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INTRODUCTION

t is a great pleasure to introduce the latest issue of the Research
for Institutional Money Management supplement in Pensions &
Investments. 

Current smart-beta investment approaches provide only a
partial answer to the shortcomings of capitalization-weighted

indexes. We introduce smart factor investing. We address the two main
shortcomings of cap-weighted indexes: undesirable factor exposures and
heavy concentration, constructing factor indexes that explicitly seek ex-
posures to rewarded risk factors while diversifying away unrewarded risks.
The results suggest that smart factor indexes lead to considerable im-
provements in risk-adjusted performance. These smart factor indexes are
not the end point, but the starting point, for investing in equities in a smart
way. Constructing smart-beta allocation solutions while respecting risk ob-
jectives can be expressed in absolute or relative terms. 

Risk allocation with smart factor indexes is examined in a case study
with factor exposure constraints. It is possible to perform risk parity in the
long-only world, to have an exposure that is equal in terms of risk factors
rewarded over the long term without necessarily having pure or orthogo-
nal factors that are impossible to obtain in the long-only space. This is im-
portant when, under the pretext of purity, investors choose excessively
concentrated factor indexes that contribute neither purity nor diversifica-
tion and therefore have a fairly low risk-adjusted return. Our argument is
that by using well diversified investible proxies for each factor (the Scien-
tific Beta smart factor indexes), it is possible to implement high-perfor-
mance allocation among these indexes, while respecting factor-risk parity
constraints. The first two articles provide solutions that have been the sub-
ject of extensive research conducted by EDHEC-Risk Institute with the sup-
port of Amundi ETF & Indexing.

A question that all investors raise with an innovative solution is its in-
vestibility. The object of the fourth article is to describe how to ensure the
investibility of smart-beta indexes by managing turnover control and ca-
pacity constraints. Investors in smart-beta indexes require access to solu-
tions where implementation costs and liquidity risks are thoroughly
considered.  The  smart-beta index turnover and capacity constraints need
to be carefully handled through the construction of the index.

The results presented in this supplement are sufficiently impressive
for investors to question their robustness. We examine their robustness in
two ways. Relative robustness, which corresponds to the capacity for a
smart-beta index exposed to clearly identified systematic risk factors to
be always exposed to the same outperformance compared to the return
given by the market for that, or those, factor(s). Relative robustness can
be improved by reducing all sources of unrewarded risks with the use of
a consistent framework, robust parameter estimation techniques, weight
constraints, and diversification of strategy-specific risk. Second, absolute
robustness, raises the question of the capacity of the smart-beta index to
outperform the market whatever the time period or, more specifically,
whatever the market regimes or returns associated with a systematic risk
factor. Robustness can be achieved through allocating across several re-
warded factors. Our results show that single factor indexes have a high
degree of relative robustness, but they are not robust in absolute terms.
Multi-beta allocations, on the other hand, are robust in absolute terms.

We provide a brief overview of equity factor index offerings from
major index providers. Factor indexes provide explicit exposure to a com-
mon risk factor  in order to achieve its long-term risk premia. 

In the area of infrastructure, benchmarking long-term investments has
become a requisite for matching the supply and demand of long-term
capital, improving asset allocation outcomes for investors and supporting
economic development. In our article, we propose steps needed to create
benchmarks for long-term infrastructure investments and discuss how
they can be implemented.

We hope you will find the articles in the supplement informative and
relevant. We extend warm thanks to our friends at P&I for their collabora-
tion on the supplement. 

I
Noël Amenc
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urrent smart-beta investment approaches
provide only a partial answer to the
shortcomings of capitalization-weighted
(cap-weighted) indexes. A new approach
to equity investing, referred to as smart
factor investing, provides an assessment
of the benefits of addressing simultane-

ously the two main shortcomings of cap-weighted indexes:
their undesirable factor exposures and their heavy concentra-
tion.  It constructs factor indexes that explicitly seek exposures
to rewarded risk factors, while diversifying away unrewarded
risks. The results we obtain suggest that such smart factor in-
dexes lead to considerable improvements in risk-adjusted
performance.

For long-term U.S. data, smart factor indexes for a range
of factor tilts roughly double the Sharpe ratio of the broad
cap-weighted index. Outperformance of such indexes persists
at levels ranging from 2.92% to 4.46%, even when assuming
unrealistically high transaction costs. Moreover, by providing
explicit tilts to consensual factors, such indexes improve upon
many current smart-beta offerings where factor tilts often re-
sult as unintended consequences of ad hoc methodologies.
In fact, our research shows that by using consensual results
from asset pricing theory concerning both the existence of
factor premia and the importance of diversification, it is pos-
sible to go beyond existing smart-beta approaches that pro-
vide partial solutions by addressing only one of these issues.

Designing efficient and investible proxies for risk premia
Four well-known rewarded factors  are the  size and  value

factors (Fama and French, 1993), the momentum factor
(Carhart, 1997) and the low volatility factor (Ang, et al., 2006,
2009). For each rewarded factor, we introduce a correspon-
ding smart factor index, which can be regarded as an efficient
investible proxy for a given risk premium.  A risk premium can
be thought of as a combination of a risk (exposure) and a pre-
mium (to be earned from the risk exposure). Smart factor in-
dexes have been precisely engineered to achieve a
pronounced factor tilt based on the stock selection procedure
(relevant risk exposure), as well as the high Sharpe ratio that
comes from the efficient diversification of unrewarded risks
related to individual stocks (fair reward for the risk exposure).
The access to the fair reward for the given risk exposure is ob-
tained not from a concentrated cap-weighted portfolio, but
through a well-diversified, or smart-weighted, portfolio of se-
lected stocks  that ensure that the largest possible fraction of
individual stocks' unrewarded risks is eliminated.

A standard cap-weighted index typically implies an inef-
ficient set of factor exposures and an excess of unrewarded
risk. The results in Exhibit 1 confirm that the combination of
relevant security selection and appropriate weighting
schemes in a two-step process leads to substantial improve-
ments in risk-adjusted performance. 

On the one hand, starting with a focus on the systematic
risk exposure, we find that a higher Sharpe ratio can be
achieved with the same weighting scheme, here a cap-
weighting scheme, for stocks selected on the basis of their
loadings on the value, size, momentum and low volatility fac-
tors, compared to the ratio achieved when the full universe is
held in the form of a cap-weighted portfolio.

The results we obtain, reported in Exhibit 1, show that

while the Sharpe ratio of the cap-weighted index is 0.24 on
the sample period, it reaches values as high as 0.39 for a  mid-
cap stock selection, 0.30 for a high momentum stock selec-
tion, 0.29 for a low volatility stock selection or 0.35 for a value
stock selection. These results suggest that a systematic at-
tempt to benefit from equity risk premia above and beyond
broad market exposure leads to additional risk-adjusted per-
formance. It should be noted that substantially higher levels
of maximum drawdown are incurred for the mid-cap and
value selections, confirming that the reward from factor ex-
posure is a compensation for a corresponding increase in risk.
In contrast, high-momentum and low volatility selections lead
to lower levels of maximum drawdown compared to the no
selection case, suggesting that the excess performance
earned on these two factors has, at best, a behavioral expla-
nation, and is not necessarily related to increased riskiness.

On the other hand, shifting to the management of spe-
cific risk exposures, we find that even higher levels of Sharpe
ratio can be achieved for each selected factor exposure
through the use of a well-diversified, equally-weighted com-
bination of  five popular smart weighting schemes.1  Thus, the
Sharpe ratio of the so-called diversified multi-strategy com-
bination reaches 0.52 for  mid-cap stocks, 0.48 for high mo-

mentum stocks, 0.50 for low volatility stocks and 0.54 for
value stocks.

These results suggest that multi-strategy factor-tilted in-
dexes obtain the desired factor tilts without undue concen-
tration. This explains their superior risk-adjusted performance
with respect to the cap-weighted combination of the same
selection of stocks. Overall, it appears that the combined ef-
fects of a rewarded factor exposure ensured by a dedicated
proper security selection process and an efficient harvesting
of the associated premium through improved portfolio diver-
sification leads to a Sharpe ratio improvement of around
100% compared to the broad cap-weighted index.

Risk allocation with smart factor  indexes
Once a series of smart factor indexes have been devel-

oped for various equities, they can be used as attractive build-
ing blocks in the design of an efficient allocation to these
multiple risk premia. 

There are four main dimensions that can be taken in con-
sideration when designing a sophisticated allocation method-
ology (see Exhibit 2). These help to identify and  analyze the
benefits of possible approaches to efficient risk allocation  for
various smart factor indexes.
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1 Diversified  multi-strategy weighting is an equal-weighted combination of the following five weighting schemes – maximum  deconcentration, diversified  risk  weighted,  maximum  decorrelation, efficient  minimum  volatility
and efficient maximum Sharpe ratio (see www.scientificbeta.com for more details).
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EXHIBIT 1

Performance comparison of  U.S. cap- weighted  factor indexes and U.S. multi-strategy  factor indexes.
The exhibit shows the absolute performance, relative performance, and risk indicators for cap-weighted (CW) factor indexes and multi-
strategy factor indexes for four factor tilts: mid-cap, high momentum, low volatility, and value. The complete stock universe consists of
the 500 largest stocks in the U.S. The benchmark is the cap-weighted portfolio of  the full universe. The yield on secondary market U.S.
Treasury  bills (3M) is the risk-free rate. The return-based analysis is based on daily total returns from 12/31/1972 to 12/31/2012 (40
years). All weight-based statistics are average values across 160 quarters (40 years) from 12/31/1972 to 12/31/2012.
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Ann Returns 9.74% 12.54% 14.19% 10.85% 13.30% 10.09% 12.64% 11.78% 14.44%

Ann 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

Historical Daily 5% VaR 1.59% 1.60% 1.50% 1.64% 1.50% 1.42% 1.28% 1.59% 1.47%

Max Drawdown 54.53% 60.13% 58.11% 48.91% 49.00% 50.50% 50.13% 61.20% 58.41%

Ann Excess Returns - 2.80% 4.45% 1.10% 3.56% 0.35% 2.90% 2.04% 4.70%

Ann Tracking Error - 5.99% 6.80% 3.50% 4.88% 4.44% 6.17% 4.74% 5.82%

95% Tracking Error  - 9.39% 11.56% 6.84% 8.58% 9.20% 11.53% 8.72% 10.14%

Information Ratio - 0.47 0.66 0.32 0.73 0.08 0.47 0.43 0.81

C
W

C
W

D
iv

er
si

fie
d

 
M

ul
ti

-s
tr

at
eg

y 

C
W

D
iv

er
si

fie
d

 
M

ul
ti

-s
tr

at
eg

y 

D
iv

er
si

fie
d

 
M

ul
ti

-s
tr

at
eg

y 



The first, and arguably most important, dimension relates
to how the risk is defined. The investor may view the risk from
an absolute perspective in the absence of a benchmark, or
the investor may define the risk in relative terms with respect
to an existing benchmark, which is more often than not a cap-
weighted index. In the former situation, volatility would be
used as a relevant risk measure. For the latter, tracking error
with respect to the cap-weighted index would be used.

The second dimension concerns incorporating factor re-
turns in the optimization process. While additional benefits
can be obtained from examining factor returns at various
points of the business cycle, we focus only on approaches that
are based solely on risk parameters, which are notoriously
easier to estimate with robustness and accuracy (Merton,
1980). The third dimension is related to the object of the al-
location procedure. There are several possible targets for the
design of a well-diversified portfolio of factor exposure, de-
pending  on the approach. Naive approaches use equal dollar
allocation or equal risk allocation; scientific approaches are
based on minimizing portfolio risk (volatility in the absolute
return context or tracking error in the relative return context).
The fourth dimension is related to the presence of various
forms of constraints, such as minimum/maximum weight con-
straints, turnover constraints, or factor exposure constraints,
which are obviously highly relevant in the context of risk factor
allocation.

To illustrate the benefits of an efficient allocation to smart
factor indexes, we consider a second dataset over the 10-year
period from December 31, 2003 to December 31, 2013 using
five regions of the global developed universe, namely, U.S.,
U.K., developed Europe ex U.K., Japan, developed Asia Pa-
cific ex Japan. Using the four smart multistrategy indexes as
proxies for the value, size, momentum and volatility rewarded
tilts in each region, we obtain a total of (5x4) 20 constituents.

Absolute return perspective
We start from the absolute return perspective and con-

sider in Exhibit 3 five allocation strategies to the 20 aforemen-
tioned smart factor indexes: an equal-dollar contribution
portfolio (denoted by multi beta EW allocation), an equal-risk
contribution portfolio (denoted by multi beta ERC allocation),
a global minimum variance portfolio (denoted by multi beta
GMV  allocation). Given that these allocation strategies lead
in general to concentrated factor exposures (for example the
minimum variance portfolio heavily loads on the low volatility
factor indexes in each region), we also introduce factor-risk
parity constraints, that is, we restrict our analysis to portfolios
in which each of the four factors has the same contribution to
the portfolio volatility. More precisely we consider a global
minimum variance portfolio subject to factor-risk parity con-
straints (denoted by multi beta GMV-Fact allocation), as well
as a maximum deconcentration portfolio subject to factor-risk
parity constraints (denoted by mult beta MDecon-fact. allo-
cation), a portfolio which can be regarded as the closest ap-
proximation to an equally-weighted portfolio that satisfies the
factor-risk parity constraints.2

We note that the GMV allocation process leads to the
lowest volatility, as expected. When analyzing the perform-
ances in terms of bull or bear markets (defined as positive or
negative returns for the cap-weighted index), we observe that
the addition of risk parity constraints to the GMV allocation
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RISK DIMENSION
Absolute Risk (volatility)

Relative Risk (trading error)

EXPECTED RETURNS
Without Views

With Views

OBJECTIVE
Minimize Risk

Maximize Risk-Adjusted Returns
Balance Weights or Risk Contributions

CONSTRAINTS
Sector/Country/Factor Exposures
Factor Risk Contribution
Turnover, Liquidity, Capacity

  ALLOCATION  
METHOD

The various dimensions of  allocation methodologies across assets or risk factors 

EXHIBIT 3

Multi beta allocations across smart factor indexes (developed  universe). 
The graph shows the allocations of  the EW, ERC, GMV under geographic constraints, and both the max-deconcentration and GMV
diversified multi-strategy indexes under geographic and risk parity constraints, invested in the 20 diversified  multi-strategy indexes with
stock selection based on mid-cap, momentum, low volatility, and value in the five regions – U.S., U.K., developed Europe ex U.K., Japan
and Pacific Asia ex Japan. The period goes from December 31, 2003 to December 31, 2013.

Diversified Multi-Strategy

CW

(All Stocks)

Ann Returns 7.80% 11.37% 11.07% 10.57% 11.17% 10.88%

Ann Volatility 17.09% 15.32% 14.33% 12.84% 17.23% 17.21%

Sharpe Ratio 0.36 0.64 0.66 0.70 0.56 0.54

Max Drawdown 57.13% 54.40% 51.82% 45.07% 55.22% 55.32%

Excess Returns - 3.56% 3.27% 2.76% 3.37% 3.07%

Tracking Error - 6.75% 7.51% 6.36% 3.08% 3.34%

95% Tracking Error - 13.84% 14.89% 11.85% 5.19% 5.55%.

Information Ratio - 0.53 0.44 0.43 1.09 0.92

Outperf Prob (3Y) - 98.36% 89.34% 89.07% 100.00% 100.00%

Max Rel Drawdown- - 6.35% 9.54% 13.10% 4.03% 5.47% 

Ann. Rel. Ret. Bull - 2.50% 0.48% -3.90% 3.81% 3.18%

Ann. Rel. Ret. Bear - 4.65% 6.74% 11.94% 2.50% 2.66%

EXHIBIT 2
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2 So as to avoid introducing overly strong biases in country exposures, we also introduce a set of constraints dedicated to ensure that  none of the five regions is too strongly under- or over-represented with respect to its
market  capitalization in the cap-weighted global developed index. 



tends to stabilize the returns across market conditions. For
example, in the absence of a factor-risk parity constraint, the
GMV allocation leads to a massive outperformance of 11.94%
with respect to the cap-weighted index in bear markets. This
is because of the almost exclusive domination of the low
volatility factor, with a defensive bias that proves extremely
useful in such market conditions.

