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Multi-factor indices are one of the newest additions to the family of rules-based equity strategies, 
and have attracted substantial inflows over the last couple of years. Factor investing advocates 
focusing on exposure to the underlying drivers of security returns identified in academic research, 
such as value, momentum, and other factors. With the realisation that the returns from active 
management are to a very large extent attributable to exposure to well-documented systematic 
factors, factor indices are increasingly regarded as a cost-efficient, straightforward and transparent 
way of implementing desired factor tilts. 

In particular, while discretionary active managers may generate performance from tilting their 
portfolios towards such factors, they may destroy the performance benefits of these factor tilts if 
they charge the high fees that are typical of active management and/or make wrong idiosyncratic 
calls. For example, Fama and French (2010) find that active managers on average deliver -1% return 
per year after adjusting for their market, value, size and momentum exposures. If investors could 
access index-based strategies that simply delivered the returns of their factor-tilted benchmark at 
low fees, this would be an interesting alternative to investing with discretionary managers, who the 
evidence shows underperform their factor-tilted benchmark.

Multi-factor indices are a natural extension of indices based on single factors. While any single-
factor index typically targets improving risk-adjusted returns over cap-weighted reference indices, 
there is strong intuition suggesting that multi-factor allocations will tend to result in improved 
risk-adjusted performance relative to single factor indices. Intuitively, since different factors work 
at different times, allocating across multiple rewarded factors will increase the probability of over-
performance in the short- and medium-term. Moreover, investors who allocate across factors using 
single-factor indices subsumed into a multi-factor solution or held within the same mandate will 
enjoy implementation benefits. Indeed, some of the rebalancing trades necessary to maintain 
exposure to different factors may actually cancel each other out. Consider the classic example of 
an investor who pursues an allocation across the value and momentum tilts. If a stock included 
in the value strategy experiences a rapid price increase then, other things being equal, its weight 
in the value-tilted portfolio will tend to decrease at the next rebalancing, while its weight in the 
momentum-tilted portfolio will tend to increase. If both strategies are rebalanced at the same time 
and held within the same multi-factor index or mandate, then rebalancing trades can be crossed 
and turnover reduced.

While sharing the same objective, indices aiming to provide multiple factor exposures may opt for 
very different implementation methods, which reflect differences in underlying beliefs on multi-
factor investing. This article reviews the current offerings in the world of multi-factor indices and 
looks at the conceptual considerations involved in designing the different approaches. The key 
issues that we discuss involve the robustness and consistency of the multi-factor indices as well as 
the (lack of ) diversification among the various products.

Introduction



We first provide a brief overview of several multi-factor indices published by five different index 
providers. Afterwards, we discuss the design choices some of the indices in this group have made, 
as well as the conceptual underpinnings of these choices. In particular, we look at the difference 
between proprietary and consensual definitions of factors and the issue related to the use of 
composite factor scores. Subsequently we turn our attention to the importance of consistency 
in index design, before focusing on the important issue of diversification, which is too frequently 
ignored. We show the difference between top-down and bottom-up approaches to constructing 
multi-factor indices and discuss the issues relating to both.

Introduction
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In this section, we provide a brief overview of the multi-factor indices that we are analysing. We 
look at the current multi-factor offerings from Scientific Beta, FTSE Russell, MSCI, Goldman Sachs 
and S&P.

In the next exhibit, we provide a short summary of the different index methodologies to provide 
the reader with a high-level overview of the situation. There are pronounced differences in 
methodology across the indices. For example, among other differences, some of the multi-factor 
indices that we look at use single-factor indices as building blocks while others apply a multi-factor 
methodology directly at the stock level. The choice of targeted factors also changes from index to 
index.

Exhibit 1: Overview of Multi-Beta indices

Provider Index Targeted factors Short description of the methodology

Scientific Beta

Multi-Beta 
Multi-Strategy EW

Value, Size, Momentum, 
Volatility (4-factor version)

Equal-weighted combination of single factor indices.

Multi-Beta 
Multi-Strategy ERC

Value, Size, Momentum, 
Volatility, Profitability, 

Investment (6-factor version)

The weight of single factor indices is determined so that 
the allocation equates the contribution of individual smart-
factor portfolios to relative risk as represented by tracking 

error relative to the capitalisation-weighted reference.

FTSE Russell

FTSE Global 
Diversified Factor

Value, Volatility, 
Momentum, Size

Universe split into 40 regional industry universes (4 regions 
x 10 industries). Regional industry universes weighted in 
proportion to their inverse volatility. Factor ranking for 
individual security is a weighted average composite of 
individual factor rankings with weights proportional to 

inverse volatility of the factors.

FTSE Russell 
Comprehensive

Quality, Value, Volatility, 
Momentum, Size

Z-score for individual factors translated into s-score using 
cumulative standard normal distribution. Composite factor 
score is a product of the 5 individual s-scores. Final weights 

in the index are proportionate to the product of the 
composite factor score and the market cap.

MSCI

MSCI Quality Mix Value, Volatility, Quality Equal-weighted combination of single factor indices.

MSCI Diversified 
Multiple-Factor

Value, Momentum, 
Size, Quality

Optimisation focused on maximising an equal-weighted 
combination of factor exposure to the four rewarded 

factors. Optimisation controls exposure to non-rewarded 
factors and country and sector exposures.

Goldman Sachs

Goldman Sachs 
Equity Factor

Value, Momentum, 
Size, Quality, Low Beta

Optimisation-based index that aims to maximise aggregate 
basket score. Basket score is weighted average of individual 
factor scores weighted in proportion to the inverse volatility 

of the factors.

S&P
S&P GIVI Value, Low Beta Low beta stock selection (70%) and weighting by intrinsic 

value calculated from a discounted cash flow valuation 
model based on Residual Income.

It should be noted that additional differences exist among these indices that are not captured by 
the schematic overview above. These differences are notable when it comes to factor definitions. 
We will discuss the issues relating to factor definitions in the next section. Apart from this, 
indices naturally differ in terms of other implementation details including universe definition, 
implementation rules etc.

2. Overview of Multi-Factor Indices



In the next sections, we will review some conceptual issues related to the construction of multi-
factor indices and provide examples of how the different indices included in our analysis approach 
these issues. 

2. Overview of Multi-Factor Indices
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1 - For example, consider the following quotes from marketing material of index providers: “MSCI currently identifies six equity risk premia factors…. They 
are grounded in academic research…”; “In developing the Russell High Efficiency Factor Index.

Providers across the board put strong emphasis on the academic grounding of their factor indices1.
At the same time, product providers try to differentiate their products using proprietary elements 
in their strategy, often leading to the creation of products using new factors or novel strategy 
construction approaches which may or may not be consistent with the broad consensus in the 
academic literature on empirical asset pricing. As for factor definitions, many factor indices show 
considerable divergence from academic definitions.

A key result from analysing the literature is that well-established factor premia are not simply based 
on “back-tests” similar to those used by product providers, but instead have been subjected to 
extensive empirical analyses, including assessments over very long-term data and post-publication 
data as well as cross-sample validation, notably when factors uncovered in the cross-section of U.S. 
stock returns have been confirmed in international data or in other asset classes. Moreover, some 
common factor premia have been explained using formal economic models providing a rationale 
for the persistence of such premia. Recalling these results is useful in clarifying the fact that novel 
strategies or “enhancements” with respect to such factors should be subjected to similar levels of 
scrutiny before conclusions on their relative merits are drawn.

For example, the Fama and French (2012, 2014) factor definitions, which are widely used in academic 
research, are based on straightforward stock selection criteria such as price-to-book for value for 
example, even though professionals often like to make the method more complex to pick the “best” 
value stocks. Extensive empirical evidence is available for the academic factor definitions, but not 
for the ad-hoc approaches, which are often justified by fairly limited in-sample performances. 

