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INTRODUCTION

Introduction to Research for Institutional
Money Management supplement in P&l

Noél Amenc
Associate Dean for Business Development, EDHEC Business School, CEO, ERI Scientific Beta

tis a great pleasure to introduce the latest “Scientific Beta” special issue of the Research for
Institutional Money Management supplement to P&l.

We first show that achieving robust exposure to long-term rewarded factors, good di-
versification of unrewarded risks, and high levels of investability are key requirements for
adding value with factor indexes. It is clear that this added value is expressed over the long
term, but that risk control options can increase the short-term consistency of the outperfor-
mance that investors expect.

In this short-term risk-control context, we review the sector-risk-control option offered to
investors by Scientific Beta that has been available on its platform since its launch in 2013.
We conclude that the choice of using the sector-risk-control option is a trade-off between in-
vestors' aversion to short-term risks generated by sector risk and their willingness to harvest
factor risk premia in the most efficient way, to achieve the highest risk-adjusted performance
over the long run.

On the subject of allocation between factors, ERI Scientific Beta has undertaken exten-
sive research to go beyond the usual approaches based on factor deconcentration or factor
balance. In particular, we focus our research on the link between economic states and factor
risk premia. We review some of the existing studies in this area from practitioners and then
discuss conceptual considerations regarding the selection of relevant variables and propose
a methodology for classifying macroeconomic regimes. We analyze the conditionality of
factor premia to the macro regimes and give illustrative examples for implications for factor
investors.

With more than USD 34bn in assets replicating our indexes, we are now in a good posi-
tion to observe instances of factor strategy implementation in institutional investors’ alloca-
tions. As such, we felt that it was useful in this area to hear from one of our clients, OPTrust,
with whom we engage in intellectual exchanges that go well beyond a simple client/provid-
er relationship. The portfolio construction team at OPTrust explain their approach to factor
investing from a total portfolio construction perspective. They believe that their mission
is best accomplished by building a portfolio with balanced exposures across different risk
factors, including macro and style factors. Constructing the portfolio in this way has reduced
their dependence on common risk drivers, such as equity risk, to earn the returns they need
to keep their plan sustainable, at the lowest level of risk.

Finally, since allocating to factors implies that one knows how to identify them and how
to measure a portfolio’s exposures to them, we examine factor definitions used in analytic
tools offered to investors and contrast them with the standard academic factors. We also
outline why the methodologies used in popular tools pose a high risk of ending up with irrel-
evant factors. Most popular factor analysis tools used by investors deviate from the models
used in research because they choose to use factor scores instead of betas. Although scores
are easy to compute and present a point-in-time snapshot of portfolio characteristics, fac-
tor scores have serious shortcomings when it comes to factor exposure measurement. The
consequence of this misalignment is that investors may end up with returns that fall short of
their expectations.

We hope you will find the articles on smart beta in the supplement informative and rele-
vant. We warmly thank our friends at P&l for their partnership on the supplement.
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Adding Value with Factor Indexes
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We show that achieving robust exposure to long-term rewarded factors, good diversification of unrewarded risks, and high levels of investability

are key requirements for adding value with factor indexes.

Suitably designed smart factor indexes address the shortcomings of cap-weighted indexes (high concentration and poor exposure to risk factors).

In addition to factor risks, investors need to consider implicit risks, such as sector and market risk. We demonstrate how an investor can make

explicit choices regarding these risks.

ulti-factor equity strategies have gained considerable
traction with investors in recent years, and there is a mul-
titude of choices when it comes to constructing or se-
lecting factor-based equity strategies. However, simply
tilting towards factors does not necessarily ensure sound
investment outcomes. Instead, investors need to assess
strategy design features carefully in order to understand
the risk and performance properties that can be expected
from such strategies. In this article, we address the issues
arising in multi-factor strategy construction using the ex-
ample of Scientific Beta indexes. These indexes are based
on an investment philosophy that is motivated by a search
for robustness at all stages of the index design process
and is guided by the following three key principles:

e Offering exposure to long-term well-rewarded risk
factors, whose existence and persistence have been
documented by empirical studies and economic
rationale;

e Ensuring a good reward for these factors
through diversification of unrewarded (specific) risk,
to increase long-term risk-adjusted performance
while reducing short- and medium-term risk;

® Sound risk management by implementing risk
allocation between smart factor indexes,
through explicit and transparent control over
individual factor sleeves. This allocation allows
investors to choose their factor exposures,
but also - within the framework of dynamic
allocation - to be able to satisfy particular absolute
or relative risk objectives. Finally, the risk
control options offered by Scientific Beta also
make it possible to respond to important
fiduciary choices for investors or their asset
managers, such as whether or not to respect
sector neutrality, country neutrality or use a
market beta adjustment, which allows the
market beta of the multi-factor strategy
to be aligned with that of the market.

In this article, we first discuss how smart factor indexes
that address robustness, diversification and investability
issues can be designed, and how such indexes can be
combined into multi-factor portfolios. Second, we turn to
risk-control options that allow sector and market exposure
biases in multi-smart factor indexes to be addressed. Fi-
nally, we conclude on the consequences in terms of inves-
tors’ positioning with respect to fiduciary choices and the
corresponding expectations that they can have for their
investment in a multi-smart-factor index.

Designing Smart Factor Indexes

Ultimately, smart beta index design aims to remedy is-
sues with cap-weighted indexes, by drawing on well-doc-
umented sources of return and diversification. We first re-
view the issues with cap-weighted indexes and then outline
key principles underlying smart beta index construction.

Smart Beta Indexes versus Cap-Weighted Indexes
Indexes that weight their constituents by their mar-

ket capitalization (cap-weighted (CW) indexes for short)
are still the most prevalent passive investment instru-
ments and are widely used as benchmarks in the asset
management industry. However, they have two major
disadvantages: first, they tend to be highly concentrated
in the largest stocks from the investment universe. This
under-diversification means that unrewarded or stock id-
iosyncratic risks are not completely diversified away, leav-
ing the investor exposed to such unwanted risks. Second,
cap-weighted indexes tend to have negative exposure
to well-documented long-term-rewarded risk factors. For
example, due to the concentration in large-cap stocks,
which also tend to be Growth stocks (low book-to-market
ratio), cap-weighted indexes have a negative exposure to
the Size and Value factors. Numerous academic studies
have shown that small stocks outperform large stocks and
that Value stocks (high book-to-market ratio) outperform
Growth stocks in the long term.

In figure 1, we show the effective and nominal number
of stocks in the EDHEC-Risk US Long-Term Track Record
(LTTR) cap-weighted index. A low effective number of
stocks indicates high concentration?. The fact that the ef-
fective number of stocks is only about 100 while the nom-
inal number of stocks is 500 shows that the cap-weighted
index is heavily concentrated in relatively few stocks. Fig-
ure 1 also shows the weight allocation in the cap-weight-
ed index for each book-to-market quintile. It is apparent
that large stocks and Growth stocks dominate, which is
expected to hinder long-term returns.

Smart factor indexes ultimately address both short-
comings of cap-weighted indexes, high concentration
and exposure to the wrong factors. Designing smart fac-
tor indexes thus requires employing suitable methods to
capture factor premia and improve diversification.

Choice of Factors

While we have seen that cap-weighted indexes are
poorly exposed to long-term rewarded factors, choos-
ing a suitable set of rewarded factors raises important
questions. In fact, only a rigorous factor selection proce-
dure will lead to robust out-of-sample performance. The

T See footnote 3 for an overview of academic studies relating to risk factors.
2 The effective number of stocks in an equal-weighted index is identical to the nominal numbers. Thus holding 500 stocks with market cap-weights is as concentrated as holding only about 100

stocks with equal weights.

chosen factors should be supported by both theoretical
and empirical academic evidence. We believe in estab-
lished and well-documented factors over proprietary and
over-engineered ones: Size, Value, Momentum, Low Vol-
atility, High Profitability, and Low Investment are the six
factors on which we build our indexes.3

There is strong empirical evidence that these factors
deliver a premium over the cap-weighted market return
in the long term. However, empirical evidence is only a
necessary, and not a sufficient, condition for including a
factor in our selection. As many researchers are looking
for patterns in the same datasets on stock returns and
statistical tests are usually designed with a level of signif-
icance of 5% (i.e. the probability of wrongly finding a sig-
nificant factor is 5%) when testing say 100 factors, 5 will be
significant by chance. Indeed, Harvey, Liu, and Zhu (2016)
surveyed the academic literature and found 314 “signifi-
cant” factors. The authors recommend using stricter lev-
els of significance in the statistical tests and highlight the
importance of having an economic rationale for factors.
We show an overview of established economic rationales
behind our chosen six factors in figure 2.

The risk-based explanations not only give confidence
to the investor that the factors will persist in the future but
also help alleviate factor crowding concerns, as some in-
vestors will be unwilling to take on these risks even if there
is a long-term reward.

Robust Factor Definitions

Several factors have been well documented in the
literature, as discussed above. An important question is
how to implement such findings in practice, through an
appropriate definition for each factor. A key requirement
for benefiting from the substantial academic evidence on
factors cited above is to use straightforward and estab-
lished factor definitions that underlie this evidence. Using
these standard factor definitions improves robustness and
makes strategies easily tractable for investors. In contrast,
constructing complex provider-specific factor definitions
de-connects factor indexes from the academic evidence.
Such complex definitions increase data-mining risks and
may lead to poor out-of-sample performance. We sum-
marize the definitions used by Scientific Beta for the six
factors in figure 3. Scientific Beta calculates scores yearly
on the first Friday of June. The exception to the yearly
rebalancing is the Momentum factor, which is rebalanced
twice a year (on the first Friday of June and December).

Some factor scores (Value, Profitability and Investment)
are based on accounting data. Accounting data can be
difficult to compare across sectors (e.g. book value for a

3 The corresponding academic studies are: Banz (1981) and Fama and French (1992) for Size; Fama and French (1992) for Value; Jegadeesh and Titman (1993) and Carhart (1997) for Momentum;
Ang et al. (2006) for Volatility; Novy-Marx (2013) for High Profitability; and Hou, Xue, and Zhang (2015) for Low Investment.
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FIGURE 1

Drawbacks of Cap-Weighted Indexes

This figure shows the effective and nominal number of stocks in the EDHEC-Risk US Long-Term Track Record (LT'TR) cap-weighted index and the average weight allocation by
value quintile between 31-Dec-1976 and 31-Dec-2016. The LT'TR cap-weighted index consists of the 500 largest stocks by market capitalization in the US. We compute the effective
number of stocks as the sum of the squared weights of each stock in the index and average this figure over the sample period. We build book-to-market quintiles every quarter and
show the average weight allocation over the sample period.
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FIGURE 2

Economic Rationale behind Selected Factors

Risk-Based Explanation Behavioral Explanation

Size Smaller stocks have lower liquidity, higher distress, Limited investor attention to smaller cap stocks
and downside risks..

Value Value stocks find it harder to reverse their assets in bad Overreaction to bad news and extrapolation of the recent
economic times than growth stocks. past leads to underpricing.
Momentum Investor is exposed to momentum crashes. Investor overconfidence and self-attribution bias leads to
higher returns in the short term.
Low Volatility Liquidity constrained investors have to sell leveraged Disagreement among investors about high-risk stocks leads
positions in low-risk assets in bad times when to overpricing due to short sale constraints.

liquidity constraints become binding.

High Profitability Firms facing high cost of capital will invest only in Investors do not discern high and low profitability in growth
the most profitable projects. firms.
Low Investment Low investment indicates a firm’s higher cost of capital. Investors underprice low investment firms due to

expectation errors.

FIGURE 3

Scientific Beta’s Scoring Criteria

High High High High
Large Cap Momentum Volatility Profitability Investment

Low Low Low Low
Growth Momentum Volatility Profitability Investment
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bank has a very different meaning than book value for a
manufacturing company), which would lead to a lack of
relevance in the stock selection when comparing stocks
across sectors with heterogeneous accounting properties.
To avoid comparing apples with oranges, i.e. to make sure
that the factor-based stock selections reflect economic re-
alities rather than sector-specific accounting discrepancies,
Scientific Beta performs the stock filtering based on the
factor score by mega-sector. Our mega-sectors are finan-
cials, technology firms, and others. This highly parsimoni-
ous approach allows stock diversity and factor intensity to
be reconciled in each factor selection.

Applying such consensual factor definitions to select
stocks for the relevant factor tilts is a first important step
towards the design of smart factor indexes. However, fo-
cusing only on stocks with the highest factor scores for a
single factor ignores potential negative interaction effects
with other factors. For example, a stock with a high book-
to-market value might have a low Momentum score. Thus,
investors would benefit from additional controls in the
stock selection mechanism to account for such interaction
effects.

Controlling Factor Interactions
To address the issue of factor interactions, different

alternatives exist. Many smart beta providers, being con-
scious of the factor interaction problem, compute a com-
posite multi-factor score, which is then used for stock selec-
tion (referred to as the “bottom-up” approach). Scientific
Beta prefers to use the so-called “top-down” approach, in
which multi-factor indexes are constructed from single fac-
tor indexes. Amenc et al. (2017) show that while the “bot-
tom-up” approach leads to higher factor exposures than
the “top-down” approach, it also faces some major disad-
vantages, such as higher unrewarded risks caused by high-
er portfolio concentration. The authors document that the
“top-down” approach provides better performance per
unit of factor exposure due to better diversification. They
demonstrate an elegant solution to increase factor intensi-
ty in the “top-down"” approach by eliminating stocks with
low multi-factor scores. Figure 4 shows interesting asym-
metry between factor champions and factor losers. The
absolute underperformance of a “factor losers” portfolio
is substantially larger than the outperformance of a “factor
champions” portfolio. This holds for two different ways of
aggregating individual factor scores. Therefore, eliminating

Factor Champions vs. Factor Losers

factor losers may be a more efficient way to increase factor
intensity than focusing on factor champions.

To put these findings into practice, Scientific Beta uses
a factor intensity filter, which eliminates stocks with the
lowest multi-factor scores. We calculate the multi-factor
score based on the following factors: Value, Momentum,
Low Volatility, High Profitability and Low Investment. The
size score is not included as our diversified indexes already
have a tilt towards small-cap stocks. While Scientific Beta
offers a choice of two different specifications of the factor
intensity filter, for the purposes of this article we will focus
on presenting results for indexes that use the High Factor
Intensity (HFI) filter. This starts with stocks that are part of
the factor-based selection (which contains 50% of stocks
in the entire universe) and excludes stocks with the lowest
multi-factor score, leaving 30% of stocks compared to the
starting investment universe. The other specification of the
factor intensity filter is the standard factor intensity filter,
which filters out a smaller number of stocks, leaving 40%
of stocks compared to the starting investment universe at
the end of the process.

The key advantage of the FI (factor intensity) filter is
that it allows us to take factor interactions into account
and achieve stronger factor intensity in a multi-factor set-
ting through ERI Scientific Beta's consistent “top-down”
framework. The flexibility and transparency of “top-down”
approaches is retained and so is the efficient premium cap-
ture of the smart factor indexes. Figure 5 illustrates the
filters by comparing both the standard and HFI-filtered
smart factor indexes. The HFI version of this multi-factor
intensity filter achieves much higher intensity and corre-
sponds to the choice that is favored by investors who wish
to have a substantial factor distance with respect to the
cap-weighted index, and consequently higher tracking er-
ror than that displayed by the standard MBMS indexes.

Diversifying Specific Risks

A crucial question when constructing factor indexes is
not only how to gain exposure to rewarded risk factors,
but also how to limit the exposure to unrewarded risks.
Scientific Beta addresses this question in the Smart Beta
2.0 approach for constructing smart factor indexes (Amenc
and Goltz, 2013). This approach breaks down the index
construction into two distinct steps: first, filter the invest-
ment universe according to the desired risk factor (e.g.
select the top 50% stocks based on their book-to-market

FIGURE 4

value), and apply relevant filters to control for cross-fac-
tor interaction. Second, diversify away unrewarded (idio-
syncratic) risks through a smart weighting scheme (e.g.
through equally weighting each stock). A key advantage
of this approach is that it not only considers the question
of factor exposure, but also that of diversifying stock-spe-
cific risk through a suitable weighting scheme. Moreover,
the Smart Beta 2.0 approach allows for the introduction of
additional risk options in a straightforward way. We will dis-
cuss the importance of risk-control options in the second
part of this article.

It is important to recall why, after filtering the stock uni-
verse according to the desired factor tilt and eliminating
factor losers to increase factor intensity, the question of
how to diversify idiosyncratic stock risk is crucial. In fact,
the starting point of designing a smart beta strategy was
to address the shortcomings of cap-weighted indexes.
Selecting stocks based on factor characteristics deals with
one of the shortcomings. However, if factor-tilted indexes
were constructed with a high level of concentration, inves-
tors would be exposed to stock-specific risks, and suffer
the same concentration problem as that which is inherent
in cap-weighted indexes. To address the shortcomings of
cap-weighted indexes fully, one needs to improve both
factor exposures and diversification.

In order to improve diversification, we need to choose
a diversifying weighting scheme when designing sound
factor indexes. Several suitable weighting schemes exist
that allow stock-specific risk to be diversified, including
the Maximum Deconcentration, Diversified Risk Weighted,
Maximum Decorrelation and Maximum Sharpe Ratio ap-
proaches. These weighting schemes are based on differ-
ent definitions of diversification, such as balancing dollar
weights (Maximum Deconcentration) or exploiting the risk
reduction benefits of low correlations across stocks (Max-
imum Decorrelation). While an investor could in principle
select one of these weighting schemes, selecting a single
weighting scheme would. leave one exposed to model
risk.

The risk of choosing a particular weighting scheme is
not rewarded and can contribute to a lack of robustness of
smart beta strategies (Amenc et al., 2015). According to
Modern Portfolio Theory and in the absence of measure-
ment errors, the Maximum Sharpe Ratio (MSR) portfolio is
the most efficient weighting scheme. In practice however,
inputs for the MSR portfolio are measured with error, which

This figure shows annualized relative returns and factor intensity for factor champion and factor loser portfolios. Relative returns are excess returns over the cap-weighted index. Factor
intensity is the sum of factor coefficients excluding the market factor from regressing excess portfolio returns (champion and losers portfolios, excess with respect to the risk-free rate)
on a seven factor model (factors include market, size, value, momentum, low volatility, high profitability, low investment, all non-market factors are dollar-neutral long/short port-
folios). We build factor champion portfolios by selecting the stocks with the highest multi-factor score. The threshold is the 95th percentile of the multi-factor score distribution. We
calculate multi-factor scores by taking either the geometric average or the arithmetic average of six individual factor scores (size, value, momentum, low volatility, high profitability, low
investment). Factor scores are normalized rank scores. We use daily total returns from 31-Dec-1976 to 31-Dec-2016. The data source is the EDHEC-Risk US LTTR database. The
cap-weighted index is based on the 500 largest stocks by market capitalization in the US. We use the 3-month US Treasury bill rate as the risk-free return.

