to 
a factor, either by weighting the whole of the 
universe on the basis of the exposure to this fac-
tor, or by combining a selection and a weighting 
on the basis of the exposure of the stock to that 
factor. Here again, the maximisation of the fac-
tor exposure does not guarantee that the indices 
are well diversified. 

Faced with these difficulties, index provid-
ers that generally offer factor indices on the 
basis of the first two approaches have recently 
sought to take advantage of the development of 
these smart beta indices to offer investors a new 
framework for smart factor investing (Bender 
et al [2013]). This new vision of factor investing 
recognises that smart indices are exposed to 
different factors and aims to select and combine 
them according to these varying exposures. The 
problem with this approach is that it maximises 
neither the exposure to the factors nor the 
diversification of the indices of stocks repre-
sentative of the exposure to these factors. For 

example, seeking exposure to the low volatility 
factor through a minimum volatility index does 
not guarantee either the greatest exposure to 
low volatility stocks or the best diversification of 
this low volatility portfolio. 

In the same way, seeking exposure to the 
size factor through equal weighting of a broad 
universe is certainly less effective than selecting 
the smallest size stocks in the universe and then 
diversifying them, including with an equal-
weighted weighting scheme. 

Finally, to complete this example, seeking to 
be exposed to the value risk through a value-

weighted index will not produce a well-diver-
sified index, simply because the integration of 
the attributes characterising the value exposure 
does not take the correlations between these 
stocks into account. Figure 2 shows that smart 
factor indices that use diversification-based 
weighting schemes for each factor outperform 
competitors’ factor indices.

In view of these problems, EDHEC-Risk 
Institute has promoted the concept of smart 
factor investing using the Smart Beta 2.0 
approach. The idea of smart factor investing is 
to construct a factor-tilted portfolio to extract 
the factor premia most efficiently and is based 
on two pillars: i) selecting appropriate stocks for 

the desired beta; and ii) using a diversification-
based weighting scheme (Amenc et al [2013]). 
ERI Scientific Beta proposes a solution for 
this in the form of smart factor indices. ERI 
Scientific Beta constructs smart factor indices 
by using diversified multi-strategy weighting 
on characteristics-based half universes – small 
size, high momentum, low volatility, and value. 
In this way, the Smart Beta 2.0 approach 
allows investors to i) manage systematic risks 
through explicit stock selection; and ii) diversify 
strategy-specific risk by combining different 
strategies. ERI Scientific Beta allows investors 
to benefit from additional factors with reduced 
specific risks, which simple cap-weighting does 
not allow.3

Comparing the performance of 
smart factor indices to tilted cap-
weighted indices
The smart factor indices not only have higher 
returns than tilted cap-weighted (poorly 
diversified) indices but also have much higher 
Sharpe ratios and information ratios. Mid cap 
and value have been the most rewarding factors 
and their smart factor indices earn an annual 
premium of 4.45% and 4.70% respectively. 
‘Probability of outperformance’ is an intui-
tive measure to show how often the strategy 
has managed to outperform the cap-weighted 
reference index in the past. It is remarkable 
that all smart factor indices have more than 
78% outperformance probability for a five-year 
investment horizon. Effective number of stocks 
(ENS) – a measure of deconcentration – shows 
that smart factor indices are much more 
deconcentrated than tilted cap-weighted factor 
indices. One can measure the diversification 
benefit as a ratio of portfolio variance to the 
weighted variance of its constituents – the GLR 
measure (Goetzmann, Li and Rouwenhorst 
[2001]). GLR numbers are much lower for 
smart factor indices compared to CW indices 
for each factor.

Assessing the investability of 
smart factor indices 
ERI Scientific Beta applies turnover rules 
and liquidity rules to smart factor indices to 
overcome the problems of high turnover and 
limited capacity that are often raised in the case 
of smart beta or factor investing.4 To foster more 
liquidity, investors have the option to make 
a highly liquid stock selection on top of the •
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5 It is a well-known fact that momentum strategies typically result in high 
turnover (Chan et al [1999]). Momentum-chasing strategies have short time 
horizons because persistence in price movement is a short-term phenom-
enon and mean-reversion is observed in longer horizons. Therefore to 
extract the momentum premium, the momentum score assignment is done 
semi-annually, which results in higher turnovers.

3. Performance and risk analysis

USA Long-Term Track Records Mid cap High momentum Low volatility  Value
 USA Long-Term  CW Diversified CW Diversified CW Diversified CW Diversified 
 Cap-Weighted  Multi-Strategy  Multi-Strategy  Multi-Strategy  Multi-Strategy
Annualised returns 9.74% 12.54% 14.19% 10.85% 13.30% 10.09% 12.64% 11.78% 14.44%
Annualised volatility 17.47% 17.83% 16.73% 17.60% 16.30% 15.89% 14.39% 18.02% 16.55%
Sharpe ratio 0.24 0.39 0.52 0.30 0.48 0.29 0.50 0.35 0.54
Annualised excess returns   – 2.80% 4.45% 1.10% 3.56% 0.35% 2.90% 2.04% 4.70%
Annualised tracking error  – 5.99% 6.80% 3.50% 4.88% 4.44% 6.17% 4.74% 5.82%
95% tracking error  – 9.38% 11.55% 6.83% 8.56% 9.20% 11.51% 8.70% 10.15%
Information ratio – 0.47 0.66 0.32 0.73 0.08 0.47 0.43 0.81
Maximum relative drawdown  – 35.94% 42.06% 14.44% 17.28% 33.82% 43.46% 20.31% 32.68%
Outperformance probability (five year)  – 75.3% 78.9% 86.8% 91.2% 54.3% 85.0% 72.0% 88.3%
GLR measure 26.51% 19.12% 16.72% 28.52% 21.08% 29.60% 22.20% 26.46% 19.51%
Mean ENS 113 181 191 65 199 64 201 69 190

CRSP S&P 500 index is the benchmark. 95% tracking error is the 95th percentile of the tracking error computed using a rolling window of one year and step size of one week. Maximum relative drawdown is the maximum drawdown of the long-
short index, whose return is given by the fractional change in the ratio of the strategy index to the benchmark index. Probability of outperformance (five-year) is the historical empirical probability of outperforming the benchmark over a typical 
investment horizon of five years and is computed using a rolling window analysis with one-week step size. The Secondary Market US Treasury Bill (3M) is the risk-free rate. All statistics are annualised. The analysis is based on daily total returns 
from 31 December 1972 to 31 December 2012 (40 years). GLR measure is the ratio of the portfolio variance to the weighted variance of its constituents. The effective number of stocks (ENS) is defined as the reciprocal of the Herfindahl Index, 
which in turn is defined as the sum of squared weights across portfolio constituents. They are average values across 160 quarters (31 December 1972 to 31 December 2012).

4. Investability

USA Long-Term Track Records Diversified Multi-Strategy High LiquidityDiversified Multi-Strategy
 USA Long-Term  Mid Cap High Low  Value Mid Cap High Low  Value 
 Cap-Weighted  Momentum Volatility   Momentum Volatility 
Average capacity ($m) 45,171 2,750  12,853  13,738  8,373  3,312  18,610  19,795  11,749 
One-way annual turnover 2.66% 23.79%  63.81%  25.80%  23.93%  31.00% 66.76%  27.40%  27.55% 
Annualised excess returns  4.45% 3.56% 2.90% 4.70% 4.28% 2.80% 2.09% 4.10%
Net return (20bps) - 4.41% 3.43% 2.85% 4.65% 4.22% 2.67% 2.03% 4.04%
Net return (100bps) - 4.22% 2.92% 2.65% 4.46% 3.97% 2.13% 1.81% 3.82%

Capacity is the weighted average market capitalisation of index in million dollars. Turnover is mean annual one-way. They are average values across 160 quarters in the period from 31 December 1972 to 31 December 2012. The net returns are the 
relative returns over the cap-weighted benchmark net of transaction costs. Two levels of transaction costs are used – 20bps per 100% 1-W turnover and 100bps per 100% 1-W turnover.

existing factor-tilted selection. These indices 
are called high liquidity smart factor indices. 
Exhibit 4 shows the 1-way turnover and capacity 
(weighted average market-cap) of standard 
and high liquidity smart factor indices. With 
the exception of the momentum tilt,5 all smart 
factor indices have one-way annual turnover 
close to the 30% target. Two levels of transaction 
costs are used – 20bps per 100% 1-W turnover 
and 100bps per 100% 1-W turnover. The first 
case corresponds to the worst case observed 
historically for the large and mid-cap universe of 
our indices, while the second case assumes 80% 
reduction in market liquidity and a correspond-
ing increase in transaction costs. The excess 
returns net of transaction costs are still quite 
significantly high.

The Smart Beta 2.0 framework allows for 
efficient management of exposures to rewarded 
risks while avoiding unrewarded (specific) risks. 
The smart factor indices that result from this 
framework show pronounced improvements in 

risk-adjusted performance compared to cap-
weighted factor tilted indices. Such smart factor 
indices thus provide suitable building blocks for 
the implementation of static or dynamic factor 
allocation decisions. 
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1 For more details on the weighting scheme methodology, please refer to 
the ERI Scientific Beta white paper, Scientific Beta Diversified Multistrategy 
Index by Badaoui and Lodh (2013).
2 The term ‘smart factor indices’ is used to refer to diversified multi-
strategy indices.
3 Please refer to the article, Principles of equity factor investing in the 
current IPE supplement (page 17) for information on the choice of factors, 
the economic rationale behind these factors, and empirical evidence of their 
risk premia.
4 Please refer to the article, From factor indices to smart factor indices: 
enhancing factor-tilted indices through diversification-based weighting 
schemes (page 4).
5 More information on the Scientific Beta stock universe can be found in 
the ERI Scientific Beta white paper, ERI Scientific Beta Universe Construc-
tion Rules.