More generally, for most factor or multi-factor offerings, product providers typically favour more 
complex factor definitions which may indeed reflect a stark disagreement with how academic 
research defines these factors. For example, some factor scores are calculated relative to the industry 
or regional groups a stock belongs to. Interestingly, some providers use such industry or regional 
adjustments for certain variables within a given factor score while not using it for other variables 
making up the same factor score. Moreover, providers often use variables which are quite far 
removed from the original factor definition, such as, for example, change in asset turnover in quality 
scores, as compared to the more straightforward profitability measures used in academic research. 
In fact, most of the Quality indices on offer have more to do with the precepts of stock-picking gurus 
than with the academic literature that has identified profitability and investment as asset pricing 
factors.

The next exhibit contains examples of selected indices among the ones included in this analysis, 
where the objective is to show how commonly-used definitions of factor indices deviate from 
the standard definitions used in the literature. Three different sets of definitions used by index 
providers are contrasted with the standard definitions widely employed in the literature. Rather 
than providing an exhaustive overview across all factors and index providers, we focus on selected 
examples where a deviation from academic consensus is easily apparent. However, the issue is not 
limited to these examples. 

3. Factor Definitions: Proprietary Variables 
Versus Consensual Variables, 
and Problems with Composite Scores



2 - Operating profits minus interest expense divided by book equity in Fama and French (2015) and income before extraordinary items divided by book 
equity in Hou, Xue and Zhang (2015).

Exhibit 2: Mismatch with academic factor definitions – examples

Source Value Momentum Profitability

Academic reference Price-to-Book (Fama and French, 
1993, 2012, 2015, Carhart, 1997)

Past 12 months returns omitting 
last month (Carhart, 1997, Fama 

and French, 2012)

Return On Equity2 (Fama and 
French, 2015 and Hou, Xue, 

Zhang, 2015) or Gross Profitability 
(Novy-Marx, 2013)

Scientific Beta Multi-Beta 
Multi-Strategy indices

Follows Fama and French and 
Carhart

Follows Fama and French and 
Carhart

Follows Novy-Marx

Goldman Sachs Equity 
Factor Index World

Value score from proprietary risk 
model (Axioma), relative to stock’s 

regional industry group

Residuals from cross-sectional 
regression of twelve-month return 

(omitting last month) on stock 
volatility

Composite based on Asset 
Turnover, Liquidity, Return On 

Assets, Operating Cash Flow-to- 
Assets, Accruals, Gross Margin, 

Leverage

MSCI Diversified 
Multiple-Factor

Sector-relative composite based 
on Enterprise Value/Operating 

Cash Flow, Forward P/E, 
Price-to-Book

Exposure from the Barra Equity 
Model based on 12-month relative 

strength (25% weight), 6-month 
relative strength (37.5% weight), 
historical alpha (37.5% weight)

Sector-relative composite based 
on Return on Equity, Earnings 

Variability, Debt-to-Equity

FTSE Global Factor 
Index Series

Composite of Cash Flow Yield, 
Earnings Yield and Sales-to-Price

Residual Momentum - Mean/Std.
dev. of  “avg. residual” from 11 

rolling window regressions of past 
36 months returns on country and 

industry index

Composite of Return on Assets, 
Change in Asset Turnover, Accruals 

and Leverage Ratio

When considering the descriptions in Exhibit 2, the mismatch of the provider definitions with 
the standard academic definitions is indeed striking. While the definitions found in the reference 
academic research rely on straightforward variables and make a choice of transparently and simply 
selecting one key metric to come up with a factor score for each stock, the proprietary definitions 
from most providers use different sets of variables, as well as various adjustments, and often consist 
of complex combinations of several variables.

The implications of the mismatch with academic factor definitions might not be immediately 
obvious. Nevertheless, any mismatch creates two problems. The first, which we have already 
mentioned, is that it is difficult to refer to academic evidence to justify one’s factor offering and 
at the same time distance oneself from the empirical framework used for that same research with 
factor definitions that are different from those used by the researchers cited. The second is that this 
complexification and/or creation of ad-hoc proprietary factors is a source of potential data-mining 
problems. We discuss this second issue in the following two sub-sections. First, we look at selection 
bias, which relates to testing different variations in factor definitions. Afterwards, we discuss the 
issue of over-fitting bias, which may arise when using composite scoring to capture single or 
multiple factors.

3.1 Data-mining risk: selection bias with proprietary variables
Selecting proprietary combinations or making proprietary tweaks to variable definitions 
offers the possibility of improving the performance of a factor index in a back-test. In general, 
proprietary factor definitions increase the amount of flexibility providers have in testing many 
variations of factors and thus pose a risk of data-mining. In fact, it appears that providers 
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sometimes explicitly aim at selecting ad-hoc factor definitions which have performed well over 
short-term back-tests.

The question is whether the improvement of the “enhanced” factor definition will also hold going 
forward, especially if there is no solid economic foundation for it. There is clearly a risk that one 
ends up with what academics have termed “lucky factors.” Harvey and Liu (2015) show that by 
snooping through data on a large number of candidate factors and retaining those with the highest
t-stat, one takes the risk of uncovering flukes, which will not repeat out of sample. Perhaps even 
more importantly, it is unclear what – if anything – factors with extensive proprietary tweaks still 
have in common with the factors from academic research. Therefore, the empirical evidence in 
favour of the academic factors and their economic grounding cannot be transposed to such new 
proprietary factors.

As an example of a proprietary factor found among the multi-factor indices that we analyse, 
consider the highly original factor definition of the value factor used in the S&P GIVI index. This 
index is marketed as a multi-factor index, but really only qualifies as a two-factor combination 
whose main goal is to create exposure to low beta stocks weighted by their “true” value – the 
intrinsic value. The intrinsic value used by S&P is based on valuation methods that use discounted 
cash flows, such as discounted residual income. This valuation is based on many assumptions and 
simplifications and is mechanically used across the entire spectrum of stocks without accounting 
for the subtleties that any valuation based on discounted cash flows entails. Even though the basic 
premise of value investing is to buy stocks whose market price understates their true value, proper 
intrinsic value estimation requires a lot of company-specific information, significant due diligence 
and intelligent estimates of several key variables. A unified, mechanical approach to hundreds of 
stocks using simplified assumptions may not truly reflect the intrinsic value of a diverse portfolio of 
stocks. The value factor definition used by S&P in this index is thus truly proprietary.

In the absence of a clear relationship to standard academic factors, such proprietary factor strategies 
can be regarded as ad-hoc constructs resulting from product back-tests. In fact, to find out whether 
any of these new proprietary factors are indeed related to the well-documented academic factors 
one would first need to assess how they align empirically with standard factors.

3.2 Illustration of selection bias: fishing for an enhanced value factor 
We illustrate the problem with selection bias, otherwise known as “factor fishing”, in the following 
section, where we consider alternatives to the standard value definition. The academic literature 
works with parsimonious and time-proven definitions of the value factor, the most popular 
being the book-to-market ratio, due largely to Fama and French (1993). When deviating from the 
established definitions, one has to keep in mind that these definitions have been confirmed by out-
of-sample results ever since the seminal papers were published. This out-of-sample stability gives 
researchers and practitioners greater confidence that the uncovered value premium is not simply a 
product of a data-mining exercise.

3. Factor Definitions: Proprietary Variables 
Versus Consensual Variables, 
and Problems with Composite Scores



On the other hand, if we allow ourselves the flexibility of looking for the “best” or “improved” 
definition of value, such an exercise can easily lead to relying on promising in-sample results that 
do not hold out-of-sample.

Commercial back-tests are typically performed over a very short time-frame, in which around ten 
years of data is frequently used. Since different factor definitions will ultimately lead to different 
past performance, using a short time period to decide which one to pick might lead to unstable 
solutions.

Below, we illustrate the problems with variable selection and excessive reliance on back-tests with 
stylised examples. First, we study the change in back-tested performance over time, to see how 
(un)stable the results of variable selection are. Afterwards, we focus on the out-of-sample decay of 
performance benefits of in-sample variable selection.