Geometric Mean Arithmetic Mean

EDHEC-Risk US LTTR
(31-Dec-1976 to
31-Dec-2016)

Losers

Champions

Champions

5% Stock Selection

Annualized Relative 4.02% -8.66% 2.87% -6.79%
Return
Factor Intensity 1.06 -1.97 0.97 -1.56
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can lead to poor ex-post portfolio performance. The MSR
portfolio uses expected stock returns and the correspond-
ing covariance matrix as inputs. It is especially difficult
to estimate stock returns reliably out-of-sample (Merton,
1980). The different weighting schemes discussed above
avoid direct estimation of expected returns, and instead
use risk parameters, which can be estimated more reliably.
However, these portfolios will only coincide with the the-
oretically optimal MSR portfolio under a particular set of
assumptions. For example, the Maximum Deconcentration
scheme is optimal if all stocks have the same expected re-
turn and the same risk parameters. While this assumption is
unrealistic, the strategy does not suffer from measurement
error in the inputs. Thus, the investor faces a trade-off be-
tween optimality risk and parameter estimation risk. Since
each weighting scheme is different in terms of parameter
estimation risk and optimality risk, investors can improve
diversification by combining several weighting schemes.

Scientific Beta's approach is to combine four different
weighting schemes in order to diversify the optimality and
parameter estimation risks. The Diversified Multi-Strategy
weighting scheme equally weights the following strat-
egies: Efficient Maximum Sharpe Ratio, Maximum De-
concentration, Maximum Decorrelation, and Diversified
Risk-Weighted (see figure 6). Diversifying across different
models makes intuitive sense: just like an investor would
typically not want to depend on a single manager to rep-
resent a given investment style, it is also appropriate to
avoid depending on a single weighting scheme to capture
a given factor. Diversifying model risk also adds a second
layer of diversification to the first layer, which is the diversi-
fication of stock-specific risk, which each single weighting
scheme achieves.

Figure 7 provides evidence of the benefits of Scientific
Beta's weighting scheme diversification approach and of
the usefulness of the HFI filter presented above.

The average outperformance of the Scientific Beta
HFI Diversified Multi-Strategy smart factor indexes versus
the corresponding cap-weighted factor indexes (i.e. the

( ]

e L FIGURE 6 J

Diversified Multi-Strategy Weighting Scheme

Maximum Deconcentration

Diversified

Multi-Strategy Diversified Risk Weighted

Maximum Decorrelation

Efficient Max. Sharpe Ratio
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FIGURE 7

Performance of Scientific Beta HFI Diversified Multi-Strategy Smart Factor Indexes versus Corresponding Cap-Weighted Factor Indexes

Daily total returns from 31/12/1976 to 31/12/2016 are used for the EDHEC Risk US LTTR universe. The 6 factor tilted cap-weighted indexes are SciBeta Long-Term United
States Mid Cap Cap-Weighted, SciBeta Long-Term United States Value Cap-Weighted, SciBeta Long-Term United States High Momentum Cap-Weighted, SciBeta Long-Term
United States Low Vol Cap-Weighted, SciBeta Long-Term United States High Profitability Cap-Weighted and SciBeta Long-Term United States Low Investment Cap-Weighted.
The 6 HFI Diversified Multi-Strategy indexes are SciBeta Long-Term United States High-Factor-Intensity Mid Cap Diversified Multi-Strategy (4-S), SciBeta Long-Term United
States High-Factor-Intensity Value Diversified Multi-Strategy (4-S), SciBeta Long-Term United States High-Factor-Intensity High Momentum Diversified Multi-Strategy (4-S), Sci-
Beta Long-Term United States High-Factor-Intensity Low Vol Diversified Multi-Strategy (4-S), SciBeta Long-Term United States High-Factor-Intensity High Profitability Diversified
Multi-Strategy (4-S) and SciBeta Long-Term United States High-Factor-Intensity Low Investment Diversified Multi-Strategy (4-S).

US LTTR
(31-Dec-1976
to 31-Dec-2016)

Broad CW Average of 6
Factor-Tilted
Score-Weighted

Indexes

Average of 6

HFI Diversified
Multi-Strategy
(4-Strategy) Indexes

Average of 6
Factor-Tilted
CW Indexes

Annualized Returns 10.86% 11.74% 11.87% 13.89%
Annualized Volatility 17.07% 16.74% 16.69% 14.67%
Sharpe Ratio 0.35 0.41 0.42 0.62
Annualized Relative Returns - 0.88% 1.01% 3.03%
Annualized Tracking Error - 4.38% 4.65% 5.80%
Information Ratio - 0.20 0.22 0.53
Idiosyncratic Risk-Adjusted Return - 0.10 0.12 0.43
Change in Specific Volatility - -0.54% -0.65% -2.66%

FIGURE 8

Time-Varying Factor Premiums

This figure shows the annual returns for selected factors over time. The size factor is long the smallest 30% stocks ranked by market capitalization and short the largest 30% stocks
ranked by market capitalization. The value factor is long the highest 30% stocks ranked by book-to-market ratio and short the lowest 30% stocks ranked by book-to-market ratio. The
momentum factor is long the highest 30% stocks ranked by the past 12 month return omitting the most recent month and short the lowest 30% stocks ranked by the past 12 month
return omitting the most recent month. The low volatility factor is long the lowest 30% stocks ranked by their standard deviation of returns over the preceding two years and short the
highest 30% stocks ranked by their standard deviation of returns over the preceding two years. The high profitability factor is long the highest 30% stocks ranked by their gross profits
over total assets ratio and short the lowest 30% stocks ranked by their gross profits over total assets ratio. The low investment factor is long the lowest 30% stocks ranked by their past
two-year asset growth and short the highest 30% stocks ranked by their past two-year asset growth. All factors weight stocks by their market capitalization. We also show the arithmetic
average return across the six factors. The sample period starts on 31-Dec-1976 and ends on 31-Dec-2016. The data source is the EDHEC-Risk US LTTR database.
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that factor portfolio performance varies over time (Harvey
1989; Asness 1992; Cohen, Polk, and Vuolteenaho 2003).

factor-based stock selection but weighting the stocks ac-
cording to their market capitalization) and score-weighted

reduces specific volatility but also improves long-term

risk-adjusted performance in comparison with traditional

factor indexes (i.e. the same factor-based stock selection
but weighting stocks by their factor score) exceeds 2% per
annum. We see significant improvements also in Sharpe
ratios. The HFI Diversified Multi-Strategy indexes have,
on average, a 50% higher Sharpe ratio compared to their
cap-weighted counterparts. These results provide strong
evidence of the benefits of smart factor indexes over more
concentrated factor indexes, such as the corresponding
cap-weighted and score-weighted factor indexes

It is clear from these results that diversification not only

cap-weighted or non-diversified factor indexes. Therefore,
diversification of specific and unrewarded risks needs to be
considered a core part of the design of factor indexes.

Combining Factor Tilts

Having thoroughly analyzed single-factor indexes,
we now turn to multi-factor allocations. It is intuitive that
combining single-factor indexes should improve risk-ad-
justed portfolio performance as different factors perform
well in different periods. Several researchers document

If these return series are not perfectly positively correlated
then an investor should benefit from combining different
factor portfolios. In figure 8, we show how six long/short
factors perform over time.

To illustrate the potential benefits of a multi-factor
portfolio we have computed the pairwise correlations be-
tween relative returns (relative to the cap-weighted mar-
ket return) of different factor indexes (see figure 9). Note
that the correlations are low overall and even negative
between some factor indexes. Besides the diversification
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FIGURE 9

Correlation between Relative Returns of Factor Indexes

This figure shows correlations between relative returns of (long-only) factor indexes. Relative returns are returns in excess of the cap-weighted market return. The Size index selects the
smallest 50% stocks ranked by their market capitalization. The Value index selects the highest 50% stocks ranked by their book-to-market value. The Low Volatility index selects the
lowest 50% stocks ranked by their standard deviation of returns over the preceding two years. The High Profitability index selects the highest 50% stocks ranked by their gross profit-

ability. The Low Investment index selects the lowest 50% stocks ranked by their two-year asset growth. Correlations are based on daily total returns from 31-Dec-1976 to 31-Dec-2016.
The data source is the EDHEC-Risk US LTTR database. The cap-weighted index is based on the 500 largest stocks by market capitalization in the US.

Momentum Low Volatility High Volatility Low Investment

Size 1.00
Value 0.20 1.00
Momentum 0.02 -0.36 1.00
Low Volatility -0.24 0.36 -0.13 1.00
High Profitability -0.25 -0.80 0.27 -0.16 1.00
Low Investment -0.03 0.43 -0.07 0.70 -0.19 1.00

FIGURE 10

Liquidity and Investability Indicators of the Flagship Multi-Beta Multi-Strategy (MBMS) Index

This figure compares the Scientific Beta HFI Multi-Beta Multi-Strategy 6F 4S EW index to the cap-weighted market portfolio in terms of liquidity and investability. The rows show
different liquidity and investability indicators. Annualized turnover is computed as the sum of absolute deviations of individual weights between the end of a quarter and the beginning
of the following quarter. The resulting two-way quarterly turnover is then annualized and divided by two to arrive at the one-way turnover. Capacity is the sum of each stock’s weight
in the portfolio times its free-float adjusted market capitalization. The latest capacity is taken from 30-Jun-2018. We estimate transaction costs as the product of average spread (7 bps,
which is calculated based on closing quoted spread proposed in Chung and Zhang, 2014) for the 500 stocks in US during the period 2004 to 2014 and the average one-way Turnover.
To compute maximum days-to-trade, we first calculate days-to-trade for the last quarter in the sample as the free-float market capitalization of the cap-weighted benchmark portfolio
times the assumed investment amount of USD 3bn divided by the market cap of the global cap-weighted index (USD 34,777 billion) times the weight of the stock in the portfolio
divided by the product of average daily trading volume over the preceding quarter and ten percent. Then we obtain the maximum days-to-trade as the 95th percentile of the days-to-
trade distribution. For the effective days-to-trade, we first compute days-to-trade for each quarter according to the description above but using the absolute change in weights (compared
to the previous quarter). Then we calculate the 95th percentile of the days-to-trade for each quarter. Finally, we average this figure over all quarters in the sample period. The sample
period is 31-Jun-2008 to 30-Jun-2018 based on the Scientific Beta U.S. database. Besides the cap-weighted benchmark portfolio, we include the HFI Multi-Beta Multi-Strategy 6F 4S
EW index which combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability and Low Investment, equally weighted) and four weighting schemes (Efficient Max-
imum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted). In addition, it applies the high factor intensity filter for the stock selection.

SciBeta United States
30-Jun-2008 To 30-Jun-2018

Cap-Weighted Benchmark

HFI Multi-Beta Multi-Strategy 6F 4S EW

Annualized Turnover
Average Capacity (M$)
Latest Capacity (M$)
Average Transaction Costs
Effective Days-To-Trade

Maximum Days-To-Trade

3.76%
108,512
189,417
<0.01%

0.01

0.24

35.13%
34,753
45,489
0.02%
0.14

1.17

benefits, this also points to potentially lower tracking er-
ror relative to the cap-weighted benchmark of multi-factor
indexes. These findings are consistent with other studies.
For example, llmanen and Kizer (2012) find that factor di-
versification is more effective than asset class diversifica-
tion and that the benefits of factor diversification are still
substantial even for long-only investors.

Liquidity and Investability
Investability is a natural challenge for smart beta in-

dexes. In fact, by deviating from market capitalization
weights and by periodically adjusting strategy weights,
smart beta indexes incur potential investability hurdles
that cap-weighted indexes easily avoid. Investors thus
need to consider carefully whether the benefits of smart
beta indexes documented on paper also carry through
in practice. In this section, we will discuss how suitably
designed implementation rules can be used to construct
highly investable factor indexes.

Investability needs to be addressed systematically, at
three different levels of smart beta strategies. First, the
liquidity of the universe needs to be ensured. Indeed, by
constructing strategies from a carefully designed universe
of sufficiently liquid stocks, smart beta strategies make a

first important step towards smooth investability. Second,
liquidity needs to be ensured at the strategy level. Index
rules need to explicitly address how the strategy will avoid
problematic weights or weight changes relative to the
available liquidity in a given stock. Indeed, even within a
liquid universe, rebalances need to consider a set of limits
with respect to available volume and market capitaliza-
tion for example. Third, investors expect factor indexes to
maintain a reasonably low level of turnover. Mechanisms
to control turnover are necessary in factor index design
so as to improve investability. It should be noted that all
results on index performance presented in this article use
Scientific Beta indexes that do integrate suitable imple-
mentation rules for each of these three dimensions and
thus achieve high levels of investability.

While a detailed description of the implementation
rules is beyond the scope of this article, we will discuss
selected aspects below. For a more detailed discussion of
implementation rules, we refer the reader to Amenc, Goltz
and Sivasubramanian (2017).

In order to achieve a highly-liquid investment universe,
Scientific Beta indexes apply two fundamental principles/
objectives that guide the construction of a universe that is
appropriate for investment in non-cap-weighted universes:

i. Respecting geographic basic blocks. Both the factor se-
lections and the application of the weighting schemes are
carried out within these blocks. For example, the devel-
oped market universe consists of blocks representing fair-
ly homogeneous regions, such as Japan, the US and the
Eurozone. This regionalization of the index construction
avoids microeconomic factor choices resulting in macro-
economic imbalances. Ultimately, the index construction
respects broad geographic neutrality with respect to
cap-weighted indexes.

ii. A strong liquidity requirement. Given the distance from
cap-weighting that results from alternative weighting
schemes and factor selection, it is important to ensure
that the universe of investable stocks is highly liquid and
guarantees sufficient investment capacity.

In practice, these principles lead to universes for
developed markets and emerging markets that contain
1,470 and 670 stocks respectively. To strengthen the
liquidity of stocks retained in each geographic block, a
liquidity screen is applied, which reflects strong require-
ments in terms of distinct dimensions of liquidity (such as
absolute and relative volume indicators and trading ratio
requirements). Scientific Beta also accounts for foreign
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FIGURE 11

The Importance of Risk Management — Market Risk
The universe is the EDHEC-Risk US Long-Term Track Records. The time period of analysis is from 31-Dec-1976 to 31-Dec-2016 (40 years). The analysis is based on weekly total
returns in USD. All statistics are annualized. The yield on Secondary US Treasury Bills (3M) is used as a proxy for the risk-free rate. The Market factor is the excess return series of

the cap-weighted index over the risk-free rate. The other six factors are market-neutral equal-weighted factors obtained from Scientific Beta. Coeflicients significant at 5% p-value are

highlighted in bold.

EDHEC-Risk US Long Term HFI Multi-Beta Multi-Strategy 6-Factor EW Index

Factor Exposure

Performance Attribution

Volatility Attribution

Ann. Unexplained 0.19%
Market Beta 0.84
SMB Beta 0.1
HML Beta 0.14
MOM Beta 0.06
Low Vol Beta 0.12
High Prof. Beta 0.10
Low Inv. Beta 0.07
R-squared 95%
Factor Intensity 0.60

Ann. Unexplained 0.78%
Market Factor 4.80%
SMB Factor 1.01%
HML Factor 0.19%
MOM Factor 0.17%
Low Vol Factor 1.26%
High Prof. Factor 0.13%
Low Inv. Factor 0.35%

Idiosyncratic Component 0.66%
Market Factor 12.67%
SMB Factor 0.13%
HML Factor 0.15%
MOM Factor 0.05%
Low Vol Factor 0.26%
High Prof. Factor 0.04%
Low Inv. Factor 0.01%
Interaction Component 0.21%

room available to investors when a security is subject to a
foreign ownership limit. Such mechanisms have a signifi-
cant positive impact on the investability of the universe.

In order to achieve investability at the level of the
strategy index that is constructed from the liquid universe,
several rules need to be considered. For example, Scien-
tific Beta employs capping rules, which aim to strengthen
the investability of the indexes in reference to capacity/
liquidity expressed in relation to the cap-weighting of the
stocks. These liquidity rules facilitate the capacity of the
smart factor indexes and avoid creating exposure to stocks
with low levels of liquidity. Additional rules explicitly con-
sider the available trading volume and allow the indexes
to respect bounds on the average days-to-trade that result
from weight changes at the index rebalancing date.

Finally, turnover in the indexes can be addressed with
suitably designed control mechanisms. Among these
mechanisms, it is straightforward to limit the rebalancing
resulting from marginal changes in stock-level factor ex-
posures. Scientific Beta uses buffer rules to reduce fluc-
tuation in the stock selection due to marginal shifts in the
ranking of stocks. In addition, Scientific Beta uses an opti-
mal turnover control approach to limit index turnover. This
approach is an implementation of optimal control strat-
egies that have been developed to reduce transaction
costs in dynamic portfolio strategies (see Martellini and
Priaulet, 2002). At each quarterly rebalancing date, new
weights are effectively implemented only if weight chang-
es surpass a specified threshold. In addition to facilitating
investability, this approach provides the benefit of making
portfolio weights less sensitive to noise and thus more ro-
bust. In fact, small changes in strategy weights, which may
be due to noise, will not be implemented.

Given their careful integration of implementation
rules, Scientific Beta indexes offer high levels of investa-
bility. Figure 10 displays investability indicators for the HFI
Multi-Beta Multi-Strategy (MBMS) é-Factor 4-Strategy in-
dex in comparison to the cap-weighted benchmark port-
folio. The strong investability of the multi-factor index is

directly apparent from these results. In fact, the index dis-
plays a reasonable annual turnover figure of approximate-
ly 35% that leads to negligible transaction costs (2 bps)
compared to the historical outperformance. The effective
days-to-trade for the MBMS index is only 0.14, reflecting
low hurdles to replication of such an index in practice.

Risk Control Adjustments

As shown in the previous section, investors benefit
from investing in priced risk factors and improved diver-
sification in the long-term. Despite these long-term ben-
efits, factor-based indexes also carry a number of implicit
risks that could significantly influence short-term perfor-
mance. These implicit risks need to be well documented
so that asset owners can make an informed decision re-
garding the management of these risks. In this section, we
highlight three implicit risks of smart beta indexes and we
discuss the advantages and disadvantages of controlling
these risks.

Sector Risk

As explained earlier, Scientific Beta performs the stock
selection for its indexes within mega-sectors as account-
ing figures can have vastly different meanings across sec-
tors. However, even with this adjustment, the sector allo-
cation of smart beta indexes can differ substantially from
the sector allocation of the cap-weighted market portfolio
due to the stock-filtering process and weighting scheme.
This increases the tracking error of a smart beta index and
can materially affect its short-term performance. As de-
scribed in Amenc and Goltz (2013), Scientific Beta offers
sector-neutral versions of its indexes to address sector al-
location mismatches4. The procedure is as follows: first,
the regional stock universe (for example, the 500 largest
stocks by market capitalization in the US) is divided into
ten sectors using the Thomson-Reuters Business Classifi-
cation system. Then we calculate the factor scores within
each sector (instead of on the whole investment universe)
so that each sector will have high and low-scoring stocks.

Finally, we combine the top scoring stocks within each
sector into one pool for the given regional stock universe,
thereby preserving its original sector allocation.

A sector-neutral factor index will have a lower tracking
error and a reduced risk of short-term underperformance
with respect to the cap-weighted benchmark. Scientific
Beta has conducted empirical analyzes that show that this
comes at the cost of higher volatility and lower factor in-
tensity (Aguet et al. 2018). These findings enable the in-
vestor to make an informed decision on sector neutrality.