Smart factor indexing approach
The exposure to the right (rewarded) factors is a 
key source of long-term performance for smart 
beta strategies. In addition to harvesting the risk 
premia associated with the rewarded long-term 
factors (such as value, momentum etc), factor 
indices need to avoid taking unrewarded risks such 
as stock-specific risk or the model risks inherent in 
a particular index weighting scheme. In the previ-
ous article, we have emphasised the two important 
pillars in smart factor investing which are: i) the 
choice of the right risk factor; and ii) the choice of 
a diversification-based weighting scheme to best 
extract the risk premium. 

ERI Scientific Beta offers five robust diversi-
fication schemes: Maximum Deconcentration, 
Diversified Risk Weighted, Maximum Decorrela-
tion, Efficient Minimum Volatility and Efficient 
Maximum Sharpe Ratio. However, these 
schemes are exposed to non-rewarded opera-
tional risks that are specific to the implementa-
tion of the diversification model. For example, 
the robustness of the Maximum Sharpe Ratio 
scheme depends on a good estimation of the 
covariance matrix and expected returns. Also, 
these weighting schemes have residual exposure 
to other financial risk factors (eg, commodity, 
currency, sector risks) and specific financial 
risks (company-level idiosyncratic risks) which 
can be reduced by diversification. The Diversi-
fied Multi-Strategy approach combines the 
five different weighting schemes to reduce the 

Smart factor indexing  
around the world
Felix Goltz, Head of Applied Research, EDHEC-Risk Institute, 
Research Director, ERI Scientific Beta; Ashish Lodh, Senior 
Quantitative Analyst, ERI Scientific Beta

non-rewarded strategy-specific risks (Amenc et 
al [2012]) and is thus used for the construction 
of smart factor indices.1 We assess the perfor-
mance of smart factor indices2 on four well-
known factors – mid cap (as a proxy for small 
cap), high momentum, low volatility, and value.3

A detailed long-term risk and performance 
analysis of smart factor indices using US 
long-term track records (40 years) is reported 
in a dedicated article in the current IPE 
supplement.4 In this article, we analyse the 
performance of smart factor indices in other 
developed economies (at a local level) and in 
the global developed stock universe. Our results 
thus complement the analysis of long-term US 
data and provide an assessment of the consist-

ency of the performance of the smart factor 
indexing approach when applying the methodol-
ogy to different stock universes. 

Assessing the performance of local 
smart factor indices
The Scientific Beta Global Universe consists 
of 2,700 securities and is divided into 12 
non-overlapping basic geographic blocks, 
each comprising a fixed number of securities. 
Eligibility of securities for each basic geographic 
block is determined by various criteria such as 
country classification, exchange on which it is 
traded, and issue date. The eligible securities 
are subject to a free-float market-cap screen 
and liquidity screen to select the largest and 
most liquid securities available to non-domestic 
investors – the basic geographic blocks. Eight 
out of 12 basic geographic blocks are developed 
blocks and contain 2,000 securities in total. 
Each Scientific Beta Investable Universe is an 
aggregate of one or more of these geographic 
blocks.5 The local developed universes analysed 
and their respective stock universe sizes are: US 
(500), Euro-zone (300), UK (100), Japan (500), 
and Asia Pacific ex-Japan (400).

Figure 1 presents performance statistics for 
smart factor indices in different geographies. 
The benchmark used is the cap-weighted index 
constructed using all stocks in the respective 
region (broad cap-weighted index). Tilted 
cap-weighted indices are portfolios which are 
based on the same characteristics-based stock 
selection as respective smart factor indices, 
and are cap-weighted. They represent poorly 
diversified factor-tilted portfolios. All smart fac-
tor indices in all regions outperform the broad 
cap-weighted index. For example, in the UK the 
improvement in returns over the cap-weighted 
reference index ranges from 1.77% for the 

1. Absolute performance and risk of local multi-strategy factor indices

 Mid cap High momentum Low volatility  Value
 Broad  CW Smart Factor CW Smart Factor CW Smart Factor CW Smart Factor 
 Cap-Weighted  Index  Index  Index  Index
US
Annualised returns  7.68% 10.41% 10.80% 8.64% 9.40% 7.94% 10.08% 7.56% 10.54%
Annualised volatility  20.23% 22.33% 20.29% 20.38% 20.07% 17.82% 16.99% 22.46% 20.63%
Sharpe ratio 0.30 0.40 0.45 0.35 0.39 0.36 0.50 0.27 0.43
Euro-zone
Annualised returns 6.35% 7.99% 8.41% 9.09% 10.60% 8.39% 9.19% 6.09% 7.68%
Annualised volatility 20.58% 18.63% 16.69% 19.74% 16.66% 18.35% 14.96% 22.81% 20.26%
Sharpe ratio 0.21 0.32 0.38 0.35 0.51 0.34 0.47 0.18 0.28
UK
Annualised returns  8.32% 11.76% 11.10% 9.46% 12.71% 8.19% 11.86% 6.04% 10.09%
Annualised volatility  19.18% 19.67% 17.95% 20.57% 17.99% 16.57% 15.33% 21.35% 19.43%
Sharpe ratio 0.30 0.46 0.47 0.33 0.56 0.34 0.60 0.16 0.38
Japan
Annualised returns  4.09% 4.97% 5.72% 3.64% 5.31% 5.34% 7.15% 5.65% 6.86%
Annualised volatility  22.62% 21.21% 19.26% 22.39% 19.95% 19.50% 17.42% 22.60% 20.15%
Sharpe ratio 0.17 0.23 0.29 0.15 0.26 0.26 0.40 0.24 0.33
Asia Pacific ex-Japan
Annualised returns  12.91% 15.31% 15.91% 16.12% 18.01% 13.86% 14.24% 14.92% 16.82%
Annualised rolatility  23.93% 23.08% 20.72% 25.45% 22.13% 22.85% 17.74% 24.36% 21.93%
Sharpe ratio 0.47 0.60 0.69 0.57 0.74 0.54 0.71 0.55 0.70

Benchmark is the cap-weighted index on the full universe for each region. Risk-free rate used for these regions is Secondary Market US T-bill (3M), Euribor (3M), UK T-bill (3M), Japan Gensaki T-bill (1M) and Secondary Market US T-bill (3M) 
respectively. All statistics are annualised. The analysis is based on daily total returns from 31 December 2003 to 31 December 2013 (10 years).
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Value factor to 4.39% for the Momentum fac-
tor. In Japan, smart factor indices outperform 
the broad cap-weighted index with margins of 
1.22% (Momentum) to 3.06% (Low Volatility).

Moreover, all smart factor indices exhibit 
superior Sharpe ratios and have higher returns 
than tilted cap-weighted indices (with the 
exception of Mid Cap UK). For example, Euro-
zone high momentum and UK Value smart 
factor indices outperform their respective tilted 
cap-weighted indices by 1.52% and 4.04% respec-
tively. The results show that having chosen 
the right factor tilt one could gain additional 
benefit by using a diversification-based weight-
ing scheme rather than simple cap-weighting. 
Due to the use of the Diversified Multi-Strategy 
weighting scheme, which aims to diversify not 
only stock-specific risk but also strategy-specific 
risk, one is able to extract the risk premium 
from each factor at low levels of portfolio risk.

•

2. Relative performance and risk of local smart factor indices

 Mid cap High momentum Low volatility  Value
  CW Smart Factor CW Smart Factor CW Smart Factor CW Smart Factor 
   Index  Index  Index  Index
US
Excess returns   2.73% 3.12% 0.96% 1.72% 0.26% 2.40% –0.12% 2.86%
Tracking error  5.07% 4.23% 4.29% 5.07% 4.05% 5.15% 4.04% 3.41%
Information ratio  0.54 0.74 0.22 0.34 0.06 0.47 –0.03 0.84
Outperformance probability (five-year)  99.6% 100.0% 75.6% 59.2% 53.4% 100.0% 5.0% 100.0%
Euro-zone
Excess returns  1.64% 2.05% 2.73% 4.25% 2.04% 2.84% –0.26% 1.33%
Tracking error   6.28% 7.07% 4.82% 7.05% 4.48% 7.27% 3.96% 4.55%
Information ratio  0.26 0.29 0.57 0.60 0.45 0.39 –0.07 0.29
Outperformance probability (five-year))  70.2% 95.0% 100.0% 100.0% 100.0% 100.0% 30.5% 42.4%
UK
Excess returns  3.44% 2.78% 1.14% 4.39% –0.13% 3.54% –2.27% 1.77%
Tracking error   7.17% 7.29% 5.95% 6.37% 5.53% 7.60% 4.93% 5.78%
Information ratio  0.48 0.38 0.19 0.69 –0.02 0.47 –0.46 0.31
Outperformance probability (five-year)  88.5% 67.2% 69.1% 95.0% 38.9% 100.0% 0.0% 29.0%
Japan
Excess returns  0.89% 1.64% –0.45% 1.22% 1.26% 3.06% 1.56% 2.77%
Tracking error   6.62% 7.73% 5.28% 7.48% 5.95% 8.65% 3.84% 6.22%
Information ratio  0.13 0.21 –0.09 0.16 0.21 0.35 0.41 0.45
Outperformance probability (five-year)  62.6% 96.9% 4.2% 92.0% 94.3% 97.3% 92.4% 97.3%
Asia Pacific ex-Japan
Excess returns  2.40% 2.99% 3.21% 5.10% 0.94% 1.33% 2.01% 3.91%
Tracking error   6.98% 7.55% 4.73% 6.85% 4.05% 8.21% 5.70% 6.77%
Information ratio  0.34 0.40 0.68 0.74 0.23 0.16 0.35 0.58
Outperformance probability (five-year)  72.1% 85.5% 95.8% 99.2% 84.0% 78.6% 100.0% 92.0%

Benchmark is the cap-weighted index on the full universe for each region. Outperformance probability is defined as the historical probability of outperforming the cap-weighted reference index over a five-year investment horizon and is com-
puted using a rolling window analysis with five-year length and one-week step size. All statistics are annualised. The analysis is based on daily total returns from 31 December 2003 to 31 December 2013 (10 years).