We study the rolling spreads between the annualised performances of portfolios constructed based 
on different value proxies. This will allow us to gain a perspective on how back-tests may have 
looked like over the years and, more importantly, how the change over time impacted these results.

Our question is whether we can do better than using the book-to-market measure. We select among 
ten alternative value metrics – earnings-to-price, cash-flow-to-price, sales-to-price, dividend-to-
price and payout-to-price, using both an unadjusted and a sector-neutral version for each. These 
metrics serve as the basis for forming a value-tilted portfolio where the portfolios simply select the 
50 percent of stocks with the highest value score on an annual basis and cap-weight the selected 
stocks. The time series of these portfolios will serve as the basis for the empirical analysis below.

Consider the following exhibit. Every year, we look back ten years and plot the maximum and 
minimum annualised relative returns of ten value strategies over the broad cap-weighted index 
in that particular period. This is done on a rolling basis between 1984 and 2013. Every year thus 
represents a different potential starting point for a ten-year back-test. Naturally, the excess returns 
change over time, but one should pay closer attention to the changing spread between the 
maximum and the minimum.

3. Factor Definitions: Proprietary Variables 
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Exhibit 3: Extremes of annualised excess returns of ten cap-weighted Value strategies for ten year look-back periods 
This chart plots the maximum and minimum of annualised excess returns with respect to the broad US market cap-weighted benchmark of 500 
stocks (from CRSP) of annually-rebalanced cap weighted value tilted strategies with 50% stock selection out of the universe of 500 US stocks based 
on 10 Value variables - Earnings-to-Price, Cash-flow-to-Price, Sales-to-Price, Dividend-to-Price and Payout-to-Price, both plain-vanilla and sector-
neutral versions for each. The analysis is based on daily total returns from 31/12/1973 to 31/12/2003. Ten year trailing returns are obtained with 
annual step size. Every year thus represents a ten-year back-test

PANEL  A

Over the years, the difference in annualised returns of the possible back-tests ranges from slightly 
over 4% p.a. to a little under 1% p.a. This large spread between the different definitions suggests 
that considerable value can be added, at least within a back-test, when improving the variable 
selection. However, it is also worth noting that the best-performing variable changes over time, as 
the next table shows.

PANEL B – Best-performing variables based on 10- year rolling window back-tests

Period Best-performing variable based on 10-year back-test

1984 Sales-to-Price

1985-1989 Sales-to-Price, sector-neutral

1990-1993 Cash-Flow-to-Price

1994-1997 Sales-to-Price, sector-neutral

1998-2004 Earnings-to-Price

2005-2013 Sales-to-Price

3. Factor Definitions: Proprietary Variables 
Versus Consensual Variables, 
and Problems with Composite Scores



This clearly illustrates that back-tests that search for the best past performer over a short time 
period might be very unstable and caution should be exercised in evaluating strategies purely 
constructed on the basis of in-sample performance. 

Below, we focus on the performance of strategies based on alternative value definitions relative to 
the performance of a portfolio based on book-to-market. We know that we can enhance back-tests, 
but should we? Our illustrations will reveal the out-of-sample decay of the data-mined solutions 
that rely on picking the best in-sample winners.

In the following exercise, we use a five-year formation window at the end of which we select the 
best-performing strategy based on its in-sample performance. Then, we hold the strategy for five 
years and compare the cumulative returns of this alternative strategy with respect to the portfolio 
based on the book-to-market measure. We do this every year between 1984 and 2009 to obtain 26 
different event studies and we study the average performance.

Exhibit 4 shows the average cumulative relative returns of the best-performing alternative value 
definition with respect to book-to-market, both pre- and post-formation. As the chart below clearly 
shows, the average alternative variable definition ultimately underperforms book-to-market and 
drives the cumulative relative returns way below zero. Picking the past winner yields cumulative 
outperformance over book-to-market of +1.79% in sample. However, over the following five years, 
picking the in-sample winner leads to cumulative underperformance of -2.72% out of sample. This 
is evidence that searching for a better value definition in-sample does not beat book-to-market.

Exhibit 4: Comparison of cumulative relative returns of the average best in-sample alternative Value strategy with respect to a portfolio based on 
Book-to-Market 
This chart plots the cumulative excess returns of ten annually-rebalanced cap-weighted value-tilted strategies with 50% stock selection out of 
the universe of 500 US stocks based on ten alternative value strategies, with respect to a similarly constructed portfolio based on Book-to-Market. 
Between 1984 and 2009, the five-year formation period is used to pick the best portfolio based on alternative Value definitions and this portfolio is 
held for another five years. This is done every year for a total of 26 event studies. The chart plots the average outperformance pre- and post-formation 
with respect to the Book-to-Market portfolio. The alternative value definitions are Earnings-to-Price, Cash-Flow-to-Price, Sales-to-Price, Dividend-to-
Price and Payout-to-Price, both plain-vanilla and sector-neutral versions for each. The graph is smoothed by using yearly values. 
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The previous exercise demonstrates that alternative value definitions hardly present a suitable 
replacement for book-to-market overall, based on the event study approach. To illustrate this point 
clearly and more convincingly, we now turn to simulating the experience of an actual investor in 
alternative value strategies.

Starting in 1984, we allow the investor to select the best-performing value variable, again using 
the ten alternative variable definitions specified above. After formation, the portfolio is held for 
a certain period and re-evaluated again at the end of it. We thus create active strategies that the 
investor sticks to for the duration of the holding period. We use two lengths of the calibration 
period (10 and 5 years) as well as four lengths of the holding period (2 to 5 years) for a total of eight 
active strategies, to capture the variability of the performance. We compare the performance of 
the active strategies based on alternative value definitions with a simple portfolio based on book-
to-market in Exhibit 5. The results clearly show that none of the active strategies beats book-to-
market, with the average active strategy lagging 61 basis points behind. Relative to their in-sample 
performance, the variable picking strategies on average create an out-of-sample degradation in 
performance of 128 basis points. 

Exhibit 5: Performance of variable picking strategies for value tilted portfolios
This table shows the performance of 8 active strategies formed on the basis of a calibration period and held for a holding period from ten alternative 
Value definitions. The alternative Value definitions are Earnings-to-Price, Cash-Flow-to-Price, Sales-to-Price, Dividend-to-Price and Payout-to-Price, 
with both plain-vanilla and sector-neutral versions for each. At formation, the best-performing strategy based on the calibration period of 10 or 5 
years is selected and held for a holding period of 2 to 5 years. The Book-to-Market portfolio is formed annually by cap-weighting the 50% selection of 
the stocks with the highest Book-to-Market ratio. The in-sample results select the best returns ex-post of the alternative Value strategies. All portfolios 
are based on the top 500 US stocks between 01/01/1984 and 31/12/2013.

Book-
to-

Market

In-sample results Out-of-sample results of variable picking strategies

10 
Years

5
Years

Average Calibration Period = 10 years Calibration Period = 5 years Average

HP=5 HP=4 HP=3 HP=2 HP=5 HP=4 HP=3 HP=2

Ann. Returns 13.1% 13.7% 13.9% 13.8% 12.7% 12.5% 12.7% 12.6% 12.4% 12.3% 12.3% 12.4% 12.5%

Ann. Volatility 19.0% 18.4% 17.9% 18.1% 18.6% 18.6% 18.6% 18.5% 18.1% 18.6% 18.4% 18.3% 18.5%

Sharpe Ratio 0.47 0.52 0.55 0.53 0.46 0.45 0.46 0.46 0.46 0.44 0.45 0.45 0.45

Return 
Difference 
with B-t-M

- 0.56% 0.78% 0.67% -0.37% -0.60% -0.43% -0.46% -0.69% -0.80% -0.77% -0.75% -0.61%

Ret. Diff with 
“in-sample”

-0.67% - - - -0.93% -1.17% -1.00% -1.03% -1.47% -1.58% -1.55% -1.53% -1.28%

Overall, our empirical illustrations suggest that it is quite possible to enhance back-tests by selecting 
variables that “work” in sample. However, the strong out-of-sample degradation of performance 
suggests that such an approach leads to a risk of overstated back-test performance. We emphasise 
also that we consider our illustration to correspond to a mostly harmless data-mining experiment, 
which is likely to understate the actual bias that could result in more flexible data-mining exercises. 
In particular, we use a relatively small number of variables that remain economically sensible 
proxies for value, and which are by construction highly correlated among one another. Data-mining 
biases would obviously be much higher if we used a much larger number of variables, economically 
less sensible proxies or variables that are less correlated with one another. 
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3 - Novy-Marx cites the MSCI Quality Index and Research Affiliates Fundamental Indices as industry examples of such multi-signal approaches.