On the other hand, the relative return in bull markets is
negative at -3.90% because of the performance drag associ-
ated with holding exclusively defensive equity exposure in
bull market conditions. In this context, one key advantage of
the introduction of factor-risk parity constraints is that it leads
to a much more balanced return profile across market condi-
tions with positive outperformance in both bear and bull mar-
kets (at 2.66% and 3.18% respectively).

We also find that the introduction of factor risk parity con-
straints has led to a substantial improvement in information
ratios with an information ratio above 1 for the Max-Decon-
centration allocation under risk parity constraints. Interestingly
we note that the introduction of factor risk parity constraints
leads to 100% outperformance probabilities over a three-year
horizon. Overall, all tested strategies lead to extremely sub-
stantial levels of outperformance with respect to the cap-
weighted index, with excess returns ranging between 276
and 356 basis points per annum. 

Relative return perspective 
It is often the case that investors maintain the cap-

weighted index as a benchmark, which has the merit of
macro-consistency and is well-understood by all stakehold-
ers. In this context, a multi-smart beta solution can be re-
garded as a reliable cost-efficient substitute to expensive
active managers, and the most relevant perspective is not an
absolute return perspective, but a relative return perspective,

with respect to the cap-weighted index. 
In what follows, we focus on two approaches, a naive di-

versification approach leading to a relative equal risk alloca-
tion (R-ERC) portfolio, which focuses on equalising the
contribution of the smart factor-tilted indices to the portfolio
tracking error, and a scientific diversification approach leading
to a relative global minimum variance (R-GMV) portfolio, also
known as minimum tracking error portfolio, which focuses on
minimising the variance of the portfolio relative returns with
respect to the cap-weighted index. 

From the results reported in Exhibit 4, we note that the
focus on relative return leads to lower tracking error levels
compared to the portfolios that had an absolute return focus.
For example, the ex-post tracking error is around 2.50% for
these two portfolios (2.43% for the relative minimum variance
portfolio and 2.56% for the relative equal risk contribution
portfolio). Such low tracking error levels, associated with sub-
stantial outperformance (more than 300 basis points per
annum for the R-ERC portfolio), eventually leads to exceed-
ingly high information ratios. In particular, the relative ERC
has an information ratio of 1.22, which is the highest level
among all portfolio strategies tested so far, with an outper-
formance probability of 100% over any given three-year in-
vestment horizon during the same period. 

Conclusion: from cap-weighted indices to smart factor 
indices

We find that well-rewarded factor-tilted indexes consti-
tute attractive building blocks for the design of an improved
equity portfolio. First-generation smart-beta investment ap-
proaches provide only a partial answer to the main shortcom-
ings of cap-weighted  indexes. Multi-strategy factor  indexes,
which diversify away unrewarded risks and seek exposure to
rewarded risk factors, address the two main problems of cap-

weighted indexes (their undesirable factor exposures and
their heavy concentration) simultaneously.

The results suggest that such multi-strategy factor in-
dexes lead to considerable improvements in risk-adjusted per-
formance. For long-term U.S. data, smart factor indexes for a
range of different factor tilts roughly double the Sharpe ratio
of the broad cap-weighted index. Moreover, outperformance
of such indexes persists at levels ranging from 2.92% to
4.46%, even when assuming unrealistically high transaction
costs. The outperformance of multi-strategy factor  indexes
over cap-weighted factor indexes is observed for other devel-
oped stock markets as well. By providing explicit tilts to con-
sensual factors, such indexes improve upon many current
smart-beta offerings where, more often than not, factor tilts
result as unintended consequences of  ad hoc methodologies.

Additional value can be added at the allocation stage,
where the investor can control for the dollar and risk contri-
butions of various constituents or factors to the absolute risk
(volatility) or relative risk (tracking error) of the portfolio. As a
result, extremely substantial levels of risk-adjusted outperfor-
mance (information ratios) can be achieved even in the ab-
sence of views on factor returns. These portfolio strategies
can be regarded as robust attempts at generating an efficient
strategic factor allocation benchmark  for equities. Obviously,
active portfolio managers may generate additional value on
top of this efficient benchmark by incorporating forecasts of
factor returns at various points of the business cycle in the
context of tactical factor allocation decisions. •

The research from which this article was drawn was 
produced as part of the Amundi ETF & Indexing research
chair on “ETF and Passive Investment Strategies” at
EDHEC-Risk Institute.
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EXHIBIT 4

Relative ERC and GMV allocation across smart factor indexes (developed  universe). 
The table compares performance and risk of  Scientific Beta diversified multi-strategy indexes converted in U.S. dollars. We look at
relative ERC and relative GMV allocations invested in the 20 diversified multi-strategy indexes with stock selection based on mid-cap,
momentum, low volatility, and value in the five regions – U.S., U.K., developed Europe ex UK, Japan and Pacific Asia ex Japan. 

Diversified Multi-Strategy

CW

(All Stocks)

Ann Returns 7.80% 10.92% 9.96%

Ann Volatility 17.09% 16.10% 16.64%

Sharpe Ratio 0.36 0.58 0.50

Max Drawdown 57.13% 54.14% 55.50%

Excess Returns - 3.12% 2.15%

Tracking Error - 2.56% 2.43%

95% Tracking Error  - 4.70% 4.27%

Information Ratio - 1.22 0.88

Outperf Prob (3Y) - 100.00% 89.34%

Max Rel Drawdown- - 5.10% 4.95%

Ann. Ret. Bull - 31.38% 31.02%

Ann. Ret. Bear - -25.25% -26.93%
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n the context of generating a smart (meaning ef-
ficient) allocation to smart factor indexes, a natural
first, albeit  naive, approach, consists in forming
an equally-weighted portfolio of the selected
smart factor  indexes, in this case the indexes that
serve as proxies for the value, small-cap, momen-
tum and low-volatility risk premia. 

While an equally-weighted scheme is the simplest ap-
proach one can use, more sophisticated weighting schemes
could add additional value, in particular when it comes to the
management of the risks relative to the CW benchmark. We
shall consider the absolute return approach both with and
without factor-risk parity or budgeting constraints. We con-
sider  naive approaches to diversification (maximum decon-
centration in terms of dollar or risk contributions) and scientific
approaches (minimum risk from the absolute return perspec-
tive). One of the important aims of this article will be to show
that it is possible to perform risk parity in the long-only world,
that is, to have an exposure that is equal in terms of risk factors
rewarded over the long term without necessarily having pure
or orthogonal factors that are impossible to obtain in the long-
only space. This point is all the more important  because often,
under the pretext of purity, investors choose excessively con-
centrated factor indexes that contribute neither purity nor di-
versification and therefore have a fairly low risk-adjusted
return. Our argument here is that by using well-diversified  in-
vestible proxies for each factor (the Scientific Beta smart factor
indexes), it is possible to implement high-performance allo-
cation between these indexes while respecting factor risk par-
ity constraints. 

All these methodologies will be implemented without any
active views (expected return forecasts) on constituents or fac-
tors; they generate portfolios that can be regarded as attrac-
tive starting points, with very substantial risk-adjusted
outperformance benefits  for cap-weighted  indexes, to which
additional benefits could be added by asset managers pos-
sessing skills for actively timing factor exposures.

The Developed dataset extends over the 10-year period
from December 31, 2003 to December 31, 2013 and uses  five
regions of the global developed universe: U.S., U.K., devel-
oped Europe ex UK, Japan, and Asia Pacific ex Japan. Using
four smart multi-strategy  indexes as proxies for the value, size,
momentum, and volatility-rewarded tilts in each  region, we
obtain a total of 5x4 = 20 constituents. For U.S. illustrations,
long-term (40-year) data from  December 31, 1973 to  Decem-
ber 31, 2013 is used for the four smart multi-strategy  indexes.

Following an equally-weighted allocation is equivalent
to holding an equal dollar allocation, which does not neces-
sarily lead to an equal risk allocation. Formally, the risk con-
tribution of a stock to the total risk of a portfolio is given by
the weight of the stock in the portfolio times the marginal
contribution of the stock to total portfolio volatility. Qian
(2006) shows that  breaking down total portfolio volatility into
its constituents’ risk contributions is also related to the ex-
pected contributions to the portfolio losses, particularly
when considering extreme losses. We consider two ap-
proaches to managing portfolio risk: one approach based on
minimizing portfolio volatility (global minimum variance or
GMV approach) and another approach based on imposing
equal contribution of all constituents to portfolio volatility
(heuristic equal risk contribution or ERC approach).

Absolute risk management without factor risk exposure 
constraints

In our attempt to design an efficient allocation to smart
factor indexes, we first impose that all constituents in the
portfolio have the same contribution to portfolio risk (ERC).

Assuming that all pairwise correlation coefficients across con-
stituents are identical, then the equal risk contribution weights
can be obtained analytically and are proportional to the in-
verse volatility of the smart factor indexes. Without the as-
sumption of identical pairwise correlations across stocks, the
risk parity methodology does not yield a closed-form solution.
However, Maillard, Roncalli and Teïletche (2010) propose nu-
merical algorithms to compute risk parity portfolios. 

Overall, ERC and EW are two competing ways of imple-
menting  neutral diversification. When looking at the empirical
analysis performed in the global developed universe shown in
Exhibit 1 below, we find that the allocation between the
equally-weighted and the ERC schemes can exhibit strong dif-
ferences. For example, the largest average weight over the pe-
riod under study is given to the Japan low-volatility smart factor
index (7.45%), whereas the lowest weight is given to the de-
veloped Europe ex U.K. value smart factor index (3.78%). We
also find that the equal risk contribution can lead to regional
allocations that strongly deviate from the corresponding
allocation within a cap-weighted index, where the larger mar-
kets such as the U.S. strongly dominate smaller markets, such
as Japan. 

We have also implemented an allocation between smart
factor indexes based on minimizing the risk of the allocation,
expressed by its volatility (GMV). In this case the GMV portfo-
lio of the 20 index constituents, which is the efficient portfolio
that requires only covariance matrix input, the sample covari-
ance matrix is estimated using the past eighteen months of
weekly data as an input. Long-only constraints are applied to
the standard minimum volatility problem: minimize portfolio
volatility as given by this expression:

To avoid introducing excessively strong biases with respect
to the CW index, and even though the focus is not on relative
risk management in this illustration, we also introduce a set of
constraints dedicated to ensuring no region is too strongly
under-or over-represented with respect to its market  capital-
ization in the CW global developed index: we define the
weight to lie between half the region’s market cap weight and
twice its market cap weight. 

Exhibit 2 shows that the GMV allocation with geographic
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Allocation by Asset in % − Global Dev. ERC MultiBeta
 

US MidCap (Avg = 5.14)
US HiMom (Avg = 5.22)
US LoVol (Avg = 6.72)
US Value (Avg = 5.31)
UK MidCap (Avg = 4.16)
UK HiMom (Avg = 4.30)
UK LoVol (Avg = 5.12)
UK Value (Avg = 4.05)
Dev. EU ex UK MidCap (Avg = 4.17)
Dev. EU ex UK HiMom (Avg = 4.17)
Dev. EU ex UK LoVol (Avg = 4.67)
Dev. EU ex UK Value (Avg = 3.78)
Japan MidCap (Avg = 6.30)
Japan HiMom (Avg = 5.97)
Japan LoVol (Avg = 7.45)
Japan Value (Avg = 5.97)
Dev. Asia ex Jap. MidCap (Avg = 4.23)
Dev. Asia ex Jap. HiMom (Avg = 4.01)
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In Sample Absolute Risk Contributions by Asset in % − Global Dev. ERC MultiBeta
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Allocation by Asset in % − Global Dev. EW MultiBeta
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In Sample Absolute Risk Contributions by Asset in % − Global Dev. EW MultiBeta
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US LoVol (Avg = 3.51)
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EXHIBIT 1

EW and ERC allocations to  smart  factor diversified multi-strategy indexes and risk contributions (developed  universe). 
The graph compares the allocation and risk contributions of  diversified multi-strategy indexes: the equal combination of  the twenty diversified
multi-strategy indexes converted into U.S. dollars with stock selection based on mid-cap, momentum, low volatility, and value in the five
regions U.S., U.K., developed Europe ex U.K., Japan and Asia Pacific ex Japan, and the ERC combination of  the same twenty constituents.
The period is from December 31, 2003 to December 31, 2013.

Weight Distribution - Developed EW Weight Distribution - Developed ERC

In-Sample Absolute Risk Contribution - Developed EW In-Sample Absolute Risk Contribution - Developed ERC



constraints leads to a portfolio that is almost exclusively
invested in the lowest volatility smart index for each region:
(on average, 52.47% low volatility smart factor U.S. index,
8.60% low volatility smart factor U.K. index, 16.42% low volatil-
ity smart factor developed Europe ex U.K. index, 12.68% low
volatility smart factor Japan index, and 6.74% low volatility
smart factor Asia Pacific ex Japan index). In the end, this
process leads to a dynamically managed portfolio of the 20
constituents that should achieve low volatility but that is highly
concentrated.

Exhibit 2 also shows that the portfolio variance is almost
exclusively driven by the low-volatility factor, an observation

that stresses the need for the introduction of risk factor
budgeting constraints in order to better balance the factor
contributions to the risk of the portfolio.3 

Introducing risk budgeting constraints
Having an equal contribution from the constituents to the

overall portfolio risk is not identical to having an equal contri-
bution from the factors. It is only if both the factors and the
factor indexes are perfectly pure, that is, uncorrelated, that
these two approaches coincide, which is not the case with
smart factor  indexes. However, often it is the object of in-
vestors to have an equal contribution to the underlying risk

factors because risk contributions are perceived as indicators
of the factor’s expected contribution to future losses (see Qian,
2006). In this way, integration of factor risk constraints in the
allocation process takes into account the imperfections of ex-
isting single (smart) factor  indexes.

We use the factor exposure of the smart factor indexes to
analyze the question. We compute exposure with respect to
the equally-weighted version of the factors, since they are the
most neutral reference portfolios. As a neutral target, we may
seek to impose an equal contribution of the factors to the vari-
ance coming from the factors. This extension of the equal risk
contribution (ERC) approach from the constituents to the fac-
tors leads to linear constraints in the design of the portfolio.
This method of ERC of factors (along with EW of factors) is a
reasonable approach for investors who have no position about
the future performance of any single factor and therefore don’t
want to take a bet on one factor over another. In practice, in
the absence of any active views on factors, these approaches
are quite robust allocation techniques.

We introduce factor risk budgeting constraints to the port-
folio allocation process so as to avoid the domination of any
one particular factor (such as the domination of the low volatil-
ity factor). When the number of constituents N is greater than
the number of factor constraints K, and long-short solutions
are allowed, an infinite number of portfolios satisfy a given set
of factor risk budgets (for example, factor risk parity exposure).
In a long-only context, we may have zero or multiple solutions.
When no solution exists, one can start with the long-short ver-
sion and rescale the weights to avoid short positions. 

When multiple solutions exist, one can address the diver-
sification of specific risks, from a scientific perspective by  min-
imizing portfolio variance subject to factor risk parity
constraints. We may also  maximize portfolio deconcentration,
measured by the effective number of constituents, again sub-
ject to factor-risk parity constraints: 4 

Exhibit 3 shows maximum deconcentration and GMV al-
locations under risk parity as well as geographic constraints.

Factor-risk parity is satisfied and the portfolio is no longer
simply invested in low-volatility constituents. As with the allo-
cation obtained in the previous case, the aggregated weights
in the different regions appear to represent the  region market
capitalizations more fairly because of regional constraints. We
also note that the maximum deconcentration approach shows
a more stable allocation over time compared to the GMV,
which is still sensitive to changes in input parameters.  The ad-
dition of factor-risk parity constraints forces the allocations to
spread the country weight more evenly among the different
tilts.