3. Conditional performance of local smart factor indices

 Mid cap High momentum Low volatility  Value
  CW Smart Factor CW Smart Factor CW Smart Factor CW Smart Factor 
   Index  Index  Index  Index
US
Excess returns in bull markets   5.06% 2.87% 0.28% 1.02% –3.35% –2.37% 0.97% 1.77%
Excess returns in bear markets  –0.24% 3.20% 1.70% 2.46% 4.78% 8.37% –1.40% 3.99%
Euro-zone
Excess returns in bull markets  3.58% 1.55% 3.03% 3.64% –1.86% –1.54% 2.11% 4.93%
Excess returns in bear markets  –0.84% 2.46% 2.09% 4.56% 6.81% 8.22% –3.00% –2.99%
UK
Excess returns in bull markets  2.34% –0.30% 2.15% 3.54% -3.90% –1.13% –0.31% 2.45%
Excess returns in bear markets  5.04% 7.81% –0.55% 5.51% 6.27% 11.42% –5.14% 0.57%
Japan
Excess returns in bull markets  –4.46% –8.18% –1.79% –6.78% –7.73% –11.62% 1.77% –3.16%
Excess returns in bear markets  4.24% 8.04% 0.42% 6.37% 7.09% 13.09% 1.29% 6.38%
Asia Pacific ex-Japan
Excess returns in bull markets  6.37% 3.53% 4.98% 5.64% –1.14% –5.04% 2.59% 4.97%
Excess returns in bear markets  –2.73% 1.80% 0.47% 3.52% 3.42% 9.75% 0.94% 1.91%

Benchmark is the cap-weighted index on the full universe for each region. Calendar quarters with positive benchmark returns comprise bull markets and the rest constitute bear markets. All statistics are annualised. The analysis is based on daily 
total returns from 31 December 2003 to 31 December 2013 (10 years).

Since broad cap-weighted indices are default 
benchmarks for most active and passive manag-
ers, the relative risk of smart factor indices 
becomes important. Smart beta offerings are 
sold on the basis of outperformance over cap-
weighted indices, thus generating reputation 
risk for index providers and passive managers 
in the event of underperformance. Due to the 
importance of such reputation risk, the risk-
adjusted performance in relative terms (ie, the 
information ratio) becomes a key performance 
measure for such strategies. Figure 2 shows that 
the information ratios of the four smart factor 
indices are usually higher than those of tilted 
cap-weighted indices and often reach impressive 
levels such as 0.84 for USA Value and 0.69 for 
UK Momentum. Outperformance Probability 
is an intuitive measure to show how often 
the strategy has managed to outperform the 
cap-weighted reference index in the past. It is 

reported for investment horizons of five years by 
using a rolling window analysis with one-week 
step size. The smart factor indices achieve high 
levels of outperformance probability and in 
general deliver more robust outperformance 
than tilted CW indices.

Market conditions such as bullish or bearish 
markets have a considerable impact on how 
different equity strategies perform (Ferson 
and Qian [2004]). Certain sub-periods/market 
conditions favour some strategies while prove 
detrimental to others because risk factors 
carry time varying risk premia (Asness [1992], 
Cohen, Polk and Vuolteenaho [2003]). Figure 
3 shows that Low Volatility indices underper-
form in bull markets with relatively high out-
performance in bear markets. Owing to their 
strong factor-tilted nature, the performance 
of all smart factor indices shows dependency 
on market conditions. This observation also 
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Felix Goltz, Head of Applied Research, EDHEC-Risk Institute, Research Director, ERI 
Scientific Beta; Antoine Thabault, Quantitative Equity Analyst, ERI Scientific Beta

makes the case for diversification across several 
smart factor indices, an issue which is further 
discussed in the dedicated article on multi-
factor allocation in the present supplement 
(see below).

Global smart factor indices
Smart factor indices show attractive perfor-
mance on both an absolute and risk-adjusted 
basis in different developed markets. A next 
logical question is how this outperformance 
translates when investors construct global 
portfolios. It is interesting to note that none 
of the smart factor indices for the global 
developed universe posted excess returns of 
less than 200 bps. This is because the results 
of relatively poorly performing local smart 

4. Scientific Beta Developed smart factor indices

Scientific Beta Developed Mid cap High momentum Low volatility  Value
 Broad  CW Smart Factor CW Smart Factor CW Smart Factor CW Smart Factor 
 Cap-Weighted  Index  Index  Index  Index
Annualised returns  7.80% 10.18% 10.45% 8.90% 10.30% 8.67% 10.54% 7.82% 10.21%
Annualised volatility  17.09% 17.80% 16.12% 17.23% 16.09% 15.07% 13.79% 18.80% 17.23%
Sharpe ratio 0.36 0.48 0.55 0.43 0.54 0.47 0.65 0.33 0.50
Excess returns – 2.38% 2.65% 1.09% 2.49% 0.86% 2.73% 0.01% 2.40%
Tracking error – 3.46% 3.33% 3.16% 3.70% 3.14% 4.40% 2.82% 2.34%
Information ratio – 0.69 0.79 0.35 0.67 0.27 0.62 0.00 1.03
Outperformance probability (five-year) – 100.0% 100.0% 84.0% 100.0% 87.8% 100.0% 19.8% 95.0%

Number of stocks in the Scientific Beta Developed universe is 2,000. Benchmark is the cap-weighted index on the full universe. Risk-free rate is Secondary Market US T-bill (3M). Outperformance probability is defined as the historical probability 
of outperforming the cap-weighted reference index over a five-year investment horizon and is computed using a rolling window analysis with five-year length and one-week step size. All statistics are annualised. The analysis is based on daily total 
returns from 31 December 2003 to 31 December 2013 (10 years).

factor indices can be compensated by the 
value added that is generated in other regions. 
Sharpe ratios of developed smart factor indi-
ces lie in the range of 0.50 to 0.65 compared 
to a mere 0.36 for the global developed broad 
cap-weighted index. For each risk factor, the 
smart factor indices outperform the tilted 
cap-weighted indices in both relative returns 
and Sharpe ratio. Moreover, due to interna-
tional diversification, we also obtain low levels 
of tracking error, leading to information ratios 
ranging from 0.62 for the low volatility smart 
factor index to 1.03 for the value smart factor 
index. The five-year outperformance probabil-
ity is extremely high (95–100%) meaning the 
outperformance is both high and robust across 
these four factors.
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Multi-smart beta allocation: a 
new source of value added in 
investment management
Many investors are seeking to improve the 
performance of their equity portfolios by captur-
ing exposure to rewarded factors. In this article, 
we analyse the potential benefit of combining 
factor tilts. Combinations of tilts to different 
factors may be of interest for two reasons. First, 
multi-factor allocations are expected to result 
in improved risk-adjusted performance. In fact, 
even if the factors to which the factor indices 
are exposed are all positively rewarded over 
the long term, there is extensive evidence that 
they may each encounter prolonged periods of 
underperformance. More generally, the reward 
for exposure to these factors has been shown to 
vary over time (see eg, Harvey [1989]; Asness 

[1992]; Cohen, Polk and Vuolteenaho [2003]). If 
this time variation in returns is not completely 
in sync for different factors, allocating across 
factors allows investors to diversify the sources 
of their outperformance and smooth their 
performance across market conditions. Figure 
1 provides an illustration of the time-varying 
premia of Carhart Factors: it shows that the 
cyclicality of returns differs from one factor to 
the other. 

Intuitively, we would expect pronounced 
allocation benefits across factors which have low 
correlation with each other. As shown in figure 
2, the correlation of the relative returns of the 
four smart factor indices over the cap-weighted 
benchmark is well below one. This entails in 
particular that a combination of these indices 
would lower the overall tracking error of the 

portfolio significantly. The same analysis done 
conditionally for either bull or bear market 
regimes leads to similar results.

Second, investors may benefit from allocat-
ing across factors in terms of implementation. 
Some of the trades necessary to pursue exposure 
to different factors may actually cancel each 
other out. Consider the example of an investor 
who pursues an allocation across a value and 
a momentum tilt. If some of the low valuation 
stocks with high weights in the value strategy 
start to rally, their weight in the momentum-
tilted portfolio will tend to increase at the same 
time as their weight in the value-tilted portfolio 
will tend to decrease. The effects will not cancel 
out completely, but some reduction in turnover 
can be expected through such natural crossing 
effects. 
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2. Correlation of relative returns across factor-tilted multi-strategy indices
Panel A – Unconditional Relative Returns Correlation Matrix

US Long Term (1973–2012)  Diversified Multi-Strategy
 Low volatility Mid cap Value Momentum
Diversified Multi-Strategy
Low volatility 100% 65% 71% 64%
Mid cap  100% 86% 69%
Value   100% 66%
Momentum    100%

Panel B – Bull Market Relative Returns Correlation Matrix

US Long Term (1973–2012)  Diversified Multi-Strategy
25% Most Bullish Markets Low volatility Mid cap Value Momentum
Diversified Multi-Strategy
Low volatility 100% 60% 67% 71%
Mid cap  100% 87% 64%
Value   100% 62%
Momentum    100%

Panel C – Bear Market Relative Returns Correlation Matrix

US Long Term (1973–2012)  Diversified Multi-Strategy
25% Most Bearish Markets Low volatility Mid cap Value Momentum
Diversified Multi-Strategy
Low volatility 100% 66% 72% 66%
Mid cap  100% 87% 69%
Value   100% 65%
Momentum    100%

The table shows the correlation of the relative returns of four Scientific Beta Factor-Tilted Multi-Strategy Indices (mid cap, momentum, low volatility and value) 
over the full period (Panel A), or conditional to the market regime (25% Most Bullish in Panel B, 25% Most Bearish in Panel C). Calendar quarters with returns in the 
top 25% (respectively bottom 25%) of the quarterly returns of the Broad CW reference index are classified as 25% Most Bullish (resp. 25% Most Bearish). Daily total 
returns from 1 January 1973 to 31 December 2012 are used for the analysis. CRSP S&P-500 index is used as the cap-weighted benchmark (Broad CW).