Ultimately and more generally, many value-tilted indices include other large sets of ad-hoc 
methodological choices, opening the door to data-mining. It can be argued that the use of 
straightforward single variables in factor definitions can be an effective safeguard against data-
snooping or factor-fishing biases.

Our comparison of different approaches to factor definitions thus shows two different underlying 
philosophies. One is to avoid creating a mismatch with academic factors. This can be achieved easily 
by referring to indicators for which academic research has provided thorough tests and economic 
explanations, and by refraining from proprietary “tweaks.” The benefit is that this approach creates 
indices that are directly based on the academic groundings of factor investing. It also allows 
investors to understand the return drivers of the indices, and make sure that the rationale and 
empirical evidence of such drivers has been confirmed in vastly scrutinised and independent 
academic research. That is the choice that EDHEC-Risk Institute made for the Scientific Beta smart 
factor indices. 

Another approach is to try to improve upon the academic consensus through tweaked proprietary 
definitions. When using novel or proprietary factors, one needs to make sure that they are 
thoroughly tested (i.e. tested with very long-term data, across asset classes, for robustness to data-
mining and to transaction costs) as well as linked to economic mechanisms. In contrast to academic 
factor definitions which have survived such analyses, the same amount of scrutiny has not 
necessarily been applied to proprietary tweaks, which carry the risk of being driven by marketing 
innovation rather than by genuine research advances. Therefore, investors should hold providers of 
proprietary factors to higher standards and conduct thorough due diligence on the soundness of 
their particular definitions. 

3.3 More data-mining risk: over-fitting bias with composite scores
While the selection bias potentially exists for any strategy, there is an additional bias that is specific 
to so-called composite scoring approaches. These are factor definitions which draw on combinations 
of multiple variables. A recent paper by Novy-Marx (2015) analyses the bias inherent in back-tests 
of composite scoring approaches3. Novy-Marx argues that the use of composite variables in the 
design and testing of smart beta strategies yields a “particular pernicious form of data-snooping 
bias.” He shows that creating a composite variable based on the in-sample performance of single 
variable strategies generates an over-fitting bias. To make matters worse, this over-fitting bias 
interacts with the selection bias. The presence of both biases in composite variable smart beta 
strategies increases the data-mining problems exponentially.

Novy-Marx analyses the bias occurring in an analysis of back-tested performance by considering 
strategies that combine random signals. The results show that combining signals that happened to 
perform well in the past leads to even better past performance. Given that signals are uninformative 
by construction, the past performance of these composite strategies of course does not imply any 
capacity to generate performance out of sample. The author concludes that “combining signals 
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that back-test positively can yield impressive back-tested results, even when none of the signals 
employed to construct the composite signal has real power.” 

The analysis also underlines the severity of the overall bias in composite scoring approaches 
where the selection bias and over-fitting bias interact. Novy-Marx finds that a back-test based 
on composite scoring using the “best k of n” variables, is almost as biased as a back-test of a 
strategy where one selects the single variable that had the best performance of n to the power 
of k candidate variables. For example, using a composite score where one selects three variables 
out of six candidate variables is as biased as selecting with hindsight a single variable from 216 (6 
to the power of 3) candidate variables. Likewise, selecting a composite of five variables out of ten 
based on back-tested performance is almost as bad as selecting a single variable among 100,000 
(10 to the power of 5) candidate variables. This result underlines that the use of composite scores 
may lead to severe data-snooping bias. As the author concludes, by “combining spurious, marginal 
signals, it is easy to generate back-tested performance that looks impressive.”

A simple reason for why composite scores may be more prone to generating biased results is that 
a composite variable requires more inputs and thus increases the number of possible choices. 
There seems to be wide ranging awareness that composite strategies, by having more inputs, will 
lead to increased data-mining risk. Pedersen (2015) makes a case against excessive back-testing, 
arguing that “we should discount back-tests more if they have more inputs and have been tweaked 
or optimised more.” Likewise, Ilmanen (2013) states that analysis involving “tweaks in indicator 
specification” is “even more vulnerable to data-mining than is identification of the basic regularities.”

In Exhibit 6 we present examples of composite scores used in the construction of multi-factor 
indices. It is immediately apparent that it is typical for factor index providers to use composite 
scores. For example, and focusing on the definition of Quality, MSCI combines three variables, FTSE 
Russell ups the ante with four metrics and Goldman Sachs mixes no fewer than seven metrics. 

Exhibit 6: Examples of the use of composite scores in the construction of a multi-factor index

Index Composite score

FTSE Russell 1000 Comprehensive The Quality component is a composite of Profitability and Leverage and three individual 
measures make up Profitability

Goldman Sachs Equity Factor Index World Quality metric uses a composite based on Asset Turnover, Liquidity, Return On Assets, 
Operating Cash Flow-to-Assets, Accruals, Gross Margin, Leverage

MSCI Diversified Multiple-Factor The Quality component uses a sector-relative composite based on Return on Equity, 
Earnings Variability, Debt-to-Equity

For investors conducting due diligence on commonly-offered smart beta strategies, it thus appears 
important to investigate not just the back-tested performance but also the underlying data- 
snooping risk, given that both selection bias and over-fitting bias may be present when proprietary 
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composite scores are being used. Moreover, one can argue that back-tests of strategies that do not 
employ complex proprietary scores are naturally more robust and the back-tested performance 
of such strategies needs to be discounted less than that of complex proprietary factor definitions. 
In the next section, we further investigate the biases stemming from methodological choices, in 
particular what happens when a consistent approach may be lacking in the index design.
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As we discussed in the previous sections, a major source of potential data-mining bias that may 
result in overstated back-tested performance is the flexibility offered by the testing of many 
variations in search of the winning one. Such flexibility is obviously increased when a provider 
allows index methodologies to be inconsistent, across indices and/or time.

On the contrary, a very effective mechanism to avoid data-mining is to establish a consistent 
framework for smart beta index creation. Such a framework can limit ad-hoc choices while providing 
the necessary flexibility needed for smart beta index construction. A consistent framework is the 
best safeguard against post-hoc index design, or model mining, i.e. the testing of a large number of 
smart beta strategy variations, and selection of the ones that have good in-sample results. Perhaps 
surprisingly, while most major index providers argue that cap-weighted indices should have a 
consistent set of rules across regions to avoid unintended investment outcomes, consistency is 
often forgotten for factor indices. Below, we draw on several examples of inconsistencies for the 
indices discussed in this article.

4.1 Inconsistency or Consistency Across Factors
An important aspect of a robust methodology in the case of smart beta indices is consistency in 
the design across the indices for different factors. Indeed, it is surprising to see the same provider 
rely on radically different approaches to index construction to establish exposure to different 
factors. It is arguably even more surprising to see indices that were built using widely different 
methodologies being combined into a multi-factor index.

The next table outlines the design framework of the factor-based strategy indices that constitute 
the components of the MSCI Quality Mix index, and compares them to the factor indices used by 
ERI Scientific Beta as components of its multi-factor indices. This exhibit, in essence, compares two 
strikingly different approaches to constructing indices for different factors. While the Scientific 
Beta single factor indices apply the same index construction methodology and thus serve as fairly 
uniform building blocks for the multi-factor index, the underlying indices of the MSCI Quality Mix 
index all follow a different design path.