Exhibit 4 reports the risk and return characteristics of var-
ious multi-smart-beta allocation portfolios, and compares the
results. The GMV allocation process leads to the lowest volatil-
ity and  the EW and ERC allocations have higher returns and
higher volatilities than the GMV, as is often the case. The in-
troduction of factor-risk parity constraints has led to a substan-
tial improvement in information ratios with an information ratio
above 1 for the maximum deconcentration allocation under
geographic and risk parity constraints. This shows that the in-
troduction of factor-risk parity constraints leads to a  stabiliza-
tion of the portfolio that has resulted in strong
outperformance (3.37%) over the CW index, with a tracking
error barely greater than 5%. The introduction of factor risk
parity constraints leads to 100% outperformance probabilities
over a three-year horizon. 

Exhibit 5 analyzes the performances in bull and bear mar-
kets (defined as positive and negative returns for the CW
index). We observe that the addition of risk parity constraints
to the GMV allocation tends to stabilize the returns across
market conditions. For example, in the absence of factorrisk
parity constraints, the GMV allocation leads to a massive out-
performance of 11.94% with respect to the CW index in bear
markets, which is due to the almost exclusive domination of
the lowvolatility factor, with a defensive bias that proves ex-
tremely useful in such market conditions. On the other hand,
the relative return in bull markets is negative at -3.90%  owing
to the performance drag associated with exclusively holding
defensive equity exposure in bull market conditions. In this
context, one key advantage of the introduction of factor risk
parity constraints is that it leads to a much more balanced re-
turn profile across market conditions with positive outperfor-
mance in both bear and bull markets (at 2.66% and 3.18%
respectively). 

We have shown that simple allocations that do not bal-
ance their exposures to the factors may be too exposed to
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Allocation by Asset in % − Global Dev. GMV MultiBeta
 

US MidCap (Avg = 0.00)
US HiMom (Avg = 0.99)
US LoVol (Avg = 54.59)
US Value (Avg = 0.00)
UK MidCap (Avg = 0.22)
UK HiMom (Avg = 0.05)
UK LoVol (Avg = 7.37)
UK Value (Avg = 0.00)
Dev. EU ex UK MidCap (Avg = 0.00)
Dev. EU ex UK HiMom (Avg = 1.22)
Dev. EU ex UK LoVol (Avg = 10.25)
Dev. EU ex UK Value (Avg = 0.00)
Japan MidCap (Avg = 0.13)
Japan HiMom (Avg = 0.00)
Japan LoVol (Avg = 17.57)
Japan Value (Avg = 0.00)
Dev. Asia ex Jap. MidCap (Avg = 0.05)
Dev. Asia ex Jap. HiMom (Avg = 0.00)
Dev. Asia ex Jap. LoVol (Avg = 7.58)
Dev. Asia ex Jap. Value (Avg = 0.00)

0

10

20

30

40

50

60

80

90

100

70

03 04 05 06 07 08 09 10 11 12 13

In Sample Factor Contributions in % − Global Dev. GMV MultiBeta
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GMV allocations to smart factor diversified multi-strategy indexes under Geographic constraints and risk  contributions
(developed  universe). 
The graph shows the allocation and risk contributions of  the GMV allocation invested in the twenty diversified  multi-strategy indexes con-
verted into U.S. Dollars with stock selection based on mid-cap, momentum, low volatility, and value in the five U.S., U.K., developed Europe
ex U.K., Japan and Asia Pacific ex Japan regions. Both risk parity and geographic constraints are imposed on the resulting portfolios. The
period is from December 31, 2003 to December 31, 2013.

Allocation by Asset in % − Global Dev. MDecon under RB MultiBeta
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Allocation by Asset in % − Global Dev. GMV under RB MultiBeta
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In Sample Factor Contributions in % − Global Dev. MDecon under RB MultiBeta
 

MidCap (Avg = 25.00)
Value (Avg = 25.00)
Momentum (Avg = 25.00)
Volatility (Avg = 25.00)

0

10

20

30

40

50

60

80

90

100

70

03 04 05 06 07 08 09 10 11 12 13

In Sample Factor Contributions in % − Global Dev. GMV under RB MultiBeta
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EXHIBIT 3

Maximum deconcentration and GMV allocations under risk  factor and geographic constraints (developed  universe). 
The graph shows the allocations and factor contributions of  the maximum deconcentration and GMV diversified multi-strategy indexes in-
vested in the twenty diversified multi-strategy indexes with stock selection based on mid-cap, momentum, low volatility, and value in the five
U.S., U.K., developed Europe ex U.K., Japan and Asia Pacific ex Japan regions. Both risk parity and geographic constraints are imposed
onto the resulting portfolios. The period is from December 31, 2003 to December 31, 2013.

3 The contribution of the low volatility factor is sometimes even greater than 100%, while other factors have a negative contribution to portfolio variance due to the presence of non-zero correlations between the smart factor
indexes and also between the long-short factors. For example, increasing the exposure to a factor that is negatively correlated with other factors may contribute to decreasing the portfolio variance.
4 Of course, in the absence of constraints, maximizing deconcentration simply leads to giving a weight of 1/N to each constituent in the universe. 

Weight Distribution - Developed GMV In-Sample Factor Contribution - Developed GMV

Weight Distribution - Max Deconcentration with 
Factor Risk Constraints

Weight Distribution – GMV with factor risk constraints

In-Sample Factor Contribution - 
Max Deconcentration with factor risk constraints

In-Sample Factor Contribution - 
GMV with factor risk constraints



the low-volatility factor, which may lead to lower relative re-
turns with respect to the cap-weighted index, particularly in
bull markets. 
Long-term evidence in the U.S.

The limited availability of data in the global stock universe
caused U.S. to restrict the analysis to a 10-year period. In order
to test the robustness of the allocation schemes, we replicate
the allocations in the U.S. stock universe for which data is avail-
able for 40 years. This period consists of varying degrees of
market environments and therefore allows U.S. to look at the
performance of different allocations over time through a con-
ditional analysis tool.

The first observation from Exhibit 6 is that the results for
the U.S. are similar to those for the developed World. All allo-
cations outperform the CW benchmark by a large margin
(>3.8%). As expected, the information ratio of factor-risk–parity
constrained maximum deconcentration is 0.81, as compared
to 0.76 for EW allocation, showing that the constraints fulfil
their long-term objective. Exhibit 7 shows that all allocations
are quite stable across different market conditions. They are
able to outperform the CW benchmark in both bull and bear
markets.

Adding value through allocation choices
Value can be added at the allocation stage, where the in-

vestor can control for the dollar and risk contributions of vari-
ous constituents or factors to the absolute risk (volatility) of the
portfolio. As a result, extremely substantial levels of risk-ad-
justed outperformance (information ratios) can be achieved
even in the absence of views on factor returns. The portfolio
strategies we have presented in this brief article can be re-
garded as robust attempts at generating an efficient  strategic
factor allocation process  for equities. One of the important
conclusions of our research is to show that it is possible to sat-
isfy factor-risk parity objectives in a long-only world by using
long-only smart factor indexes that, by construction, cannot
be orthogonal to each other, but, while lacking purity, are well
diversified. Other approaches that would extend the present
illustrations could explicitly focus on the management of rela-
tive risk. Moreover, active portfolio managers  can generate
additional value by incorporating forecasts of factors returns
at various points of the business cycle in the context of  tactical
factor allocation decisions. •

The research from which this article was drawn was produced
as part of the Amundi ETF & Indexing research chair on “ETF
and Passive Investment Strategies” at EDHEC-Risk Institute. 
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EXHIBIT 4

Multi-beta allocations across smart  factor indexes (developed universe). 
The table compares performance of  the EW, ERC, and GMV and both the maximum deconcentration and GMV diversified multi-
strategy indexes under geographic and risk parity constraints, invested in the twenty diversified multi-strategy indexes with stock selection
based on  mid-cap, momentum, low volatility, and value in the five U.S., U.K.,  developed Europe ex U.K., Japan and Asia Pacific ex
Japan  regions. The period is from December 31, 2003 to December 31, 2013 (10 years). Outperformance probability is the probability
of  obtaining positive excess returns over CW if  one invests in the strategy at any point in time for a period of   three years. It is computed
as the frequency of  positive values in the series of  excess returns assessed over a rolling window of  three years and step size of  one week
covering the entire investment horizon.

Diversified Multi-Strategy

CW

(All Stocks)

Ann Returns 7.80% 11.37% 11.07% 10.57% 11.17% 10.88%

Ann Volatility 17.09% 15.32% 14.33% 12.84% 17.23% 17.21%

Sharpe Ratio 0.36 0.64 0.66 0.70 0.56 0.54

Max Drawdown 57.13% 54.40% 51.82% 45.07% 55.22% 55.32%

Excess Returns - 3.56% 3.27% 2.76% 3.37% 3.07%

Tracking Error - 6.75% 7.51% 6.36% 3.08% 3.34%

95% Tracking Error - 13.84% 14.89% 11.85% 5.19% 5.55%

Information Ratio - 0.53 0.44 0.43 1.09 0.92

Outperf. Prob. (3Y) - 98.36% 89.34% 89.07% 100.00% 100.00%

Max Rel. Drawdown - 6.35% 9.54% 13.10% 4.03% 5.47%
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EXHIBIT 5

Multi-beta allocations across smart factor indexes in bull/bear regimes (developed universe). 
The table compares conditional performance of  the EW, ERC, and GMV and both the maximum deconcentration and GMV diversified
multi-strategy indexes under geographic and risk parity constraints, invested in the twenty diversified multi-strategy indexes with stock
selection based on mid-cap, momentum, low volatility, and value in the five U.S., U.K.,  devleoped Europe ex U.K., Japan and Pacific
Asia ex Japan  regions. The period is from December 31, 2003 to December 31, 2013 (10 years). The quarters with positive market
returns are considered bullish and the quarters with negative returns are considered bearish.

Diversified Multi-Strategy

Ann. Ret. Bull 34.83% 34.57% 36.14%

Ann. Vol. Bull 12.94% 12.85% 13.42%

Ann. Rel. Ret. Bull 3.03% 2.76% 4.34%

Tracking Error Bull 4.45% 4.46% 4.54%

Ann. Ret. Bear -20.17% -20.04% -21.13%

Ann. Vol. Bear 20.23% 20.14% 21.14%

Ann. Rel. Ret. Bear 4.83% 4.96% 3.87%

Tracking Error Bear 6.57% 6.58% 6.53%
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Diversified Multi-Strategy

Ann. Ret. Bull 31.58% 29.55% 25.18% 32.89% 32.26%

Ann. Vol. Bull 11.71% 11.09% 9.42% 12.85% 12.85%

Ann. Rel. Ret. Bull 2.50% 0.48% -3.90% 3.81% 3.18%

Tracking Error Bull 5.03% 5.94% 5.06% 2.53% 2.74%

Ann. Ret. Bear -24.51% -22.42% -17.23% -26.67% -26.50%

Ann. Vol. Bear 21.33% 19.79% 18.40% 24.42% 24.38%

Ann. Rel. Ret. Bear 4.65% 6.74% 11.94% 2.50% 2.66%

Tracking Error Bear 9.64% 10.27% 8.62% 4.08% 4.43%
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Diversified Multi-Strategy

Ann Returns 9.74% 13.72% 13.63% 14.01%

Ann Volatility 17.47% 15.75% 15.67% 16.41%

Sharpe Ratio 0.24 0.52 0.52 0.52

Max Drawdown 54.53% 53.86% 53.62% 56.56%

Excess Returns - 3.98% 3.89% 4.27%

Tracking Error - 5.23% 5.25% 5.27%

95% Tracking Error - 8.95% 9.10% 8.69%

Information Ratio - 0.76 0.74 0.81

Outperf. Prob. (3Y) - 80.38% 80.43% 78.83%

Max Rel. Drawdown - 33.65% 43.46% 33.87%
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EXHIBIT 6

Multi-beta allocations across
smart factor indexes 
(U.S.  universe). 
The table compares the performance
of  the EW, ERC and maximum
deconcentration indexes with risk par-
ity constraints, invested in the four  di-
versified multi- strategy indexes with
stock selection based on  mid-cap, mo-
mentum, low volatility, and value in the
U.S. The period is from December 31,
1972 to December 31, 2012 (40 years).
Outperformance probability is the
probability of  obtaining positive excess
returns over CW if  one invests in the
strategy at any point in time for a pe-
riod of  three years. It is computed as
the frequency of  positive values in the
series of  excess returns assessed over a
rolling window of   three  years and step
size of  one week covering the entire in-
vestment horizon.

EXHIBIT 7

Multi-beta allocations
across smart  factor
indexes in bull/bear
regimes (developed
and U.S. universe)
The table compares per-
formance of  the EW, ERC
and maximum deconcentra-
tion indexes with risk parity
constraints, invested in the
four diversified  multi- strat-
egy indexes with stock selec-
tion based on mid-cap,
momentum, low volatility,
and value in the U.S. The
period is from December
31, 1972 to December 31,
2012 (40 years). The quar-
ters with positive market re-
turns are considered bullish
and the quarters with nega-
tive returns are considered
bearish.



ith the advent of smart-beta equity
indexes, which represent alterna-
tives to market-cap weighted in-
dexes, their investibility has become
a question: at what cost will in-
vestors be able to trade the index
constituents in the same propor-

tions as the underlying strategy? In fact, departing from the
traditional cap-weighting investment scheme leads to risks
that are sizable and significantly different, as shown in Amenc,
Goltz and Lodh (2012) and Amenc, Goltz and Martellini (2013).
These include common exposures to systematic risk factors
such as size and liquidity.

Also, in contrast to cap-weighted indexes, which are
deemed to be buy-and-hold investments, and which are only
marginally reviewed for the (often quarterly) addition and dele-
tion of constituents as well as regular corporate events,  smart-
beta indexes exhibit higher levels of turnover than their
cap-weighted counterparts (see Amenc, et al., 2011).  For any
level of liquidity, the level of turnover in the index will affect
the performance of the tracking fund through the frequency
of occurrence of transaction costs.

Clearly, investing in smart-beta indexes requires investors
to have access to solutions where implementation costs and
liquidity risks are thoroughly considered. A key implication is
that the smart-beta index turnover and capacity constraints
need to be carefully handled through the construction of the
index. This article describes how to ensure the investibility of
the indexes by managing turnover control and capacity con-
straints. The ERI Scientific Beta methodology has been used
to exemplify best practices in this area.

Consistent framework
ERI Scientific Beta indexes are derived from a consistent

index design framework referred to as  smart-beta 2.0. An in-
vestor can select an index by making conscious and explicit
choices of risks along the different dimensions of this frame-
work. The object of such a consistent framework is to avoid
unintended risks caused by ill-defined consequences of  ad
hoc methodologies.

Thanks to the consistent design framework, clear rules
concerning liquidity and turnover can be aimed at facilitating
implementation of the indexes. Adjustments are performed
through the main steps in the index construction process,
which ensure the investibility of the indexes, either by reducing
implementation costs or by allowing their liquidity profile to
be improved.

Turnover control
The turnover of an equity index is an early indication of

the aggregated trading activity of funds that will track that
index. Although knowledge of a portfolio’s turnover does not
provide a precise measure for estimating the actual costs of
trading, it provides an idea of the fund's trading activity and,
as such, is a sensible indicator.

Turnover varies greatly from one index to another, and the
methods for managing it are a complex problem in construct-
ing indexes. ERI Scientific Beta has chosen a conditional (or
trigger) rebalancing approach described in Martellini and Pri-
aulet (2002) and Leland (1999). The trigger approach activates
rebalancing whenever the gap between the current index
weights and the new target weights reaches a specific thresh-
old (±5% or ±10%). The main advantage of the trigger ap-
proach is that it avoids unnecessary rebalancing unless a

significant amount of new information has been received
since the last index rebalancing, and avoids rebalancing
caused by noise.