We now turn to a detailed analysis of the 
two key benefits of multi-factor allocations, 
notably the performance benefits and the 
implementation benefits. We provide practi-
cal illustrations of multi-factor allocations 
drawing on Scientific Beta smart factor indices 
(see the articles on smart factor investing in 
this supplement for more information, pages 
4 and 7), representing a set of four main risk 
factors, notably value, momentum, low volatil-
ity and size (see the article on the principles 
of equity factor investing in this supplement 
for a detailed discussion). In a nutshell, our 
results suggest that multi-beta indices present 
new opportunities for active managers and 
multi-managers to enhance their performance 
at very low marginal cost.

Performance benefits of allocating 
across factors 
Investors may use allocation across factor tilts 
to target an absolute (Sharpe ratio, volatility) 
or relative (information ratio, tracking error 
with respect to broad cap-weighted index) risk 
objective. We show in figure 3 the performance 
and risk characteristics of two multi-beta alloca-
tions in the US stock market over a 40-year 
track record. The first one is an equal-weight 
allocation of the four smart factor indices (low 
volatility, mid cap, value, and momentum). This 
allocation is an example of a simple and robust 
allocation to smart factors, which is efficient in 
terms of absolute risk. The second one combines 

the four smart factor indices so as to obtain 
equal contributions (see Maillard et al [2010]) 
to the tracking error risk from each component 
index. This approach is an example allocation 
with a relative risk objective. Both multi-beta 
allocations are rebalanced quarterly. Of course, 
the multi-beta multi-strategy equal weight 
(EW) and equal risk contribution (ERC) indices 
are starting points in smart factor allocation. 
More sophisticated allocation approaches (eg, 
conditional strategies, or strategies that are not 
agnostic on the rewards of the different smart 
factor indices) can be deployed using smart fac-
tor indices as ingredients to reach more specific 
investment objectives.

Figure 3 shows that both the multi-beta 
multi-strategy EW and ERC indices present 
returns that are close to the average perfor-
mance of the constituents but lower absolute 
and relative risk than the average constituent 
index. Both allocations thus deliver improve-
ments in the Sharpe ratio compared to the 
average constituent index. One should note 
that the EW allocation delivers the highest 
Sharpe ratio (0.52) which, compared to the 
broad cap-weighted reference (0.24), represents 
a relative Sharpe ratio gain of 116%. However, 
the most impressive gains compared to the 
average of components are witnessed in relative 
risk, where the reduction in the tracking error 
is around 0.70% for the EW allocation and 1% 
for the ERC allocation (which represent a risk 

1. Conditional returns of the factors 
Positive factor returns (in green)/Negative factor returns (in red) for each quarter through 40-year history. Alternatively, the 
second plot shows this information indicating the top 25% of quarters in green, the bottom 25% in red, and the 50% of quarters 
with medium factor return realisations in white.
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Momentum factor

Mar 1983 Mar 1988 Mar 1993 Mar 1998 Mar 2003 Mar 2008

Mar 1978

Market factor

Size factor

Value factor

Momentum factor

Mar 1983 Mar 1988 Mar 1993 Mar 1998 Mar 2003 Mar 2008

Calendar quarters with positive factor returns and negative factor returns are indicate in green and red respectively.  
Factors are from SciBeta US Long Term Track Records. The market factor is the daily return of the cap-weighted index of all stocks that constitute the index portfolio in 
excess of the risk-free rate. Small size factor is the daily return series of a cap-weighted portfolio that is long CRSP cap-weighted market portfolios 6-8 (NYSE, Nasdaq, 
AMEX) and short the 30% largest market-cap stocks of the CRSP S&P 500 universe. Value factor is the daily return series of a cap-weighted portfolio that is long the 
30% highest and short the 30% lowest B/M ratio stocks in the CRSP S&P 500 universe. Momentum factor is the daily return series of a cap-weighted portfolio that is 
long the 30% highest and short the 30% lowest 52 weeks (minus most recent 4 weeks) past return stocks in the CRSP S&P 500 universe. The Secondary Market US 
Treasury Bills (3M) is the risk-free rate in US dollars. All statistics are annualised. The analysis is based on daily total returns from 1 January 1973 to 31 December 2012.

“In a nutshell, our results 
suggest that multi-beta indices
present new opportunities for 
active managers and 
multi-managers to enhance 
their performance at very low
 marginal cost”
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reduction of about 11.5% for the EW alloca-
tion and more than 16% for the ERC allocation 
relative to the average tracking error of the 
component indices). This yields an increase 
in the information ratios to levels of 0.75 and 
0.77 from an average information ratio for the 
constituent indices of 0.67. Such improvements 
in the information ratio, of 11.9% and 14.9% 
for the EW and ERC allocations respectively, 
are significant and support the idea of diver-
sification between smart factors. Moreover, 
compared to the average of their constituent 
indices, the multi-beta multi-strategy indices 
also exhibit significantly lower extreme relative 
risk (95% tracking error) and maximum relative 

drawdown. It is noteworthy that – due to its 
focus on balancing relative risk contributions 
of constituents – the ERC allocation provides 
greater reductions in the relative risk measures 
such as the tracking error and the extreme 
tracking error risk. 

Additionally, the benefits of allocation 
across different factors can be seen in the 
probability of outperformance, which is the 
historical frequency with which the index 
will outperform its cap-weighted reference 
index for a given investment horizon. Figure 4 
shows that the probability of outperformance 
increases considerably for the multi-beta 
indices compared to the component indices, 
especially at short horizons. The higher 
probabilities of outperformance reflect the 
smoother and more robust outperformance 
resulting from the combination of different 
rewarded factors within a multi-beta index.

3. Performances and risks of multi-beta multi-strategy allocations vs single factor tilts

US Long-Term Track Records (1973–2012) Scientific Beta Diversified Multi-Strategy
 Smart Factor Average of 4 Smart Multi-Beta 
 Indices  Factor Indices  Allocations
 Mid cap Momentum Low volatility Value  Equal weight ERC
Annualised returns  14.20% 13.30% 12.65% 14.44% 13.65% 13.69% 13.50%
Annualised volatility  16.73% 16.30% 14.39% 16.56% 15.99% 15.76% 15.70%
Sharpe ratio 0.52 0.48 0.50 0.54 0.51 0.52 0.51
Maximum drawdown 58.11% 49.00% 50.13% 58.41% 53.91% 53.90% 53.34%
Excess returns 4.45% 3.56% 2.90% 4.70% 3.90% 3.95% 3.75%
Tracking error 6.80% 4.88% 6.17% 5.82% 5.92% 5.23% 4.90%
95% tracking error 11.55% 8.57% 11.53% 10.14% 10.45% 8.92% 8.11%
Information ratio 0.66 0.73 0.47 0.81 0.67 0.75 0.77
Outperformance probability (three-year) 74.68% 84.52% 76.44% 78.82% 78.61% 80.37% 80.58%
Maximum relative drawdown 42.06% 17.28% 43.46% 32.68% 33.87% 33.77% 28.89%

The table compares performance and risk of Scientific Beta Diversified Multi-Strategy indices on US Long Term Track Records. The Multi-Beta Multi-Strategy EW Allocation is the equal combination of the four Factor-Tilted Diversified Multi-
Strategies (low volatility, mid cap, value and momentum). The Multi-Beta Multi-Strategy ERC Allocation is an optimised combination of the four tilted indices in which beginning of quarter optimal allocations to the component indices are 
determined from the covariance of the daily relative returns of the component indices over the last six quarters (18 months), so as to obtain (in-sample) equal contributions to the (tracking error) risk. All statistics are annualised and daily total 
returns from 1 January 1972 to 31 December 2012 are used for the analysis. CRSP S&P 500 index is used as the cap-weighted benchmark. Yield on Secondary US Treasury Bills (3M) is used as a proxy for the risk-free rate. 

4. Outperformance frequency of factor-tilted multi-strategy indices and multi-beta 
multi-strategy allocation over different horizons 
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Based on data for the period from 1 January 1972 to 31 December 2012. Probability of outperformance is the historical empirical probability of outperforming the 
benchmark (CRSP S&P 500 index) over an investment horizon of one week, one month, three months, six months, nine months, one year, 18 months, two years, 36 
months, and so on up to five years irrespective of the entry point in time. It is computed using a rolling window analysis with window length corresponding to the invest-
ment horizon and one-week step size. 

Implementation benefits of 
allocating across factors
The multi-beta indices analysed above were 
designed not only to provide efficient manage-
ment of risk and return but also for genuine 
investability. Each of the smart factor indices 
has a target of 30% annual one-way turno-
ver which is set through optimal control of 
rebalancing (with the notable exception of the 
momentum tilt, which allows for a 60% turno-
ver). In addition, the stock selections used to 
tilt the indices implement buffer rules in order 
to reduce unproductive turnover due to small 
changes in stock characteristics. The com-
ponent indices also apply weight and trading 
constraints relative to market-cap weights so as 
to ensure high capacity. Finally, these indices 
offer an optional high liquidity feature which 
allows investors to reduce the application of 
the smart factor index methodology to the 
most liquid stocks in the reference universe. 

In addition to these implementation rules, 
which are applied at the level of each smart 
factor index, the multi-beta allocations provide 
a reduction in turnover (and hence of transac-
tion costs) compared to separate investment in 
each of the smart factor indices. This reduc-
tion in turnover arises from different sources. 
First, when the renewal of the underlying stock 
selections takes place, it can happen that a stock 
being dropped from the universe of one smart 
factor index is being simultaneously added to 
the universe of another smart factor index. 
Second, for constituents that are common 
to several smart factor indices, the trades to 
rebalance the weight of a stock in the differ-
ent indices to the respective target weight may 
partly offset each other.