MSCI employs different stock selection schemes, weighting schemes and risk control options for 
the three different component indices in its “Quality Mix” multi factor index. For example, the 
Value factor index includes all stocks in the universe and reweights them by their value-related 
scores. The Quality factor component takes a different approach and first selects a fixed number of 
stocks with the highest Quality score. A relevant question is why the Value index does not do the 
same and first selects stocks or instead, why the Quality index does not use all stocks and simply 
reweights them by Quality score, to be consistent with the Value component. The third component 
capturing the Low Volatility factor follows yet another methodology. It obtains its Low Volatility 
factor tilt implicitly through a weighting scheme (Minimum Volatility). Again, one wonders why 
the same objective cannot be obtained with a methodology that would be consistent with e.g. the 
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Quality component and simply select and weight stocks by a risk measure for example. It is also 
worth noting that the three indices use different types of constraints on individual stock weights or 
sector weights. Such lack of uniformity in index design across factor indices leads to the question 
of what justifies the differences across factors and how back-tests of indices following such design 
approaches are impacted by data-mining risks.

Exhibit 7: Comparison of consistency in index construction framework between component factor indices used in MSCI multi factor indices and ERI 
Scientific Beta multi factor indices.

Factor Index Stock selection Weighting scheme Risk controls

MSCI Index Methodologies (for Components of Quality Mix Index)

Value 
MSCI USA Value Weighted 

Index
All stocks in CW parent  index 

universe

Value score derived from  
four fundamental metrics, 
adjusted by investability 

factor

None

Low Vol. 
MSCI USA Minimum Volatility 

Index
All stocks in CW parent index 

universe
Optimisation to minimise 

portfolio risk

Sector weight constraints. 
Cap on multiple of market 
cap of individual security

Quality MSCI USA Quality Index
Fixed number of stocks by 
three-metric factor score

Selected stocks weighted by 
product of market cap and 
three-metric quality score

Issuer weights capped at 5%

Scientific Beta Index Methodologies (for Components of SciBeta Multi-Beta Multi-Strategy Index )

Size 
SciBeta USA Mid Cap Div. 

Multi-Strategy Index

Half the stocks in the 
universe by relevant single-

metric factor score

Same weighting scheme for 
selected stocks (Diversified 
Multi-Strategy by default)

Cap on multiple of market 
cap and weight of individual 

securities

Value 
SciBeta USA Value Div. 
Multi-Strategy Index

Mom. 
SciBeta USA High 

Momentum Div. Multi-
Strategy Index

Low Vol. 
SciBeta USA Low Volatility 
Div. Multi-Strategy Index

			 
We can also see from the previous exhibit that Scientific Beta follows a dramatically different 
approach by using a consistent methodology across each of the four component indices of its multi 
factor index, containing four main rewarded factors. The implication of such consistency is that the 
number of potential variations that may have been tested is limited by construction.

Such an approach aligns with common sense recommendations to avoid the pitfalls of data-
snooping. For example, Lo (1994) argued that we need “some kind of framework to limit the number 
of possibilities that we search over.”

4.2 Inconsistency Across Time
Data-mining risks are further exacerbated by inconsistencies among index offerings across 
time. If providers change their mind frequently on what a good proxy for a given factor is, this 
inevitably increases the flexibility of index design and increases the potential to show inflated 
back-test performance. If providers launch new and enhanced versions of indices for the same 
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4 - Please refer to “Deploying Multi-Factor Index Allocations in Institutional Portfolios,” Research Insight, MSCI, December 2013 and “The MSCI Diversified 
Multi-Factor Indexes - Maximizing Factor Exposure While Controlling Volatility,” Research Insight, MSCI, May 2015.

factor to replace old indices capturing the same factor, one may ask whether that new version was 
engineered to produce a simulated track record that would distract from the poor live performance 
of the erstwhile flagship product, which if correct would not bode well for the robustness of the 
new product's performance.

To show an example of changes in methodology over time, Exhibit 8 contrasts the factor definitions 
used for implementing the MSCI multi-factor approach as described in 2013 and 20154. These 
single factor definitions are relevant in the design of two of the multi factor indices we analyse in 
this document.

The MSCI Quality Mix index is an equal-weighted index of three single factor indices targeting the 
Value, Low Volatility and Quality factors respectively. The component indices of the MSCI Quality 
Mix index for the Value and Quality factors follow the 2013 definitions, outlined in the table below. 
On the other hand, the optimisation-based MSCI Diversified Multi Factor index, targeting the Value, 
Quality, Size and Momentum factors, currently uses the four factor definitions from 2015.

It appears indeed that the 2015 factor definitions are at odds with earlier single- and multi-factor 
offerings. For example, in the MSCI Quality Mix index, the Value component is a fundamentally-
weighted index aggregating book value, sales, earnings and cash earnings, and the Quality 
component is not sector relative and winsorised. In MSCI's Diversified Multi Factor index, the Value 
score is a sector-neutral composite score based on earnings-to-price, book-to-market and cash flow 
to enterprise value.

Exhibit 8: Inconsistency in factor definitions among MSCI Multi-Factor indices over time
This exhibit shows the difference between the definitions of factors used by MSCI in their “Deploying Multi Factor Allocations” White Paper (2013) and 
the definitions for the same factors used in creating the MSCI Diversified Multiple-Factor index (2015).

Scoring Adjustments

2013 2015 2013 2015

Value

Sales, book value, 
earnings and cash 

earnings

Price-to-book value, price-to-forward 
earnings and enterprise value-to-cash 

flow from operations
No sector control Sector-relative scoring

Past 3 year 
average values

Current values

Simple average 
across variables

Average of z-score for each variable

Quality
Return on equity, 

debt-to-equity and 
earnings variability

Return on Equity, Debt-to-Equity 
and Earnings Variability

No sector control Sector-relative scoring

Size None

Negative of the exposure from the 
Barra Equity Model: Barra uses a  

z-score based on the logarithm of the 
market cap of the relevant firm

Country control 
(the Barra descriptor is on 
a country-relative basis)

Momentum
12-month and 6-month 
local price performance

Exposure from the Barra Equity Model 
based on 12-month relative strength 

(25% weight), 6-month relative 
strength (37.5% weight), historical 

alpha (37.5% weight).

Momentum score is 
risk-adjusted

No explicit risk adjustment 
(use of Barra exposure)
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5 - None of which is consistent with the definition used in MSCI's oldest Value index, aptly named Value index, which is based on a composite of book value-
to-price, 12-month forward earnings to price and dividend yield.

Therefore, it appears that two multi-factor indices launched at different points in time by the same 
provider use different definitions of the Value factor5. This may be surprising, especially for the 
Value component, as Value seems to be among the most standard factors. Just like inconsistencies 
across factors open the room for a large number of variations in index design, it is clear that 
inconsistencies over time further increase such flexibility.

Such inconsistency across time is however widely present among index offerings. Amenc et al. 
(2015) emphasise that “Russell launched new factor indices to create a new brand known as ‘High 
Efficiency’ (HE) indices when it already had the following factor indices in the market – Russell 1000 
High Momentum, Russell 1000 Low Volatility and Russell 1000 Value. The new indices have the same 
objective as the old ones but different construction principles.” Interestingly, these “high efficiency” 
factor indices have since been abandoned by the provider for most of the factors and replaced 
by yet another suite of factor indices for the same factors using yet another methodology. It thus 
appears that inconsistency over time is all but day-to-day business for index providers.
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An important issue that can be easily neglected when constructing a multi-factor index is 
diversification. Positive exposure to rewarded factors is obviously a strong and useful contributor 
to expected returns. However, products that aim to capture explicit risk-factor tilts often neglect 
adequate diversification. This is a serious issue because diversification has been described as the 
only “free lunch” in finance. Diversification allows a given exposure to be captured with the lowest 
level of risk required. In contrast, gaining factor exposures exposes investors to additional types 
of risk, and therefore, such exposures do not constitute a “free lunch.” They instead constitute 
compensation for risk in the form of systematic factor exposures. Such capturing of risk premia 
associated with systematic factors is attractive for investors who can accept the systematic risk 
exposure in return for commensurate compensation.