The threshold level of an index is determined through a
calibration procedure over its back-test history. First, different
versions of the index are constructed over the calibration pe-
riod, each with a conditional rebalancing dictated by a thresh-
old spanning 0% to 100%. Then, the smallest threshold that
results in an average one-way annual turnover below or equal
to 30% over the calibration period is used as the specific
turnover threshold for that index in its live period.5 Finally,  re-
gardless of whether or not the threshold mentioned above is
reached, suggested optimised weights will be used if the
index has not been rebalanced optimally for seven consecu-
tive quarters.

As shown in Exhibit 1, before turnover control, Scientific
Beta USA indexes exhibit levels of turnover that can exceed
reasonable investibility levels. This is notably the case for the
maximum decorrelation, efficient minimum volatility and effi-
cient maximum Sharpe ratio indexes, which, respectively, ex-
hibit 59.51%, 54.81% and 65.02% average annualized

one-way turnover over the period from  June 29, 1970 to  De-
cember 21, 2012. After controlling for turnover, the same in-
dexes exhibit a much more reasonable level of turnover
(29.22%, 29.83% and 27.84%, respectively).

The reduction in turnover is accompanied by almost no
loss in returns and volatility reduction. Indeed, the reduction in
turnover of the five strategies  analyzed (maximum deconcen-
tration, diversified risk  weighted, maximum decorrelation, ef-
ficient  minimum volatility and efficient  maximum Sharpe ratio
indexes) are marginally changed from, respectively, 12.77% to
12.59%, 12.83% to 12.67%, 12.76% to 12.61%, 13% to 12.69%
and 12.86% to 12.93% (which is even an increase in returns). In
parallel, the changes in volatilities are also very small. In short,
reducing the turnover does not alter the benefits of Scientific
Beta strategies over the long run to a significant extent, and
brings implementation costs down substantially.

Capacity constraints
Capacity is a key ingredient in the constitution and con-

struction of an equity index. To achieve it, adjustments in stock
weights can be made after optimization, primarily with the use
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EXHIBIT 1

Comparison of  performance, turnover and liquidity before and after turnover control.
The first panel reports the statistics for the  indexes before any turnover control is applied; the second panel reports the statistics for the
indexes after turnover control is applied. The annualized 1-way turnover and average float are calculated at the end of  each quarter
and are averaged over the analysis period. The net returns of  transaction costs are obtained using two levels of  transaction costs — 20
bps per 100% 1-W turnover and 100 bps per 100% 1-W turnover. The first case corresponds to the worst case observed historically for
large- and mid-cap indexes, while the second case assumes 80% reduction in market liquidity and a corresponding increase in transaction
costs. The statistics are calculated over the period from June 29, 1970 to December 21, 2012.
* Days To Trade is the number of  days necessary to trade the total stock positions, assuming USD1bn AUM and that 100% of  the  average  daily  dollar  traded  volume can be
traded every day.  Because of  limited data availability, the period is restricted to the last 10 years of  the sample for the Scientific Beta U.S.  indexes.

USA Long-Term Track Records

annualized return 12.77% 12.83% 12.76% 13.00% 12.86% 10.45%

annualized volatility 17.18% 16.40% 16.52% 14.03% 15.68% 17.12%

Ann. 1-way turnover 23.48% 25.67% 59.51% 54.81% 65.02% 2.59%

annualized return net of  12.72% 12.78% 12.64% 12.89% 12.73% 10.44%

20bps transaction costs

annualized return net of  12.54% 12.57% 12.16% 12.45% 12.21% 10.42%
100bps transaction costs

Days to Trade for $1bn Initial 0.10 0.11 0.12 0.13 0.11 0.03
Investment (95% Quantile)* 

Average float (US$ bn) 9.890 10.700 9.540 11.640 10.390 42.840

annualized return 12.59% 12.67% 12.61% 12.69% 12.93% 10.45%

annualized volatility 17.02% 16.34% 16.20% 14.30% 15.55% 17.12%

Ann. 1-way turnover 20.19% 22.15% 29.22% 29.83% 27.84% 2.59%

annualized return net of 12.55% 12.63% 12.55% 12.63% 12.87% 10.44%
20bps transaction costs

annualized return net of   12.39% 12.45% 12.32% 12.39% 12.65% 10.42%
100bps transaction costs

Days to Trade for $1bn Initial  0.10 0.11 0.12 0.13 0.12 0.03
Investment (95% Quantile)* 

Average float (US$bn) 10.110 10.860 10.120 12.030 10.820 42.840

Before 
Turnover 
Control

Max 
Decon.

Div. 
Risk

Weighted

Max
Decorr.

Efficient
Minimum
Volatility

Efficient
Maximum

Sharpe
Ratio

Cap-
Weighted

After 
Turnover 
Control

5 Index specific turnover thresholds may be re-calibrated at some point in order to reflect structural changes in market conditions.



of cap-weight multipliers. The principle behind such adjust-
ments is  the imposition of a threshold for the weight of a stock
and for the weight change at rebalancing, relative to the mar-
ket-cap–weight of the stock in its universe. Specifically, we de-
fine the cap-weight multipliers rules as follows:
Holding capacity constraints: Each stock weight is capped at
a multiple of 10 of its free-float–adjusted market-cap–weight
to avoid big investment in the smallest stocks.
Trading capacity constraints: Change in weight of each stock
is capped to its free-float–adjusted market-cap–weight to
avoid large rebalancing in small stocks.6

As shown in Exhibit 2, the capacity constraints do not
have a substantial impact on overall performance and turnover
metrics over the selection of indexes. The Scientific Beta U.S.
maximum decorrelation index exhibits an estimated number
of days to trade at 95% of 0.12 days and an average market
capitalization of US $10.12bn before the capacity constraints
are applied. These figures are marginally improved to 0.10
days to trade and US $10.17bn average float after the capacity
constraints are applied. Nevertheless, this marginal shift in per-
formance and liquidity is one side effect of the capacity con-
straints, which are primarily designed to address deviations in
weights of smaller cap stocks between the index and its cap-
weighted reference. It has been highlighted in Goltz and Gon-
zalez (2013) that smart-beta indexes can exhibit a bias toward
smaller cap stocks relative to their cap-weight reference.

Exhibit 2 shows that the capacity constraint has a big im-
pact on the ratio decile weight of index and decile weight of
CW, especially in the lowmarket–cap decile. For example, in
the case of the Scientific Beta U.S. maximum deconcentration
index, weights before adjustments are equally distributed to
each market  capitalization bucket. The ratio between the sum
of weights of the maximum deconcentration strategy to cap
deciles and the sum of cap weights in the low market–cap
decile, where the maximum deconcentration strategy tends
to concentrate 14.42 times more than the cap-weighted index
on average, is above the 10-multiple threshold set in the ca-
pacity rule 1 explained earlier. Hence the adjustment observed
on the low decile. After applying the capacity constraint, we
observe the ratio has decreased to 9.66, respecting the ca-
pacity holding constraint. •

CONCLUSION

In this article we have described the different aspects
of implementation management and cost control. In

particular, we have shown how the adjustments have
specific impacts on key target implementation metrics.
The article shows that, even over long-term horizons, a
very reasonable ex-post turnover level that is in line
with the ex-ante targets can be maintained with the use
of a threshold-based method. The average annual one-
way turnover of the indexes we presented was reduced
from 46% to 26% through the turnover rules, a level
shown to have a small impact on performance.

The capacity constraints allow us to manage the devia-
tions from the cap-weighted reference index in terms
of individual component market  capitalization both at
the trading and the holding levels. Notably, we showed
how the capacity constraint has an impact on control-
ling the imbalance between the weight allocated to
smaller market cap stocks and their corresponding cap-
weight, from, on average across the analyzed  indexes,
a 12.77 ratio to an 8.11 ratio. 
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EXHIBIT 2

Comparison of  performance, turnover and capacity before and after capacity adjustments.
The first panel reports the statistics for the indexes before any capacity constraint is applied; the second panel reports the statistics for
the indexes after capacity constraints are applied. The annualized 1-way turnover and average float are calculated at the end of  each
quarter. The turnover and average float figures reported here are the average of  the annualized 1-way turnover and average float over
the analysis period. The statistics are calculated over the period from June 29, 1970 to December 21, 2012.
*Days  to  Trade is the number of  days necessary to trade the total stock positions, assuming USD1bn AUM and that 100% of  the  average  daily  dollar  traded  volume can be
traded every day.  Because of  limited data availability, the period is restricted to the last 10 years of  the sample for the Scientific Beta U.S. indexes.

USA Long-Term Track Records

annualized return 12.59% 12.67% 12.61% 12.69% 12.93% 10.45%

annualized volatility 17.02% 16.34% 16.20% 14.30% 15.55% 17.12%

Ann. 1-w turnover 20.19% 22.15% 29.22% 29.83% 27.84% 2.59%

Days To Trade for $1bn 0.10 0.11 0.12 0.13 0.12 0.03
Initial Investment 
(Quantile 95%)*

Average float (US$bn) 10.110 10.860 10.120 12.030 10.820 42.840

Index to Cap-Weight Ratio 14.42 11.10 15.78 9.80 12.77 1
(Low Cap Decile)

annualized return 12.63% 12.70% 12.67% 12.73% 12.98% 10.45%

annualized volatility 17.13% 16.45% 16.34% 14.42% 15.67% 17.12%

Ann. 1-w turnover 20.20% 22.15% 29.23% 29.84% 27.85% 2.59%

Days To Trade for 0.10 0.11 0.10 0.12 0.11 0.03
$1bn Initial Investment 
(95% Quantile)*

Average float (US$bn) 10.160 10.910 10.170 12.080 10.880 42.840

Index to Cap-Weight Ratio 
(Low Cap Decile) 9.66 8.31 8.55 6.35 7.67 1

Before 
capacity 
constraint

Max 
Decon.

Div. 
Risk

Weighted

Max
Decorr.

Efficient
Minimum
Volatility

Efficient
Maximum

Sharpe
Ratio

Cap-
Weighted

After 
capacity 
constraint

6 After capping weights and weight changes following the two adjustments, index weights are renormalized so they again equal one. As a consequence, the effective multiple will change again and, eventually, the index can
hold some stocks at a higher multiple of their cap-weight.
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7 Among the reasons for not investing in  smart-beta strategies, “doubts over robustness of outperformance” is rated the highest (Badaoui, et al., 2014).
8 Maximum  deconcentration is an equal weighting (1/N) strategy with liquidity and turnover constraints.
9 ERI Scientific Beta's efficient MSR index was specifically designed to respond to the problem of estimation risk affecting the vector of returns when the vector is estimated in the traditional way, i.e. on historical
returns.

lternative forms of equity indexes that
draw from a wide range of portfolio con-
struction practices have become popular
in recent years. The smart-beta indexes are
usually marketed on the basis of outper-
formance. However, the issue of robust-
ness, as in extreme risk and performance

attribution to well-defined risk factors, is not often dealt with
by index providers. The results of an EDHEC-Risk Alternative
Equity Beta Survey show that investors are wary of the robust-
ness of outperformance provided by various smart-beta
strategies.7

In general, robustness refers to the capacity of a system
to perform effectively in a constantly changing environment.
In the context of smart-beta strategies, two kinds of robust-
ness need to be taken into account, relative and absolute ro-
bustness. 

A strategy is assumed to be relatively robust if it is able to
deliver similar outperformance in similar market conditions. Sin-
gle factor indexes aim to achieve this kind of robustness. For
example, a value factor index is expected to outperform in
times when the value factor is rewarded in the market and will
underperform when the factor undergoes short-term losses.
The value factor index would be deemed relatively robust if it
aligns well with the value factor performance and does not suf-
fer idiosyncratic losses from any other causes, including, but
not limited to, stock-specific and sector-specific events.

Absolute robustness is the capacity of the strategy to de-
liver risk-adjusted performance in the future to a degree that
is comparable with that of the past  because it is based on a
well-understood economic mechanism rather than  being the
result of chance. In other words, absolute robustness is the
absence of pronounced state and/or time dependencies and
a strategy shown to outperform regardless of prevailing mar-
ket conditions can be termed robust in absolute terms.

Potential causes of lack of robustness
Lack of robustness in smart-beta strategies is mainly

caused by exposure to four different risks in the strategy con-
struction process: factor fishing, model mining, non-robust
weighting schemes and strong factor dependencies.

Factor fishing risks. Investors who wish to benefit from
factor premia need to address robustness when selecting a
set of factors. Harvey, et al., (2013) document a total of 314
factors with a positive historical risk premium, showing that the
discovery of the premium could be a result of data mining:
strong and statistically significant factor premia may be a result
of many researchers searching through the same dataset to
find publishable results. For example, extensive fundamental
data can be used  to capture the value premium. Data include
not only valuation ratios but also information on, for example,
the sales growth of the firm. Therefore, a key requirement for
accepting factors as relevant to an investment process is that
there is a clear economic explanation for why exposure to this
factor constitutes a systematic risk (Kogan and Tian, 2013).
Failure to  recognize a suitable proxy for the rewarded factor
will harm the relative robustness of the strategy.

Model mining risks. Model mining risk is the risk of hav-
ing an index construction methodology that results in a good

track record in back testing. Many value-tilted indexes include
a large set of ad hoc methodological choices, opening the
door to data mining. An illustration is  the impact of various
specification choices on fundamental equity indexation strate-
gies, which are commonly employed as a way to take advan-
tage of the value premium. 

Exhibit 1 summarizes the maximum calendar year differ-
ence between any two variants of fundamental  indexes that
make different choices for two methodological ingredients:
variable selection and leverage adjustment. It is evident that
the outperformance of a fundamental equity indexing strat-
egy is highly sensitive to strategy specification choices.

The value factor performed poorly during the years 1999
and 2008. From a relative robustness viewpoint, two slightly
different versions of a value-factor–targeting smart-beta strat-
egy are expected to display similar performance in those two
years. The results show, however, that total leverage-adjusted
portfolio returns are up 5.3% while operating leverage-ad-
justed portfolio returns are down -4.0%, indicating that the
weighting scheme does not reliably capture the value pre-
mium. In addition to being exposed to the value factor, the
strategy is also exposed to some latent undesired risks result-
ing from proprietary definitions.

Non-robust weighting schemes. All smart-beta strate-
gies are exposed to unrewarded strategy-specific risks. Spe-
cific risks correspond to all the risks that are unrewarded in
the long run, and therefore not ultimately desired by the in-
vestor. In line with portfolio theory, among the non-rewarded
risks we find  specific financial risks, also called idiosyncratic
stock risks,  that correspond to the risks that are specific to
the company itself. It is this type of risk that asset managers
are supposed to be the best at  recognizing, evaluating and
choosing in order to create alpha, but portfolio theory con-
siders it to be neither predictable nor rewarded, so it is better
to avoid it by investing in a well-diversified portfolio. 

Specific risks can also correspond to important financial
risk factors that do not explain, over the long term, the value
of the risk premium associated with the index. The academic
literature considers for example that commodity, currency,
and sector risks do not have a positive long-term premium.
Value strategies often lead to pronounced tilts toward finan-
cial sector stocks. During the 2008 financial crisis, exposure

to the financial sector proved to be a major determinant of
the performance of these strategies. It should be noted that
the tilt toward the financial sector may not be desired, but it
came as a by-product of holding value stocks. Exhibit 2 shows
a performance comparison between the eurozone value
maximum deconcentration index and its sector-neutral ver-
sion. The eurozone value maximum deconcentration8 index
over-weighted the financial sector by 9.1% in June 2008,
which resulted in a loss of about 20% of portfolio value.

Model-specific risks that are specific to the implementa-
tion of the diversification model are also a form of non-re-
warded risk. As per Modern Portfolio Theory (MPT), each
investor should optimally combine risky assets so as to
achieve the highest possible Sharpe ratio. Implementing this
objective, however, is a complex task because of the presence
of estimation risk for the required parameters: expected re-
turns and covariances. In practice, the costs of estimation
error may entirely offset the benefits of optimal portfolio di-
versification (DeMiguel, Garlappi and Uppal, 2009, provide
evidence that naively-diversified portfolios have higher out-
of-sample Sharpe ratios than scientifically-diversified portfo-
lios). In other words, the choice in risk and return parameter
estimation for efficient diversification is between trying, which
has a cost related to the risk of a substantial difference be-
tween the estimated parameter value and the true parameter
value, or giving up, which has a cost related to optimality risk,
that is the risk that the heuristic benchmark (such as minimum
volatility or equal-weighted) can be far removed from the op-
timal maximum Sharpe ratio (MSR) benchmark. 