Figure 5 displays statistics relative to the 
investability of the mid cap, momentum, low 
volatility and value smart factor indices and 
the multi-beta equal-weight allocation. For 

“The probability of 
outperformance increases 
considerably for the multi-
beta indices compared to the
component indices, especially
at short horizons. The 
higher probabilities of 
outperformance reflect the
smoother and more robust
outperformance resulting from
the combination of different 
rewarded factors within a
multi-beta index



Ph
D 

in
 F

in
an

ce
The Ultimate Degree 

for Finance Executives
EDHEC-Risk Institute PhD in Finance

London • Nice • Singapore

Since 2008, EDHEC-Risk Institute has been offering a unique PhD in Finance 
programme to elite practitioners who aspire to higher intellectual levels and aim 

to redefine the investment banking and asset management industries. 

Drawing its faculty from the world’s best universities and enjoying the support of a 
leader in industry-relevant academic research, the EDHEC-Risk Institute PhD in Finance 

creates an extraordinary platform for professional development and industry innovation.

Following a stimulating scientific curriculum and working individually with leading 
specialists on research issues of particular relevance to their organisations, practitioners 

on the programme’s executive track learn to leverage their expertise and insights to make 
original contributions at the frontiers of financial knowledge and practices.

Challenging professionals to step back, reflect, and generate radical innovations, the 
EDHEC-Risk Institute PhD in Finance is the ultimate degree for finance executives.

EDHEC Business School is accredited by:

EDHEC Risk Institute–Asia
Singapore Council for Private Education registration No.201025256Z 

from 22-06-2011 to 21-06-2017

      Institute

EDHEC-Risk Institute
393 promenade des Anglais

BP 3116 - 06202 Nice Cedex 3
France

Tel: +33 (0)4 93 18 78 24 

EDHEC Risk Institute—Europe 
10 Fleet Place, Ludgate

London EC4M 7RB
United Kingdom

Tel: +44 207 871 6740 

EDHEC Risk Institute—Asia
1 George Street

 #07-02
Singapore 049145
Tel: +65 6438 0030

EDHEC Risk Institute—North America
One Boston Place, 201 Washington Street

Suite 2608/2640, Boston, MA 02108
United States of America

Tel: +1 857 239 8891

EDHEC Risk Institute—France 
16-18 rue du 4 septembre

75002 Paris 
France

Tel: +33 (0)1 53 32 76 30

www.edhec-risk.com

http://phd.edhec.edu

Information sessions in Asia, Australasia, Europe, North America, and on-line

To reserve your place, email phd.admissions@edhec-risk.com,
or call us now on +33 493 183 267 or on +65 6653 8586

Next application deadlines: end-March and end-May 2014
Europe-based programme (October 2014 start) — Asia-based programme (February 2015 start)

Under the Asia-Pacific Doctoral Scholarship Programme, EDHEC Risk Institute–Asia is offering
funding to selected Asia-Pacific nationals joining the programme’s executive track in February 2015.

245x335 ipe.indd   1 06/03/14   15:38



2014 SPRING INVESTMENT&PENSIONS EUROPE

EDHEC-Risk Institute Research Insights | 13

•comparison, we also show the highly liquid 
version of the multi-beta allocation. We see 
that the turnover of multi-beta indices is very 
reasonable. In fact, managing a mandate on 
each smart factor index separately would yield 
a turnover which is higher than the average 
turnover across the smart factor indices. This is 
due to the fact that rebalancing each component 
index to the allocation target would induce 
extra turnover. However, implementing the 
multi-beta index in a single mandate exploits 
the benefits of natural crossing arising across 
the different component indices and actually 
reduces the turnover below the average level 
observed for component indices. 

In addition to turnover, the figure also shows 
the average capacity of the indices in terms of 
the weighted average market-cap of stocks in 
the portfolio. The capacity measure indicates 

5. Implementation of EW allocation across stand or highly liquid factor-tilted indices

US Long-Term Track Records (1973–2012) Scientific Beta Diversified Multi-Strategy
 Smart Factor Average of 4 Smart Multi-Beta 
 Indices  Factor Indices  Allocations
 Mid cap Momentum Low volatility Value  Equal weight EW Highly Liquid
One-way turnover  23.79% 63.81% 25.80% 23.93% 34.33% 29.06% 33.35%
Mean capacity ($m)  2,750 12,853 13,738 8,373 9,429 9,429 15,174
Information ratio 0.66 0.73 0.47 0.81 0.67 0.75 0.78
Relative returns 4.45% 3.56% 2.90% 4.70% 3.90% 3.95% 3.43%
Relative returns net of 20bps transaction costs 4.41% 3.43% 2.85% 4.65% 3.84% 3.89% 3.37%
(historical worst case)
Relative returns net of 100bps transaction costs 4.22% 2.92% 2.65% 4.46% 3.56% 3.66% 3.10%
(extreme stress scenario)

The analysis is based on daily total return data from 1 January 1973 to 31 December 2012 (40 years). CRSP S&P 500 index is used as the cap-weighted reference. Mean capacity is the weighted average market capitalisation of index in $m over the 
40-year period. All statistics are average values across 160 quarters (40 years). The net returns are the relative returns over the cap-weighted benchmark net of transaction costs. Two levels of transaction costs are used – 20bps per 100% 1-Way 
turnover and 100bps per 100% 1-Way turnover. The first case corresponds to the worst case observed historically for the large and mid-cap universe of our indices while the second case assumes 80% reduction in market liquidity and a corre-
sponding increase in transaction costs. The risk-free rate is the return of the three-month US Treasury Bill. Source: scientificbeta.com. 

decent capacity levels with an average market-
cap of around $10bn for the multi-beta index, 
while the highly liquid version further increases 
capacity to levels exceeding $15bn. It should 
be noted that the highly liquid multi-beta index 
also maintains the level of performance (infor-
mation ratio) of the standard multi-beta index. 
Finally, even when assuming unrealistically high 
levels of transaction costs, all the smart factor 
indices deliver significant outperformance net 
of costs. Compared to the average stand-alone 
investment in a smart factor index, the multi-
beta index results in higher average returns net 
of costs due to the turnover reduction through 
natural crossing effects across its component 
smart factor indices.
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Value-at-risk (VaR) and conditional value-
at-risk (CVaR) are risk measures used to 
estimate the tail risk, or downside risk, 

of portfolio losses. They are designed to exhibit 
a degree of sensitivity to large portfolio losses, 
whose frequency of occurrence is described by 
what is known as the tail of the distribution. In 
practice, VaR provides a loss threshold exceeded 
with some small predefined probability such 
as 1% or 5%, while CVaR measures the average 
loss higher than VaR and is, therefore, more 
informative about extreme losses. 

Recent research1 compares tail risk as 
measured by VaR and/or CVaR across differ-
ent markets. The comparison is performed by 
decomposing tail risk into a volatility compo-
nent and a residual component through a two-
step process. First, the clustering of volatility 
is explained away by applying the standard 
econometric framework of the Generalised 

Autoregressive Conditional Heteroskedastic 
model (GARCH) and, second, the remaining tail 
risk is estimated from the residual process using 
extreme value theory (EVT). From a risk man-
agement perspective, it is important to segre-
gate the two components because the dynamics 
of volatility contribute to the unconditional tail 
thickness phenomenon. Generally, the GARCH 
part is responsible for capturing the dynamics 
of volatility while EVT provides a model for the 
behaviour of the extreme tail of the distribution. 

In this article, we address the following 

important question for smart beta investing: is 
smart beta, which produces better performance 
and sometimes lower volatility, not more 
exposed nonetheless to extreme risk? To find an 
answer to this question, we follow the method 
used by Loh and Stoyanov (2013) but we rely 
on in-sample analysis to compare the tail risk 
of different smart beta strategies as measured 
by CVaR, which is selected because of its higher 
sensitivity to tail losses. To validate the in-
sample approach, we back-tested the methodol-
ogy on smart beta indices constructed from 
long-term US data spanning 40 years and found 
that the methodology is robust and reliable.2 
In this article, we look at differences in tail 
risk across various strategies within the same 
geography for both absolute and relative returns 
and also differences in tail risk of factor-tilted 
portfolios. 

Downside risk of diversified 
portfolios
To compare the tail risk across strategies and 
factors, we calculate annualised averages of 
several statistics. We provide annualised aver-
ages of volatility,3 constant scale tail risk (CVaR 
with constant volatility of 17% for absolute 

Extreme risk and smart beta 
strategies 
Lixia Loh, Senior Research Engineer, EDHEC-Risk Institute–
Asia; Stoyan Stoyanov, Head of Research, EDHEC-Risk 
Institute–Asia

1 Loh and Stoyanov (2013). 
2 These results extend the conclusions of Loh and Stoyanov (2013), limited 
to cap-weighted indices only. All empirical results will be published in a 
forthcoming EDHEC Risk Institute Publication.
3 The average volatility is simply the average of the estimated volatility 
through the GARCH model. •
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4 Details on the index construction methodologies are available at www.
scientificbeta.com. 

returns and constant tracking error of 3% for 
relative returns) and the total tail risk computed 
through the GARCH-based model (Total CVaR) 
for the diversified portfolios. This decomposi-
tion provides insight into what underlies the 
differences in total CVaR across strategies or 
geographical regions: whether it is the average 
volatility (or tracking error) or whether it is 
the residual tail risk having explained away the 
clustering of volatility effect. 

CVaR is computed at 1% tail probability and 
is interpreted as the average loss provided that 
the loss exceeds VaR at 1% tail probability. The 
sample period is June 2003–December 2013. 
To provide an analysis of downside risk for 
different types of portfolios, we use data from 
the Scientific Beta platform, which provides 
indices constructed from stocks from different 
geographical regions using different strategies 
and stock-selection criteria. 

First, we examine the tail risk of portfolios 
constructed for different markets using different 
strategies without a stock-selection criterion. 
The strategies are Efficient Minimum Volatil-
ity (MVol), Efficient Maximum Sharpe Ratio 
(MSR), Maximum Deconcentration (MDecon), 
Maximum Decorrelation (MDecor) and Diversi-
fied Risk Weighted (DRW).4 We consider two 
cases: i) absolute returns; and ii) relative returns 
where relative return is defined as the portfolio 
excess return over the cap-weighted market 
index return. 