Country Risk
Country risk arises when the country allocation with-

in an index differs from the country allocation of the
cap-weighted benchmark portfolio. This is most pertinent
when investing in a world index. The deviations from the
country weights in the benchmark portfolio can be sub-
stantial and there is no evidence that taking on country
risks is rewarded in the long-term. Thus, Scientific Beta
believes that it should be up to the investor (and not the
index provider) to make an explicit decision on whether to
take on country risk or not.

In line with these arguments, Scientific Beta builds re-
gional indexes by respecting the relative weight based on
the market capitalization of each region. Academic stud-
ies show that factor investing works best within economi-
cally integrated regions (Fama and French, 2012), which is
the guideline for Scientific Beta. Within regions, Scientific
Beta offers the option of country neutrality to mitigate
country risk. The approach is similar to the sector-neu-
tral approach in that the factor scores for each stock are
determined for each country in the region. Then the top
scoring stocks for each country are pooled to arrive at a
country-neutral stock selection for the respective region.

Market Beta Adjustment
Most multi-factor smart beta providers focus on two

areas: improving the performance associated with factor
exposures and increasing the exposure to non-market

4 For an in-depth discussion of sector risk, please see “The Management of Sector Risk in Factor Investing” article in this supplement.
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FIGURE 12

Performance and Risk Measures of MBMS Indexes with Market Beta Adjustment options

This figure shows Scientific Beta MBMS MBA indexes with two different market beta adjustment methods (leverage and overlay) for the US and developed markets and the corresponding
cap-weighted benchmark portfolios. The rows show different portfolio metrics. Annualized average return is the annualized geometric average return. Annualized volatility is the annual-
ized standard deviation of portfolio returns. The Sharpe ratio is computed by dividing the annualized excess portfolio return (in excess of the risk-free rate) by the standard deviation of
the excess portfolio return. The maximum drawdown is the highest loss from peak to trough in the observation period. Relative return is the geometric average excess portfolio return (in
excess of the cap-weighted benchmark return). The tracking error is computed as the standard deviation of the excess portfolio return (in excess of the cap-weighted benchmark return).
The 95% tracking error is the 95th percentile tracking error from the distribution of rolling window tracking errors. The rolling window tracking errors are computed using a rolling
window of one year and a step-size of one week. The information ratio is the excess portfolio return (in excess of the cap-weighted benchmark return) divided by the standard deviation
of the excess portfolio return (in excess of the cap-weighted benchmark return). We classify quarters with a positive (negative) cap-weighted market return as a bull (bear) quarter. Bull rel.
return is the geometric average relative return (relative to the cap-weighted benchmark) in bull markets. Bear rel. return is the geometric average relative return (relative to the cap-weight-
ed benchmark) in bear markets. For the next metric, we first regress the portfolio excess returns (in excess of the risk-free return) on seven factor returns (Market, Size, Value, Momentum,
Low Volatility, High Profitability, Low Investment, all non-market factors are dollar-neutral long/short portfolios). The factor intensity is the sum of the regression coeflicients from the
following regressors: Size, Value, Momentum, Low Volatility, High Profitability and Low Investment. The columns indicate the portfolios. Besides the cap-weighted benchmark portfolios
for each region, we include two MBMS MBA indexes with two different market beta adjustment methods. HFI Multi-Beta Multi-Strategy 6F 4S EW MBA (Leverage) combines six factor
tilts (Size, Value, Momentum, Low Volatility, High Profitability and Low Investment, equally weighted), four different weighting schemes (Efficient Maximum Sharpe Ratio, Maximum
Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted), and uses leverage to adjust the ex-ante market beta to one. HFI Multi-Beta Multi-Strategy 6F 4S EW MBA
(Overlay) combines the same factor tilts and weighting schemes as above, but employs the overlay method to adjust the market beta to one. All figures are based on returns use daily total
returns from 30-Jun-2008 to 30-Jun-2018. The data source is the EDHEC-Risk US and developed countries databases. We use the 3-month US Treasury bill rate as the risk-free return.

30-Jun-2008 US Universe Developed Universe
to 30-Jun-2018
Cap-Weighted HFI Multi- HFI1 Multi- Cap-Weighted HFI Multi- HFI1 Multi-
Benchmark Beta Multi- Beta Multi- Benchmark Beta Multi- Beta Multi-
Strategy 6F Strategy 6F Strategy 6F Strategy 6F
4S EW 4S EW MBA 4S EW 4S EW MBA
(Leverage) (Overlay) (Leverage) (Overlay)
Annualized 9.87% 13.61% 13.16% 6.62% 11.34% 10.70%
Average Return
Annualized Volatility 20.04% 20.68% 20.53% 16.94% 17.21% 17.13%
Sharpe Ratio 0.48 0.62 0.62 0.37 0.64 0.60
P-Value - 1.90% 1.26% - 0.02% 0.02%
Maximum Drawdown 47.04% 47.74% 47.58% 49.94% 58.69% 48.83%
Relative Return - 3.40% 2.99% - 4.42% 3.82%
Tracking Error - 3.87% 3.35% - 2.73% 2.35%
95% Tracking Error - 5.86% 5.03% - 3.92% 3.35%
Information Ratio - 0.88 0.89 - 0.43 0.38
Max. Rel. Drawdown - 8.10% 6.99% - 5.69% 4.92%
Bull Rel. Return - 3.25% 2.86% - 4.30% 3.69%
Bear Rel. Return - 3.97% 3.49% - 4.55% 3.99%
Factor Intensity - 0.50 0.43 - 0.37 0.32

factors in a multi-factor portfolio. Surprisingly little atten-
tion has been paid to the measurement and control of
market beta in a multi-factor index, even though the mar-
ket factor is the largest driver of performance and risk in
a multi-factor portfolio. The market beta of a smart beta
strategy is the result of several index construction choices
but, in general, there is no explicit management of mar-
ket beta and often it is lower than one as some factors
and weighting schemes have a bias towards lower market
beta stocks. This in turn can significantly affect perfor-
mance and risk metrics of smart beta indexes. Research
by Scientific Beta shows that the market factor contributes
more to the overall portfolio performance than the other
factors combined (see figure 11). The cost of underexpo-
sure to the market is over 1% per year in our US sample
over the last 40 years. It can also negatively impact con-
ditional portfolio performance during, for example, long
bull markets when indexes with market betas below one
tend to underperform the cap-weighted market portfolio.

It is important to note that having a defensive index
also means that the volatility is lower. Given this trade-
off between risk and return, Scientific Beta believes that
the investor should make an explicit choice regarding the
level of market beta exposure. It is not up to the index
provider to make a decision as important as the market
exposure implicitly for the investor. Therefore, Scientific
Beta offers investors the option to adjust the index mar-
ket beta to one, depending on their preferences. In the
following, we will describe the necessary steps for this ad-
justment. First, we need to forecast the index market beta
precisely. Scientific Beta has implemented the approach
developed in Amenc, Goltz, and Lodh (2018). In gener-
al, the index’s market beta forecast could be less than or
greater than one, which in turn determines whether the
index needs to be levered up or down to achieve a port-
folio market beta of one. In Scientific Beta's applications
however, multi-factor indexes always have a market beta
less than one, so we will focus on that case here. To lever

up the portfolio, we borrow cash at the overnight rate and
invest the proceeds in the multi-factor index subject to
the following constraints:

- The ex-ante market beta of the portfolio is equal to one
- The portfolio is fully invested
- The limit for borrowing cash is 30% of the portfolio value

Please refer to the appendix for the corresponding
formulas. Note that instead of borrowing cash, it is also
possible to lever up the index by using futures on the
cap-weighted benchmark portfolio as an overlay. Scien-
tific Beta offers indexes that represent both Market Beta
Adjustment (MBA) options. Figure 12 allows the appli-
cation of these two options to be compared for US and
Developed universes over the last 10 years. It is clear that
the leverage option, when it is possible, allows better ex-
cess returns and better factor intensity to be obtained,
but the implementation of an MBA with a CW overlay is
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FIGURE 13A

Performance and Risk Measures of MBMS Indexes with Different Risk-Control Options, US Universe

This figure compares Scientific Beta MBMS indexes with various risk-control options to the cap-weighted market portfolio. The rows show different portfolio metrics. Annualized av-
erage return is the annualized geometric average return. Annualized volatility is the annualized standard deviation of portfolio returns. The Sharpe ratio is computed by dividing the
annualized excess portfolio return (in excess of the risk-free rate) by the standard deviation of the excess portfolio return. p-value indicates the p-value of the Ledoit and Wolf (2008) test
on the difference in Sharpe ratios between the cap-weighted benchmark and the index indicated in the column. The maximum drawdown is the highest loss from peak to trough in the
observation period. Relative return is the geometric average excess portfolio return (in excess of the cap-weighted benchmark return). The tracking error is computed as the standard
deviation of the excess portfolio return (in excess of the cap-weighted benchmark return). The 95% tracking error is the 95th percentile tracking error from the distribution of rolling
window tracking errors. The rolling window tracking errors are computed using a rolling window of one year and a step-size of one week. The information ratio is the excess portfolio
return (in excess of the cap-weighted benchmark return) divided by the standard deviation of the excess portfolio return (in excess of the cap-weighted benchmark return). We classify
quarters with a positive (negative) cap-weighted market return as a bull (bear) quarter. Bull rel. return is the geometric average relative return (relative to the cap-weighted benchmark)
in bull markets. Bear rel. return is the geometric average relative return (relative to the cap-weighted benchmark) in bear markets. For the next metric, we first regress the portfolio
excess returns (in excess of the risk-free return) on seven factor returns (Market, Size, Value, Momentum, Low Volatility, High Profitability, Low Investment, all non-market factors are
dollar-neutral long/short portfolios). Factor intensity is the sum of the regression coeflicients from the following regressors: size, value, momentum, low volatility, high profitability, and
low investment. The columns indicate the portfolios. Besides the cap-weighted benchmark portfolio, we include four MBMS indexes with different risk-control options. HFI Multi-Be-
ta Multi-Strategy 6F 4S EW combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability, and Low Investment, equally weighted) and four different weighting
schemes (Efficient Maximum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted), and uses the high factor intensity filter for the stock
selection. HFI Multi-Beta Multi-Strategy SN 6F 4S EW combines the same factor tilts, weighting schemes, and the HFI filter as above but uses a sector-neutral stock selection. HFI
Multi-Beta Multi-Strategy 6F 4S EW MBA (Leverage) combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability and Low Investment, equally weighted), four
different weighting schemes (Efficient Maximum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted), and uses leverage to adjust the
ex-ante market beta to one. HFI Multi-Beta Multi-Strategy SN 6F 4S EW MBA (Leverage) combines the same factor tilts and weighting schemes, and uses the same market beta adjust-
ment as above, but employs the sector-neutral rules for the stock selection. All figures are based on returns use daily total returns from 31-Dec-1976 to 31-Dec-2016. The data source is

the EDHEC-Risk US LTTR database. The cap-weighted index is based on the 500 largest stocks by market capitalization in the US. We use the 3-month US Treasury bill rate as the

risk-free return.

Cap-Weighted
Benchmark

EDHEC-Risk US LTTR
(31-Dec-1976 to
31-Dec-2016)

Annualized Average Return 10.86%
Annualized Volatility 17.07%
Sharpe Ratio 0.35
P-Value -
Maximum Drawdown 54.3%

Relative Return -
Tracking Error -
95% Tracking Error -
Information Ratio -
Max. Rel. Drawdown -
Bull Rel. Return -
Bear Rel. Return -

Factor Intensity -

HFI Multi-
Beta Multi-
Strategy 6F
SN 6F 4S EW

HFI Multi-
Beta Multi-
Strategy 6F
4S EW

13.95% 13.66%
14.40% 15.28%
0.63 0.58
<0.1% <0.1%
48.13% 50.10%
3.09% 2.80%
5.10% 3.97%
9.79% 7.13%
0.61 0.71
33.0% 19.5%
0.46% 1.34%
6.67% 4.69%
0.60 0.42

HFI Multi- HFI Multi-
Beta Multi- Beta Multi-
Strategy 6F Strategy 6F
4S EW 4S EW MBA
(Leverage) (Leverage)
15.34% 14.73%
17.16% 17.90%

0.61 0.55

<0.1% <0.1%
54.16% 55.70%
4.48% 3.87%
4.76% 3.99%
9.16% 7.75%

0.94 0.97

26.4% 15.4%
5.41% 5.84%
2.88% 0.91%

0.71 0.49

often favored by investors who do not wish to take coun-
terparty risk or cannot borrow cash. The CW overlay op-
tion leads to better relative risk management expressed
as tracking error or maximum relative drawdown.

Figures 13a and 13b show performance and risk mea-
sures for various Scientific Beta Multi-Beta, Multi-Strategy
indexes using different risk-control options respectively
for the US Long-Term Track Records (LTTR), which allows
the long-term robustness of the strategies to be estimat-
ed, and the developed universe, which provides a view of
the consistency of this performance across regions. First,
we note that all smart beta indexes significantly outper-
form the cap-weighted benchmark on a risk-adjusted ba-
sis (the average increase in the Sharpe ratio is 70% across
both investment universes). Comparing the sector-neu-
tral indexes with their non-sector-neutral counterparts,
we observe that the sector-neutral versions have a lower
tracking error and a lower maximum relative drawdown,
but this comes at the cost of a somewhat lower Sharpe
ratio and lower factor intensity.

Portfolio statistics are markedly different for the in-
dexes with market beta adjustment. They show higher

average returns and higher volatility leaving the Sharpe
ratio about the same. However, they improve the relative
performance and risk in both dimensions as they have
higher relative returns and lower tracking error so that the
information ratio is more than doubled compared to their
non-market-beta-adjusted counterparts. We note signifi-
cant improvements with respect to the maximum relative
drawdown and conditional relative returns in bull and
bear markets, i.e. outperformance is less concentrated in
bear markets and more evenly spread between these two
market conditions.

The Multi-Beta Multi-Strategy 6 Factor HFI EW index
is well suited for investors who are comfortable with tak-
ing the implicit risks described in this section. Depending
on the investor’s risk preferences, he or she can choose
from various risk-control options such as sector neutrality,
country neutrality, and a market beta adjustment. One
observation that may be interesting in response to the
doubts expressed in recent years on the usefulness of
factor investing, notably in a systematic and passive way,
is that the application of the sector-neutrality option,
or even better, the sector-neutrality and market-beta

adjustment options, has provided outperformance ev-
ery year for the last 10 years compared to the reference
cap-weighted index. Figure 14 details the annual excess
returns for both the US and developed markets for the
Scientific Beta HFI Multi-Beta Multi-Strategy 6F 4S EW
indexes compared to the Sector-Neutral and Sector-Neu-
tral + MBA option versions.

Overall, this section shows that implicit risks in smart
beta indexes have a major impact on risk and perfor-
mance. However, most index providers rarely report these
risks, let alone offer risk-control options to investors. Ef-
fectively, these index providers make implicit choices for
the asset owners even though the fiduciary duty does not
lie with them. There is no single best solution regarding
implicit risks, but rather a best solution that allows asset
owners to carry out their fiduciary duty in the most efficient
way. Smart beta index providers should devote more at-
tention to fully disclosing hidden and implicit risks in their
offerings. It would be beneficial for the whole industry to
start a risk conversation between index providers and as-
set owners. What is the impact of these risks and what
does it cost to manage them?
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FIGURE 13B

Performance and Risk Measures of MBMS Indexes with Different Risk-Control Options, Developed Markets Universe

This figure compares Scientific Beta MBMS indexes with various risk-control options to the cap-weighted market portfolio. The rows show different portfolio metrics. Annualized av-
erage return is the annualized geometric average return. Annualized volatility is the annualized standard deviation of portfolio returns. The Sharpe ratio is computed by dividing the
annualized excess portfolio return (in excess of the risk-free rate) by the standard deviation of the excess portfolio return. p-value indicates the p-value of the Ledoit and Wolf (2008)
test on the difference in Sharpe ratios between the cap-weighted benchmark and the index indicated in the column. The maximum drawdown is the highest loss from peak to trough
in the observation period. Relative return is the geometric average excess portfolio return (in excess of the cap-weighted benchmark return). The tracking error is computed as the
standard deviation of the excess portfolio return (in excess of the cap-weighted benchmark return). The 95% tracking error is the 95th percentile tracking error from the distribution
of rolling window tracking errors. The rolling window tracking errors are computed using a rolling window of one year and a step-size of one week. The information ratio is the excess
portfolio return (in excess of the cap-weighted benchmark return) divided by the standard deviation of the excess portfolio return (in excess of the cap-weighted benchmark return).
We classify quarters with a positive (negative) cap-weighted market return as a bull (bear) quarter. Bull rel. return is the geometric average relative return (relative to the cap-weighted
benchmark) in bull markets. Bear rel. return is the geometric average relative return (relative to the cap-weighted benchmark) in bear markets. For the next metric, we first regress the
portfolio excess returns (in excess of the risk-free return) on seven factor returns (Market, Size, Value, Momentum, Low Volatility, High Profitability, Low Investment, all non-market
factors are dollar-neutral long/short portfolios). The factor intensity is the sum of the regression coefficients from the following regressors: Size, Value, Momentum, Low Volatility,
High Profitability and Low Investment. The columns indicate the portfolios. Besides the cap-weighted benchmark portfolio, we include four MBMS indexes with different risk-control
options. HFT Multi-Beta Multi-Strategy 6F 4S EW combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability and Low Investment, equally weighted) and four
different weighting schemes (Efficient Maximum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted), and applies the high factor in-
tensity filter to the stock selection. HFI Multi-Beta Multi-Strategy SN 6F 4S5 EW combines the same factor tilts, weighting schemes, and the HFI filter as above but uses a sector-neutral
stock selection. HFI Multi-Beta Multi-Strategy 6F 4S EW MBA (Leverage) combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability and Low Investment,
equally weighted), four different weighting schemes (Efficient Maximum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified Risk-Weighted), and uses
leverage to adjust the ex-ante market beta to one. HFI Multi-Beta Multi-Strategy SN 6F 4S EW MBA (Leverage) combines the same factor tilts and weighting schemes, and uses the
same market beta adjustment as above, but employs the sector-neutral rules for the stock selection. All figures are based on returns use daily total returns from the inception date of the
market-beta-adjusted indexes at 18-Jun-2004 to 30-Jun-2018. The data source is the EDHEC-Risk developed countries database. The cap-weighted index is based on 1,470 stocks from
23 developed countries (Austria, Australia, Belgium, Canada, Denmark, Finland, France, Germany, Greece (before June 2015), Hong Kong, Ireland, Isracl, Italy, Japan, Netherlands,

New Zealand, Norway, Portugal, Singapore, South Korea (before June 2015), Spain, Sweden, Switzerland, UK and US). We use the 3-month US Treasury bill rate as the risk-free return.