Portfolios are expected to incur either more estimation
risk or more optimality risk. Martellini, Milhau and Tarelli
(2013) provide a quantitative analysis of the trade-off between
optimality risk and estimation risk. They show that under the
assumption of true parameter knowledge, an MSR portfolio
exhibits a Sharpe ratio far superior to that of other strategies.
But after estimation risk is taken into account, GMV and a mix
of GMV and EW portfolios generate higher average Sharpe
ratios.9

The failure to avoid unrewarded strategy-specific risk
hampers the relative robustness of the strategy; the strategy
might not provide maximum benefit even in periods when
the underlying risk factor is rewarded.
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EXHIBIT 1

Impact of  data mining
The exhibit shows the returns of  best and worst performing variants of  each specification of  the fundamental weighting schemes on the
universe of  the top 1000 U.S. stocks. Portfolios are formed using fundamental data from the period January 1982 to December 2010.
Data is obtained from Datastream and Worldscope.

Data Mining aspects
and their impact on
returns

Best Performance Worst Performance Range Year

Variable Selection Earnings -12.2% Dividends -23.0% 10.8% 1999

Leverage Adjustment Total leverage 5.3% Operating leverage -4.0% 9.3% 2008



Dependency on individual factor exposures. System-
atic risks come from the fact that smart-beta strategies can be
more or less exposed to particular risk factors, depending on
the methodological choices guiding their construction (im-
plicit), but also on the universe of stocks supporting this con-
struction scheme (explicit). For example fundamental-weighted
portfolios typically have a value tilt and minimum volatility
strategies exhibit a low-beta tilt (see for example Scherer,
2011; Blitz and Swinkels, 2008; and Amenc, Goltz and Le
Sourd, 2008). Each weighting scheme exposes investors to
implicit risk factors that may or may not be consistent with
their risk objective. 

This is a major limitation of smart-beta 1.0 strategies; the
strategies that do not explicitly control for systematic risk fac-
tors. Following this drawback of  smart-beta 1.0 indexes, factor
indexes have gained popularity. Factor indexes make sure that
the portfolio is tilted towards the desired risk factor. Whatever
the route to seeking systematic risk exposure, the elementary
fact remains that stocks earn a risk premium through their ex-
posure to certain rewarded factors (Ross, 1976).10 

Exhibit 3 plots cumulative returns of long/short cap-
weighted indexes replicating factors such as market, size,
value and momentum. Periods of poor performance in all fac-
tors are common throughout the forty-year time horizon and
the underperformance occurs at different points in time.
Therefore investing in a single factor is not a robust approach
in absolute terms, as the performance will vary greatly across
different time periods.

Improving robustness
ERI Scientific Beta proposes three ways by which the ro-

bustness of various smart-beta strategies can be improved.
Avoidance of data mining through a consistent frame-

work. A very effective way to avoid data mining is by estab-
lishing a consistent framework for smart-beta index creation,
thus limiting the choices yet providing the flexibility needed
for smart-beta index creation. Consistency in the index frame-
work has two main benefits. First, it prevents model mining
by limiting the number of choices through which  indexes can
be constructed. A uniform framework is the best safeguard
against post hoc index design, or model mining (the possibil-
ity to test a large number of smart-beta strategies and publish
the ones that have good results).

Second, analysis across specification choices is vital be-
cause the range of outcomes gives a more informative view
than a single specification, which could always have been
picked. An index that performs well across multiple specifi-
cation choices is more robust than an index that performs only
in a single specification choice, which could very well  be by
chance rather than because of the robustness of the strategy.
Pre-packaged indexes do not allow investors to allow com-
parison across specifications to obtain a view on the sensitivity
of performance to index specification choices, thereby expos-
ing investors to a risk of unintended consequences  or unde-
sired risks.

ERI Scientific Beta uses a consistent smart-beta index de-
sign framework for the construction of its entire set of  smart-
beta indexes known as the Smart Beta 2.0 approach. Stock
selection allows investors to choose the rewarded risk factors
to which they want to be exposed. A well-diversified weight-
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10 The economic explanation 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 times (i.e. when marginal
utility is high, see Cochrane, 2001).

EXHIBIT 2

Performance of  Scientific Beta eurozone value  maximum deconcentration and sector-neutral version during the 
financial crisis 
The benchmark is the capweighted index on the Scientific Beta eurozone universe, which consists of  600 stocks.

6/21/02

Relative Cumulative Returns with respect to CW Benchmark

Eurozone Value MaxDeconc. Sect-Neutral w.r. t Eurozone CW
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EXHIBIT 3

Cumulative returns of  long/short cap-weighted factors
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. The small size factor is the daily return series of  a cap-weighted portfolio that is long the cap-weighted market portfolio deciles 6–8
(NYSE, Nasdaq, and AMEX) and short the 30% largest market-cap stocks from the top 500 stock universe. The 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 S&P 500 universe.
The 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 the most recent 4 weeks) past return stocks of  the U.S. 500 universe. The secondary market U.S. Treasury  bills (3M) is the
risk-free rate in U.S.  dollars. The analysis is based on daily total return data from December 31, 1973, to December 31, 2013 (40 years).
The complete stock universe consists of  the 500 largest stocks in the U.S. The S&P 500 index is used as the cap-weighted benchmark.
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ing scheme provides efficient access to the risk premia asso-
ciated with this factor exposure. All the available variations
provided within the framework are based on proven academic
or applied research allowing flexibility to accommodate various
investor preferences. Exhibit 4 shows ERI Scientific Beta’s de-
sign framework.

Exhibit 5 compares the design framework of the factor-
based strategy indexes offered by MSCI and ERI Scientific
Beta. MSCI follows different stock selection schemes, weight-
ing schemes and risk control options for different risk factors.
Maximizing the exposure to a factor by selecting stocks that
are most exposed to the desired risk factor and the applica-
tion of a cap-weighting scheme to this selection (MSCI  high
dividend  yield) does not  address the problem of poor diver-
sification arising from high concentration. Weighting either
the whole of the universe (MSCI  value) or a part of the uni-
verse (MSCI  momentum) by exposure to this factor, resulting
in score/rank weighting, also misses out on diversification.

The Smart Beta 1.0 approach to a factor index (MSCI
minimum  volatility) does not guarantee either the highest ex-
posure to low-volatility stocks or optimal diversification of this
low-volatility portfolio. Moreover, it brings about other kinds
of undesired risks, such as exposure to defensive sectors. Sim-
ilarly, 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 di-
versifying them,  using an equal-weighted weighting scheme.
Also, no control for the undesired liquidity risk is imple-
mented. Not only is the approach not optimal from the stand-
point of a well diversified factor index, but the lack of
uniformity in index design across factor  indexes may also in-
troduce the data mining bias described earlier.

Another approach to the inconsistency of the conceptual
framework, in addition to comparing construction methods for
different factors as we did for MSCI, is by looking at the evo -
lution or change of methodology over time for the same strat-
egy or the same factor. Russell launched new factor indexes
to create a new brand known as High Efficiency (HE) indexes
when it already had the following factor  indexes on the mar-
ket: Russell 1000  high  momentum, Russell 1000  low  volatility
and Russell 1000 value. The new  indexes have the same ob-
ject as the old ones but different construction principles.

Exhibit 6 shows the performance difference between the
new set and the old set of Russell  indexes. Thus, an inconsis-
tent framework (over time) is also a kind of model mining that
allows index providers to launch new indexes with better track
records than the previous ones.

Improving relative robustness by reducing unre-
warded risks. Relative robustness can be improved by  min-
imizing the unrewarded risk as much as possible. Among
these unrewarded risks, fifty years of research in finance and
the econometrics of finance has targeted the reduction of
model-specific risk, notably estimation errors for the param-
eters used in the weighting scheme. There are numerous ap-
proaches to the estimation of risk parameters. The sample
estimator of the covariance matrix produces extremely high
estimation errors, sample risk,  when the ratio of universe size
to sample size is large (Kan and Zhou, 2007). One solution to
this problem is to reduce the number of parameters to be es-
timated by imposing a structure on the covariance matrix
(Chan, et al., 1999). Although this method reduces sample
risk, its drawback, model risk, is that the estimator is biased if
the risk model does not conform to the true stock return gen-
erating process.

The next generation of estimators aim to achieve a trade-
off between sample risk and model risk by combining sample
estimators and structured estimators (Ledoit and Wolf, 2003).
Another way to reduce model risk, which is used by ERI Sci-
entific Beta, and not necessarily at the cost of sample risk, is
to use an implicit factor model such as principal component
analysis (PCA). The factors from the PCA have the benefit of
being uncorrelated and of providing the best summary of the
information contained in the dataset (zero model risk). 

To reduce sample risk, the number of statistical factors is
limited using a criterion from random matrix theory in order to
achieve parsimony and robustness (Plerou, et al., 2002). Co-
queret and Milhau (2014) show that minimum volatility strate-
gies using principal component (PC) tend to have lower
volatilities compared to other estimation techniques.

One serious concern with optimization-based weighting
schemes, is that the stocks with the highest estimation error

12 A SUPPLEMENT TO PENSIONS & INVESTMENTS 
Research for Institutional Money Management

EXHIBIT 4

ERI Scientific Beta’s consistent index design framework 

GEOGRAPHY
STOCK 
SELECTION
(factor t i l t )

WEIGHTING
SCHEME
(divers i f icat ion
 method)

RISK
CONTROL
OPTIONS

EXHIBIT 5

Comparison of  consistency in index construction framework between MSCI and ERI Scientific Beta

EXHIBIT 6

Exhibit 6: Russell factor indexes performance comparison
All statistics are annualized and daily total returns are used for the analysis.

Size MSCI Equal- All stocks in CW parent Equal-weighted None 
Weight Index index universe 

Value MSCI Value- All stocks in CW parent  Score adjusted None
weighted index index universe by investibilty factor 

Mom. MSCI Momentum  Selection by momentum  Market cap* Cap on weight
Index score (fixed number of momentum score of individual  

constituents to target security 
30% market cap coverage)

Low Vol. MSCI Minimum All stocks in CW parent optimization to Sector and country
Volatility Index index universe minimise portfolio constraints  

risk Cap on multiple of 
market cap of 
individual security

Yield MSCI High Dividend  Select stocks with dividend Market cap  Cap on weight of 
Yield Index yield > 1.3x parent index weighted individual security 

dividend yield 

Scientific Beta Index Methodologies 

Size SciBeta Div. Multi-
Strategy mid-cap Index

Value  SciBeta Div. Multi-
Strategy Value Index 

Mom. SciBeta Div. Multi-
Strategy High Volatility Index

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

Yield SciBeta Div. Multi-Strategy 
High Dividend Yield Index 

Factor Index Stock selection Weighting Scheme Risk controls

MSCI Index Methodologies 

Scientific Beta Index Methodologies 

Half the stocks 
by relevant score 

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

Cap on multiple 
of market cap 
and weight of 
individual 
securities 

• United States
• Eurozone
• United Kingdom
• Developed Europe ex. Uk
• Japan
• Dev Asia Pacific ex. Japan
• Developed ex. UK
• Developed ex. US
• Developed

• Large Cap
• Mid Cap
• High Volatility
• Low Volatility
• Value
• Growth
• High Momentum
• Low Momentum
• High Dividend Yield
• Low Dividend Yield
• High Liquidty
• Mid Liquidty

• Max Deconcentration
• Max Decorrelation
• Efficient Min Volatility
• Efficient Max Sharpe
• Div. Risk Weighted
• Div. Multi-Strategy

• 2% TE/CW
• 3% TW/CW
• 5% TE/CW
• Geo Neutral
• Sector Neutral

Russell 1000 Tilt the portfolio based on momentum 
High Efficiency score taking market cap weight of 
Momentum stock in the Russell 1000 Index as 8.69% 21.62% 0.33 

starting point. 01/01/2005 to 
Russell 1000 Cap weight up to 200 highest momentum 31/12/2013 
High Momentum stocks in Russell 1000 Index. 8.05% 20.59% 0.31

Russell 1000 Tilt the portfolio based on low volatility  
High Efficiency score taking market cap weight of 
Low Volatility stock in the Russell 1000 Index as 7.89% 17.73% 0.36 

starting point. 01/01/2005 to 
Russell 1000 Cap weight up to 200 least volatile 31/12/2013 
Low Volatility stocks in Russell 1000 Index. 7.69% 16.35% 0.37

Russell 1000 Tilt the portfolio based on value score   
High Efficiency (B/M and E/P ratios) taking market cap  
Value weight of stock in the Russell 1000  9.76% 22.55% 0.36 

Index as starting point. 31/12/2003 to  
Russell 1000 Tilt the portfolio based on value 31/12/2013 
Value probability (B/M, sales per share growth,

I/B/E/S growth) taking market cap weight
of stock in the Russell 1000 Index as 7.56% 21.96% 0.27 
starting point. 

USA Russell Factor indexes Methodology Time Period Annual Returns Annual Volatility Sharpe Ratio



may receive the highest weight, a process commonly known
as  error maximization, which is detrimental to the relative ro-
bustness of strategies. ERI Scientific Beta uses two types of
constraints to improve diversification: a long-only constraint
and a deconcentration constraint. Jagannathan and Ma
(2003) provide empirical evidence that imposing non-nega-
tivity constraints removes large outliers and hence provides
better performance through better diversification. Deconcen-
tration constraints ensure sufficiently balanced weights across
constituents.11

DeMiguel, et al. (2009) introduce flexible quadratic con-
straints that put limits on the overall amount of concentration
in the portfolio (on the sum of squares of portfolio weights)
rather than limiting the weight of each stock in the portfolio,
thus leaving more room for the optimizer while avoiding con-
centration overall. ERI Scientific Beta applies norm constraints
for the minimum-volatility weighting scheme by placing a
lower bound on the effective number of stocks of the portfo-
lio, Neff.12 This method was chosen for the minimum volatility
approaches because their natural concentration in low-volatil-
ity stocks makes them very sensitive to the definition of max-
imum and minimum weights. We felt it was less arbitrary to
use the effective number of stocks, which would avoid an in-
sample weighting constraint risk and would give a greater role
in the weighting scheme to the proper use of the diversifica-
tion properties of minimum volatility.

Even though the different weighting schemes offer effi-
cient diversification of stocks, there is an additional need to
diversify away the strategy-specific risks, a concept called di-
versifying the  diversifiers.13 ERI Scientific Beta proposes di-
versified multi-strategy, an equal combination of five
weighting schemes, as its flagship strategy for factor indexes.
The combination of different strategies allows diversification
of risks that are specific to each strategy by exploiting the im-
perfect correlation between the different strategies’ parame-
ter estimation errors. Thus, diversifying the model risks further
reduces the unrewarded risks and renders the weighting
scheme more robust (in a relative manner).

Improving absolute robustness by diversifying across factors
Investors who rely on a single factor exposure take the

risk of the underlying factor underperforming over short pe-
riods. The reward for exposure to these factors has been
shown to vary over time (see Harvey, 1989, Asness, 1992,
Cohen, Polk and Vuolteenaho, 2003). While this time variation
in returns is not completely in sync for different factors, allo-
cating across factors allows investors to diversify the sources
of their outperformance and smooth their performance across
market conditions. Exhibit 7 shows the correlation of the rel-
ative returns of factor-tilted multi-strategy indexes over a cap-
weighted benchmark. The indexes are not perfectly
correlated with each other, which shows a potential for diver-
sification across factors in order to reduce risk and generate
smoother outperformance over time. 

ERI Scientific Beta offers two multi-beta allocations:
equal weight (EW) and equal risk contribution (ERC). The
equal weight allocation, which is a simple and robust alloca-
tion in terms of absolute risk, invests one quarter in each of
the four multi-strategy factor indexes. The equal risk contri-
bution allocation combines the four multi-strategy factor in-
dexes so as to equalize their contributions to the tracking
error risk.