Figure 1 provides the numerical results. In 
the absolute return case, there is little differ-

1. Absolute and relative return tail risk of diversified portfolios on different markets and strategies 
June 2003–December 2013

Strategy Absolute returns Relative returns
 Realised Average CVaR Total CVaR Realised Average CVaR Total CVaR 
 returns volatility Constant  returns volatility Constant 
   volatility at 17%    TE at 3%
SciBeta US
Cap-weighted 0.0804 0.1736 0.5749 0.5872 – –  –  – 
Maximum deconcentration 0.0987 0.1845 0.5669 0.6152 0.0170 0.0299 0.0901 0.0897
Maximum decorrelation 0.0976 0.1748 0.5640 0.5798 0.0160 0.0309 0.0968 0.0996
Efficient minimum volatility 0.1029 0.1503 0.5697 0.5038 0.0209 0.0388 0.0917 0.1184
Efficient maximum Sharpe ratio 0.0983 0.1662 0.5675 0.5549 0.0166 0.0290 0.0963 0.0930
Diversified risk weighted 0.0995 0.1741 0.5694 0.5832 0.0177 0.0258 0.0881 0.0759

SciBeta Euro-zone
Cap-weighted 0.0528 0.1935 0.5765 0.6561 – –  –  –
Maximum deconcentration 0.0662 0.1769 0.5957 0.6199 0.0127 0.0424 0.0903 0.1276
Maximum decorrelation 0.0724 0.1564 0.5992 0.5513 0.0186 0.0560 0.0914 0.1704
Efficient minimum volatility 0.0773 0.1385 0.6109 0.4978 0.0233 0.0698 0.0890 0.2071
Efficient maximum Sharpe ratio 0.0744 0.1532 0.6048 0.5450 0.0205 0.0583 0.0905 0.1760
Diversified risk weighted 0.0701 0.1686 0.5972 0.5922 0.0165 0.0443 0.0910 0.1343

SciBeta UK
Cap-weighted 0.0768 0.1759 0.5420 0.5608 – –  –  –
Maximum deconcentration 0.0979 0.1768 0.5528 0.5748 0.0196 0.0473 0.0945 0.1491
Maximum decorrelation 0.0961 0.1668 0.5568 0.5462 0.0179 0.0483 0.0912 0.1469
Efficient minimum volatility 0.1062 0.1426 0.5606 0.4703 0.0273 0.0621 0.0892 0.1848
Efficient maximum Sharpe ratio 0.1065 0.1625 0.5611 0.5364 0.0275 0.0481 0.0907 0.1454
Diversified risk weighted 0.0984 0.1669 0.5569 0.5469 0.0200 0.0465 0.0942 0.1459

SciBeta Japan
Cap-weighted 0.0416 0.2067 0.5799 0.7053 – –  –  –
Maximum deconcentration 0.0620 0.1970 0.5971 0.6920 0.0196 0.0409 0.0968 0.1318
Maximum decorrelation 0.0594 0.1809 0.6067 0.6456 0.0171 0.0506 0.0894 0.1510
Efficient minimum volatility 0.0648 0.1577 0.6215 0.5766 0.0222 0.0738 0.0872 0.2145
Efficient maximum Sharpe ratio 0.0621 0.1741 0.6112 0.6257 0.0197 0.0539 0.0887 0.1595
Diversified risk weighted 0.0641 0.1880 0.6040 0.6679 0.0216 0.0446 0.0920 0.1370

SciBeta Developed Asia Pacific ex-Japan
Cap-weighted 0.1182 0.2038 0.5713 0.6849 – –  –  – 
Maximum deconcentration 0.1495 0.1926 0.5897 0.6682 0.0280 0.0483 0.0913 0.1470
Maximum decorrelation 0.1645 0.1813 0.5932 0.6325 0.0414 0.0583 0.0878 0.1706
Efficient minimum volatility 0.1736 0.1551 0.6029 0.5502 0.0495 0.0688 0.0817 0.1873
Efficient maximum Sharpe ratio 0.1622 0.1723 0.5963 0.6043 0.0394 0.0604 0.0844 0.1697
Diversified risk weighted 0.1530 0.1811 0.5933 0.6321 0.0311 0.0478 0.0860 0.1370

All statistics are annualised.

ence between the strategies’ constant volatility 
CVaR within each geography, indicating that 
the differences in the total CVaR are primarily 
caused by the differences in the average volatil-
ity. Although empirical results are not provided 
in this article, the same conclusion holds for the 
two sub-periods from 2003 to 2007 and from 
2007 to 2013. Across the geographical regions, 

figure 1 shows that the total CVaRs of all strate-
gies in Asia (Japan and Asia Pacific ex-Japan) 
are consistently higher than those in Europe 
and the US. This is in line with the empirical 
results in Loh and Stoyanov (2013), which are 
limited to cap-weighted indices only. 

Like the case of absolute returns, the 

differences in the total CVaR of the relative 
returns are driven primarily by the difference 
in the average tracking error (TE). The only 
geographies for which the differences between 
the maximal and minimal constant volatility 
CVaR are statistically significant are Japan and 
Asia Pacific ex Japan. For the two geographical 
regions, the minimal and maximal constant 
volatility CVaRs are attained with the Efficient 
Minimum Volatility strategy and the Maximum 
Deconcentration strategy. Across all strategies, 
the only market that stands out is that of the 
US, for which the average TE appears to be rela-
tively smaller and leads to consistently smaller 
average total relative return CVaRs than those of 
the other geographical regions. 

As a next step, we look at the tail risk of all 
Scientific Beta strategies within a given geogra-
phy. The set of all strategies includes all com-
binations of weighting scheme, stock-selection 
method, and risk control. For all geographical 
regions, if we rank strategies by constant volatil-
ity CVaR, we find that the difference between 
the one at the top and the one at the bottom 
is at the border of statistical significance at a 
95% confidence level. The relationship between 
strategies’ average volatility, constant volatil-
ity CVaR and Total CVaR is very similar across 
geographical regions and is illustrated in figure 
2 for the World Developed universe. There 
appears to be a slightly negative statistical rela-
tionship between average volatility and constant 
volatility CVaR, although the difference between 
the minimum and the maximum on the vertical 

“Across all strategies, the only market that 
stands out is that of the US, for which
the average TE appears to be relatively
smaller and leads to consistently smaller
average total relative return CVaRs than
those of the other geographical regions”
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3. Relative return tail risk of the Maximum Deconcentration strategy constructed from the World Developed stock 
universe with different stock selection criteria

Stock selection June 2003–June 2007 July 2007–December 2013
 Realised Average CVaR Total CVaR Realised Average CVaR Total CVaR 
 returns tracking Constant  returns tracking  Constant 
  error TE at 3%   error TE at 3%
SciBeta Developed
Large cap 0.0187 0.0125 0.0826 0.0345 0.0052 0.0178 0.0883 0.0524
Mid cap 0.0403 0.0321 0.0837 0.0896 0.0126 0.0334 0.0902 0.1004
High liquidity 0.0223 0.0238 0.0873 0.0693 0.0035 0.0275 0.0913 0.0836
Mid liquidity 0.0415 0.0314 0.0848 0.0888 0.0104 0.0287 0.0901 0.0862
High momentum 0.0421 0.0374 0.0953 0.1187 0.0035 0.0359 0.0946 0.1132
Low momentum 0.0202 0.0277 0.0868 0.0800 0.0062 0.0385 0.0927 0.1188
High volatility 0.0383 0.0412 0.0939 0.1290 -0.0102 0.0535 0.1015 0.1811
Low volatility 0.0195 0.0329 0.0903 0.0991 0.0211 0.0377 0.0861 0.1082
Value 0.0564 0.0252 0.0916 0.0770 -0.0012 0.0321 0.0840 0.0898
Growth 0.0024 0.0229 0.0946 0.0723 0.0141 0.0293 0.0994 0.0970
High dividend yield 0.0309 0.0245 0.0822 0.0673 0.0111 0.0249 0.0871 0.0724
Low dividend yield 0.0264 0.0330 0.0927 0.1020 0.0034 0.0346 0.0971 0.1119

The numbers in bold indicate statistically significant differences in the constant tracking error CVaR for a given stock selection criterion.

axis is in this case not statistically significant 
(note the difference in scale of the two axes). 
On the other hand, the statistical relationship 
between the average volatility and Total CVaR 
is highly significant; average volatility is the 
main determinant of Total CVaR. The strategies 
that have lowest volatility are among those with 
low-volatility stock selection or with Efficient 
Minimum Volatility weighting. 

Finally, we consider stock selection criteria 
in the case of relative returns. Although the 
stock-selection criteria have been designed with 
harvesting risk premia in mind, it is of practical 
interest to see if there are any implications for 
tail risk when portfolios are built from the half-
universes defined by a stock-selection criterion. 
For this reason, we consider the tail risk of port-
folios constructed from the World Developed 
universe using the Maximum Deconcentration 
strategy and different stock selection criteria. 
The factors for stock selection are size, liquidity, 
momentum, volatility, value/growth and divi-
dend. We divide our analysis into two sample 
periods: pre-crisis (June 2003–June 2007) and 
turbulent period (July 2007–December 2013).

Figure 3 shows the results for relative 
returns only; the case of absolute returns is very 
similar to figure 1 in that the main differences 
in total tail CVaR are driven by differences in 
average volatility. Two sub-periods are included 
in two panels. The first one covers the pre-
crisis period from 2003 to 2007 and the second 
one covers the turbulent period from 2007 to 
2013. The numbers in bold in the table indicate 
the statistically significant differences in the 
constant tracking error CVaR. In the pre-crisis 
period, the momentum and the dividend yield 
criteria appear to lead to significantly different 
residual tail risk. For the turbulent period, the 
corresponding criteria are volatility, value, and 
dividend yield. As a result, different stock-selec-
tion criteria may influence the total CVaR in dif-

2. Relationship between the average volatility, constant scale CVaR and total CVaR 
for all Scientific Beta Developed strategies 
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The red triangle indicates the position of the cap-weighted portfolio.

ferent ways depending on market conditions. In 
most cases, the differences in the constant scale 
CVaR are amplified further by the differences in 
the average tracking error. 