Developed Universe Cap-Weighted HFI Multi- HFI Multi- HFI Multi- HFI Multi-
(18-Jun-2004 to 30-Jun-2018 Benchmark Beta Multi- Beta Multi- Beta Multi- Beta Multi-
Strategy 6F Strategy 6F Strategy 6F Strategy 6F
4S EW SN 6F 4S EW 4S EW 4S EW MBA
(Leverage) (Leverage)
Annualized Average Return 7.82% 11.13% 11.03% 12.86% 12.32%
Annualized Volatility 15.49% 13.42% 13.80% 15.84% 15.99%
Sharpe Ratio 0.42 0.74 0.71 0.73 0.69
P-Value - <0.1% <0.1% <0.1% <0.1%
Maximum Drawdown 57.13% 49.79% 49.94% 55.97% 55.91%
Relative Return - 3.31% 3.21% 5.05% 4.50%
Tracking Error - 3.21% 2.71% 2.69% 2.34%
95% Tracking Error - 6.80% 5.68% 4.68% 4.13%
Information Ratio - 1.03 1.18 1.88 1.92
Max. Rel. Drawdown - 8.12% 7.29% 5.69% 5.72%
Bull Rel. Return - 0.87% 1.21% 5.46% 5.03%
Bear Rel. Return - 6.81% 6.00% 3.91% 3.22%
Factor Intensity - 0.34 0.64 0.92 0.76

CONCLUSION

Scientific Beta’s multi-smart-factor offering takes ac-
count of three essential principles in the construction of
multi-factor assembly:

- Decorrelation of the variations in the premia associated
with each risk factor. Good management of the decorrela-
tion between the factor returns improves the multi-factor
index’s probability of outperformance.

- Taking the interactions between the factors into account.
This avoids factor intensity being reduced by the residual
exposures of each smart factor index.

- Top-down allocation between these smart factor indexes.
This allocation, which is carried out in a fully transparent
way, allows the allocation objectives to be defined and
controls the risks to which the investor wishes to be
exposed. This risk control imperative also includes the

possibility of having risk-control options for non-factor risks.

A simple equal-weighted allocation across the full set
of factors in the menu, as embodied by the Multi-Beta
Multi-Strategy 6 Factor HFI EW allocation, constitutes a
neutral starting point for multi-factor investing, in the ab-
sence of a particular objective or preference expressed by
the investor. In addition to the equal-weight allocation,
Scientific Beta offers its clients a multi-beta allocation
solution. This solution can be based on different choices
of factors, objectives of absolute or relative risk levels, or
factor exposures

These equal-weighted multi-factor indexes are of-
fered with important risk-control options, comprising no-
tably sector neutrality and market beta adjustment. These
risk-control options correspond to veritable fiduciary
choices for the investor that Scientific Beta believes are

important to offer as an index provider.

This wealth of choices is guided by the fact that we do
not believe that investment objectives and constraints are
identical for all investors and that is why we believe that
the top-down approach, which is a simple and transparent
risk allocation that is appropriate for the client's risk objec-
tive, is the best approach. Moreover, risk-control options
allow investors to express explicit preferences in terms of
risks, which are often hidden by-products of factor strat-
egies, such as sector and market risk. We understand for
example that the sector-neutrality or long-only market-be-
ta-neutrality choices will reduce relative risks (with respect
to the reference CW benchmark) to the detriment of the
reduction in absolute risks, whether involving volatility or
maximum drawdown. Ultimately, a single optimal solution
does not exist because investors are not identical after all.
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FIGURE 14

Multi-Beta Multi-Strategy with and without MBA and Sector-Neutral Options

This figure shows Scientific Beta MBMS indexes with and without risk control options for the US and developed markets. The rows indicate years and the columns show the portfolios.
No Risk Control corresponds to the HFI Multi-Beta Multi-Strategy 6F 4S5 EW index which combines six factor tilts (Size, Value, Momentum, Low Volatility, High Profitability and
Low Investment, equally weighted) and four different weighting schemes (Efficient Maximum Sharpe Ratio, Maximum Deconcentration, Maximum Decorrelation and Diversified
Risk-Weighted), and applies the high factor intensity filter to the stock selection. Sector-Neutral combines the same factor tilts, weighting schemes, and the HIT filter as above but uses a
sector-neutral stock selection. Sector-Neutral and MBA (Leverage) combines the same factor tilts and weighting schemes and uses the same sector-neutral stock selection as above, but
employs leverage to adjust the ex-ante market beta to one. Relative returns are returns in excess of the respective cap-weighted benchmark return. All figures are based on total returns.
The data source is the EDHEC-Risk US and developed countries databases.

Relative Annual Scientific Beta USA HFI Multi-Beta Multi-Strategy 6F 4S EW  Scientific Beta Developed HFI Multi-Beta Multi-Strategy
6F 4S EW

No Risk Sector Sector No Risk Sector Sector
Control -Neutral and MBA Control -Neutral and MBA
(Leverage) (Leverage)

2018 (up to 30 June) -1.47% 0.76% 0.87% -0.41% 0.83% 0.85%
2017 -1.36% -0.09% 2.48% 0.77% 1.43% 4.32%
2016 -0.16% 1.61% 3.30% 0.13% 1.39% 2.61%
2015 2.01% 1.58% 1.79% 4.06% 3.89% 4.18%
2014 4.02% 1.60% 2.67% 4.77% 3.41% 4.00%
2013 1.04% 1.61% 5.62% 1.75% 1.30% 5.51%
2012 -0.51% 0.65% 3.49% -0.32% -0.15% 3.30%
2011 5.49% 1.94% 2.33% 6.09% 3.60% 3.27%
2010 5.14% 4.69% 6.27% 6.84% 6.17% 8.48%
2009 -1.12% 1.39% 4.31% -2.70% -2.16% 2.08%

Appendix

Market Beta Adjustment
Next, we apply the constraint on borrowing:
We start by writing out the formula for the portfolio market beta, which we set to

one:

WIndex = max (WIndeX, 1.30)

Mkt — Mkt W, Mkt =
Lev = Windex- pMKL -+ Weagh - 5 Mkt =1
Finally, we solve for the weight of cash:

VVIndex + WCash =1
WCash = 1_“§ndex

Cash has a market beta of zero by definition. This lets us solve the first equation for
the weight of the index:

1
WIndex = Mkt
Index
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Sector risk is an implicit bet investors take when investing in smart factor indexes that can have a material impact on short-term performance.

Investors looking to manage these short-term risks can use the sector-neutral risk control option offered by Scientific Beta since the launch of
its platform in 2013. It is an effective approach to reduce short-term relative losses since it significantly reduces tracking error as well as
extreme relative statistics such as maximum relative drawdown and extreme tracking error.

Nevertheless, sector-neutrality comes with costs because it reduces the distance of weights between the smart factor index and the CW index.
This implies a reduction in factor intensity and an increase in volatility that negatively impact the long-term risk- adjusted performance.

The choice of using the sector-risk-control option is a trade-off between investors’ aversion to short-term risks generated by sector risk and

their willingness to harvest factor risk premia in the most efficient way, to achieve the highest risk-adjusted performance over the long run.

INTRODUCTION

Sector risk is an implicit bet investors take when in-
vesting in smart factor indexes. Even if it is not a priced
risk factor in the cross-section of expected returns, sector
risk can nevertheless have a material impact on short-term
performance. In this article, we review the sector-risk-con-
trol option offered to investors by Scientific Beta that has
been available on its platform since its launch in 2013.
More specifically, we examine the two complementary ap-
proaches to managing sector risk, which are stock selec-
tion and sector-neutral allocation. We compare long- and
short-term risk-adjusted performance as well as factor ex-
posures of smart factor indexes with and without the sec-
tor-risk-control option on long-term data, covering several
decades to assess its impact. We then illustrate the short-
term consequences that sector risk can have on relative
performance. We eventually conclude that the choice of
using the sector-risk-control option is a trade-off between
investors’ aversion to short-term risks generated by sector
risk and their willingness to harvest factor risk premia in
the most efficient way, to achieve the highest risk-adjusted
performance over the long run.

Implicit Sector Risks in Smart Factor Indexes

Common smart factor indexes give explicit exposures
to priced risk factors that should provide good long-term
risk-adjusted performance. However, they are also known
to expose investors to a number of hidden or implicit risks,
as documented in a recent Scientific Beta white paper
(Shirbini, 2018). In particular, investors expose themselves
to an implicit bet on market beta, given that most smart
factor indexes have a market beta below one. Other im-
plicit risks are macroeconomic risks and sector or country
risks. In this article, we will focus on the implicit sector risk
taken by smart factor indexes and will try to understand
the implications on their short- and long-term risk-adjust-
ed performance. We will also discuss possibilities to avoid
sector risks through appropriate risk control options, in
particular the sector-neutrality constraints introduced in
Amenc and Goltz (2013)5, which have been available on
the Scientific Beta index platform since its launch in 2013.
Our analysis in this article extends the earlier analysis of
Amenc et al. (2015), which analyzed the benefits of sec-
tor-neutrality constraints in value factor indexes.

Smart factor indexes have time-varying sector-relative
allocations compared to the cap-weighted (CW) index. It is
well known that, for instance, the Low Volatility factor tends

to overweight sectors like utilities and non-cyclical consum-
er goods, while it underweights riskier sectors. In the case
of the Low Volatility factor, these relative allocations are
fairly stable through time, as seen in Exhibit 1. However,
we also see that for the High Momentum factor, these
relative allocations vary much more through time. It is
therefore evident that sectors, even if they are not priced
in the cross-section of expected returns, can nevertheless
have an important impact on the short-term performance
of smart factor indexes that might negatively affect inves-
tors. This is why sector-neutrality is very often used in the
asset management industry, especially for investors who
need tracking error control, which is the case for most
institutional investors.

In the rest of this article, we focus on a comparison be-
tween standard smart factor indexes and their sector-neu-
tral counterparts. Our key findings are that sector-neu-
trality adds value in terms of reducing tracking error and
short-term underperformance of the CW reference index,
but also comes with costs in the form of higher volatility
and lower factor intensity. Moreover, the sector-neutrali-
ty objective naturally reduces the distance of strategy
weights to market capitalization weights, which may not
be suitable for investors who are looking for a pronounced
difference with CW indexes. Given these trade-offs, the
most appropriate solution depends on investor preferenc-
es. It is precisely the objective of Scientific Beta's Smart
Beta 2.0 framework to allow investors to make such ex-
plicit choices, not just on the targeted factors but also on
additional risk control options.

The remainder of this article is organized as follows.
In the second section, we explain the two complementary
approaches to control sector risk in factor investing. In the
third section, we perform an analysis between standard
smart factor indexes (with no sector-neutral objective) and
sector-neutral smart factor indexes on absolute risk-ad-
justed performance. In the fourth section, we analyze their
differences in terms of factor exposures. In the fifth sec-
tion, we analyze their relative risk-adjusted performance
and show the short-term risk that can arise from sector
exposures. Finally, we draw the conclusions of this article.

Two Complementary Approaches to Control Sector Risk

There are two important aspects that investors should
take into account to control sector risk in factor investing,
which are i) stock selection to maintain proper sector diversi-
ty and ii) sector-neutral allocation as a risk management tool.

We will discuss these aspects in more detail in this section.

Stock Selection

In the academic literature, stock selection is carried
out on the whole universe, sometimes with the exclusion
of financial companies, as in Fama and French (1993) and
Novy-Marx (2013), or treated separately in two different
selections (see Novy-Marx (2012)).

It is well known that some risk factors have persistent
biases towards some sectors, like the Low Volatility or Val-
ue factors, or like Momentum, which can be very concen-
trated when a few sectors outperform or underperform
the stock market. A first approach to control sector risk
is to avoid concentration in a few sectors by maintaining
a proper level of sector diversity through an appropriate
stock selection process.

There are two very similar approaches used in the ac-
ademic literature to tackle this issue. The first one con-
sists in selecting stocks from the whole universe, but stock
scores are adjusted by the mean sector score, as in Novy-
Marx (2012). The second approach consists in selecting
stocks directly in sectors, as in Moskowitz and Grinblatt
(2002), Banko et al. (2006) and Asness et al. (2014). These
two approaches are very similar in terms of maintaining
proper sector diversity, but we favor the latter, which is
more direct and guarantees the same relative number of
stocks in each sector.

Another important argument for carrying out stock se-
lection by taking sectors into account is linked to the com-
parability of accounting quantities. Indeed, accounting
quantities can be affected by specific sector characteristics
that can make them difficult to compare across sectors.
This, in turn, might lead to concentration in a few stocks
and thus to a lack of sector diversity in the stock selection.
This is especially the case for the Value, Low Investment
and High Profitability risk factors, which are all based on
accounting measures.

Financial leverage, intangibles and off-balance sheet
items are the three main elements that can make account-
ing quantities difficult to compare across sectors. Direct-
ly adjusting the accounting measures is an alternative to
sector-relative stock selection, but we will argue that ac-
counting adjustments are not desirable, based on a range
of examples.

A first example is financial leverage (i.e. the financ-
ing of assets through debt). It can make stocks difficult
to compare, particularly when comparing financial stocks

5 See in particular Exhibit 5 in Amenc and Goltz (2013) which analyzes the performance of a smart beta index with and without the use of the sector-neutrality option
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EXHIBIT 1

Historical Relative Sector Allocation of the EDHEC-Risk Long-Term United States HFI Low Volatility and High Momentum Diversified Multi-Strategy

(4-Strategy) Smart Factor Indexes

The data are based on quarterly sector allocations from 31-Dec-1976 to 31-Dec-2016. The Low Volatility smart factor is the EDHEC-Risk Long-Term United States High-Fac-
tor-Intensity Low Volatility Diversified Multi-Strategy (4-Strategy) and the High Momentum smart factor is the EDHEC-Risk Long-Term United States High-Factor-Intensity Low
Volatility Diversified Multi-Strategy (4-Strategy). The CW index is the EDHEC-Risk Long-Term United States Cap-Weighted index. The relative allocation is computed as the
difference between sector allocations of smart factors minus the sector allocation of the CW index.
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against those from other sectors. It is well known that
Value firms are typically high-leverage firms. Many prac-
titioners adjust the book-to-market value for leverage
and only include the Value firms that are not highly
levered. However, the relevance of such adjustments
lacks academic consensus, and the proposed adjust-
ments will lead to greater dependency on accounting
information needed to make the adjustments.

A second example is the often-suggested premise
that the accounting treatment of certain off-balance
sheet quantities (such as leases, R&D expenditure, or
intangible assets such as ‘goodwill’) might not capture
the true value of the firm’s assets if they are not taken
into account, leading to less robust Value stock selec-
tion. Given the dematerialization of the economy, this
poor integration can lead to poor representation of in-
formation technology or biotechnology companies in
factor selections, for which the factor proxy could be
strongly impacted by these accounting discrepancies.
Concerning intangible assets, the academic literature
questions the validity of several well-known adjust-
ments and suggests that the simple book-to-market
variable is a more robust measure of Value. For off-bal-
ance sheet items like leases, it has been shown by Da-
modaran (1999) that the book value of equity remains
unaffected by leases, as both assets and liabilities
change by the same amount. Finally, R&D expenditure
is known to capture intangible asset creation — see Gu
(2016), Franzen et al. (2007), Chan et al. (2001) and Lev
and Sougiannis (1996, 1999). The value of R&D capital
is hard to determine and depreciation rates are hard to
justify. Moreover, the major industry that is affected is
‘Technology’ where R&D expenditure is typically signifi-
cant and its accounting treatment is different compared
to other sectors.

From both the academic and practitioner literature
on the adjustment of accounting quantities, we can con-
clude that there is no consensus on their nature and that
the results relating to these adjustments are highly sam-
ple-dependent. It therefore seems obvious that stock
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selection within sectors is a more robust approach and is
more consistent with the academic literature.

At Scientific Beta, we already carry out the stock se-
lection for the Value, Low Investment and Profitability
factors on our standard indexes (with no control of sec-
tor risk) with a stock selection that takes into account
three mega sectors (non-financial/non-tech, non-finan-
cial/tech, and financial) to deal with the comparability
of accounting measures. The sector-neutrality option
will lead to an even more stringent approach, where the
stock selection is conducted separately in each sector.

Sector-Neutral Allocation
The objective of the sector-neutral allocation is

to have direct control over sector risk by rescaling the
weights of the smart factor to obtain the same sector
allocation as the CW index. This is clearly a risk manage-
ment approach since the goal is to reduce the distance
between the sector weights of the smart factor index
and the CW sector weights in order to be less depen-
dent on specific short-term sector shocks.

Novy-Marx (2013), in a long/short framework, uses
industry indexes to make sure that each long stock po-
sition is hedged out for industry exposure by taking
an offsetting position in the corresponding stock’s val-
ue-weighted industry portfolio. In a long-only setting,
the equivalent way of hedging out sector risk is to en-
sure a sector-neutral allocation between the smart fac-
tor sector weights and the corresponding CW weights
by rescaling the stock weights of the smart factor index.

Asness et al. (2014) construct an industry-neutral
low-risk factor (BAB) in a long/short framework where
each industry is market-beta-neutral ex-ante. This is an
alternative to sector-neutral allocation that makes sense
for the low-risk factor, because the long and short legs
have significantly different levels of risk. However, the
problem with this approach is that it involves the use of
leverage, which is difficult to implement for many insti-
tutional investors in a long-only framework; therefore we
do not favor it.

Sector-Neutral Indexes

Overall, when stock selection within sectors and sec-
tor-neutral allocation are put together, they allow the
construction of sector-neutral smart factor indexes that
maintain proper sector diversity and hedge out most
of the sector risk. It nevertheless raises the question of
whether these sector-neutral risk factors can still deliver
a significant risk premium over the long run. We found
evidence in the academic literature that sector-neutral
risk factors do still provide significant long-term risk-ad-
justed performance as seen in Banko et al. (2006), Novy-
Marx (2013) and Asness et al. (2014).

At Scientific Beta, we offer sector-neutral indexes
that incorporate both approaches discussed above. In-
deed, we carry out the stock selection within each of the
10 sectors defined as the Economic Sectors of the TRBC
classification. We also rescale weights against the CW
index in order to achieve sector-neutral allocation. Note
that sector-neutral allocation is not perfectly achieved
since we apply turnover and liquidity rules after the
weight rescaling, which are used to maintain a high level
of replicability of our indexes. In the next sections, the
sector-neutral smart factor indexes we present are based
on this technology.

Impact of Sector Risk on Absolute Performance
Sector-neutrality reduces the distance between the
allocation of the smart factors and the CW index. This
is in total opposition to the objective of smart factor in-
vesting, which consists in having the highest distance to
the CW index allocation to benefit from two sources of
added value, which are long-term exposures to reward-
ed risk factors that are not present in the CW index, and
good diversification of specific risks. This implies allo-
cations that are very different to those proposed by the
CW index, which is concentrated in stocks with the high-
est capitalizations and does not take stock correlations
into account. Therefore, we expect that sector-neutral
smart factors will generate lower Sharpe ratios than their
standard counterparts, with an increase in volatility.
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EXHIBIT 2

Comparative Annual Statistics and Sector Deviation between Standard and Sector-Neutral EDHEC-Risk Long-Term US HFI Diversified Multi-Strategy

(4 Strategy) Smart Factor Indexes

The analysis is based on daily total returns in USD from 31-Dec-1976 to 31-Dec-2016. All statistics are annualized. Yield on Secondary US Treasury Bills (3M) is used as a proxy for
the risk-free rate. Cooeflicients significant at 5% p-value are highlighted in bold. The Distance from CW measure is the quarterly average of the sum of absolute differences between
individual weights of the smart factor and the CW index. P-value for the Sharpe ratio or volatility differences are computed using the methodology described in Ledoit and Wolf (2008,
2011). The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Mid-Cap Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-
Term United States High-Factor-Intensity Value Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity High Momentum Diversified
Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Low Volatility Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United
States High-Factor-Intensity High Profitability Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Low Investment Diversified
Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (MBMS) 6-Factor 4-Strategy EW and their sec-

tor-neutral counterparts.