However, factor-tilted strategies, when they are very concentrated, may also take on other, non-
rewarded, risks. Non-rewarded risks come in the form of idiosyncratic or firm-level risk, as well 
as potential risk for sector concentration, currency, sovereign or commodities risk exposure, etc. 
Financial theory does not provide any reason why such risk should be rewarded. Therefore, a 
sensible approach to factor investing should not only look at obtaining a factor tilt, but also at 
achieving proper diversification within that factor tilt. To illustrate this point, we focus on the value 
factor as an example below, but the discussion carries over to other factors as well. 

In fact, if the objective was to obtain the most pronounced value tilt, for example, the only 
unleveraged long-only strategy that corresponds to this objective is to hold 100% in a single stock, 
the one with the largest value tilt, as measured for example by its estimated sensitivity to the value 
factor or its book-to-market ratio. This thought experiment clearly shows that the objective of 
maximising the strength of a factor tilt is not reasonable. Moreover, this extreme case of a strong 
factor tilt indicates what the potential issues with highly concentrated factor indices are. Even if the 
appropriateness of such an approach had been established, any Value premium so captured would 
necessarily come with a large amount of idiosyncratic risk. This risk is not rewarded and therefore 
we should not expect the strategy to lead to an attractive risk-adjusted return. Additionally, it 
is unlikely that the same stock will persistently have the highest value exposure within a given 
investment universe. Therefore, a periodically-rebalanced factor index with such an extreme level 
of concentration is likely to generate 100% one-way turnover at each rebalancing date, as the stock 
held previously in the strategy is replaced with a new stock that displays the highest value exposure 
at the rebalancing date. While practical implementations of concentrated factor-tilted indices will 
be less extreme than this example, we can expect problems with high levels of idiosyncratic risk 
and high levels of turnover whenever index construction focuses too much on concentration and 
pays too little attention to diversification. This goes for both single-tilt and multi-factor indices. In 
the next sub-sections, we discuss concentration in the context of different approaches to designing 
multi factor indices.

5. Concentrated Indices and Stock-Level Optimisation



5.1 Top-down approaches
One of the possible ways to construct a multi-factor index is to combine different single factor 
indices. Among the indices we analyse in this article, this is the approach chosen by Scientific Beta 
and is also the chosen methodology of the MSCI Quality Mix index.

For such combinations of single factor indices, there will of course be a certain level of 
deconcentration resulting from the fact that different indices are combined. However, a relevant 
question is whether such multi-factor indices are constructed using well-diversified building 
blocks.

Amenc et al. (2016) show that well-diversified factor indices which pursue a diversification 
objective through an alternative weighting scheme based on a relatively broad stock selection 
provide considerable benefits over more concentrated single factor indices. Their results suggest 
that well-diversified factor portfolios or indices outperform their highly-concentrated counterparts 
in terms of risk-adjusted performance, because concentrated factors may be highly exposed to 
unrewarded factors. In addition, they show that factor-tilted portfolios on narrow stock selections 
present implementation drawbacks such as higher turnover.

The Scientific Beta multi factor indices that are part of our analysis use well-diversified factor indices 
as building blocks. These single factor indices are also termed “smart factor indices” (see Amenc et 
al. (2014)). In this approach, each single factor index is well-diversified and multi-factor allocation 
across several such indices additionally smoothes returns over factor cycles.

On the other hand, looking at the MSCI Quality mix index from a conceptual perspective, we 
can observe that the index does not have an explicit diversification objective which may lead to 
concentration, depending on the specific parameters used for weighting and stock selection. The 
index involves simple market-cap weighting adjusted by quality scores (in its quality component), 
weighting by firm fundamentals (in its value component, which uses their value-weighted 
approach) and an approach that is notorious for producing high concentration (to establish its 
low-volatility exposure) and therefore may end up being at least as concentrated as cap-weighted 
approaches.

5.2 Bottom-up approaches
Concentration may also arise in multi-factor indexing methodologies which, rather than combining 
single factor indices, actually build multi-factor indices from the stock level up. If the methodology 
targets exposure to stocks with the highest composite multi-factor score for example, concentration 
may be expected quite naturally as a result of the objective of strong multi-factor exposure. If the 
stock-level information on factor scores is integrated in an optimisation approach, concentration 
issues may be exacerbated.
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The optimisation approach is for example followed by the MSCI Diversified Multiple-Factor index. 
This index maximises the ratio of a weighted average composite multi-factor score to portfolio 
volatility, which corresponds to mean-variance optimisation when stock-level expected returns are 
proxied by the composite factor score.

As a result of such an optimisation, one may observe high levels of concentration. Indeed, it is 
interesting to note that MSCI report that their MSCI World Diversified Multi-Factor index (where 
the top 10 stocks account for 14.5% of the index capitalisation at the end of June 2016) is more 
concentrated than the broad capitalisation-weighted MSCI World index (where the Top 10 stocks 
account for 10.08% of the total index capitalisation).

More generally, methodologies that optimise on the basis of stock-level factor scores as proxies for 
expected returns may result in high levels of concentration if suitable deconcentration mechanisms 
are not included in the methodology. One may end up with a portfolio with high weighted-average 
factor scores, but also high idiosyncratic risk.

As an example of high idiosyncratic risk, consider the following case study analysing the exposure 
of the European version of the MSCI index, the MSCI Europe Diversified Multiple-Factor index, to 
Volkswagen AG. Exhibit 9, taken from Amenc, Sivasubramanian and Ulahel (2015), shows that, at 
the time when the emissions scandal erupted, the MSCI Europe Diversified Multiple-Factor index 
was very strongly exposed to the risk of Volkswagen AG stock. This poor diversification of the 
specific risks led to the MSCI index considerably underperforming the SciBeta Extended Europe 
Multi-Beta Multi-Strategy EW index.

The table shows that the MSCI Europe Diversified Multiple-Factor index contained roughly 16 times 
more Volkswagen AG stock than the Scientific Beta Extended Europe Multi-Beta Multi-Strategy EW 
index, with respective weights of 0.05% and 0.80% as of 31 August, 2015. Similarly, the MSCI multi-
factor index overweighted Volkswagen stock more than twice with respect to the reference cap-
weighted Stoxx Europe 600 index, with a 0.80% weight compared to 0.35% in the reference index.

Exhibit 9: Impact of Volkswagen Scandal on Stoxx Europe 600 vs. SciBeta Extended Europe Multi-Beta Multi-Strategy EW Index and the MSCI Europe 
Diversified Multiple-Factor Index, taken from Amenc, Sivasubramanian and Ulahel (2015)
Analysis is based on weekly total returns in USD from 31-Aug-2015 to 30-Sep-2015 on the Extended Europe Universe. The SciBeta Extended Europe 
Multi-Beta Multi-Strategy EW index is the equal-weighted combination of the four factor-tilted multi-strategy indices – Mid Cap, High Momentum, 
Low Volatility and Value. Each factor-tilted multi-strategy index selects 50% of stocks from the universe based on the factor score. The multi-strategy 
weighting scheme is the equal-weighted combination of 5 weighting schemes: Maximum Deconcentration, Maximum Decorrelation, Efficient 
Minimum Volatility, Efficient Maximum Sharpe Ratio and Diversified Risk Weighted. Each factor-tilted score-weighted index selects 50% of stocks 
from the universe based on the factor score.