Measurement of robustness
ERI Scientific Beta proposes extreme risk measures including
maximum relative drawdown analysis and a factor attribution
exercise as measures of relative robustness and outperfor-
mance probability and conditional performance as tools to
assess absolute robustness. 

The maximum relative drawdown measures the maxi-
mum relative loss experienced by a strategy between a peak
and a valley over a specified period. It is important to see if
the losses can be explained through market fundamentals
and if the reasons are in line with the index construction
methodology. If not, then there are other unintended risks at
play which bring down the relative robustness of the strategy.
Exhibit 8 shows that maximum loss occurred during the late
1990s technology bubble when the cap-weighted benchmark
was over-weighted in growth and technology stocks.
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11 We impose an upper bound ui and a lower bound li on the weight of each constituent security,

where i=1,…,N ��� N is the nominal number of constituents. Stock weights are bound to be below 3/N and above 1/3N, where N denotes the number of constituents.

12 Effective Number of Stocks                       where N is the number of constituent stocks in the index and Wi is the weight of stock i in the index.

13 See Timmermann (2006), Kan and Zhou (2007), Tu and Zhou (2010) and Amenc, Goltz, Lodh, Martellini (2012) on the benefits of combining portfolio strategies.

EXHIBIT 7

Correlation of  relative returns (over CW index) across factor-tilted multi-strategy indexes
The analysis is based on daily total return data from December 31, 1973 to December 31, 2013 (40 years). The S&P 500 index is used
as the cap-weighted benchmark.

EXHIBIT 8

Maximum  relative drawdown analysis
The analysis is based on daily total returns data from December 31, 1973 to December 31, 2013 (40 years). The S&P 500 is used as the
cap-weighted benchmark. 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. 

EXHIBIT 9

Exposure to equity  risk factors – Carhart
The complete stock universe consists of  the 500 largest stocks in the U.S. 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. The small size factor is the daily return series of  a cap-
weighted portfolio that is long the smallest 30% of  stocks (by market cap) and short the largest 30% of  stocks (by market cap) of  the ex-
tended universe (including small caps). The 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 investible universe. The 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 the most recent 4 weeks) past return stocks in the
investible universe. The secondary market U.S. Treasury bills (3M) is the risk-free rate in U.S.  dollars. All statistics are annualized. The
analysis is based on daily total returns from December 31, 1973 to December 31, 2013. The statistics that satisfy a 95% significance level
are highlighted in bold. 

US Long Term 
(1974-2013)

Diversified Multi-Strategies

Mid Cap 100% 69% 64% 86%

Momentum 100% 63% 66%

Low Volatility 100% 71%

Value 100%

Diversified
Multi-Strategies

Mid Cap Momentum Low Vol Value

Maximum RelativeDD 42.06% 17.28% 43.46% 32.68% 33.65% 28.74%

Start of Max Rel DD 24/03/1994 23/03/1994 20/09/1993 22/03/1994 24/03/1994 25/03/1994

Maximum Loss Point 27/03/2000 22/12/1999 10/03/2000 23/03/2000 27/03/2000 27/03/2000

Recovery Completed on 06/09/2001 03/04/2001 06/09/2001 02/03/2001 04/04/2001 04/04/2001

US Long Term 
(1974-2013)

Diversified Multi-Strategies

Mid Cap Momentum Low Vol Value Multi-Beta Multi-Beta 
Multi-Strategy Multi-Strategy 

EW ERC

US Long Term 
(1974-2013)

Diversified Multi-Strategies

Mid Cap Momentum Low Vol Value Multi-Beta Multi-Beta 
Multi-Strategy Multi-Strategy 

EW ERC

Annual Alpha 2.66% 1.84% 2.85% 2.33% 2.45% 2.35%

Market Beta 0.93 0.94 0.78 0.91 0.89 0.89

SMB Beta 0.31 0.16 0.02 0.16 0.16 0.15

HML Beta 0.16 0.09 0.14 0.31 0.17 0.16

MOM Beta 0.00 0.17 0.00 0.03 0.05 0.06

R-Squared 92.20% 95.52% 90.14% 95.00% 94.76% 95.46%

Performance Attribution

Unexplained (Alpha) 3.22% 2.44% 3.23% 2.90% 3.02% 2.91%

Market Beta 4.96% 5.00% 4.16% 4.88% 4.75% 4.76%

SMB Beta 0.85% 0.44% 0.06% 0.43% 0.44% 0.41%

HML Beta 0.80% 0.44% 0.71% 1.56% 0.88% 0.80%

MOM Beta -0.01% 0.46% -0.01% 0.08% 0.13% 0.15%



Many studies have underlined the importance of factor expo-
sures in explaining part of the outperformance of portfolio
strategies over cap-weighted indexes (see Jun and Malkiel,
2007, and Amenc, Goltz and Le Sourd, 2008). It is a particularly
important robustness check in the case of single and multi-fac-
tor indexes because it discloses what portion of a strategy’s
performance is indeed derived from its exposure to the in-
tended risk factor and how much can be attributed to other
factors and unexplained alpha. The attribution exercise can be
extended to tracking error to monitor the role of each factor
in the deviation of the strategy from its benchmark.

Since the performance of smart-beta varies over time, the
analytics reported over long horizons, for example excess re-
turns over 40 years, have limited information because of av-
eraging over time periods. Probability of outperformance is
a measure that overcomes this limitation. The probability of
outperformance is defined as the empirical frequency of out-
performing the cap-weighted reference index over a given in-
vestment horizon. It is a relevant measure that shows how
often and consistently the strategy would be able to outper-
form the cap-weighted reference index in the past for all pos-
sible entry points. Exhibit 10 shows the probability of
outperforming the cap-weighted benchmark of multi-beta
multi-strategy EW, ERC and the simple average of the four
component single beta  indexes with various investment hori-
zons for two stock universes. This shows that a combination
of factors indeed improves the chances of outperforming the
CW benchmark (improves absolute robustness) compared to
the chances of single factors in isolation.

Analyzing the conditional performance of the  smart-beta
strategies in bull-bear market conditions or in contraction-ex-
pansion business cycles is a powerful tool in robustness analy-
sis because the performance of smart-beta strategies is
shown to vary over market phases (Gonzalez and Thabault,
2013). A strategy that performs well in different market con-
ditions and shows little or no state and time dependency can
be said to be robust in an absolute sense. 

Exhibit 11 shows that multi-beta multi-strategy indexes
outperform the cap-weighted benchmarks in both bull and
bear markets, whereas the component indexes perform very
differently in different market conditions. For example, the
low-volatility index performs very poorly in bull markets but
performs extremely well in bear markets and the mid-cap
index performs well in bull markets but has a relatively poor
information ratio in bear markets. 

In conclusion, it is essential that  smart-beta strategy per-
formance reporting be accompanied by a measurement of
the relative and absolute robustness of its performance. The
lack of relative robustness arises mainly from data mining and
non-robust weighting methodologies;  the lack of absolute
robustness comes from undiversified factor exposures. Rela-
tive robustness can be improved by reducing all sources of
unrewarded risks with the use of a consistent framework (to
prohibit data mining), robust parameter estimation tech-
niques, weight constraints, and diversification of strategy-spe-
cific risk. Absolute robustness can be achieved through
allocating across several rewarded factors. Our results show
that the single factor indexes have a high degree of relative
robustness, but they are not robust in absolute terms. The
multi-beta allocations on the other hand are highly robust in
absolute terms. •
MSCI® is a registered trademark of MSCI Inc. S&P® and S&P 500® are registered
trademarks of Standard & Poor’s Financial Services LLC (“S&P”), a subsidiary of The

McGraw-Hill Companies, Inc.
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EXHIBIT 10

Outperformance frequency over different horizons
The analysis is based on daily total return data from December 31, 1973 to December 31, 2013 (40 years). The S&P 500 is used as the
cap-weighted benchmark. Probability of  outperformance is the historical empirical probability of  outperforming the cap-weighted bench-
mark over an investment horizon of  1 month, 3 months, 6 months, 9 months, 1 year, 18 months, 2 years, 36 months, and so on, up to 5
years irrespective of  the entry point in time. It is computed using a rolling window analysis with window length corresponding to the in-
vestment horizon and one-week step size.
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EXHIBIT 11

Conditional performance
Calendar quarters with positive market index returns comprise bull markets and the rest constitute bear markets. All statistics are annu-
alized. The analysis is based on daily total return data from December 31, 1973, to December 31, 2013 (40 years). The complete stock
universe consists of  the 500 largest stocks in the U.S. 

US Long Term 
(1974-2013)

Diversified Multi-Strategies

Mid Cap Momentum Low Vol Value Multi-Beta Multi-Beta 
Multi-Strategy Multi-Strategy 

EW ERC

Bull Markets

Annual Relative Returns 5.12% 3.28% -0.99% 3.54% 2.79% 2.71%

Annual Tracking Error 5.76% 4.04% 5.11% 5.00% 4.38% 4.13%

Information Ratio 0.89 0.81 -0.19 0.71 0.64 0.66

Bear Markets

Annual Relative Returns 3.83% 3.77% 8.12% 5.99% 5.49% 5.14%

Annual Tracking Error 8.33% 6.26% 7.94% 7.12% 6.57% 6.12%

Information Ratio 0.46 0.60 1.02 0.84 0.83 0.84



his article provides a brief overview of equity
factor index offerings from major index
providers. Factor indexes provide explicit ex-
posure to a common risk factor so as to ben-
efit from its long-term risk premia. Because of
the predominance of long-only indexes in
practical application, we focus here on long-

only indexes and do not include long/short index offerings.
To get a synthetic view on the performance of different factor
indexes, we have included one index each from the following
index providers: ERI Scientific Beta, MSCI, Russell, FTSE and
FTSE RAFI. We select  indexes from each of four main factors
that seek exposure to the following factors: low volatility, mo-
mentum, size and value.

Index construction methodology
Traditional factor indexes fall into two major categories.

The first involves maximizing the exposure to a factor by se-
lecting stocks that are most exposed to the desired risk factor
and the application of a cap-weighting (CW) scheme to this
selection. This approach is included in the illustrations in the
form of Scientific Beta tilted CW indexes. While this approach
brings the exposure to the desired factor, the problem of poor
diversification arising from high concentration in a small num-
ber of stocks remains unanswered. The second method
weights either the whole of the universe (Russell factor in-
dexes) or a part of the universe (MSCI  momentum) by the ex-
posure to this factor, resulting in score/rank weighting. Here
again, the maximization of the factor exposure does not guar-
antee that the  indexes are well diversified. 

To overcome these difficulties, index providers that gen-
erally offer factor indexes on the basis of the first two ap-
proaches have recently sought to take advantage of the
development of  smart-beta indexes to offer investors a new
framework for smart factor investing (Bender, et al., 2013).
This approach recognizes that smart-betas have implicit risk
exposures and aims to select and combine them according
to these varying exposures. The drawback of this approach is
that it maximizes neither factor exposure nor diversification
of the indexes. For example, a minimum volatility index on a
broad universe (such as MSCI minimum volatility) does not
guarantee either the highest exposure to low-volatility stocks
or the best diversification of this low-volatility portfolio. 

Similarly, 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, using an equal-weighted weighting
scheme. Finally, seeking to be exposed to the value factor
through a value-weighted index (FTSE RAFI 1000 series and
MSCI value) will not produce a well-diversified index, simply
because the integration of the attributes characterizing the
value exposure into the weighting does not take the correla-
tions between these stocks into account.

In view of these problems, EDHEC-Risk Institute has pro-
moted the concept of smart factor investing using the  smart-
beta 2.0 approach. The idea is to construct a factor-tilted
portfolio to extract the factor premia most efficiently and is
based on 1) explicitly selecting appropriate stocks for the de-
sired beta, and 2) using a diversification-based weighting
scheme (Amenc, et al., 2013). ERI Scientific Beta constructs
smart factor indexes by using diversified multi-strategy
weighting on characteristics-based half universes; small size,
high momentum, low volatility, and value.14 In particular, the
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ERI Scientific Beta

Size MSCI Equal- All stocks in CW parent Equal-weighted None 
Weight Index index universe 

Value MSCI Value- All stocks in CW parent  Score adjusted None
weighted index index universe by investibilty factor 

Mom. MSCI Momentum  Selection by momentum  Market cap* Cap on weight
Index score (fixed number of momentum score of individual  

constituents to target security 
30% market cap coverage)

Low Vol. MSCI Minimum All stocks in CW parent optimization to Sector and country
Volatility Index index universe minimise portfolio constraints  

risk Cap on multiple of 
market cap of 
individual security

Size SciBeta Div. Multi-
Strategy mid-cap Index

Value  SciBeta Div. Multi-
Strategy Value Index 

Mom. SciBeta Div. Multi-
Strategy High Volatility Index

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

Size Russell mid-cap Smallest 800 companies Cap-Weighted None  
Index parent index

Value  Russell High Scoring based on Non Linear
Efficiency Value Probability method, 

results in approximately 
50% of the 
stocks of the CW parent index  

Mom. Russell High Scoring based on Non   
Efficiency Momentum Linear Probability method, 

results in approximately 
50% of the stocks of the 
CW parent index 

Low Vol.  Russell High Scoring based on Non  
Efficiency Low Vol Linear Probability method, 

results in approximately 30% 
of the stocks of the CW 
parent index 

Size FTSE Developed Selection based on size factor
Size Factor exposure score

Value FTSE Developed Selection based on value
Value Factor factor exposure score

Mom. FTSE Developed All stocks in CW parent  
Momentum Factor index universe

Low Vol. FTSE Developed Selection based on volatility 
Volatility Factor factor exposure score

Value FTSE RAFI 1000 Selection of 1000 stocks with Stocks' weights are None    
the highest fundamental calculated on their    
value from CW parent index investible RAFI 

fundamental value 
composite score.

Half the stocks 
by relevant score 

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

Cap on multiple 
of market cap 
and weight of 
individual 
securities 

Scientific Beta Index Methodologies 

Factor Index Stock selection Weighting Scheme Risk controls

MSCI Index Methodologies 

Russell Index Methodology

FTSE Index Methodology

Conversion of the
scores calculated in
the stock selection
stage into active
weights by using the
NLP method using
cap-weights as base.

Turnover 
minimisation by 
calculating new
stocks' weights using
a banding process

Using cap-weights as
base, stocks weights
are tilted by their 
respective factor
scores.

Country and 
industry constraints

FTSE  RAFI Index Methodology

EXHIBIT 1

14 The Scientific Beta USA (Developed) stock universe consists of 500 (2000) stocks, therefore each factor index is constructed on 250 (1000) stocks. The index construction methodology remains identical across
regions.
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Absolute and relative analytics of  factor indexes with respect to broad CW index in U.S. and developed universe
The table compares the absolute and relative performance of  the Scientific Beta Multi-strategy index for four factor tilts with the competing indices. Extreme Tracking Error (95%) is the 95th percentile of  the
distribution of  1-year rolling window tracking errors. 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. For USA (Developed), the S&P 500 index (the MSCI World index) is used as the benchmark. Yield on Secondary US Treasury Bills (3M) is used as a proxy for the risk-free rate.
The analysis is based on daily total returns of  indices in the period 01-Jan-2004 to 31-Dec-2013 (10 years).