31-Dec-1976 to
31-Dec-2016
(RI/USD)

Standard Smart Factors

Ann. Returns 10.86% 14.08%
Ann. Volatility 17.07% 14.96%
Sharpe Ratio 0.35 0.62
Distance from CW - 53%
Sector Neutral Smart Factors

Ann. Returns 10.86% 14.79%
Ann. Volatility 17.07% 15.91%
Sharpe Ratio 0.35 0.63
Distance from CW - 16%
Volatility difference - -0.95%
P-value - 0.02%
Sharpe ratio difference - 0.01
P-value - 79.9%

High
Volatility

Value Low

Momentum

13.36% 17.07% 14.96%
14.83% 15.48% 13.33%
0.57 0.62 0.67
59% 46% 64%
13.57% 13.99% 13.03%
15.60% 16.27% 14.62%
0.56 0.56 0.56
20% 23% 25%
-0.77% -0.79% -1.29%
0.02% 0.02% 0.02%
-0.01 -0.05 - 0.10
77.8% 20.6% 7.3%

Profitability

High
Investment

13.70% 14.00% 13.95%
15.25% 14.17% 14.40%
0.59 0.65 0.63
64% 54% 48%
13.20% 13.14% 13.66%
15.43% 15.31% 15.28%
0.54 0.54 0.58
22% 20% 17%
-0.18% -1.14% -0.88%
2.36% 0.02% 0.02%
-0.05 -0.10 -0.05
24.8% 0.7% 11.9%

In Exhibit 2, we show the absolute statistics of the
EDHEC-Risk Long-Term US HFI Diversified Multi-Strate-
gy (4-Strategy) smart factor indexes for the six well-known
academic risk factors as well as the multi-beta index that
incorporates all risk factors on an equally-weighted ba-
sis. We also show the same smart factor indexes, but with
the sector-neutral-control option. Standard smart factor
indexes exhibit strong outperformance over the CW in-
dex, with lower volatilities and higher returns resulting in
Sharpe ratios being between 60% and 80% higher.

On the other hand, sector-neutral smart factor index-
es, as expected, suffer from higher volatilities compared
to their standard counterparts, resulting in lower Sharpe
ratios, with the exception of Mid-Cap, which exhibits a
slightly higher Sharpe ratio with sector-neutrality control.
Volatilities are increased by an average of 6%, ranging
from 1% for High Profitability to 10% for Low Volatility,
and they are statistically different from standard indexes.
Returns are fairly similar. We observe that they are higher
for Mid-Cap and Value with sector-neutrality but slightly
lower for the other smart factors.

Overall, sector-neutrality strongly decreases the Dis-
tance from CW measure by an average of 60%. This re-
duction is an indicator of the potential loss of the added
value that a smart factor index can provide in terms of
improved risk-adjusted performance. Indeed, the clos-
er the Distance from CW measure is to zero, the lower
the potential to improve risk-adjusted performance com-
pared to the CW index. Thus, investors who seek high val-
ue-added potential with their smart beta strategies, and
thus require a clear deviation or “active share”, might not

find sector-neutrality constraints suitable.

Impact of Sector Risk on Factor Exposures

Because it forces their allocations to be closer to the
CW index, the factor exposures of smart factors are af-
fected in the same way. Since the sector-neutral smart
factor has closer allocations to the CW index, it will have
a smaller loading on its desired tilt. This implies that sec-
tor-neutrality will automatically decrease factor intensity.
On the positive side, the market beta exposure should be
improved for the same reason and we should expect sec-
tor-neutral smart factors to have market beta closer to 1,
which provides them with better conditional performance
and a reduction in relative risk associated with the market
beta gap that exists between the CW index and smart
factor indexes.

In Exhibit 3, we show the factor exposures of the stan-
dard and sector-neutral versions of EDHEC- Risk Long-
Term US HFI Multi-Strategy smart factor indexes. Several
comments can be drawn from this exhibit.

First, we note that the market beta exposures of stan-
dard smart factor indexes are lower than one. This is a typ-
ical defensive characteristic of smart factor indexes and is
one of the implicit risks documented by Shirbini (2018),
but they increase when using the sector-neutrality option,
with a notable difference for Low Volatility.

Next, we examine the exposure of smart factors to
their desired factor tilt. For standard indexes, Mid-Cap
has the lowest exposure with 0.17, whereas Value has the
highest with 0.27. Sector- neutral smart factors exhibit
lower factor exposure to their desired factor tilt with the

exception of Mid-Cap. Low Investment exposure dimin-
ishes by 20%, from 0.19 to 0.15. Value exposure falls by
25%, from 0.27 to 0.20. For Momentum, its exposure is
decreased by 30% from 0.21 to 0.14. Finally, for Low Vol-
atility and High Profitability, their exposures to their de-
sired tilts fall by 50%. Remember that these two smart
factors have the highest Distance to CW measures in their
standard version. The case of the Mid-Cap smart factor is
interesting, since its exposure to its desired tilt is slightly
higher with sector-neutrality, but we note a considerable
reduction in exposures to the other factors, leading to
lower factor intensity.

There is also another notable difference in the overall
factor intensity between the standard and sector-neutral
versions of the smart factor indexes. The factor intensi-
ty of the standard smart factor indexes is the highest for
Value with 0.73 and lowest for High Profitability with 0.49.
In the case of the sector-neutral versions, factor intensi-
ty is reduced for all smart factors by an average of 28%.
The reduction is stronger for High Momentum, with a de-
crease of 38%. Low Volatility and High Profitability have
reductions that are close to the average despite the con-
siderable decrease in the exposure to their desired tilts.
This reduction in factor intensity is explained by the closer
allocation of the sector-neutral smart factors to the CW
index, which implies that returns are explained more by
the market beta than by risk factors.

Impact of Sector Risk on Relative Risk and Performance
For now, we have focused on the impact of sec-
tor-neutrality on smart factor indexes in terms of absolute
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EXHIBIT 3

Factor Exposures of Standard and Sector-Neutral EDHEC-Risk Long-Term US HFI Diversified Multi- Strategy (4 Strategy) Smart Factor Indexes
The analysis is based on daily total returns in USD from 31-Dec-1976 to 31-Dec-2016. All statistics are annualized. Yield on Secondary US Treasury Bills (3M) is used as a proxy for the

risk-free rate. The regression is based on weekly total returns. The Market factor is the excess return series of the CW index over the risk-free rate. The other six factors are equal-weight-

ed daily-rebalanced factors obtained from Scientific Beta and are beta-adjusted every quarter with their realized CAPM beta. Coeflicients significant at 5% p-value are highlighted
in bold. The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Mid-Cap Diversified Multi- Strategy (4-Strategy), EDHEC-Risk Long-
Term United States High-Factor-Intensity Value Diversified Multi- Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity High Momentum Diversified
Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Low Volatility Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United
States High-Factor-Intensity High Profitability Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Low Investment Diversified
Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy 6-Factor 4-Strategy EW and their sector-neutral

counterparts.

31-Dec-1976 to
31-Dec-2016
(RI/USD)

Standard Smart Factors

CAPM Market Beta 1.00 0.87
Ann. Unexplained 0.00 0.0
Market Beta 1.00 0.85
SMB* Beta 0.00 0.17
HML* Beta 0.00 0.14
MOM* Beta 0.00 0.02
Low Vol* Beta 0.00 0.08
High Prof* Beta 0.00 0.10
Low Inv* Beta 0.00 0.10
R Sqgrd 100.0% 91.5%
Factor Intensity 0.00 0.62
Factor Drift 0.00 0.24
Standard Smart Factors

CAPM Market Beta 1.00 0.92
Ann. Unexplained 0.00 0.01
Market Beta 1.00 0.89
SMB* Beta 0.00 0.18
HML* Beta 0.00 0.10
MOM* Beta 0.00 0.05
Low Vol* Beta 0.00 0.00
High Prof* Beta 0.00 0.06
Low Inv* Beta 0.00 0.07
R Sqgrd 100.0% 91.4%
Factor Intensity 0.00 0.46
Factor Drift 0.00 0.23

Low
Volatility

Value High

Momentum

0.85 0.90 0.73
0.00 0.00 0.00
0.84 0.89 0.73
0.08 0.09 0 .06
0.27 0.09 0.06
0.08 0.21 0.00
0.05 0.09 0.24
0.12 0.08 0.11
0.11 0.05 0.06
92.4% 93.6% 92.0%
0.73 0.61 0.53
0.25 0.22 0.19
0.92 0.94 0.84
0.01 0.01 0.00
0.91 0.93 0.84
0.08 0.07 0.05
0.20 0.07 0.05
0.07 0.14 0.01
-0.01 0.02 0.11
0.12 0.06 0.11
0.10 0.01 0.07
94.3% 93.5% 94.0%
0.56 0.38 0.39
0.21 0.21 0.19

High MBMS

Profitability

Low
Investment

0.90 0.82 0.85
0.00 0.00 0.00
0.89 0.82 0.84
0.09 0.07 0.09
0.01 0.09 0.11
-0.02 0.03 0.06
0.13 0.09 0.11
0.22 0.10 0.12
0.05 0.19 0.10
94.6% 94.4% 95.5%
0.49 0.57 0.59
0.17 0.16 0.18
0.90 0.90 0.90
0.01 0.01 0.01
0.90 0.89 0.89
0.06 0.06 0.08
0.04 0.10 0.09
0.02 0.02 0.05
0.05 0.01 0.03
0.11 0.09 0.09
0.06 0.15 0.08
94.9% 94.0% 96.3%
0.33 0.44 0.43
0.18 0.19 0.17

risk-adjusted returns and conclude that they were neg-
atively impacted because of the loss of factor intensity.
However, as mentioned before, sector-neutrality is also
a way of controlling for relative risk. Sector-neutral smart
factors should therefore have lower tracking errors. In Ex-
hibit 4, we show the relative statistics of the EDHEC-Risk
Long-Term US HFI Diversified Multi-Strategy (4-Strategy)
standard and sector-neutral smart factor indexes. We first
observe that standard smart factor indexes have relative
returns that are fairly similar, in the range of 2.5% to 3.5%,
whereas the tracking errors are much more scattered,
ranging from 4.9% for High Profitability to 7% for Low Vol-
atility. Information ratios are therefore strongly positive,
with 0.67 for High Momentum and 0.41 for Low Volatility.
As expected, sector-neutral smart factor indexes exhibit
lower tracking errors. The reduction ranges from -4% for

the Mid-Cap to -32% for the Low Volatility smart factors
compared to their standard counterparts. Moreover, we
show that these reductions are statistically significant at
the 1% level, which clearly indicates that sector-neutrality
is definitely helpful in decreasing relative risks. We high-
light that the Maximum Relative Drawdown measure is
also reduced with sector-neutrality by an average of 30%,
with 48% for Mid-Cap and 17% for High Momentum. An
interesting measure of extreme risk is the 10-year rolling
worst 5% tracking error, which is also reduced by an aver-
age of 23% across the different smart factors.

While relative returns are very similar, we importantly
observe that information ratios are higher compared to
standard smart factors, although these differences are not
statistically significant. The probability of outperformance
at a 1-, 3- and 5-year horizon is increased for Mid-Cap,

Value, High Momentum and the Multi-Beta Multi-Strat-
egy indexes.

Overall, we can conclude that sector-neutrality is im-
portant for controlling relative risks, since the decreases
in tracking errors are statistically significant, but when we
look at relative risk-adjusted performance, there is no real
impact and information ratios are fairly similar.

We conclude this section by focusing on the analysis
of live indexes. In Exhibit 5, we show the 1-year calendar
relative returns as well as absolute and relative statistics
for the last 10 years for the SciBeta US HFI Diversified
MBMS 6F 4S EW index, the SciBeta Developed ex-USA
HFI Diversified MBMS 6F 4S EW index, and their sec-
tor-neutral counterparts. We first highlight the differenc-
es that can arise in yearly relative returns as in 2016,
2017 and 2018 for SciBeta US smart factor indexes. This
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Comparative Relative Statistics between Standard and Sector-Neutral EDHEC-Risk Long-Term US HFI Smart Factor Indexes

The analysis is based on daily total returns in USD from 31-Dec-1976 to 31-Dec-2016. All statistics are annualized. Yield on Secondary US Treasury Bills (3M) is used as a proxy
for the risk-free rate. Coeflicients significant at 5% p-value are highlighted in bold. P-value for the Information ratio difference and tracking error difference are computed using the
methodology described in Ledoit and Wolf (2008, 2011). The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Mid-Cap Diversified
Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Value Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States
High-Factor-Intensity High Momentum Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Low Volatility Diversified Multi-Strat-
egy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity High Profitability Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States
High-Factor-Intensity Low Investment Diversified Multi-Strategy (4-Strategy), EDHEC-Risk Long-Term United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy
(MBMS) 6-Factor 4-Strategy EW and their sector-neutral counterparts.

31-Dec-1976 to
31-Dec-2016
(RI/USD)

EDHEC Risk LTTR US HFI Smart Factor Index

Ann. Rel. Returns - 3.22%
Ann. Tracking Error - 6.34%
Information Ratio - 0.51
Max Rel. DD - 38.6%
10-year rolling TE worst 5% - 8.1% 8.8%
Outperf Prob (1Y) - 66.7%
Outperf Prob (3Y) - 73.7%
Outperf Prob (5Y) - 77.4%

Mid-Cap

Low
Volatility

High
Momentum

EDHEC Risk LTTR US HFI Smart Factor Sector Neutral Index

Ann. Rel. Returns - 3.93%
Ann. Tracking Error - 6.06%
Information Ratio - 0.65
Max Rel. DD - 20.0%
10-year rolling TE worst 5% - 7.2% 6.6%
Outperf Prob (1Y) - 74.0%
Outperf Prob (3Y) - 80.1% 7
Outperf Prob (5Y) - 81.8%
Tracking Error difference - 0.28%
P-value - 0.12%
Information Ratio difference - 0.14
P-value - 12.95%

2.50% 3.52% 2.84%
5.71% 5.23% 7.01%
0.44 0.67 0.41
41.8% 13.2% 47.3%
7.8% 10.9% 6.9%
67.1% 69.8% 65.2%
78.7% 83.4% 77.0%
75.5% 90.2% 81.7%
2.71% 3.13% 2.17%
4.62% 4.53% 4.78%
0.59 0.69 0.45
31.2% 10.9% 29.0%
6.4% 6.8% 5.8%
69.0% 70.1% 63.9%
8.8% 86.0% 70.9%
80.0% 91.4% 78.3%
-1.09% -0.69% -2.23%
0.02% 0.02% 0.02%
0.15 0.02 0.05
16.33% 76.39% 65.21%

Low
Investment

High
Profitability

2.98% 3.14% 3.09%
4.87% 5.65% 5.10%
0.61 0.56 0.61
27.2% 33.2% 33.0%
8.6% 7.6%

72.7% 69.7% 70.6%
84.7% 81.1% 81.4%
89.8% 87.0% 87.1%
2.34% 2.28% 2.8%
4.31% 4.46% 3.97%
0.54 0.51 0.71
21.3% 26.4% 19.5%
6.5% 5.5%

67.9% 65.8% 71.5%
74.3% 75.3% 80.5%
76.6% 83.0% 82.3%
-0.57% -1.18% -1.13%
0.02% 0.02% 0.02%
-0.07 -0.05 0.10
60.41% 81.40% 23.98%

Even if it is not a priced risk factor in the cross-section of expected returns, sector

risk can nevertheless have a material impact on short-term performance.

is a clear demonstration of short-term risks that can af-
fect smart factor indexes and the usefulness of sector
neutrality.

Second, we observe that yearly relative returns of
sector-neutral smart factors are more stable compared to
their standard counterparts, which is confirmed by their
lower tracking errors. This can also be illustrated by the
fact that, for instance, on the SciBeta US universe, the
standard smart factor index posted five negative years
out of 11 whereas the sector-neutral smart factor posted
only one negative relative return over the same period.

Moreover, this is in line with the improved probability of
outperformance statistics observed in Exhibit 4.
Nevertheless, the better stability of relative returns
comes at a cost. Indeed, sector-neutral smart factor in-
dexes have a higher level of absolute volatility. This is
due to the reduction of the distance between the allo-
cation of the smart factors and the CW index. This re-
duction in distance goes against the objective of factor
investing, which consists in having the highest distance
to the CW index allocation to benefit from two sources of
added value, namely long-term exposures to rewarded

risk factors and good diversification of specific risks. The
direct consequence of this distance reduction is a deteri-
oration in Sharpe ratios.

Itis clear from the different examples we provide that
sectors can have a strong impact on the short-term per-
formance and relative risks of smart factor indexes, even
if these effects should not be persistent over the long
term, since sector risk is not priced into the cross-section
of expected returns. It is important, however, for inves-
tors to understand these implicit risks and the different
ways of dealing with them and their implications.
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EXHIBIT 5

l-year Calendar Relative Returns and Absolute and Relative Statistics for the SciBeta US HFI Diversified Multi-Beta Multi-Strategy (MBMS) 6-Factor
4-Strategy EW index, the SciBeta Developed ex-USA HFI Diversified Multi-Beta Multi-Strategy (MBMS) 6-Factor 4-Strategy EW index, and their

Sector-Neutral Counterparts

The analysis is based on daily total returns in USD from 31-Dec-2007 to 31-Jul-2018. The return of the 2018 calendar year is the year-to-date return without annualization, otherwise
all statistics are annualized. Yield on Secondary US Treasury Bills (3M) is used as a proxy for the risk-free rate. The smart factor indexes used are the SciBeta United States High-Fac-
tor-Intensity Diversified Multi-Beta Multi-Strategy 6-Factor 4-Strategy EW, the SciBeta Developed ex-USA High-Factor-Intensity Diversified Multi-Beta Multi-Strategy 6-Factor

4-Strategy EW and their sector-neutral counterparts.

GSciBeta US HFI Diversified MBMS 6F 4S EW

SciBeta Developed ex-USA HFI Diversified

MBMS 6F 4S EW

Standard
2018 (31-Jul-2018) -1.55%
2017 -1.36%
2016 -0.16%
2015 2.01%
2014 4.02%
2013 1.04%
2012 -0.51%
2011 5.49%
2010 5.14%
2009 -1.12%
2008 6.55%
Ann. Tracking Error 4.24%
Information Ratio 0.53
Ann. Volatility 17.56%
Sharpe Ratio 0.59

Sector Neutral Standard Sector Neutral
0.89% 0.39% 0.44%
-0.09% 3.83% 3.6%
1.61% 0.49% 0.99%
1.58% 6.55% 6.72%
1.60% 5.45% 5.15%
1.61% 2.38% 0.90%
0.65% -0.01% -0.81%
1.94% 6.76% 5.16%
4.69% 8.32% 7.48%
1.39% -4.26% -5.56%
4.40% 7.43% 7.16%
3.46% 4.18% 3.83%

0.62 0.97 0.92
18.34% 15.74% 15.92%
0.55 0.39 0.35

CONCLUSION

The objective of smart factor investing is to obtain the
highest distance to the CW index allocation to benefit
from two sources of added value, namely long-term expo-
sures to rewarded risk factors and good diversification of
specific risks. This is efficiently achieved through our stan-
dard smart factor offering, which delivers significant long-
term risk-adjusted performance. Nevertheless, we showed
in this article that sector risk, which is one of the several
implicit risks taken when investing in smart factor indexes,
can be very high. Indeed, deviations from the CW sector
weights can be important and very persistent through time
and this can lead to short-term underperformance for in-
vestors that might be undesirable.