31-Aug-2015 - 30-Sep-2015 Performance and Weight Analysis

Stoxx Europe 600
SciBeta Extended Europe Multi-

Beta Multi-Strategy EW
MSCI Europe Diversified 

Multiple-Factor Index

Volkswagen AG Weights 
as of 31-Aug-2015

0.35% 0.05% 0.80%

Active Weights -0.30% 0.45%

Cumulative Returns -4.41% -2.94% -3.82%

Attributable to Volkswagen AG -0.15% -0.02% -0.34%

Cumulative Excess Returns - 1.47% 0.59%

Attributable to Volkswagen AG 0.13% -0.19%
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Ultimately, the MSCI Europe Diversified Multiple-Factor Index underperformed the SciBeta 
Extended Europe Multi-Beta Multi-Strategy EW index by 88 basis points, with excess returns relative 
to the Stoxx Europe 600 index for the month of September 2015 of 0.59% compared to 1.47% for 
the SciBeta Extended Europe Multi-Beta Multi-Strategy EW index. The analysis of the Volkswagen 
case also provides a good understanding of how the search for strong factor exposure can lead to 
overconcentration in a particular stock.

Another example of possible concentration issues that may arise when working from the bottom 
up as well as using the previously discussed composite scores is the so-called “tilt-tilt” methodology 
employed by the FTSE Russell Comprehensive indices. These indices multiply several factor scores 
for each stock and combine them with market cap weights to arrive at a final stock weight in the 
index. The multiplicative scoring across factors means that stocks will be overweight not necessarily 
when they have high average exposure to the different factors but rather when they have positive 
exposure to each and every factor. This approach thus incorporates the idea of looking for champion 
stocks which rank well according to all factor attributes for several factors at the same time. 

In the next exhibit we compare the Scientific Beta Multi-Beta Multi-Strategy Six-Factor EW index 
(a top-down index based on well-diversified single-tilt building blocks) with a stylised bottom-up 
test portfolio using a multiplicative scoring methodology to adjust market cap weights by a multi-
factor score. This strategy, which we call the Multiplicative Scoring Strategy, uses a composite factor 
score for six factors – lower Size, positive Momentum, Low Volatility, Value, Low Investment and 
High Profitability. The composite is based on multiplying the s-scores for each factor and adjusting 
the market cap-weights by this multiplicative score. The table, analysing a period of 40 years in 
the USA, shows the risk-adjusted performance of the two indices as well as interesting weight-
related measures such as turnover and effective number of stocks. The effective number of stocks, 
calculated as the inverse of the sum of squared stock weights, is a good measure of diversification 
and allows the concentration levels of the portfolios to be compared.

Exhibit 10: Example of concentration of composite factor index
The time period of analysis is 31-Dec-1974 to 31-Dec-2014 (40 years). The composite factor index is constructed by multiplying the s-score for the six 
factors – size, momentum, low volatility, value, low investment, and high profitability – for each individual stock and then combining this composite 
factor score with the market cap to arrive at final weights. This composite factor index is rebalanced annually and is constructed using a US stock 
universe that contains the 500 largest stocks by total market capitalisation. The analysis is done using total returns in USD. The yield on secondary 
market US Treasury Bills (3M) is the risk-free rate. Scientific Beta US Long-Term Track records are used to obtain the Scientific Beta LTTR Multi-Beta 
Multi-Strategy Six-Factor EW index as well as the cap-weighted benchmark. Effective number of stocks is given by the inverse of the sum of squared 
constituent weights. The reported turnover and effective number of stocks is an average across the time period of analysis.

31-Dec-1974 to 31-Dec-2014 Multiplicative Scoring Strategy SciBeta Long-Term United States Multi-Beta Multi-Strategy Six-Factor EW

Annualised Return 15.64% 16.01%

Volatility 15.22% 15.52%

Sharpe Ratio 0.69 0.70

Relative Returns 3.48% 3.85%

Tracking Error 5.22% 4.73%

Information Ratio 0.67 0.81

Annualised One-Way Turnover 34.82% 25.03%

Weighted Average Market Cap (M$) 11,653 11,607

Effective Number of Stocks 170 345
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Comparing the effective number of stocks between the Multiplicative Scoring Strategy and the 
Scientific Beta multi-factor index, we learn that the levels of diversification are quite different. 
Indeed, Scientific Beta’s multi-factor index has more than twice the effective number of stocks 
compared to the Multiplicative Scoring Strategy, with 345 versus 170. Apart from the concentration 
in fewer stocks, the Multiplicative Scoring Strategy also experienced higher turnover. 

As the performance metrics reveal, the composite multiplicative factor scoring approach did not 
produce better risk-adjusted performance, with an information ratio of 0.67 lagging behind 0.81 for 
the Scientific Beta index.

In addition to concentration, stock level approaches contain further issues which we turn to now. 

When using multi-factor scores in portfolio optimisation, it should not be forgotten that the 
score is ultimately used as a proxy for expected returns. It is well known for example that mean-
variance optimisation that integrates expected returns can result in an “error maximisation exercise” 
since expected return are hard to estimate at the individual stock level, and since mean-variance 
optimisers are very sensitive to estimation error for expected returns (Best and Grauer, 1991).

Achieving high absolute factor scores at the portfolio level by concentrating on picking champion 
stocks that score highly on all targeted factor dimensions is probably intuitively attractive but 
it is predicated on a high-precision relationship between factor scores and returns at the stock-
level.  There is no question that factor investing is motivated by an attempt to capture higher 
long-term returns through the right risk exposures. However, return estimation at the stock level is 
notoriously difficult. Black (1993) distinguishes between explaining returns, which is easy because 
it is really explaining variance, and predicting returns, which is hard. He contends that the accurate 
estimation of average expected return requires decades of data. For variance, he notes, “We can use 
daily (or more frequent) data to estimate covariances. Our estimates are accurate enough that we 
can see the covariances change through time.” To estimate expected returns, on the other hand he 
writes “Daily data hardly help at all.” and “We need such a long period to estimate the average that 
we have little hope of seeing changes in expected return.” These observations are consistent with 
the unavoidable statistical fact that estimators of risks are convergent/consistent (the more data 
points the more precise the estimation) while estimators of returns are non-convergent/consistent 
(the frequency of observation does not help, only the length of time does), as underlined in the 
first appendix to Merton (1980).

The search for champion stocks as measured by their factor scores is a stock-picking exercise that 
relies implicitly but heavily on the accuracy of expected return predictions. As alpha envy appears 
to contaminate smart beta and factor investing, it is important to pause and remember that it 
is precisely the lack of persistent success in stock picking that has led an increasing number of 
institutional investors to shift towards passive strategies and that it is the realisation that the bulk 
of the performance of active management programmes comes from exposure to well-documented 
systematic factors that has reignited the interest in factor-based investing.
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Attempting to improve stock-level return forecasts, even when this is done with the support of a 
factor model, is a largely futile exercise. This should probably remain the preserve of professional 
stock pickers. If efforts are to be made to improve the adjusted returns of factor investing, it is more 
on the risk dimension side, where we can rely on sixty years of progress in financial econometrics 
to estimate convergent estimators of volatilities and covariances. 

When academics have tested standard factors, they have done so by running portfolio sorts, and 
assessing return differences at the portfolio level, not by assessing returns at the stock level. For 
example, they have observed that, on average, value stocks tend to have higher returns than growth 
stocks over the long-term. If one now tries to design strategies based on very fine distinctions at the 
stock level, such relations may be drowned in noise. More generally, making very fine distinctions 
at the stock level is prone to capturing estimation error. 

Indeed, an implication of the “error maximisation” issue is that stock-level optimisation, which 
considers expected returns (or, equivalently, composite factor exposures), will not only be highly 
concentrated in a few stocks, but will actually tend to assign the highest weights to the stocks with 
the highest estimation errors. We should underline that optimisation-based smart beta strategies 
(such as minimum volatility, equal-risk contribution etc.) had avoided using direct estimates of 
expected returns in optimisation precisely because it is well known that this leads to the error 
maximisation problem.