EXHIBIT 2
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S&P 500 Index 7.38% 20.37% 0.29 1.77% 55.25% - - - - -

SciBeta  mid-cap CW 10.41% 22.33% 0.40 2.08% 57.09% 3.03% 5.38% 0.56 9.18% 18.95%

MSCI USA Equal Weighted 9.51% 22.70% 0.35 2.07% 59.77% 2.13% 4.45% 0.48 10.12% 17.04%

Russell  mid-cap 10.19% 22.61% 0.38 2.12% 58.93% 2.81% 5.08% 0.55 9.31% 17.80%

SciBeta  mid-cap Multi-Strategy 10.80% 20.29% 0.45 1.87% 53.42% 3.42% 4.56% 0.75 7.92% 9.64%

SciBeta Momentum CW 8.64% 20.38% 0.35 1.70% 50.81% 1.26% 4.63% 0.27 9.21% 13.77%

MSCI USA Momentum 9.39% 20.83% 0.38 1.94% 55.94% 2.01% 7.79% 0.26 15.80% 23.59%

Russell High Efficiency Momentum 9.06% 20.92% 0.36 1.85% 52.90% 1.68% 4.49% 0.38 7.61% 10.19%

SciBeta Momentum Multi-Strategy 9.40% 20.07% 0.39 1.76% 53.25% 2.02% 5.50% 0.37 10.85% 16.22%

SciBeta Low Volatility CW 7.94% 17.82% 0.36 1.46% 51.10% 0.56% 4.01% 0.14 7.10% 12.12%

MSCI USA Minimum Volatility 8.77% 16.91% 0.43 1.48% 46.61% 1.39% 5.20% 0.27 8.39% 12.83%

Russell High Efficiency Low Vol 8.56% 17.06% 0.41 1.40% 47.50% 1.18% 4.79% 0.25 9.39% 11.36%

SciBeta Low Vol Multi-Strategy 10.08% 16.99% 0.50 1.45% 48.31% 2.70% 5.20% 0.52 9.67% 8.79%

SciBeta Value CW 7.56% 22.46% 0.27 2.03% 60.01% 0.18% 3.94% 0.05 8.03% 14.56%

MSCI USA Value Weighted 7.53% 22.12% 0.27 1.97% 60.81% 0.15% 3.33% 0.05 8.10% 14.51%

Russell High Efficiency Value 9.76% 22.55% 0.36 2.03% 59.34% 2.38% 4.50% 0.53 11.31% 11.59%

FTSE RAFI 1000 US 9.32% 22.16% 0.35 1.99% 60.22% 1.94% 4.31% 0.45 11.05% 12.71%

SciBeta Value Multi-Strategy 10.54% 20.63% 0.43 1.87% 53.75% 3.16% 3.56% 0.89 5.49% 5.97%

MSCI World Index 7.53% 17.52% 0.34 1.63% 57.46% - - - - -

SciBeta  mid-cap CW 10.18% 17.80% 0.48 1.74% 58.11% 2.65% 3.53% 0.75 5.99% 10.44%

MSCI World Equal Weighted 9.22% 17.44% 0.44 1.71% 59.66% 1.70% 4.47% 0.38 8.37% 13.40%

Russell Developed Small Cap 9.14% 17.41% 0.43 1.79% 60.64% 1.61% 5.95% 0.27 11.50% 17.95%

FTSE Developed Size Factor Index 9.41% 16.92% 0.46 1.69% 59.18% 1.88% 4.90% 0.38 9.24% 13.48%

SciBeta mid-cap Multi-Strategy 10.45% 16.12% 0.55 1.57% 54.57% 2.92% 3.57% 0.82 6.80% 6.62%

SciBeta Momentum CW 8.90% 17.23% 0.43 1.56% 54.85% 1.37% 3.61% 0.38 6.70% 9.87%

MSCI World Momentum 10.80% 17.75% 0.52 1.67% 55.53% 3.27% 7.85% 0.42 15.67% 20.87%

Russell Dev HE LC Momentum 10.22% 18.24% 0.47 1.71% 56.69% 2.69% 3.99% 0.68 5.98% 9.97%

FTSE Dev Momentum Factor Index 8.29% 17.24% 0.39 1.59% 55.50% 0.76% 1.15% 0.66 1.78% 3.18%

SciBeta Momentum Multi-Strategy 10.30% 16.09% 0.54 1.51% 54.35% 2.77% 4.23% 0.65 8.24% 12.65%

SciBeta Low Volatility CW 8.67% 15.07% 0.47 1.37% 52.59% 1.14% 3.48% 0.33 6.23% 9.54%

MSCI World Minimum Volatility 8.36% 12.67% 0.54 1.19% 47.35% 0.83% 6.54% 0.13 10.95% 17.42%

Russell Dev HE Large Cap Low Vol 9.52% 14.09% 0.56 1.28% 49.60% 1.99% 4.75% 0.42 8.95% 13.16%

FTSE Dev Volatility Factor Index 8.85% 15.98% 0.46 1.42% 52.44% 1.32% 3.20% 0.41 5.34% 9.89%

SciBeta Low Vol Multi-Strategy 10.54% 13.79% 0.65 1.30% 49.55% 3.01% 4.79% 0.63 9.24% 9.76%

SciBeta Value CW 7.82% 18.80% 0.33 1.76% 60.07% 0.29% 2.61% 0.11 4.83% 11.03%

MSCI World Value Weighted 7.53% 18.61% 0.32 1.75% 61.55% 0.00% 2.73% 0.00 5.82% 11.51%

Russell Dev HE Large Cap Value 9.70% 18.61% 0.44 1.77% 61.61% 2.17% 3.87% 0.56 8.71% 12.24%

FTSE Dev Value Factor Index 8.16% 18.74% 0.35 1.76% 60.47% 0.64% 3.52% 0.18 7.79% 12.03%

FTSE RAFI 1000 Developed 8.46% 19.15% 0.36 1.79% 61.00% 0.93% 3.92% 0.24 9.11% 13.50%

SciBeta Value Multi-Strategy 10.21% 17.23% 0.50 1.66% 57.32% 2.68% 2.55% 1.05 4.19% 5.68%
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Robustness analytics of  factor indexes in U.S. and developed universes
The table compares the robustness and conditional performance of  the Scientific Beta multi-strategy index for four factor tilts with the competing indexes. Outperformance probability is the probability of
obtaining positive excess returns over CW if  one invests in the strategy at any point in time for a period of  three (or five) years. It is computed as the frequency of  positive values in the series of  excess returns
assessed over a rolling window of  three (or five) years and step size of  one week covering the entire investment horizon. The top 25% of  quarters with highest market returns are considered extremely bullish and
the bottom 25% quarters with the lowest returns are considered extremely bearish. For U.S. ( developed), the S&P 500 index (the MSCI  world index) is used as the benchmark. Yield on secondary U.S. Treasury
bills (3M) is used as a proxy for the risk-free rate. The analysis is based on daily total returns of  indexes in the period January 1, 2004 to December 31, 2013 (10 years).

EXHIBIT 3

Panel A

USA Factor  indexes

Outperformance Probability Extreme Bull                                             Extreme Bear 
(25% best)                                                 (25% worst)

3-Year 5-Year Excess                Tracking Excess                 Tracking
Returns                  Error                      Returns                 Error

SciBeta  mid-cap CW 84% 98% 7.19% 4.18% -1.34% 7.51%

MSCI USA Equal Weighted 85% 98% 11.82% 4.68% -3.00% 6.44%

Russell  mid-cap 86% 100% 11.43% 4.76% -2.53% 7.00%

SciBeta mid-cap Multi-Strategy 95% 100% 1.06% 3.84% 3.04% 6.16%

SciBeta Momentum CW 56% 76% -2.93% 3.59% 2.93% 6.82%

MSCI USA Momentum 58% 57% 1.28% 5.65% 2.45% 11.70%

Russell High Efficiency Momentum 91% 94% 2.51% 3.64% 0.03% 6.35%

SciBeta Momentum Multi-Strategy 60% 68% -3.27% 4.36% 2.46% 8.21%

SciBeta Low Volatility CW 64% 71% -6.91% 4.13% 5.47% 5.53%

MSCI USA Minimum Volatility 87% 94% -9.12% 5.16% 10.98% 7.20%

Russell High Efficiency Low Vol 78% 97% -8.69% 4.48% 8.04% 6.98%

SciBeta Low Vol Multi-Strategy 100% 100% -7.15% 4.97% 8.79% 7.48%

SciBeta Value CW 28% 17% 3.80% 3.82% -3.30% 5.81%

MSCI USA Value Weighted 39% 21% 6.96% 3.46% -3.53% 5.29%

Russell High Efficiency Value 88% 100% 11.37% 4.99% -1.14% 6.62%

FTSE RAFI 1000 US 82% 95% 15.17% 6.24% -3.05% 4.65%

SciBeta Value Multi-Strategy 92% 100% 1.72% 2.90% 2.72% 4.54%

SciBeta  mid-cap CW 80% 100% 6.12% 2.70% 0.21% 4.93%

MSCI World Equal Weighted 67% 99% 9.48% 3.53% -0.98% 6.22%

Russell Developed Small Cap 61% 88% 13.96% 4.57% -1.73% 8.52%

FTSE Developed Size Factor Index 74% 98% 8.39% 3.78% -1.37% 7.10%

SciBeta mid-cap Multi-Strategy 97% 100% 0.80% 3.19% 4.14% 5.06%

SciBeta Momentum CW 76% 79% -1.47% 3.04% 1.76% 5.11%

MSCI World Momentum 63% 82% -3.90% 5.81% 5.61% 11.50%

Russell Dev HE LC Momentum 86% 100% 3.94% 3.15% 0.30% 5.31%

FTSE Dev Momentum Factor Index 100% 100% -0.74% 0.95% 1.67% 1.61%

SciBeta Momentum Multi-Strategy 80% 100% -1.00% 3.89% 3.58% 5.95%

SciBeta Low Volatility CW 81% 97% -6.92% 3.09% 5.72% 4.80%

MSCI World Minimum Volatility 75% 93% -13.19% 5.42% 12.85% 9.20%

Russell Dev HE Large Cap Low Vol 93% 96% -8.52% 4.22% 8.75% 6.69%

FTSE Dev Volatility Factor Index 89% 97% -6.99% 2.61% 6.06% 4.27%

SciBeta Low Vol Multi-Strategy 100% 100% -6.49% 4.09% 8.87% 6.93%

SciBeta Value CW 29% 34% 3.03% 2.29% -2.34% 3.67%

MSCI World Value Weighted 25% 20% 5.61% 2.50% -3.04% 3.99%

Russell Dev HE Large Cap Value 68% 95% 10.88% 4.00% -1.82% 5.57%

FTSE Dev Value Factor Index 33% 47% 4.42% 2.64% -2.55% 5.44%

FTSE RAFI 1000 Developed 70% 74% 11.26% 5.04% -3.12% 4.71%

SciBeta Value Multi-Strategy 88% 100% 3.65% 1.98% 1.45% 3.42%

Panel B

Developed Factor  indexes

Outperformance Probability Extreme Bull                                             Extreme Bear 
(25% best)                                                 (25% worst)

3-Year 5-Year Excess                Tracking Excess                 Tracking
Returns                  Error                      Returns                 Error
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indexes use a diversified multi-strategy weighting that con-
sists of an equal allocation to the five following weighting
schemes: maximum deconcentration, risk weighted, maxi-
mum decorrelation, minimum volatility and maximum Sharpe
ratio. 

This article performs a comparative study among major
providers of factor indexes, MSCI, Russell, FTSE, and FTSE
RAFI. S&P offers factor indexes in the U.S. and FTSE RAFI re-
cently launched a low volatility index series, but the history
of publicly available data (less than 10 years) on these indexes
is limited, so we have not included them in the analysis, be-
cause it is not possible to draw conclusions from periods that
are too short.

Exhibit 1 summarizes construction principles for all the
indexes used in this study. 

It should be noted that different index providers include
implementation rules in their indexes in order to avoid trans-
action costs for investors trying to capture the factor expo-
sures. Russell indexes have an implicit reference to market
cap weights, which naturally tends to ease implementation.
The MSCI factor  indexes use different rules across different
factors. For example, no investibility adjustments are made
for equal-weighted indexes. Other factor indexes use differ-
ent adjustments, such as a weight cap in the momentum
index, turnover constraints in the minimum volatility index,
and smoothing over average fundamental variables in the
value-weighted indexes. The ERI Scientific Beta indexes apply
investibility rules (capacity and turnover control) as well as
turnover constraints.15 

Absolute and relative performance
Exhibit 2 shows that all indexes generally achieve outper-

formance over the broad cap-weighted index both in terms
of returns and Sharpe ratio. This shows that the factor  in-
dexes are able to benefit from the rewarded factor, some
more than others. In the U.S., Scientific Beta factor indexes
achieve the highest outperformance in each factor category.
For example, the Scientific Beta U.S. low  volatility  diversified
multi-strategy index has excess returns of 2.70% compared
to just 1.39% for the closest competitor and the Scientific
Beta U.S. value diversified  multi-strategy index has excess re-
turns of 3.16% compared to 2.38% for the closest competitor
(Russell) and 1.94% for FTSE RAFI 1000 U.S. 

We have seen that any portfolio tilted towards a re-
warded risk factor will be rewarded by nature. This is why all
Scientific Beta tilted CW indexes, which make no effort to
achieve diversification, have positive excess returns. The out-
performance can sometimes be quite high, for example in the
case of mid-cap indexes (3.03% and 2.65% for U.S. and de-
veloped  world indexes respectively), but it comes at the cost
of higher volatility. Therefore, the role of diversification can
truly be demonstrated by comparing risk-adjusted perform-
ance: the Sharpe ratios. The Sharpe ratio of the Scientific Beta
mid-cap indexes is far higher than that of their tilted CW
counterparts. In general, the Sharpe ratios of Scientific Beta
indexes are also invariably superior in each factor category.

Investing in a single factor comes at the risk of short-term
relative losses, which can be large at times (Asness, 1992, and
Cohen, Polk and Vuolteenaho, 2003). Therefore, maximum
relative drawdown becomes an important measure of risk.
This is the maximum relative loss, compared to the CW
benchmark, experienced by a strategy between a peak and
a valley over a specified period. The results show that Scien-
tific Beta indexes, with the exception of the momentum
index, experienced maximum relative drawdown in the range
of 6% to 10% during the analysis period, distinctly lower than
the MSCI and Russell factor indexes. The effect of risk reduc-
tion through diversification is particularly clear in the case of
value  indexes. The diversification-based Scientific Beta factor
index exhibits maximum relative drawdown of 5.97% and a
Sharpe ratio of 0.43, in comparison with FTSE RAFI 1000 U.S.,
which has maximum relative drawdown of 12.71% and a
Sharpe ratio of 0.35.

Panel B of Exhibit 2 presents the same analysis in the  de-
veloped world stock universe. In each factor category, both
the excess returns and Sharpe ratio of Scientific Beta factor
indexes is higher than those of competitors. For example, the
Scientific Beta developed mid-cap (low  volatility) diversified
multi-strategy index has a Sharpe ratio of 0.55 (0.65) com-
pared to just 0.46 (0.56) for the closest competitor. Other ob-
servations from the U.S., such as higher information ratio and
lower maximum relative drawdown for Scientific Beta indexes,
remain qualitatively similar in the  developed universe.

Robustness checks
It is understood that a view of average performance over

some time frame does not reveal certain useful information,
such as performance in extreme market conditions and con-
sistency in beating the benchmark. These measures are in-
dicative of the robustness of the strategies. Therefore, we
compute outperformance probability and performance in the
top and bottom 25% of the market. The probability of out-
performance is defined as the empirical frequency of outper-
forming the cap-weighted reference index over a given
investment horizon. This calculation allows one to distinguish
between strategies that are sensitive to the choice of period
in achieving their performance and those that are less so. For
conditional analysis, performance in the top and bottom 25%
quarters is  analyzed by CW index returns.

The outperformance probability of Scientific Beta in-
dexes is higher in the case of  size,  low volatility and value
indexes in both the U.S. and developed universes. MSCI
value indexes display around 25%–40% outperformance
probability for a three-year horizon, while for Scientific Beta
indexes this figure is around 90%. Except for U.S. momentum,
all Scientific Beta factor indexes achieve 100% outperfor-
mance probability for a five-year investment horizon, meaning
that if one had invested in the strategy for a  five-year period
(as factors perform over longer periods), one would have
been sure to outperform the CW benchmark,  regardless of
the entry time. 

The information on extreme markets (25% bull  and 25%
bear) shows that the dependence of the performance of all
indexes on market conditions is quite high. Relative to the
broad CW index,  size and  value  indexes are favoured in bull
markets, while momentum and low volatility indexes perform
better in bear markets. It is sometimes argued therefore that
a combination of factor indexes is better suited for an investor
who desires more consistent outperformance across market
cycles.