Investors looking to manage these short-term risks
can use the sector-neutral risk-control option offered
on Scientific Beta indexes. Using the sector-neutral
risk option has a clear advantage in terms of relative
risk-adjusted performance since information ratios are
increased. We also showed that it is an effective ap-
proach to reducing short-term relative losses since it
significantly reduces tracking error as well as extreme
relative statistics such as maximum relative drawdown
and extreme tracking error.

Nevertheless, sector-neutrality comes with costs. In-
deed, the reduction of the distance from CW weights
implies two very important consequences for long-term
risk-adjusted performance. These consequences are
shown in Exhibit 6, which reports the percentage change

of key metrics when moving from the standard to the
sector-neutral version of a multi-smart-factor index. First,
there is a clear reduction in factor intensity. Since expo-
sures to risk factors are the key drivers of performance in
smart factor investing, this may be undesirable for some
investors. Second, there is a considerable increase in the
level of absolute risk (volatility). These two elements lead
to a reduction in the long-term absolute risk-adjusted
performance (Sharpe ratio) of sector-neutral smart factor
indexes compared to their standard counterparts. These
trade-offs imply that the choice of the most suitable ver-
sion of the index depends on investor preferences.

To provide further analysis of the difference between
the standard index and its sector-neutral version, we con-
duct an analysis of the return difference over time. Exhibit
7 shows the 3-year and 10-year rolling outperformance
of the standard EDHEC-Risk Long-Term US HFI Diversi-
fied Multi-Beta Multi-Strategy 6-Factor 4-Strategy EW in-
dex versus its sector-neutral counterparts. The probability
of outperformance of the standard index is 64% for the
3-year rolling window and 60% for the 10-year rolling win-
dow. This is consistent with the considerable reduction in
factor intensity observed with sector-neutrality and shows
the superiority of the standard smart factors over sec-
tor-neutral ones in producing higher returns over the long
run. It is also clear from Exhibit 7 that return differences
between the two versions are relatively minor over a ten-
year horizon, but can be pronounced over a three-year

horizon. We can see, for example, that the period of the
late 1990s was marked by pronounced underperformance
of the standard version over its sector-neutral counterpart,
as sector deviations were a drag on performance. How-
ever, in the following years, sector-neutrality became a
drag on performance, with the standard index posting its
most pronounced outperformance over the sector-neutral
version. For such shorter horizons, the impact of a choice
concerning sector-neutrality is considerable.

Overall, the decision on whether or not to use the
sector-neutral option is a fiduciary choice for investors.
This choice is a trade-off between their aversion to short-
term risks generated by sector risk embedded in standard
smart factor indexes, which can lead to short-term losses
relative to the CW index, and their willingness to harvest
factor risk premia in the most efficient way and to achieve
the highest risk-adjusted performance over the long run.

In terms of risk budgeting, it also involves investors
knowing whether they want to minimize absolute or rela-
tive risks and this choice should probably be considered
from a broader perspective than a simple investment in
equity factors (i.e. in a risk management framework for all
of their asset classes).

For ERI Scientific Beta, in line with its status as an
index provider, its single and multi-factor index offering
(with or without the sector-neutrality option) offers inves-
tors and their asset managers the possibility to exercise
this fiduciary option.
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EXHIBIT 6

Costs of Sector-Neutral Smart Factor Indexes compared to their Standard Counterparts in terms of Factor Intensity, Returns, Relative Returns,

Volatility and Sharpe Ratio

The analysis 1s based on total returns in USD from 31-Dec-1976 to 31-Dec-2016. The cost is the relative difference between the sector-neutral index and the standard index
(percentage change). The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (MBMS)

6-Factor 4-Strategy EW and its sector-neutral counterpartthe risk-free return.

Relative
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EXHIBIT 7

3-year and 10-year Rolling Outperformance of Standard versus Sector-Neutral EDHEC-Risk Long-Term US HFI Diversified Multi-Beta

Multi-Strategy 6-Factor 4-Strategy EW Smart Factor Indexes

The analysis is based on 3-year and 10-year rolling weekly total returns in USD from 31-Dec-1976 to 31-Dec-2016. The smart factor indexes used are the EDHEC-Risk
Long-Term United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (MBMS) 6-Factor 4-Strategy EW index and its sector-neutral counterpart.
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MANAGING HIDDEN RISKS-A PRACTICAL CASE

As documented in a recent Scientific Beta white paper (Shirbini, 2018), smart factor indexes are known to expose investors to a number of hidden risks that can have a

negative impact on short-term performance. In particular, investors expose themselves to a market beta gap and to sector and geographical risks amongst others. We will

explain how Scientific Beta tackles these hidden risks and assess the benefits for investors of controlling them.

i. Geographical risk

Smart factor selection, done on an index like the SciBeta Developed index,
which contains seven regional blocks, can lead to significant regional weight
deviations compared to the reference CW index (the SciBeta Developed region-
al blocks are the USA, Eurozone, UK, Japan, Canada, Developed Asia-Pacific
ex-Japan and Developed Europe ex-Euro/UK). There is no academic evidence that
taking on geographical risk is rewarded in the long-term and it has been shown
that factor investing works best within economically integrated regions (Fama and
French, 2012).

For these two reasons, Scientific Beta constructs all its regional indexes in a
way that ensures regional block neutrality compared to the reference CW index.
Indeed, we first construct regional block smart factor indexes that are then weight-
ed according to their corresponding free-float market capitalization in the regional
reference CW index.

ii. Sector risk

Smart factor indexes have time-varying sector-relative allocations compared
to their reference CW index. There is no academic evidence that sector risk is
rewarded over the long term, but it might negatively affect the short-term perfor-
mance of smart factor indexes.

Scientific Beta offers investors a sector-risk-control option which combines
i) stock selection within sectors to maintain sector diversity and ii) sector-neutral
allocation to ensure neutrality of weights compared to the reference CW index.

iii. Market Beta Adjustment

The market beta of smart beta strategies is an implicit result of various con-
struction choices. Most smart beta offerings have a market beta that is uncontrolled
and often lower than 1 due to the defensive bias of some factors and weighting

EXHIBIT 1

schemes. This has two direct consequences for investors. First, they are not fully
capturing the long-term equity market risk premium. Second, the short-term per-
formance of smart factor indexes might be negatively impacted, since market ex-
posure has a direct influence the conditional performance of smart factor indexes
in bull and bear markets.

Scientific Beta offers investors a Market Beta Adjustment option using either
leverage or an overlay using futures. The leverage option consists in varying the
allocation to the smart factor index and cash to target an ex-ante beta of one. The
overlay option consists in using futures to target an ex-ante market beta of one.
Both approaches have a constraint on cash borrowing of 30%.

Combining these risk options allows investors to remove important hidden
risks simultaneously and therefore helps them to smooth out their relative perfor-
mance, thereby reducing their short-term risk of underperformance.

In Exhibit 1, we show the last 10 years of annual performance of the SciBeta
Developed HFI Diversified Multi-Beta Multi-Strategy 6-Factor 4-Strategy EW in-
dex with and without the combined risk options (sector neutrality and market beta
adjustment). We first observe that over the last ten years, the index without the
risk-control option underperformed its reference CW index three times. Second,
its annual performance ranges between -2.7% and 6.8%. Third, its performance
over the last 3 years is particularly disappointing. There are three main reasons for
this. First, the performance over the last 3 years of the US market was driven by
the concentration of the CW index in the largest stocks, and notably GAFA stocks,
which penalized diversified indexes such as ours. Second, our index had a negative
relative weight to the Technology sector, which outperformed the reference CW
index over the period. Third, the index CAPM market beta over the last 3 years
was 0.87. Since we were in a bull market, the index was clearly penalized by its-
defensive characteristic.

Annual Performance of the SciBeta Developed HFI Diversified Multi-Beta Multi-Strategy 6-Factor 4-Strategy EW with and without

Sector-Risk and Market-Beta-Adjustment Control Option

The analysis is based on daily total returns in USD from 31-Dec-2008 to 18-Sep-2018. The return of the 2018 calendar year is the year-to-date return without annu-

alization, otherwise all statistics are annualized. The smart factor indexes used are the SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strat-
egy 6-Factor 4-Strategy EW, SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (Sector Neutral) 6-Factor 4-Strategy EW Market Beta
Adjusted (Leverage) and SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (Sector Neutral) 6-Factor 4-Strategy EW Market Beta

Adjusted (Overlay).

SciBeta Developed HFI Diversified MBMS 6-Factor 4-Strategy EW

Standard Sector Neutral + MBA Sector Neutral + MBA
(Leverage) (Overlay)

2018 (18-Sep) -0.74% 1.36% 1.26%
2017 0.77% 4.32% 3.88%
2016 0.13% 2.61% 2.37%
2015 4.06% 4.18% 3.81%
2014 4.77% 4.00% 3.67%
2013 1.75% 5.51% 4.8%

2012 -0.32% 3.30% 2.84%
2011 6.09% 3.27% 2.90%
2010 6.84% 8.48% 7.63%
2009 -2.70% 2.08% 1.65%



The benefits of the sector-neutral and market-beta-adjustment risk options
using either the leverage or overlay versions are quite clear. First, both indexes
posted only positive relative returns over the last ten years. Second, their relative
returns are more stable over the period, since annual performance ranges between
1.36% and 8.48% for the leveraged version and between 1.27% and 7.63% for the
overlay version. Third, their performance over the last three years is much more
interesting since they are not impacted by the market beta gap and technology
sector underexposure of the underlying index. We note that the leveraged version
produces better relative returns, since it allows the characteristics of the underlying
index to be preserved, whereas the use of futures in the overlay version only adds
exposure to the market beta without any exposure to long-term rewarded risk fac-
tors. Investors that can use leverage should favor the leveraged version compared
to the overlay version. Both indexes achieve dramatic improvements in short-term
performance relative to the standard index, which does not embed either of the two
risk-control options. It should be noted that the differences in performance come
about even though these indexes seek exposure to the same set of smart beta factors.

EXHIBIT 2
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The benefits highlighted above are clearly visible in the relative statistics in
Exhibit 2. Information ratios are improved by a factor of two thanks to an increase
in relative returns and a reduction in tracking errors. Max relative drawdowns are
reduced by more than 30%. This is a clear demonstration of the better management
of short-term risks. However, these benefits comes at the cost of lower absolute
risk-adjusted performance because of higher absolute risks. Indeed, we observe
that the absolute volatilities are increased by 20% and Sharpe ratios are decreased
by more than 10%. We also note an increase in extreme risks, since max drawdown
statistics are increased by 15%.

This practical case highlights the importance of considering optional risk ad-
justments, such as controlling sector and market risk, when choosing to be ex-
posed to factors. This choice is a trade-off investors have to make between their
aversion to short-term risks generated by hidden risks embedded in standard smart
factor indexes, which can lead to short-term losses relative to the CW index, and
their willingness to harvest factor risk premia in the most efficient way and to
achieve the highest risk-adjusted performance over the long run.

Absolute and Relative Performance over the last 10 Years of the SciBeta Developed HFI Diversified Multi-Beta Multi-Strategy 6-Factor
4-Strategy EW with and without Sector-Risk and Market-Beta-Adjustment Control Option

The analysis is based on daily total returns in USD from 31-Aug-2008 to 31-Aug-2018. The return of the 2018 calendar year is the year-to-date return without annu-
alization, otherwise all statistics are annualized. The smart factor indexes used are the SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strat-
egy 6-Factor 4-Strategy EW, SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (Sector Neutral) 6-Factor 4-Strategy EW Market Beta
Adjusted (Leverage) and SciBeta Developed High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (Sector Neutral) 6-Factor 4-Strategy EW Market Beta

Adjusted (Overlay).

SciBeta Developed HFI Diversified MBMS 6-Factor 4-Strategy EW

SciBeta Developed CW Standard

Return 7.58% 10.42%
Volatility 16.88% 14.46%
Sharpe ratio 0.43 0.70

Max Drawdown 47.50% 41.30%
Relative Return - 2.84%
Tracking Error - 3.48%
Information Ratio - 0.82

Max Relative Drawdown - 8.10%

Sector Neutral + Sector Neutral +

MBA (Leverage) MBA (Overlay)
11.24% 10.86%
17.36% 17.28%

0.63 0.61
47.50% 47.50%
3.66% 3.27%
2.30% 2.02%

1.59 1.61
5.70% 5.00%
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The Role of Technology and Utility Sector

Exposures in Factor Strategies

It is instructive to consider examples from particular time periods to under-
stand the impact of sector risks. We will show through three different examples
that sector risks can lead to significant short-term underperformance that sec-
tor-neutrality can help reduce.

For the purpose of illustration, we will focus on two smart factors that are
known to have persistent over/under-exposures to some specific sectors. For the
first example, we show the performance of the Low Volatility smart factor index,
which is known to be underexposed to the technology sector. In 1999, the sector
outperformed the CW index by more than 77%, whereas the underexposure of the
smart factor was close to -19% on average. The standard Low Volatility smart fac-
tor posted a negative performance of -2.8% and underperformed the CW index in
1999 by -26%, whereas it sector-neutral version posted a positive performance of
6.4% and underperformed the CW index by -16%. It is also important to highlight
that the Maximum Relative Drawdown, which measures the maximum relative
loss of a strategy compared to its benchmark, is reduced by more than 50%. The
annual tracking error of the sector-neutral smart factor is also reduced compared
to the standard version.

EXHIBIT 1

For the second example, we show the performance of the Value smart fac-
tor index, which has a persistent overexposure to the utilities sector. In 2015, the
sector underperformed the CW index by -6.7%, whereas the overexposure of the
smart factor index was close to +7%. The standard Value smart factor underper-
formed the CW index in 2012 by -3.5%, whereas its sector-neutral version under-
performed the CW index by -2.4%, a reduction of more than 30%. The maximum
relative drawdown and the annual tracking error of the sector-neutral smart factor
index are also reduced compared to the standard version.

For the last example, we show that the use of the sector-neutrality option in
2017 and 2018 would have been beneficial to investors, because those two years
were marked by outstanding performance of the technology sector. We observe
that the technology sector index outperformed the SciBeta US CW index by 19%
from the beginning of 2017 to the end of June 2018. The standard SciBeta US
HFI Diversified MBMS 6-Factor 4-Strategy EW, which was underexposed to the
sector by an average of -13%, underperformed the CW index by -2%, whereas its
sector-neutral version outperformed it by +0.5%.

Year 1999 Absolute and Relative Statistics of EDHEC-Risk Long-Term US Broad and Technology CW Index and EDHEC-Risk Long-Term US
HFI Low Volatility Diversified Multi-Strategy (4 Strategy) Standard and Sector-Neutral Smart Factor Indexes

The analysis is based on daily total returns in USD from 31-Dec-1998 to 31-Dec-1999. All statistics are annualized. Yield on Secondary US Treasury Bills (3M) is
used as a proxy for the risk-free rate. The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Low Volatility Diversified
Multi-Strategy (4-Strategy) and its sector-neutral counterparts.

EDHEC-Risk Long-Term US CW Index

EDHEC-Risk Long-Term US HFI Low Volatility

1999 (RI/USD) Diversified Multi-Strategy (4 Strategy)

Broad Technology Standard Sector Neutral
Ann. Returns 22.87% 77.23% -2.82% 6.37%
Ann. Volatility 18.39% 31.61% 12.17% 13.76%
Sharpe Ratio 0.98 2.29 NaN 0.11
Ann. Rel. Returns - 54.4% -25.7% -16.5%
Ann. Tracking Error - 19.0% 12.8% 8.7%
Information Ratio - 2.86 NaN NaN
Max Rel. DD - 12.4% 23.2% 14.8%

EXHIBIT 2
Year 2015 Absolute and Relative Statistics of EDHEC-Risk Long-Term US Broad and Utilities CW Index and EDHEC-Risk Long-Term US
HFI Value Standard and Sector-Neutral Smart Factor Indexes
The analysis is based on daily total returns in USD from 31-Dec-2014 to 31-Dec-2015. All statistics are annualized. Yield on Secondary US Treasury Bills (3M)
is used as a proxy for the risk-free rate. The smart factor indexes used are the EDHEC-Risk Long-Term United States High-Factor-Intensity Value Diversified
Multi-Strategy (4-Strategy) and its sector-neutral counterparts.

EDHEC-Risk Long-Term US CW Index

EDHEC-Risk Long-Term US HFI Low Volatility

2015 (RI/USD) Diversified Multi-Strategy (4 Strategy)

Broad Utilities Standard Sector Neutral
Ann. Returns 0.83% -6.66% -2.70% -1.56%
Ann. Volatility 15.37% 17.32% 14.20% 14.43%
Sharpe Ratio 0.05 NaN NaN NaN
Ann. Rel. Returns - -7.5% -3.5% -2.4%
Ann. Tracking Error - 15.0% 3.8% 3.1%
Information Ratio - NaN NaN NaN
Max Rel. DD - 18.3% 6.5% 5.2%

EXHIBIT 3
Relative Performance of the Standard and Sector-Neutral SciBeta US HFI Diversified Multi-Beta Multi-Strategy (MBMS) 6-Factor
4-Strategy EW Index from 31-Dec-2016 to 30-Jun-2018

The analysis is based on daily total returns in USD from 31-Dec-2016 to 30-Jun-2018. All statistics are annualized. Yield on Secondary US Treasury Bills (3M) is used
as a proxy for the risk-free rate. The smart factor indexes used are the SciBeta United States High-Factor-Intensity Diversified Multi-Beta Multi-Strategy (MBMS)
6-Factor 4- Strategy EW and its sector-neutral counterparts. The Technology CW index is the SciBeta United States Technology Cap-Weighted index.

31-Dec-2016 to 30-Jun-2018 Standard MBMS Sector Neutral MBMS

Technology CW Index

Ann. Rel. Returns 18.8% -2.0% 0.5%
Ann. Tracking Error 7.9% 3.1% 2.5%
Information Ratio 2.39 NaN 0.20
Max Rel. DD 5.43% 4.39% 1.63%
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Handling Macroeconomic
Risks in Smart Beta Portfolios
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The cyclicality of equity factor premia is driven by changes in the economic environment.

Felix Goltz
Head of Applied Research, EDHEC-Risk Institute,
Research Director, ERI Scientific Beta

Different factors can have similar exposure to the macro environment. Thus, balancing factor exposures may not lead to good diversification

across macro regimes.

Our analysis shows that Value and Momentum factors are pro-cyclical, while Size is counter-cyclical, and “quality” factors do not show
pronounced sensitivity to business cycles.

We design portfolios to achieve performance that is more balanced across different macro regimes.

INTRODUCTION

It is well established that equity factors such as size,
valuation, momentum, low risk, profitability and invest-
ment lead to positive premia over the long-term. How-
ever, there is also extensive evidence that factor premia
vary over time, and may experience long periods of un-
derperformance (Harvey, 1989; Asness, 1992). Knowing
that these different sources of returns are not perfectly
correlated, it is intuitive to tilt towards multiple factors to
diversify the possible underperformance of factor(s) and
smooth returns across time.