Thus any stock-level approach needs to be handled with care and one needs to assess whether 
suitable mechanisms have been built in to achieve robustness.

Furthermore, optimisation-based approaches frequently come with stringent constraints attached. 
These constraints are intended to avoid extreme solutions and produce more acceptable portfolios. 
This not only reveals a guarded faith in optimisation, but also creates model mining risks as the 
solution may end up being primarily driven by the constraints and not the objective. Furthermore, 
it is not clear how sensitive the strategy is to such constraints. Last but not least, there may be 
provisions in the ground rules that allow the optimiser to be changed, thus potentially introducing 
discretion into a supposedly rules-based design.
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The offerings in the area of multi-factor indices are multiplying rapidly and investors have to assess 
how such indices match their investment needs. Given that most products have been launched 
recently, analysis of risk and performance is mostly limited to back-tested data. Therefore, the 
methodological principles behind index construction should become a key area of attention in the 
assessment of these indices. Analysing robustness requires an assessment of index design principles 
and the conceptual considerations underlying index design. Our brief review of offerings aims to 
shed light on several issues such as complex proprietary factor definitions, potential inconsistencies 
in methodologies, and concentration issues.

We have discussed the all-important issues of data-mining, which can present real problems in 
many cases. The proprietary factor definitions and the use of composite scores in index construction 
may lead to overstated back-tested performance. This is of major interest to investors as the new 
index products are mostly being sold on the strength of good back-tested performance. However, 
flexibility in design choices and the ability to test many variations of factor definitions and portfolio 
construction models can severely bias any historical simulation. In addition, we have argued 
about the importance of consistency in index design. The lack of a well-defined methodological 
framework, or frequent changes to it, increases the amount of flexibility that providers have and 
thus potentially biases the historical tests further. Similarly, uniformity and consistency across the 
various index offerings is a surprisingly overlooked aspect of index design. 

We also compared the top-down and bottom-up approaches to multi-factor index construction 
and found that concentration could arise in many scenarios, thus exposing investors to undesired 
idiosyncratic risks. Diversification has been described as the only “free lunch” in finance and 
unwanted concentration does not do much more than erode it.

In principle, multi-factor indices aim at a common goal – outperforming cap-weighted benchmarks 
by providing exposure to multiple rewarded factors. As discussed here, the ways to do this are 
nonetheless quite diverse. A key consideration for investors is how robust the performance presented 
in back-tests is expected to be. Highly parameterised approaches naturally contain higher risks of 
overstated back-test performance than more parsimonious index design methods. In particular, 
since the bottom-up approach is more flexible, it can more easily fall prey to data-mining. It is always 
possible to find a combination of factor definitions, multi-factor scoring and weighting schemes 
that will select the right stocks in sample. In-sample over-fitting, however, would lead to disappointing 
out-of-sample performance. In terms of due diligence, the bar on innovative bottom-up methods 
should be set higher than for classic top-down approaches, and investors would be well advised to 
ask for live track records of a significant length when a provider shows a lot of creativity.

There is no doubt that more elaboration on factor definitions and the use of more granular stock-
level information allow the data to be fitted better and help to produce back-tests that suggest 
superior performance, but the ultimate question investors should ask is that of the robustness of 
the advertised index performance in live conditions.
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EDHEC-Risk Institute set up ERI Scientific Beta in December 2012 as part of its policy of transferring 
know-how to the industry. ERI Scientific Beta is an original initiative which aims to favour the adoption 
of the latest advances in “smart beta” design and implementation by the whole investment industry. 
Its academic origin provides the foundation for its strategy: offer, in the best economic conditions 
possible, the smart beta solutions that are most proven scientifically with full transparency of both 
the methods and the associated risks. Smart beta is an approach that deviates from the default 
solution for indexing or benchmarking of using market capitalisation as the sole criterion for 
weighting and constituent selection.

EDHEC-Risk Institute considers that new forms of indices represent a major opportunity to put into 
practice the results of the considerable research efforts conducted over the last 30 years on portfolio 
construction. Although these new benchmarks may constitute better investment references than 
poorly-diversified cap-weighted indices, they nevertheless expose investors to new systematic and 
specific risk factors related to the portfolio construction model selected. 

Consistent with a full control of the risks of investment in smart beta benchmarks, ERI Scientific Beta 
not only provides exhaustive information on the construction methods of these new benchmarks 
but also enables investors to conduct the most advanced analyses of the risks of the indices in the 
best possible economic conditions. 

Lastly, within the context of a Smart Beta 2.0 approach, ERI Scientific Beta provides the opportunity 
for investors not only to measure the risks of smart beta indices, but also to choose and manage 
them. This new aspect in the construction of smart beta indices has led ERI Scientific Beta to build 
the most extensive smart beta benchmarks platform available which currently provides access to 
3,817 smart beta indices.
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Disclaimer
Copyright © 2016 ERI Scientific Beta. All rights reserved. Scientific Beta is a registered trademark 
licensed to EDHEC Risk Institute Asia Ltd (“ERIA”). All information provided by ERIA is impersonal and 
not tailored to the needs of any person, entity or group of persons. Past performance of an index is 
not a guarantee of future results.

This material, and all the information contained in it (the “information”), have been prepared by ERIA 
solely for informational purposes, are not a recommendation to participate in any particular trading 
strategy and should not be considered as an investment advice or an offer to sell or buy securities. The 
information shall not be used for any unlawful or unauthorised purposes. The information is provided 
on an "as is" basis. Although ERIA shall obtain information from sources which ERIA considers reliable, 
neither ERIA nor its information providers involved in, or related to, compiling, computing or creating 
the information (collectively, the "ERIA Parties") guarantees the accuracy and/or the completeness 
of any of this information. None of the ERIA Parties makes any representation or warranty, express 
or implied, as to the results to be obtained by any person or entity from any use of this information, 
and the user of this information assumes the entire risk of any use made of this information. None 
of the ERIA Parties makes any express or implied warranties, and the ERIA Parties hereby expressly 
disclaim all implied warranties (including, without limitation, any implied warranties of accuracy, 
completeness, timeliness, sequence, currentness, merchantability, quality or fitness for a particular 
purpose) with respect to any of this information. Without limiting any of the foregoing, in no event 
shall any of the ERIA Parties have any liability for any direct, indirect, special, punitive, consequential 
or any other damages (including lost profits) even if notified of the possibility of such damages. All 
Scientific Beta indices and data are the exclusive property of ERIA.

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. In many cases, hypothetical, back-tested results were achieved by means of 
the retroactive application of a simulation model and, as such, the corresponding results have inherent 
limitations. The index returns shown do not represent the results of actual trading of investable 
assets/securities. ERIA maintains the index and calculates the index levels and performance shown 
or discussed, but does not manage actual assets. Index returns do not reflect payment of any sales 
charges or fees an investor may pay to purchase the securities underlying the index or investment 
funds that are intended to track the performance of the index. The imposition of these fees and 
charges would cause actual and back-tested performance of the securities/fund to be lower than the 
index performance shown. Back-tested performance may not reflect the impact that any material 
market or economic factors might have had on the advisor’s management of actual client assets.

The information may be used to create works such as charts and reports. Limited extracts of information 
and/or data derived from the information may be distributed or redistributed provided this is done 
infrequently in a non-systematic manner. The information may be used within the framework of 
investment activities provided that it is not done in connection with the marketing or promotion of 
any financial instrument or investment product that makes any explicit reference to the trademarks 
licensed to ERIA (ERI SCIENTIFIC BETA, SCIENTIFIC BETA, SCIBETA, EDHEC RISK and any other trademarks 
licensed to ERIA) and that is based on, or seeks to match, the performance of the whole, or any part, 
of a Scientific Beta index. Such use requires that the Subscriber first enters into a separate license 
agreement with ERIA. The information may not be used to verify or correct other data or information 
from other sources.
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