Is smart beta more exposed to 
extreme risk? 
To briefly conclude and answer the question 
asked in the introduction, we find the total 
CVaR across strategies is primarily driven by 
average volatility or average tracking error 
depending on whether we consider absolute 
or relative returns. From a long-term investor 
perspective, focusing on volatility or tracking 
error management on a strategy level appears to 
be of first-order importance for total CVaR for 
the respective stock universes. Across geogra-
phies, all strategies in Asia tend to have higher 

total absolute return CVaR than those in Europe 
and the US which extends earlier empirical 
results for cap-weighted indices. In contrast, the 
factor tilted strategies show a different picture. 
Some stock selection criteria lead to significant 
differences in residual tail risk depending on 
market conditions. Prior to the crisis, these are 
the momentum and dividend yield criteria while 
volatility, value, and dividend yield affect the 
residual tail in the turbulent period. For most 
of these criteria, the differences in the residual 
CVaR are amplified further by the average track-
ing error. 
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Institute Publication. 
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1 Here’s What’s Really Driving Your Returns, Wall Street Journal, 24 December 2011, available at http://online.wsj.com/news/articles/SB1
0001424052970204058404577110523854626572. 
2 It is worth emphasising that asset pricing theory suggests that factors are (positively) rewarded if and only if they perform poorly during 
bad times, and more than compensate during good times so as to generate a positive excess return on average across all possible market 
conditions. In technical jargon, the expected excess return on a factor is proportional to the negative of the factor covariance with the 
pricing kernel, given by marginal utility of consumption for a representative agent. Hence, if a factor generates an uncertain payoff that is 
uncorrelated to the pricing kernel, then the factor will earn no reward even though there is uncertainty involved in holding the payoff. On 
the other hand, if a factor payoff covaries positively with the pricing kernel, it means that it tends to be high when marginal utility is high, 
that is when economic agents are relatively poor. Because it serves as a hedge by providing income during bad times, when marginal utility 
of consumption is high, investors are actually willing to pay a premium for holding this payoff.
3 These effects are often referred to as ‘anomalies’ in the academic literature as they contradict the CAPM prediction that the cross 
section of expected returns only depends on stocks’ market betas and should be void of any other patterns. However, when using a more 
general theoretical framework such as the intertemporal CAPM or Arbitrage Pricing Theory, there is no reason to qualify such patterns as 
anomalies.    

Sophisticated institutional investors have 
started to review factor-based investment 
strategies. For example, the parliament 

of Norway, which acts as a trustee for the 
Norwegian Oil Fund, commissioned a report on 
the investment returns of the fund. This report 
was requested after the fund’s performance 
fell short of the performance of popular equity 
market benchmarks. The resulting report (Ang, 
Goetzmann and Schaefer [2009]) showed that 
the returns relative to a cap-weighted bench-
mark of the fund’s actively-managed portfolio 
can be explained by exposure to a set of 
well-documented alternative risk factors. After 
taking into account such exposures, active 
management did not have any meaningful 
impact on the risk and return of the portfolio. 
The authors argue that such exposures can be 
obtained through purely systematic strategies 
without a need to rely on active management. 
Therefore, rather than simply observing the 
factor tilts brought by active managers ex-post, 
investors may consider which factors they wish 
to tilt towards and make explicit decisions on 
these tilts. This discussion of active manag-
ers’ sources of outperformance has naturally 

Principles of equity factor  
investing
Noël Amenc, Professor of Finance, EDHEC Business School, Director, EDHEC-Risk Institute, 
CEO, ERI Scientific Beta; Felix Goltz, Head of Applied Research, EDHEC-Risk Institute, 
Research Director, ERI Scientific Beta; Ashish Lodh, Senior Quantitative Analyst, ERI 
Scientific Beta

led to factor indices being considered as a 
more cost efficient and transparent way of 
implementing such factor tilts. As institutional 
investors’ discussions have gone on, provid-
ers of exchange-traded products have rolled 
out a series of factor-based equity investment 
products. For example, the Wall Street Journal 
reported in 2011 on the launch of numerous 
exchange-traded funds following factor-based 
equity strategies.1 

The notion that such factor-based equity 
strategies may deliver outperformance over 
standard cap-weighted indices receives support 
from asset pricing theory, which postulates 
that multiple sources of systematic risk are 
priced in securities markets. In particular, both 
equilibrium models such as Merton’s (1973) 
intertemporal capital asset pricing model and 
no arbitrage models such as Ross’s (1976) 
Arbitrage Pricing Theory allow for the existence 
of multiple priced risk factors. The economic 
intuition for the existence of a reward for a 
given risk factor is that exposure to such a factor 
is undesirable for the average investor because it 
leads to losses in bad times2 (ie, when marginal 
utility is high, see eg Cochrane [2001]). This can 

be illustrated for example with liquidity risk. 
While investors may gain a payoff from exposure 
to illiquid securities as opposed to their more 
liquid counterparts, such illiquidity may lead 
to losses in times when liquidity dries up and a 
flight to quality occurs, such as during the 1998 
Russian default crisis and the 2008 financial 
crisis. In such conditions, hard-to-sell (illiquid) 
securities may post heavy losses. 

Which factors matter
While asset pricing theory provides a sound 
rationale for the existence of multiple factors, 
theory provides little guidance on which factors 
should be expected to be rewarded. Empirical 
research however has come up with a range of 
factors that have led to significant risk premia 
in typical samples of data from US and inter-
national equity markets.3 A key requirement of 
investors to accept factors as relevant in their 
investment process is however that there is a 
clear economic intuition as to why the exposure 
to this factor constitutes a systematic risk that 
requires a reward and is likely to continue pro-
ducing a positive risk premium (see Ang [2013], 
also compare Cochrane [2001] who refers to the 
practice of identifying merely empirical factors 
as “factor fishing”). 

Harvey, Liu and Zhu (2013) review the 
empirical literature that has identified factors 
that impact the cross section of expected stock 
returns and count a total of 314 factors for 
which results have been published. Figure 1 
provides an overview of the main factors used 
in common multi-factor models of expected 
returns and the references to seminal work 
providing empirical evidence. It is interesting 
to note that these factors have been found to 
explain expected returns across stocks not only 
in US markets, but also in international equity 
markets, and – in many cases – even in other 

1. Empirical evidence for selected factor premia: key references

  Factor definition Within US equities International equities Other asset classes
Value Stocks with high book-to-market versus Basu (1977); Rosenberg, Reid, Lahnstein Fama and French (2012) Asness, Moskowitz,
  stocks with low book-to-market (1985); Fama and French (1993)  Pedersen (2013)
Momentum Stocks with high returns over the past 12 Jegadeesh and Titman (1993); Rouwenhorst (1998) Asness, Moskowitz,
  months omitting the last month versus Carhart (1997)  Pedersen (2013)
  stocks with low returns
Low risk Stocks with low risk (beta, volatility or Ang, Hodrick, Xing, Zhang (2006); Ang, Hodrick, Xing, Zhang (2006); Frazzini and Pedersen (2014)
  idiosyncratic volatility) versus stocks Frazzini and Pedersen (2014) Frazzini and Pedersen (2014)
  with high risk 
Size Stocks with low market cap versus stocks Banz (1981); Fama and French (1993) Rouwenhorst, Heston, Wessels na
  with high market cap   (1999); Fama and French (2012)
 Liquidity Stocks with low trading volume or high Pastor and Stambaugh (2003);  Lee (2011) Lin, Wang, Wu (2011);
  sensitivity to changes in market liquidity Acharya and Pedersen (2005)  Sadka (2010)

•



INVESTMENT&PENSIONS EUROPE SPRING 2014

Be smart with
your factors

Many investors are seeking to invest today by allocating to risk factors, 
such as Value, Momentum, Size or Low Volatility, that are well rewarded 

over the long term.
 

By offering indices, as part of the Smart Beta 2.0 approach, that have well 
controlled factor exposures and whose good diversification enables specific 

and unrewarded risks to be reduced, ERI Scientific Beta offers some 
of the best performing smart factor indices on the market.

   
With average improvement in risk-adjusted performance of 68% 

observed over the long run* in comparison with traditional factor indices, 
ERI Scientific Beta’s smart factor indices are the essential building block for 

efficient risk factor allocation.

For more information on the Scientific Beta Smart Factor Indices, please visit www.scientificbeta.com 
or contact Mélanie Ruiz on +33 493 187 851 

or by e-mail to melanie.ruiz@scientificbeta.com 

www.scientificbeta.com

* Average of the differences in Sharpe ratio observed between 31/12/1972 and 31/12/2012 for all long-term track record multi-strategy factor 
indices and their cap-weighted factor equivalent calculated on a universe of the 500 largest capitalisation US stocks. All the details on the 
calculations and the indices are available on the www.scientificbeta.com website.

Information containing any historical information, data or analysis should not be taken as an indication or guarantee of any future performance, analysis, forecast or prediction. Past performance does not 
guarantee future results.

245x335 ipe.indd   3 06/03/14   15:38



2014 SPRING INVESTMENT&PENSIONS EUROPE

EDHEC-Risk Institute Research Insights | 19

asset classes including fixed income, curren-
cies and commodities. 

It is worth noting that the debate about the 
existence of positive premia for these factors is 
far from closed. For example, debate is ongo-
ing on the low risk premium. Early empirical 
evidence suggests that the relation between 
systematic risk (stock beta) and return is flatter 
than predicted by the CAPM (Black, Jensen and 
Scholes [1972]). More recently, Ang, Hodrick, 
Xing and Zhang (2006, 2009) find that stocks 
with high idiosyncratic volatility have had low 
returns. Other papers have documented a flat 
or negative relation between total volatility and 
expected return. However, a number of recent 
papers have questioned the robustness of such 
results and show that the findings are not robust 
to changes to portfolio formation (Bali and 
Cakici [2008]) or to adjusting for short-term 
return reversals (Huang et al [2010]). 