Yet there is no consensus on how to allocate optimally
across multiple factors. Given the limited understanding
we have about the underlying drivers of the risk premia,
naively diversifying across different factors is often chosen
as a practical solution. Making sure that exposures to dif-
ferent factors are balanced is seen as a sign of diversifica-
tion. This however ignores that two different factors could
depend on similar macroeconomic drivers. If economic
conditions deteriorate, a portfolio that is balanced across
factors with similar exposure to these conditions will be
poorly diversified.

The academic literature strongly suggests that at least
some of the equity factors are proxies for the state vari-
ables such as term structure (Petkova, 2006), default risk
(Vassalou and Xing, 2004), future economic growth (Liu and
Zhang, 2008), etc. Theoretical foundations and the empir-
ical evidence together is what motivates our research to
identify the economic mechanisms behind factor premia.
The aim of this study is to shed more light on the drivers of
the cyclicality of premia. We provide new insights that may
help to better understand the cyclicality and improve allo-
cation decisions. Accounting for similar dependencies on
the economic conditions will ultimately improve the diver-
sification of a multi-factor allocation. Our analysis can also
have implications for the market risk management, such as
avoiding exposure to factors with increasing market betas
during unfavorable economic conditions.

Unsurprisingly, this study is not the first that analyzes
the cyclicality of equity factors across macroeconomic en-
vironments. Many providers of factor products have con-
sidered this issueb. However, these studies lack a clear
economic justification for their definition of macro environ-
ments, and widely disagree on how a given factor reacts
in these environments. Our analysis is different because
we justify our definition of macroeconomic states with an
economic rationale and a large body of evidence in the
academic literature.

The rest of the article is organized as follows. We first
provide the motivation for the link between economic
states and the factor risk premia. Next, we review some of

the existing studies in this area from practitioners. We then
discuss conceptual considerations regarding selection of
relevant variables and propose a methodology for classi-
fying macroeconomic regimes. Finally, we analyze condi-
tionality of factor premia to the macro regimes and give
illustrative examples for implications for factor investors.

Why Should Business Cycles Matter for Factor Premia?

Macr nomic environmen ki rminant of

asset prices

To capture the conditional behavior of factor returns,
we need to consider the macro-economy more broadly
and move beyond the impact of stock market cycles. Of
course, we could simply consider how factors behave in
bull and bear markets. However, conditioning solely on
market returns could be misleading.

Consider the period following the recent global finan-
cial crisis. The drawdown in equity markets was followed
by very strong rebound in early 2009. However, such
strong returns mainly reflected that the economy was in a
very bad state since the Lehman bankruptcy in September
2008, stock market valuations were depressed, and future
expected returns were high to compensate investors for
risk. Thus, what appears as a “good time” ex-post when
looking at stock market returns was a “bad time"” ex-ante
(see Petkova and Zhang, 2005). Fama (1981) and Stock
and Watson (1999) argue that realized market returns is
indeed a noisy measure of economic conditions.

Mreover, stock market returns do not fully capture the
economic conditions that an average investor cares about
most. Most investors are employed and own houses, small
business and other non-marketed assets along with stocks
and bonds. Consequently, aggregate stock returns could
be a poor proxy for the return on aggregate wealth, which
is the opportunity set of ultimate interest to the repre-
sentative investor (Roll, 1977). Equilibrium asset-pricing
theory suggests that the average investor would like to
hedge against business cycle risks. Assuming a multi-pe-
riod world, current demand on assets is affected by the
possibility of changes in future investment opportunities
(Merton, 1973). In short, factor investors care about how
their factors fare when economic conditions or investment
opportunities change.

There is strong evidence that equity factors are indeed
affected by economic conditions. Factors deliver risk pre-
mia, which are explained precisely by the fact that these
factors tend to have poor returns in bad times when the
state of the economy is poor. Economists refer to such
states as times with high marginal utility of consumption.
In such bad times, the required premium for bearing risk

6 See e.g. llmanen, Maloney and Ross (2014), Gupta et al. (2014), Ung and Luk (2016), Devarajan et al. (2016).
7 Campbell and Cochrane (1999) and Constantinides and Duffie (1996)

is high. Economists call this phenomenon countercycli-
cal variation of risk premia”. The variation of risk premia
depends on business cycle variables. The premia for eg-
uity factors likewise varies with business cycle variables,
as has been shown in a large number of studies. For ex-
ample, Hahn and Lee (2006), Petkova (2006) and Petkova
and Zhang (2005) suggest that the size and value factors
are exposed to business cycle risks. Liu and Zhang (2008)
show that about half of the profits of the momentum fac-
tor are due to its dependence on future economic activity.
A similar dependence of factor premia on business cycle
variables has been documented for the low risk factor
(Cederburg and Doherty, 2016) and momentum.

Overall, both theory and empirical evidence indicate
that equity factors are linked to the macroeconomic envi-
ronment. Understanding these links is thus crucial for risk
transparency of equity factor portfolios.

ndin licali F.

A clarification is in order. Note that we are not trying to

nder r Timin

time factors using information about the economic states.
What we are looking at is the contemporaneous relation-
ship between factor returns and indicators that closely
track business cycles. A contemporaneous relationship
does not allow timing decisions. For timing, we would
need to identify a predictive link between the macro envi-
ronment and factor returns. Such a link is unlikely since as-
set prices usually incorporate information much faster than
reported GDP or other “slow-moving” variables. If any-
thing, we would expect that factor returns might predict
economic fundamentals, not vice-versa. In fact, a study by
Liew and Vassalou (2000) shows that returns of equity fac-
tors such as size and value can predict GDP growth.

To illustrate that a contemporaneous link between
the macro environment and equity factors does not allow
timing, we consider a simple illustration. We look at the
relationship between changes in macroeconomic state
variables and factor returns.

Table 1 reports differences between factor returns
when the changes in the respective state variable were
in the top and bottom quartiles. The results indicate that
the Low Risk factor performed significantly better during
the times when the contemporaneous changes in de-
fault spread were in the lowest quartile, compared to the
highest quartile. We now try to predict changes in default
spread based on an econometric model composed of oth-
er macro state variables. If we use the predicted changes
in default spread, the relationship reverts and becomes
insignificant. We can observe the same effect if we look at
Momentum and changes in the term spread. Even though
the negative sensitivity of Momentum does not disappear,
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TABLE 1

Understanding Cyclicality # Factor Timing

The reported figures are differences between conditional annualized returns in extreme quartiles of conditioning variables, which are the changes in term spread and default spread.
The returns for Momentum and Low Risk come from K. French and AQR data libraries, respectively. The term spread is 10-year minus 1-year Treasury bond yields. The default
spread is Moody’s Baa minus Aaa corporate yields. The predicted change in each variable is computed as a difference between predicted level and current level. The levels at month
t are predicted with OLS method, predictive variables being levels of four state variables at time t-1. The parameters are estimated each month since April 1953, using expending
windows. The four state variables are short-term interest rates (3-month T-bills), term spread, default spread and 12-month trailing dividend yield on CRSP value-weighted index

Change in default spread (Q4-Q1) -5.9% -15.3%
p-value 56.5% 2.0%
Predicted Change in default spread (Q4-Q1) 1.3% 4.9%
p-value 99.4% 64.0%
Change in term spread (Q4-Q1) -30.0% -9.9%
p-value 0.2% 16.4%
Predicted Change in term spread (Q4-Q1) -17.3% -2.0%
p-value 50.3% 91.3%

TABLE 2

Theory and Empirical Evidence for State Variables

T I ===

Short Rate e Fama and Schwert (1977)
e Fama and Gibbons (1984)

* Reflects expected inflation, related to business cycle
e Flight to quality reduces short rates

Term Spread

* Reflects expectations on future interest rates and economic activity

* Reflects compensation for exposure to discount-rate shocks for all

long-term securities

Default Spread

® Increasing spread adversely affects economic activity

e Signals rising risk aversion

Dividend Yield

¢ Higher required return increases the yield

e Longstaff (2004)

e Campbell (1987)

® Fama and French (1989)

¢ Ang, Piazessi and Wang (2006)
e Estrella and Trubin (2006)

e Keim and Stambaugh (1986)
® Fama and French (1989)

¢ Duffie and Berndt (2011)

e Faust et al. (2013)

e Campbell and Shiller (1988)
e Fama and French (1988, 1989)

the relationship becomes highly uncertain with the p-val-
ue of greater than 50%.

Our objective is not to shed light on timing decisions,
but rather to analyze how factors behave in different mac-
roeconomic environments, and to show how such informa-
tion can help improve diversification for factor investors.

Measuring Sensitivity to the Economic State

Selecting Macroeconomic State Variables

A key decision in defining macroeconomic regimes is
to select the relevant state variables. Relevant macroeco-
nomic indicators must fulfil a set of indicators, if they are
to be useful in analyzing factor cyclicality.

The first criterion is that macro state variable need to
be sufficiently fast-moving to capture changes in expec-
tations contemporaneously with factor returns. Relying
on “slow-moving” realized economic quantities such as

growth and inflation will not fulfil this criterion. Howev-
er, there are fast-moving variables that capture informa-
tion about macroeconomic expectations. For example,
Geske and Roll (1983) find that bond and stock investors
realize the future changes in fiscal and monetary policy,
and adjust prices and interest rates accordingly without
a delay8. Beyond empirical findings, economic theory
suggests that fast-moving variables, such as the dividend
yield, short rate, credit spread and term spread, should
capture expectations about economic fundamentals. For
example, the basic dividend discount model of Gordon
(1962) suggests that the aggregate dividend yield reflects
the expected equity premium and the future dividend
growth in the economy. Likewise, models of monetary
policy suggest that short interest rates will reflect inflation
expectations, the output gap and macroeconomic policy
shocks (e.g. Ang, 2014). Our objective is thus to define
macroeconomic regimes based on fast moving indicators.

The second criterion is that our state variables have
been identified as leading indicators of economic condi-
tions. State variables should be related to future macro-
economic activity (e.g. industrial production). They should
also be related to the future equity market premium (stock
market excess return). A positive relationship with the ag-
gregate market premium can be interpreted as a nega-
tive relationship with risk tolerance, as a high expected
premium reflects low risk tolerance. Ultimately, this sec-
ond requirement means that the relevant state variables
capture information about expectations about the market
premium and economic activity, similar to leading indica-
tors used by economists.

A third criterion is that a link between the macro-
economic variable and equity factor returns have been
identified in the finance literature. Of course, selecting
state variables for which there is no link with factor returns
is meaningless for factor investors.

8 For similar results regarding the link between fast-moving variables and future economic conditions, see Fama (1981) or Aylward and Glen (1995).
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United States Jun-1963 to Dec-2016

Yield on T-Bills
Term Spread

Default Spread
Dividend Yield

&

Loadings on State Variables for Composite Indicators

)

TABLE 3

—

The table reports coeflicients from the regressions, where the independent variables are yield on T-bills, term spread, default spread and dividend yield, and the dependent variables
are equity market excess returns and growth in industrial production over the next month. The economic outlook is the expected growth rate in industrial production. The risk-toler-
ance is the expected market excess return with negative sign (thus, coefficients also have negative sign). Statistically significant numbers at 10%, 5% and 1% are indicatedby *, *¥ and
*#* respectively. We use Newey-West standard errors with number of lags equal to six.

Loadings on state variables for

Economic Outlook Risk-Tolerance

0.24** 0.20**
0.29*** -0.01
-0.39%** 0.00
-0.02 -0.20%***

Based on the above-mentioned requirements and sol-
id evidence from the academic literature, we have identi-
fied four state variables. These are the level and the slope
of the yield curve, default spread and dividend yield.
Table 2 briefly summarizes the theory behind why these
variables should matter, and how would they reflect eco-
nomic outlook and risk-tolerance. Dividend yield is more
related to the risk tolerance of the investors, while the
term structure and default spread carry information about
both risk tolerance and economic outlook. The empirical
literature cited in Table 2 also documents the relationship
of those variables for expectations about aggregate bond
and stock returns, as well as economic activity.

Defining Regimes: “Good"” and “Bad"” Times

The variables that seem to be relevant for describ-
ing the state of the economy could be used in different
ways. For the investor who is highly exposed to corporate
bonds, cyclicality related to the credit spread might be
the most relevant. Pension funds with long-term liabilities
may care more about the term structure of interest rates.
The analysis below does not focus on specific investors’
needs, but rather tries to capture the aggregate condi-
tions of the economy. We combine all the state variables
from the previous section to form the two composite in-
dicators of “good” and “bad” times. Relying on a single
variable might be misleading in defining aggregate con-
ditions, since some of the information that is captured by
one variable may not be captured by others. Relying on
multiple variables will lead to more robust classification
of states. Of course, our approach is just one of the many
possible ways of forming the composite indicator. Our
framework is sufficiently flexible however to accommo-
date dimensions other than risk-tolerance and economic
outlook, such as liquidity and uncertainty for example.

Thus, we draw on two indicators of aggregate condi-
tions that reflect investors’ risk-tolerance and macroeco-
nomic outlook. These quantities are unobservable expec-
tations but can be linked to observed variables. We follow
a standard methodology to combine macroeconomic
variables into composite indicators.

At each point in time, we define risk-tolerance based
on the econometric expectation of the market premium
(stock market excess return) where a high equity premium
translates into low risk-tolerance. Following Petkova and
Zhang (2005), we use the short-term interest rate, term
spread, default spread and dividend yield to capture risk
tolerance?. We use the same four variables to form the ex-
pectations regarding the macroeconomic activity, proxied

( ]

/

&

L FIGURE 1 J

Defining Macroeconomic Regimes

High Risk Tolerance

High Risk Tolerance & “Good Times"

Poor Economic Outlook

High Expected Growth

Low Risk Tolerance &
Strong Economic Outlook
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Low Expected Growth

Low Risk Tolerance

/

{ TABLE 4 ]

Monthly Distribution of Sample into Different Quartiles of Risk-Tolerance and
Economic Outlook
Number of months
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50
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? The risk-tolerance at month t is expected market excess returns over the month from r to t+1: E[P] ¢4} = O + 010TB 1 + 82 TERM; + §3DEF; + 84DIV,. The coefficients for
state variables are estimated using the following regression P ;1 =085+ 010TB  + 02TERM, + 83DEF, + 84DIV; + &;
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Conditional Performance of Factor Returns

TABLE 5

The analysis is based on monthly returns from 30-Jun-1963 to 31-Dec-2016. The reported figures are annualized average (geometric) returns of long/short factors within each macroeco-

nomic regime. Statistically significant numbers at 10%, 5% and 1% are indicated by *, **, and *** respectively. Grey fills indicate monotonic increase/decrease in returns from good state

to bad state. Monotonicity is indicated by grey fill. While assessing monotonicity, we require values for all the regimes (excluding extreme ones) to be between “Good” and “Bad” times.

US: Jul-1963 to Dec-2016

Low Risk Hi Prof Low Inv

Panel A: Unconditional Annualized Average Returns (in %)

Full Sample 2.6%* 4.0%** 7.0%%%
Panel B: Conditional Annualized Average Returns (in %)

Good Times -4.2 6.9*** 16.0%***
Hi Risk-Tolerance/Lo Exp. Growth 2.3 6.0** 9.5%*

Lo Risk-Tolerance/Hi Exp. Growth 5.3%* 4.9%** 7.7%*%*
Bad Times 7.7%** -1.2 -3.7
Regime Spread 11.8%** -8.1** -19.7%**

Q. Jxkx 2.7 x** 3. 5xkk
7.7*** 5.1** 4.6**
11.9%** 2.5 5.3**
12.8*** 1.5 3.0**
6.1%** 1.5 1.2
-1.6 -3.6 -3.4

by industrial production growth (as in Boons, 2016)10.

Table 3 reports loadings for the aggregate indicators
on state variables. "

The economic outlook is positive when the level and
slope of the yield curve is high. The default spread has a
strong negative impact on the economic outlook. Further-
more, we can see that risk-tolerance is high when inves-
tors demand lower dividend yields. Overall, loadings on
state variables reflect economic theory.

The two composite indicators try to capture different
dimensions of risk, which is why they load differently on
state variables. We combine both indicators to reduce the
risk of misspecification of economic conditions, and ob-
tain a more reliable regime classification. The economic
state will be classified as “bad times” (respectively “good
times”) only if both composite measures indicate the
same. Using this procedure, we define four regimes in the
following way as in figure 1.

The high/low regimes are based on the long-term me-
dian values of each indicator. Going forward, we will refer
to the regimes with high (low) risk-tolerance and positive
(negative) economic outlook as “good times” (respec-
tively, “bad times”). We will not distinguish between two
mixed regimes, but we will report results for both.

As expected, there is good agreement between the
composite indicators. However, the two sometimes dis-
agree as well. For example, there are 37 months when the
risk-tolerance was in the top quartile and the economic
outlook was in the bottom quartile (bottom left corner
of Table 4). This is why we think that combining different
composite measures will yield the more reliable regime
classification. Nevertheless, the extremely bad states are
signaled by both indicators simultaneously (the first quar-
tiles, in the top left corner).

Description of the Data

Our analysis concerns six equity factors that have
been well documented in the academic literature. These
are the size, value, momentum, low risk, high profitability
and low investment factors in the US. The monthly returns
are available since July 1963, which gives us almost 54
years (or 642 months) to analyze 2,

We use secondary market rate on 3-month treasury
bills for the short-term interest rates, 10-year minus 1-year

Treasury constant maturity rate for the term spread, Baa
minus Aaa corporate bond yield for the default spread,
12-month trailing dividend yield on CRSP value-weight-
ed index, and seasonally-adjusted industrial production
index for the macroeconomic activity. 3

Conditionality of Factor Returns

We now move to measuring the state-dependency of
factor premia. Table 5 shows conditional annualized re-
turns in different macro regimes. Our main focus is the
difference between “good” and "bad” times, which we
refer as regime spread. We also indicate statistical signifi-
cance at different confidence levels.

Our finding suggest that value and momentum, despite
their low correlation, are not good candidates to achieve
good diversification across macroeconomic regimes.

Conditionality of Market Exposures

Factor returns used in the analysis are dollar-neutral
portfolios that does not explicitly control for the market
exposure (except for the Low Risk factor, which is mar-
ket neutral ex-ante by construction). However, there is
ample evidence suggesting that the market exposure of
equity factors undergoes substantial variation over time,
which could be driven by business cycle fluctuations (see
Amenc, Goltz and Lodh (2018) for a more detailed discus-
sion). Analyzing implicit risks such as time-varying market
exposure can bring important insights for improving risk
management. For example, one would prefer to avoid
increases in market exposure when the risk-tolerance is
low. We thus assess how the market exposure of factors
changes across macroeconomic regimes. Results in table
6 suggest that the market exposure of the size factor is
positive and stable across states. Value experiences in-
creases in market beta during the "bad times”. This is in
line with the theory of costly reversibility, which causes as-
sets in place to be harder to reduce, leading to increased
market risk for value stocks compared to growth stocks.
Petkova and Zhang (2005) report similar results. The mo-
mentum factor has opposite cyclicality in terms of market
exposures. Such behavior is natural for the momentum
strategy since the past winners are likely to be low beta
stocks in bad times. While value and momentum premia
are expected to suffer both at the same time, they will

provide more stable market exposure if combined. The
variation is less pronounced for investment and profitabil-
ity, and insignificant for the low risk factor. Overall, we can
conclude that market beta variation of premia is in line
with the factors’ economic mechanisms’4.