Our results show that factor indexes in general deliver at-
tractive performance, as they take advantage of risk factors
that are supported by academic research. However, Scientific
Beta’s methodology, aiming at improved diversification within
the factor space, provides better extraction of the related risk
premia. Caution is in order when assessing any performance
comparison that is based on a limited time period. That is why
ERI Scientific Beta calculates long-term track records over 40
years on U.S. data. Since the equivalent of these calculations
is not disclosed by the other index providers, it has not been
possible to make this comparison. In fact, a key question that
any index provider faces is potential criticism that  indexes
could be a result of a data mining exercise, which in turn im-
plies that performance may not be robust. Therefore, in ad-
dition to performance numbers, a key question is the
methodological robustness of the different offerings. For
index performance to be considered robust, index providers
should follow transparent and consistent methodologies and
build their indexes on consensual factor definitions and mod-
els, which they do not always do, as we show here. Therefore,
beyond assessing the performance of backtests, the method-
ological robustness is likely to become a key consideration
for investors going forward. •

MSCI® is a registered trademark of MSCI Inc. S&P® and S&P
500® are registered trademarks of Standard & Poor’s Finan-
cial Services LLC (“S&P”), a subsidiary of The McGraw-Hill
Companies, Inc. Russell 1000® and Russell® are registered
trademarks of Russell Investments. FTSE® is a registered
trade mark of the London Stock Exchange Plc and The Finan-
cial Times Limited. RAFI® is a registered trademark of Re-
search Affiliates, LLC.
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atching the huge demand for cap-
ital investment in infrastructure
projects around the world with the
available supply of long-term funds
by institutional investors, whether
pension funds, insurers or sover-
eign wealth funds, has never been

so high on the international policy agenda. This policy mo-
mentum, illustrated by the recent focus on long-term invest-
ment in infrastructure by the G20, coincides with the steadily
growing investment appetite from institutional investors for
unlisted and illiquid assets. 

However, solid evidence supporting the benefits of infra-
structure investment is still missing, and full-fledged invest-
ment solutions demonstrating the benefits of infrastructure
investment for institutional investors are scarce. Today, docu-
menting the investment characteristics of long-term invest-
ment in infrastructure has become a pressing issue. 

In recent research,16 we discuss the issue and propose an
approach to benchmark long-term investments in infrastruc-
ture, where long-term investment simply refers to any unlisted
and illiquid asset. 

We first highlight the reasons why benchmarking long-
term infrastructure investments has become essential to
match the supply and demand of long-term capital, improve
asset allocation outcomes for investors and support the de-
velopment of the economy.

We propose steps toward creating benchmarks  for long-
term infrastructure investments. Drawing on additional re-
search,17 we also discuss how these steps can be implemented.

The need to inform asset allocation decisions and to adapt
regulation

Asset allocations to long-term investments in infrastruc-
ture require (a) that investors know what risk and performance
to expect over time and in different economic environments
and (b) that regulators understand what risks investors are tak-
ing. As a consequence, benchmarking the expected behav-
iour of long-term infrastructure investments is necessary to
allow investors to fully integrate infrastructure investment into
their asset-liability management exercises, as well as to cali-
brate the risk-based regulatory frameworks that make these
investments possible (or not) in the first place. The informa-
tion created with such benchmarks will be instrumental to
matching the supply and demand of long-term capital.

Substantial investment in infrastructure by long-term in-
vestors cannot take place without adequate measures of ex-
pected performance and risk. However, market mechanisms
have so far failed to create the information necessary for the
supply and demand of long-term investment to meet on a
significant scale.

Today, asset allocation to long-term infrastructure invest-
ments remains a puzzle. Indeed, while they can, in principle,
be expected to deliver improved diversification, better liabil-
ity hedging and less volatile valuations than capital market in-
struments, investment solutions that can ensure these
benefits have remained few and far between. 

Quantitative analysis remains necessary to help answer
investors' most basic and pressing question, whether invest-
ing in illiquid infrastructure assets is really relevant as an asset
allocation decision. 

Regulators also require empirical evidence before they

can consider adapting the risk-weights that are currently ap-
plicable to long-term investment in infrastructure.18

A double challenge: data collection and asset pricing
The nature of long-term investment in infrastructure

makes the creation of benchmarks very challenging: exten-
sive data collection, while absolutely necessary, will not be
sufficient. 

First, cash flow data is limited. Information is scattered
among numerous private investors and lenders, and little or
no effort has been made to construct a database of these
cash flows.  This database must be built, and this is one of the
steps  we propose.

Even with such a database, however, empirical observa-
tions about infrastructure equity and debt cash flows will re-
main truncated in time and limited in the cross-section.
Infrastructure cash flow time series are incomplete: by defini-
tion, the immense majority of infrastructure projects currently
investible are far from having reached the end of their lives.
Hence, most of these cash flows remain in the future for which
very few, if any, comparable investments currently exist. 

Indeed, in the cross section, the infrastructure projects
that have been financed over the past few decades  have
evolved and  are not necessarily representative of investment
opportunities today.

The second challenge is the (almost) complete absence
of market valuation for projects that are invested in at one
point in time and are then held to maturity. While unlisted in-
frastructure project equity may be traded in secondary mar-
kets, this is rare and very few transactions exist. The same is
even more true for infrastructure project debt.

In the majority of cases, the only observable price infor-
mation is the initial equity investment and debt originated at
the beginning of infrastructure investment projects, given a
cash flow forecast or base case. We may also observe up-
dated cash flow forecasts spanning the remaining life of each
investment. Finally, we can observe realized cash flows and
cash flow ratios, but not for the entire life of individual proj-
ects. 

In other words, the challenge is to estimate the perform-
ance of an asset that is lumpy, held to maturity, for which most
cash flows remain to be observed, with limited granularity in
the cross-section, with (almost) no market prices.

We propose to address the paucity of available data and
aim to document the performance and risks of long-term in-
vestment in infrastructure in terms that are relevant to in-
vestors and regulators.

Eight steps toward long-term institutional investment in
infrastructure

Our  plan requires a two-level approach, starting with un-
derstanding financial assets, before documenting the behav-
ior of different portfolios built with such instruments.

At the financial asset level, five steps are necessary to
clarify and document the performance of unlisted infrastruc-
ture equity and debt:

1. Define your terms: Today infrastructure investment is ill-
defined. Our first step is to agree on unambiguous 
definitions of what financial instruments long-term 
investment in infrastructure refers to.

2. Design adequate valuation and risk measurement 

methodologies: With clear and consensual definitions of 
underlying instruments, adequate valuation and risk 
measurement methodologies can be developed that take
into account the infrequent trading of most underlying 
infrastructure equity and debt. The proposed 
methodologies should also lead to the definition of the 
minimum data requirement (MDR) necessary to derive 
the required performance and risk estimates.

3. Determine the data collection requirements: While 
ensuring theoretical robustness is paramount to the 
reliability of performance measurement,  it must be 
balanced with the requirement to collect real world 
data from market participants in order to keep this 
process realistic and affordable. The determination of a 
parsimonious dataset for asset pricing will also 
inform the standardization of a new investment data 
collection and reporting framework.

4. Standardise performance reporting: The standardization 
of infrastructure investment data collection will allow the 
emergence of an industry-wide reporting standard. This 
reporting standard can increase transparency between 
investors and managers,  maximize industry participation 
and reduce the cost of compliance.

5. Create a database of infrastructure equity and debt cash 
flows: With the identification of the required data and a 
standardized reporting/data collection template, a data
base of infrastructure project cash flows can be built to 
apply the methodologies mentioned above, and it can 
be managed by an independent organization to address 
potential conflicts of interest.

At the portfolio level, three more steps are necessary 
to arrive at useful long-term investment benchmarks in 
infrastructure:

6. Identify building blocks: A number of risk factors can be
expected to systematically explain investment 
performance in infrastructure projects. Once the most 
homogenous sub-groups of individual infrastructure 
finance equity and debt instruments have been identified
(greenfield vs. brownfield , relevant investment 
strategies using these building blocks can de designed.
The statistical validation of these insights is a key step 
towards infrastructure investment benchmarks, and 
will ensure that individual building blocks exhibit low 
levels of correlation  among themselves.

7. Define relevant investment strategies: As long-term 
illiquid assets, a basket of infrastructure projects is 
not easily or instantly  investible. However, the 
building blocks discussed above can be used 
independently or in combination to guide different 
investment strategies with regard to long-term 
infrastructure and that can help achieve investors’ 
long-term objectives.

8. Investment benchmarks: These strategies can be used as
benchmarks to assist in investment decision making, 
performance and risk measurement. Using historical data,
the correlation of each strategy’s performance with other
asset classes ( such as corporate debt, public or private 
equity) can be measured and, with continued data 
collection it can be estimated with increased accuracy.

PORTFOLIO MANAGEMENT

Benchmarking Long-Term 
Infrastructure Investments

M

Frédéric Blanc-Brude
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16 Blanc-Brude, F., June 2014, Benchmarking Long-Term Investment in Infrastructure: Objectives, Roadmap and Recent Progress, EDHEC-Risk Institute Position Paper.
17 In 2012, EDHEC-Risk Institute created a thematic research program on infrastructure investment and established a research chair dedicated to infrastructure debt investment with the support of NATIXIS. In 2013,
a second research chair focusing on the characteristics of unlisted infrastructure equity was created with the support of Meridiam Infrastructure & Campbell Lutyens.
18 The recent debate around Solvency II and long-term investment led to an impasse for lack of sufficient empirical evidence.
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The role of infrastructure project finance
To define the underlying assets, we argue that the financial

instruments considered adequate should meet three criteria:
• There should be a good reason to believe that such 

financial assets have a different investment profile  from 
existing partitions of the investment set: corporate 
bonds and private equity.

• They should exist in large enough quantities to be 
relevant at the strategic asset allocation level for a 
typical investor. 

• Investors should be able to construct portfolios of 
sufficient granularity to achieve diversification and to 
converge toward an average effect (the benchmark).

Today, project finance debt and equity are the main types
of financial assets that meet all three criteria and can serve as
the reference instruments for the construction of infrastructure
investment benchmarks. 
• The largest pool of  investible, stand-alone infrastructure

projects was created using project finance (USD3.3 trillion
of financing closed over the past 15 years).

• Project finance benefits from an internationally
recognized and uncontroversial definition in the 
Basel II Capital Accord.

• Because of its specific corporate governance,  
project finance can be expected to have a unique risk/
return profile and thus to contribute positively to 
long-term investors’ portfolio choices.

Valuation and risk measures
The second step requires the creation of asset pricing

methodologies that can address one of the fundamental dif-
ficulties of investing in highly illiquid assets: the absence of a
large number of trades or of publicly available cash flow data.
In our recent research, we present some of the results of two
forthcoming papers addressing, respectively, the valuation of
infrastructure project finance equity and debt. We highlight
the fact that even if all existing empirical data were aggre-
gated, valuing long-term infrastructure debt and equity would
still have to rely on cash flow models because a significant
part of relevant and comparable cash flows still lie in the fu-
ture. We suggest the use of Bayesian inference to build cash
flow models that can be updated as new information be-
comes available.

The documentation of infrastructure cash flow dynamics
requires a quasi-forensic effort to identify generic project fi-
nancing structures and calibrate the relevant cash flow mod-
els. Once cash flow dynamics are understood to the best of
our current empirical knowledge, valuation and performance
measurement can take place. 

Our proposed approach takes advantage of the fact that
project finance is well-documented at the time of investment,
which makes it possible to group infrastructure investments
into categories that are expected to correspond to homoge-
nous cash flow processes.

In two forthcoming papers (Blanc-Brude and Ismail, 2014;
Blanc-Brude, Hasan, and Ismail, 2014), we argue that by par-
titioning the  investible universe of infrastructure projects with
tractable cash flow models characterized by well-documented
parameters, such as initial leverage, amortization profile, and
typical average debt service cover ratio throughout the proj-
ect lifecycle, we can apply Bayesian techniques and elicit the
prior distribution of a stochastic cash flow process that can
subsequently be updated with empirical observations as they
become available.

Thus, using a minimal amount of input data: observing
initial investment values, base case and revised equity cash
flow forecasts even for a limited number of projects (per
generic type), as well as actual dividend payouts even with
truncated time series, we can derive full time series of dis-
count rates.

The performance of infrastructure project finance debt
should also be properly modeled and measured by taking
into account the endogenous nature of credit risk in project
finance, that is, the active role played by lenders across the
lives of these instruments to  maximize recovery rates and re-
turns per unit of risk taken.

Using these approaches to infrastructure equity and debt
valuation, we can compute asset values, period rates of re-
turn, yield to maturity and a series of risk measures including
expected loss, effective duration, value-at-risk, conditional
value-at-risk for individual instruments and portfolios of equity
and debt in infrastructure projects. 

These results remain conditional on information available

today, and on the initial segmentation of the unlisted infra-
structure project equity universe into generic project types,
each of which represents a single underlying cash flow
process. Still, we show that it is possible to build performance
measures that can inform portfolio construction and, eventu-
ally, asset allocation, for highly illiquid and seldom traded in-
struments.

We also find that model calibration using even limited
datasets leads to substantial variance reduction of the param-
eter estimates. In other words, the learning potential from a
database of project cash flows combined with Bayesian meth-
ods is rapid and significant even with initially small samples.
Hence, more precise risk and performance measures are al-
ready achievable. Crucially, this approach is completely trans-
parent. This methodology is not a black box. It uses
well-documented assumptions about generic infrastructure
project structures that can be refined to reflect an industry
consensus. Furthermore, Bayesian models mostly involve sim-
ple algebra and calculus. 

Next steps
Thus, despite the absence of large or even complete

datasets, the benchmarking of long-term investment in infra-
structure can be achieved in a manner that is both useful and
relevant to asset allocation decisions and the calibration of
prudential regulatory frameworks. Our use of the prism of
project finance to model and measure the volatility of under-
lying cash flows is instrumental in this respect. 

Since project finance corresponds to a well defined cat-
egory of financial instruments with unique characteristics, as
well as to the largest and most representative pool of infra-
structure financing instruments, project finance debt and eq-
uity are well suited to be reference instruments for the
construction of long-term infrastructure investment bench-
marks.

EDHEC-Risk Institute’s effort to implement this roadmap
continues with the standardization of data collection and re-
porting of infrastructure investment cash flow data and per-
formance, and the development of the first global database
of project finance equity and debt cash flows.  Implementing
our  plan will make it possible to create and produce long-
term infrastructure investment benchmarks, and to calibrate
the relevant prudential regulatory frameworks. •

Blanc-Brude, F. June 2014. Benchmarking Long-Term Investment
in Infrastructure: Objectives, Roadmap and Recent Progress,
EDHEC-Risk Institute Position Paper.
Blanc-Brude, F., M. Hasan, and O. R. H. Ismail. 2014. Valuation
and Credit Risk of Illiquid Infrastructure Debt Instruments. EDHEC-
Risk Institute and Natixis Research Chair on Infrastructure Debt In-
vestment Solutions. EDHEC-Risk Institute Publication.
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urement of Unlisted Infrastructure Equity Investments.
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4.09%
is the average annual long-term outperformance observed 

with US data over 40 years of the Scientific Beta US Multi-Beta 
Multi-Strategy EW Index compared to a reference index based 

on the 500 largest market cap US stocks.

This index equalises the investment in four extremely well 
diversified smart factor indices (Value, Momentum, Mid-Cap 

and Low Volatility).

It combines the best of factor investing with the best of smart 
beta and has improved the Sharpe ratio with respect to a 

reference index based on the 500 largest market cap US stocks 
by 91%* over the last 40 years.

For more information, please visit www.scientificbeta.com
or contact Mélanie Ruiz on +33 493 187 851

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

*Overall percentage increase in Sharpe ratio observed between 31/12/1973 and 31/12/2013 for long-term track record Scientific Beta US 
Multi-Beta Multi-Strategy EW compared to its cap-weighted 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 based on historical simulation. 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. 
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