Why factors matter
What is important in addition to an empirical 
assessment of factor premia is to check whether 
there is any compelling economic rationale as to 
why the premium would persist. Such persis-
tence can be expected notably if the premium 
is related to risk taking. In an efficient market 
with rational investors, systematic differences 
in expected returns should be due to differences 
in risk. Kogan and Tian (2013) argue that to 
determine meaningful factors “we should place 
less weight on the [data] the models are able 
to match, and instead closely scrutinise the 
theoretical plausibility and empirical evidence 
in favour or against their main economic mecha-
nisms”. This point is best illustrated with the 
example of the equity risk premium. Given the 
wide fluctuation in equity returns, the equity 
risk premium can be statistically indistinguish-
able from zero even for relatively long sample 
periods. However, one may reasonably expect 
that stocks have higher reward than bonds 
because investors are reluctant to hold too much 
equity due to its risks. For other equity risk 
factors, such as value, momentum, low risk and 
size, similar explanations that interpret the fac-
tor premia as compensation for risk have been 
put forth in the literature. 

It is worth noting that the existence of 
the factor premia could also be explained by 
investors making systematic errors due to 
behavioural biases such as over-reaction or 
under-reaction to news on a stock. However, 
whether such behavioural biases can persis-
tently affect asset prices in the presence of 
some smart investors who do not suffer from 
these biases is a point of contention. In fact, 
even if the average investor makes systematic 
errors due to behavioural ‘biases’, it could still 
be possible that some rational investors who 
are not subject to such biases exploit any small 
opportunity resulting from the irrationality of 
the average investor. The trading activity of 
such smart investors may then make the return 
opportunities disappear. Therefore, behavioural 
explanations of persistent factor premia often 
introduce so-called ‘limits to arbitrage’, which 
prevent smart investors from fully exploiting the 
opportunities arising from the irrational behav-
iour of other investors. The most commonly-
mentioned limits to arbitrage are short-sales 
constraints and funding-liquidity constraints. 
Figure 2 summarises the main economic expla-
nations for common factor premia. 

Value
Zhang (2005) provides a rationale for the value 
premium based on costly reversibility of invest-
ments. The stock price of value firms is mainly 
made up of tangible assets which are hard to 

•

2. Economic explanations for selected factor premia: overview

  Risk-based explanation Behvioural explanation
Value Costly reversibility of assets in place leads to Over-reaction to bad news and extrapolation of the
  high sensitivity to economic shocks in bad times recent past leads to subsequent return reversal
Momentum High expected growth firms are more sensitive Investor over-confidence and self-attribution bias 
  to shocks to expected growth leads to return continuation in the short term
Low risk Liquidity-constrained investors hold leveraged positions Disagreement of investors about high-risk stocks
  in low-risk assets which they may have to sell in leads to overpricing in the presence of short 
  bad times when liquidity constraintsbecome binding sales constraints
 Size Low profitability leads to high distress risk and downside na
  risk. Low liquidity and high cost of investment needs
  to be compensated by higher returns
 Liquidity Assets with low returns in times of funding  na
  liquidity constraints or low market liquidity
  require a risk premium

reduce while growth firms’ stock price is mainly 
driven by growth options. Therefore value firms 
are much more affected by bad times. Choi 
(2013) shows that value firms have increasing 
betas in down markets (due to rising asset betas 
and rising leverage) while growth firms have 
more stable betas. The value premium can thus 
be interpreted as compensation for the risk of 
suffering from losses in bad times. 

In an influential paper, Lakonishok, Shleifer 
and Vishny (1994) argue that “value strate-
gies exploit the suboptimal behaviour of the 
typical investor”. Their explanation of the value 
premium focuses on the psychological tendency 
of investors to extrapolate recent developments 
into the future and to ignore evidence that is 
contrary to the extrapolation. Glamour firms 
with high recent growth thus tend to obtain 
valuations that correspond to overly optimistic 
forecasts while distressed firms obtain stock 
market valuations which are overly pessimistic. 

Momentum
Momentum stocks are exposed to macroeco-
nomic risk. In particular, Liu and Zhang (2008) 
provide empirical evidence that past winners 
have temporarily higher loadings on the growth 
rate of industrial production. This higher 
sensitivity of firms with higher expected growth 
rates is a natural result of firm valuation and 
is similar to the higher interest rate sensitivity 
(duration) of bonds at high levels of interest rate 
(see Johnson [2002]). Low momentum stocks 
on the other hand have low expected growth and 
are less sensitive to changes in expected growth.

Behavioural explanations for momentum 
profits focus on the short-term over-reaction 
of investors. Daniel et al (1998) show that two 
cognitive biases, overconfidence and self-
attribution, can generate momentum effects. 
In particular, they show that investors will 
attribute the recent performance of the winning 
stocks they have selected to their stock picking 
skill and thus further bid up the prices for these 
stocks, thus generating a momentum effect in 
the short term, with stock prices only reverting 
to their fundamental values at longer horizons. 

Low risk
Frazzini and Pedersen (2014) provide a model 
in which liquidity-constrained investors are 
able to invest in leveraged positions of low-beta 
assets but are forced to liquidate these assets in 
bad times when their liquidity constraints mean 
they can no longer sustain the leverage. Thus 
low-risk assets are exposed to a risk of liquidity 
shocks and investors are compensated for this 
risk when holding low-beta assets. High-beta 
assets, on the other hand, expose investors to 
less liquidity risk and rational investors may 
thus require less expected return from these 

stocks than what would be in line with their 
higher market beta. 

Behavioural explanations for the low-risk 
premium argue that high-risk stocks tend to 
have low returns because irrational investors bid 
up prices beyond their rational value. For exam-
ple, Hong and Sraer (2012) show that when 
there is disagreement among investors on the 
future cash flow of firms, short sales constraints 
will lead to overpricing of stocks where investor 
disagreement is high. As disagreement increases 
with a stock’s beta, high-beta stocks are more 
likely to be overpriced. 

Size and liquidity
Small stocks tend to have lower profitability (in 
terms of return on equity) and greater uncer-
tainty of earnings (see Fama and French [1995]), 
even when adjusting for book-to-market effects. 
Therefore, such stocks are more sensitive to 
economic shocks, such as recessions. It has also 
been argued that stocks of small firms are less 
liquid and expected returns of smaller firms 
have to be large in order to compensate for their 
low liquidity (Amihud and Mendelsson [1986]). 
It has also been argued that smaller stocks have 
higher downside risk (Chan, Chen and Hsieh 
[1985]). For liquidity as a risk factor, the need 
for investors to be compensated for taking on 
liquidity risk is straightforward, as investors 
are naturally averse to assets with evaporating 
liquidity in times of market stress (see Nagel 
[2012]). 

Robust factors versus data mining 
Investors who wish to exploit factor premia 
need to address robustness when selecting a set 
of factors. Indeed, an important issue is that the 
premium may decrease if investors are increas-
ingly investing to capture it. Another issue is 
that the discovery of the premium in the first 
place may have been a result of data-mining. 
In order to avoid the pitfalls of non-persistent 
factor premia and achieve robust performance, 
investors should keep the following checks 
in mind. First, investors should require a 
sound economic rationale for the existence of 
a premium. Second, due to the risks of data-
mining, investors may be well advised to stick to 
simple factor definitions that are widely used in 
the literature rather than rely on complex and 
proprietary factor definitions. 

Different papers in the empirical literature 
use different proxies to capture a given factor 
exposure, and practical implementations of fac-
tor exposures may deviate considerably from 
factor definitions in the literature. For exam-
ple, when capturing the value premium one 
may use extensive fundamental data including 
not only valuation ratios but also information 
on, for example, sales growth of the firm. •
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3.Maximum calendar-year performance differences of fundamental equity 
indexation strategies with different strategy specifications

  Best performing  Worst performing  Maximum difference Year
Variable selection Earnings –12.2% Dividends –23.0% 10.8% 1999
Leverage adjustment Total leverage adj 5.3% Operating leverage adj –4.0% 9.3% 2008
Turnover control Optimal control 9.0% No control 4.6% 4.5% 2002
Selection effect Fundamental 4.6% Cap selection 2.3% 2.3% 2003
Rebalancing March 11.3% September 0.2% 11.1% 2009
Returns of best and worst performing variants for each specification of the fundamental weighting scheme on the universe of top 1,000 US stocks. Portfolios are formed 
using fundamental data from the period January 1982 to December 2010. Data is obtained from Datastream and Worldscope.

Moreover, many value-tilted indices include 
a large set of ad-hoc methodological choices, 
opening the door to data mining. As an illustra-
tion, one can consider the impact of strategy 
specification for fundamental equity indexation 
strategies, which are commonly employed as a 
way to harvest the value premium. As shown in 
figure 3, the outperformance of a fundamental 
equity indexation strategy is highly sensitive 
to strategy specification choices. The table 
summarises the maximum calendar-year differ-
ence between any two variants of fundamental 
indices which make different choices for one of 
five methodology ingredients such as variable 
selection, leverage adjustment, turnover con-
trol, stock selection and rebalancing date. 

We see that variable selection and rebal-
ancing date have the highest influence on 
short-term performance. Different leverage 
adjustment methods can also lead to large dif-
ferences in yearly performance. The differences 
of as much as 10% in annual return between 
strategies that make different ad-hoc choices 
clearly shows that back histories depend heavily 
on strategy specifications. 

In contrast to the wide variety of factor 
definitions used by index providers and asset 
managers, most empirical asset pricing studies 
resort to simple and consensual factor defini-
tions. For example, the most widely used defini-
tion of ‘value’ is based on a single variable – the 
book-to-market ratio of a stock. This simplicity 
of the factor definition may be an important 
guard against data mining risks. 

In addition to selecting robust factors, inves-
tors need to address the question of capturing 
the factor premium in a cost-effective and 
risk-return efficient way through appropriately 
designed factor indices. Moreover, they need to 
address the question of allocation across the set 
of selected factors. These issues are dealt with in 
dedicated articles in this supplement.
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