Implications for Factor Investors

The existing analysis provides some interesting in-
sights that may have implications for factor investors.
Below, we illustrate how information on the sensitivity to
macroeconomic regimes may influence factor allocation
decisions. Of course, practical implementations of such
approaches may need to consider additional issues not
treated here, where we focus on allocations across long/
short factors without considering implementation issues
such as liquidity and transaction costs for example.

Decorrelation does not guarantee diversification across

regimes

The standard idea of diversification comes with the
concept of decorrelation, which means that combining
two assets that are not perfectly correlated will lead to a
reduction in risk (volatility). However, exploiting imperfect
correlations across returns will not necessarily result in bal-
anced performance across macro regimes.

As a simple case, consider a portfolio that has equal
exposure to factors such as value and momentum. The
negative correlation between the two leads to reduction
in volatility by 34% compared to the average volatility of
the two factors. Nevertheless, there is no impact on the
regime dependency, measured as a root mean squared
deviation of conditional returns across macro regimes.
Regime dependency of the portfolio is almost identical
to that of holding each asset in isolation. A similar level of
volatility reduction (29%) is observed if the size and mo-
mentum factors are combined. However, since they have
opposite macro-sensitivity, the regime dependency of the
portfolio is only 1.7% compared to 5.8% for its compo-
nents, as shown in Table 7. This is equivalent to roughly
70% reduction in average regime dependency, compared
to only 3% for value and momentum. This illustration
shows that combining factors with offsetting macro cycli-
cality (such as momentum and size) leads to a significant
reduction in regime dependency, while combining factors

10 Our ultimate goal is not to predict the market or the economy. The variance of dependent variables explained in the regressions is too small to provide such abilities. Rather, we are interested
in summarizing information in a set of macro variables so as to be able to interpret them as an econometric expectation of overall macro conditions.

11 The independent variables are scaled to have zero mean and variance equal to that of dependent variable. The magnitude of the loadings will be therefore comparable.

12 The data for monthly factor returns, including market excess returns, come from K. French library and AQR database (only for the low risk factor).

13 The corporate yields are based on Moody's seasoned Baa and Aaa bonds. The data for bond yields and seasonally adjusted industrial production index was retrieved from the Federal Re-
serve Bank of St. Louis. Using Chicago FED National Activity Index (CFNAI) or GDP instead of Industrial Production Index yields to similar results.

14 Note that the state-dependency of market exposures cannot fully explain the cyclicality of factor returns. After adjusting for the market, the size, value and momentum factors still show high
dependency on macro regimes, with regime spreads of 8.2%, -8.1% and -11.1% respectively.
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TABLE 6

Conditionality of Market Exposures

The analysis is based on monthly returns from 30-Jun-1963 to 31-Dec-2016. The reported figures are regression coefficients from a one-factor model where the dependent variable is
factor returns and the independent variable is market excess return (CAPM model). Regressions are run using calendar months (pooled together) that constitute each macroeconomic
regime. Statistically significant numbers at 10%, 5% and 1% are indicated by *, **, and *** respectively. Grey fills indicate monotonic increase/decrease in returns from good state to
bad state. Monotonicity is indicated by grey fill. While assessing monotonicity, we require values for all the regimes (excluding extreme ones) to be between “Good” and “Bad” times.

US: Jul-1963 to Dec-2016 Low Risk Hi Prof Low Inv

Panel A: Unconditional Residual Annualized Returns (in %)
Full Sample 0.19*** -0.17%** -0.13*** -0.06** -0.12*** -0.17%**

Panel B: Conditional Annualized Average Returns (in %)

Good Times 0.20*** -0.28*** 0.03 -0.10 -0.18*** -0.28***
Hi Risk-Tolerance/Lo Exp. Growth 0.20*** -0.33*** 0.00 -0.18*** -0.18*** -0.22%**
Lo Risk-Tolerance/Hi Exp. Growth 0.20*** -0.11** 0.13* -0.02 0.01 -0.10%**
Bad Times 0.15*** 0.02 -0.40*** 0.03 -0.09*** -0.10***
Regime Spread -0.05 0.30*** -0.43*** 0.12 0.09* 0.18***

TABLE 7

Decorrelation # Regime Dependency — Example of Equally Weighted Value and Momentum

The table reports annualized volatility, the weighted-average volatility of ingredients, the reduction in volatility due to the interaction effect, Regime Dependency, the weighted-average
Regime Dependency of ingredients and the reduction in Regime Dependency. The Regime Dependency is computed as a root mean squared error of conditional annualized returns
across regimes.

Average Reduction Average Regime Reduction in
US: Jul-1963 to Dec-2016 Volatility of Volatility in Volatility Regime Dependency Regime

Factors Dependency Dependency

Allocating to Factors with similar conditionality
Mom and Value (EW) 12.2% 8.0% -34.3% 5.1% 5.0% -2.7%

Allocating to Factors with opposite conditionality
Mom and Size (EW) 12.6% 8.9% -29.3% 5.8% 1.7% -70.8%

TABLE 8

Regime Dependency of Different Multi-Factor Allocations

The table reports annualized average returns in “good” and “bad” states, difference between the two — Regime Spread, and Regime Dependency, computed as a root mean squared
error of conditional returns across regimes. Statistically significance of returns at 10%, 5% and 1% are indicated by *, **, and *** respectively. The bottom part reports allocation
weights to each factor for Minimum Regime Dependency approach. The MRD is restricted to allocate effectively in 4 factors at least (i.e. effective number of factors is at least 4, where

the effective number is computed as an inverse of the sum of squared weights).

US: Jul-1963 to Dec-2016 Ann. Return in Ann. Return in Regime Spread Regime

"Good" Times "Bad” Times Dependency

Case 1: Naive Diversification across pro-cyclical factors

EW 5F (ex-size) 8.4%*** 1.2% -7.2%*** 2.7%
Case 2: Naive Diversification — including counter-cyclical size

EW 6F 6.3%*** 2.4%** -4.0%** 1.7%
Case 3: Minimum Regime-Dependent Allocation

MRD 3.4%*** 3.1%*** -0.3% 0.5%
Allocation weights Size Value Mom Low Risk Hi Prof Low Inv

MRD 28.0 10.7 3.6 3.1 33.9 20.6
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with similar macro cyclicality (such as momentum and val-
ue) does not help improve diversification across regimes.

Designing a Regime-aware Allocation

Intuitively, adding more factors into a portfolio will re-
duce the cyclicality. However, selecting factors carefully is
still important if one aims to diversify regime-dependency.

Table 8 shows that the returns of a five-factor alloca-
tion that excludes the size factor still reveals pro-cyclical
behavior. The conditional returns in “bad times” are much
lower than in good times. If we add the size factor, we
see a reduction in the dependency on macroeconomic
regimes. The returns for the six-factor allocation strategy
show less difference across good times and bad times.
However, there is still pronounced asymmetry in condi-
tional performance, resulting in a 4% return difference
between good and bad times.

To further reduce the cyclicality of a multi-factor port-
folio, we assess a minimum regime-dependent allocation,
which we refer to as MRD. This allocation exploits infor-
mation on macro cyclicality to come up with a macro-neu-
tral allocation. The following optimization procedure will

minimize regime-dependency, subject to constraints:
N
w* = argmin Z(WTxl- —wTlxy)?
i=1

where x; is the vector of conditional mean returns [of
each factor] in regime si, N is the number of regimes and
Xg Is the target with respect to which we want to minimize
deviation. In our case, the target will be the vector of un-
conditional average factor returns. The objective function
will thus minimize the sum of squared deviations of condi-
tional returns from unconditional returns.

Note that this framework allows the incorporation of
multiple regime classifications, as well as specific investor
views of that may differ from our base case. Moreover,
the use of conditional returns is not a requirement since
vector x can easily be replaced by different measures of
sensitivity, such as betas.

We test whether the MRD approach can achieve close

to zero regime dependency without concentrating in few
factors. We also require factor weights to be non-negative:

w>0; Ww)1>4; wle=1

where e is a column vector of ones. The results in
Table 8 suggest that regime dependency can be reduced
to 0.5% when effectively invested in at least four factors.
Conditional returns across states is almost identical and
statistically significant at the 1% level. Factor weights also
reflect our previous findings. More specifically, the MRD
allocation favors the size factor because of its offsetting
macro-exposure relative to others. The “quality”-related
factors such as profitability and investment also received
higher weights due to their weak dependency on mac-
ro regimes. On the contrary, two factors with the most
pronounced pro-cyclical behavior, value and momentum,
were given less weight compared to the equal-weighting
approach.

CONCLUSION

Our analysis suggests that the value and momentum factors behaved in a cyclical
manner, performing poorly in “bad” economic states, when the risk-tolerance was
low, and the economic outlook was weak. We also find that the size factor has an im-
portant role in a multi-factor setting, since it reveals opposite macro sensitivity relative
to value and momentum. The cyclicality for the investment and profitability factors
is less pronounced, suggesting a role for the two factors in multi-factor allocation.
Even though the regime dependency among factors is not identical, naive diversifi-
cation across different factors does not fully diversify business cycle risks. An explicit
minimum regime dependency objective allows diversification to be further improved
across regimes.

There are obvious questions that our analysis does not address. In particular, we
use a particular definition of economic states. However, our composite measure of
good and bad times is just one possible way of defining composite regimes. The
fast-moving macro variables we employ could easily be used to derive different
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1. Investment Framework & Approach at OPTrust

At OPTrust, our mission is “paying pensions today,
preserving pensions for tomorrow.” Our core principle is
to align the interests of our investment teams with those of
our members. This means keeping the Plan in balance to
preserve its fully-funded status, by ensuring contributions
and investment returns are sufficient to fund the benefits
we have promised (Figure 1). We call this approach Mem-
ber-Driven Investing (MDI). From an investment stand-
point, we need to take enough risk to earn the returns we
need to keep the Plan sustainable over the long term, but
not so much risk that we jeopardize the stability of contri-
bution rates and benefit levels. Our investment strategy
is designed to strike the right balance between these two
objectives underpinning OPTrust's MDI strategy:

e Sustainability — generating sufficient returns to
keep the Plan fully funded; and,

e Stability — keeping contributions and benefits at their
current levels and as stable as possible throughout
time.

We achieve this balance by adopting a Total Fund
mindset and approach that allocates risk across asset
classes and strategies in a diversified and risk-efficient
manner.

OPTrust’s portfolio construction approach has evolved
substantially over the last three years since the inception
of our MDI strategy. We have moved from a traditional
asset-based approach to a risk factor-based approach to
construct our Total Fund portfolio. This shift recognizes
that the behavior of different asset classes is driven by a
common set of risk factors such as growth, inflation and
real interest rates. Moreover, the benefits we have prom-
ised our members —i.e., our liabilities — are also impacted
by these risk factors.

A pension portfolio that is diversified only in asset
space may be exposed to concentrated risk exposures.
This portfolio may suffer larger than expected draw-
downs, and ultimately, have a lower chance of meeting its
liabilities. This is why we take a risk factor-based approach
— it allows us to “look through” our assets and construct a
portfolio that is truly diversified across the major risk fac-
tors, leading to higher risk-adjusted returns and a lower
risk of being underfunded. Our goal is to construct the
portfolio with a balanced risk factor exposure to achieve
enough return to keep the Plan fully funded, at the lowest
level of risk (Figure 2).

The identification and mapping of asset classes and
strategies to risk factors is a critical step in the process.
We consider a broad universe of risk factors in our port-
folio design, including macro risk factors (e.g., economic
growth, real interest rate, inflation, etc.) and style risk fac-
tors (e.g., value, momentum, carry, volatility) (Figure 3).

2. OPTrust’s Experience in Factor Investing

The first step in our process is to understand the key
investment characteristics of different risk factors, for ex-
ample: their risk and return profiles; sensitivity to differ-
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economic regimes and market environments; and their
interactions with each other. Understanding how each
factor behaves helps us to choose the right mix of factors
as we allocate risk across our portfolio.

Historically, we observe that macro factors tend to ex-
hibit regime-dependent behaviors — as would be expect-
ed — while style factors within asset classes are more re-
gime agnostic. Furthermore, factors tend to diversify the
risk from each other, and some of the diversifying features
are also regime-dependent. For example, equity and rate
factors are uncorrelated on average, but their correlation
turns negative in a recessionary economic environment.
Interestingly, most style factors tend to exhibit low cor-
relations with macro factors regardless of the economic
regime, making them an appealing source of risk premia
from a portfolio diversification standpoint.

These findings are important to our portfolio construc-
tion process. We use, among other tools, an economic
quadrant framework to help us build our portfolio. Our
goal is to have an "all-weather” type of portfolio with
more balanced factor exposures across environments.
Figure 4 provides a conceptual illustration of our econom-
ic quadrant framework, defined by growth on the y-ax-
is and inflation on the x-axis, with outperforming factors
identified within each of the four quadrants. Once we bet-
ter understand factor characteristics, we can then decide
how best to allocate our risk to achieve better portfolio
balance across growth/inflation regimes.

Given that macro factor investing is more straightfor-
ward and well established, we want to share our thoughts
and experience on investing in alternative (non-macro)
factors, namely style factors. We will explain their roles in
our portfolio and how we invest in them.

Our beliefs on style factors

OPTrust believes style factor premia exist and can be
harvested owing to both structural market inefficiencies
and established investor behaviors. Beyond positive long-
term expected returns, style factors are found to have low
correlations with macro factors (see Figure 5) and their in-
vestment characteristics are less economic-regime depen-
dent. Therefore, adding those exposures to our total port-
folio helps improve performance on a risk-adjusted basis.

Style factors are not new to institutional investors and
many already have these exposures embedded in their
portfolios. For example, a long-only equity manager may
pursue active strategies with quality factor tilts, while a pri-
vate equity manager may favor a value factor in its port-
folio design. However, style factor exposures have most-
ly been accessed at a small scale, with macro factors the
overwhelming drivers of portfolio performance. Resistance
to change, and inflexible governance and incentive frame-
works partly explain this apparent imbalance in factor
exposures. Many pension funds operate under a bench-
mark-driven incentive framework in which a portfolio man-
ager is constrained by a risk budget, and therefore, has
little incentive or ability to pursue significant style factor
exposures that could generate large tracking errors. More
sophisticated investors have explored style factor expo-
sures via long/short strategies, however they are largely
housed in “alpha” portfolios with small risk budgets.

Because of these constraints, most investors have yet
to extract meaningful contributions to overall portfolio
performance from style factors. Figure 6 shows the mar-
ginal risk contribution of style factor exposures in a tradi-
tional 60/40 US equity/bond portfolio with equity being
invested in the Scientific Beta Developed High-Factor-Ex-
posure Multi-Beta Multi-Strategy Six-Factor Equal Weight
strategy. As shown, style factor exposure embedded in
this long-only equity smart beta strategy does not make
meaningful contribution to the total portfolio risk, as
the equity factor remains the dominant risk driver in the
long-only smart beta strategy.

How OPTrust invests in style factors
At OPTrust, our success measure is the funded status,
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as opposed to our return vs. a benchmark/policy portfo-
lio. At the portfolio manager level, we have been moving
away from arbitrary benchmarks, and towards customized
benchmark designs to incentivize investment teams to
deliver the desired factor exposures to the Total Fund. By
doing so, we have removed barriers that have traditional-
ly prevented investors from pursuing certain factor expo-
sures (e.g., style factors) at scale.

From an implementation standpoint, we currently access
style factors in two ways:

1. Long-only: smart beta strategy in the long-only
equity portfolio; and

2. Long/Short: multi-asset/multi-style factor premia
strategy in the absolute return portfolio.

For the long-only equity smart beta strategy, the port-
folio is mandated to generate more risk-efficient (i.e., high-
er Sharpe ratio) equity exposure with lower risk than the
passive market cap index. The way we gain style factor
exposures in this long-only mandate is not very different
from others who either invest in long-only active equity
strategies or smart beta equity ETFs. More importantly, we
fully recognize that the contribution of style factor expo-
sures in this portfolio to the Total Fund remains small due
to the dominance of the equity factor risk contribution.

Having said that, what differentiates us from others is
that we do not constrain style factor exposures in the con-
struction of this portfolio — for example by constraining
active risk to an industry benchmark. We instead focus on
the key investment characteristics, such as volatility and
Sharpe ratio. This provides more flexibility in portfolio
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construction to index providers and/or managers to de-
liver the most efficient solution to achieve our objectives.

OPTrust is currently investing in the Scientific Beta
long-only equity smart beta strategy with the objectives
of achieving at least the same return as the MSCI World
(market cap) equity index and 10% volatility reduction
relative to the market cap equity index. The style factor
exposures in this portfolio are the outputs instead of the
inputs to portfolio construction. Since inception of our in-
vestment in this strategy, the portfolio has delivered the
expected outcome. Moreover, this portfolio has exhibited
a better drawdown profile than the market cap index on
average, which is a key metric for OPTrust given our ob-
jective of maintaining a stable funded status (Figure 7).

While smart beta strategies allow us to access style
factors, we cannot add meaningfully to this exposure
without taking additional macro factor risk. To further
scale up our style factor exposure, we invest directly via
long/short strategies, and we do so across asset classes in
the alternative risk premia (ARP) space.

When investing in long/short style factor strategies,
we pay a lot of attention to capital efficiency; that is, the
amount of capital we need to commit to get the risk/re-
turn characteristics we are looking for. Since capital is a
scarce resource, our goal is to extract as much exposure as
possible with the lowest capital usage. This means that we
require a certain minimum level of risk for those strategies
such that they can deliver the required performance ob-
jectives in sufficient scale. We have been working exten-
sively with our partners to tailor strategy solutions to meet
our specific needs. For instance, if we have the choice be-
tween two solutions with equivalent risk-adjusted returns
and correlation features, we will choose the strategy that
runs at a higher level of risk. This approach enables us to
be more capital efficient, in turn broadening the quantity
of risk premia we can access across the portfolio.

Given our investment objective to develop a more risk
balanced total portfolio, we currently target a capital al-
location of 10-15% to pure style factor exposures in our
long-term strategic portfolio. Our asset-liability study sug-
gests that, with this magnitude of style factor exposures,
we can achieve a meaningful improvement in our funding
ratio stability, i.e., reducing the likelihood of being under-
funded (Figure 8).

3. Conclusions

Our mission at OPTrust is “paying pensions today,
preserving pensions for tomorrow”. Delivering on our
mission means earning enough return to ensure the Plan
is sustainable over the long-term, at the lowest level of
risk. Constructing a portfolio that is resilient across differ-
ent economic and market environments gives us the best
chance of delivering on this objective. We believe that this
is best accomplished by viewing our exposures through
a risk factor lens; specifically, by building a portfolio with
balanced exposures across different risk factors, includ-
ing macro and style factors. Constructing the portfolio in
this way has reduced our dependence on common risk

drivers, such as equity risk, to earn the returns we need
to keep our plan sustainable, while improving its risk-ad-
justed return.

Accessing the benefits of style factors in scale requires
the right incentive structure; one that is focused on the in-
vestment characteristics of the strategy/portfolio in abso-
lute terms, instead of vs. arbitrary return benchmarks. At
OPTrust, we are focused on what our members care about
- the funded status of the Plan — and believe that access-
ing style factors directly, in size, combined with balanced
macro risk factor exposure, gives us the best chance of
delivering on our mission.

FIGURE 6

Risk contribution of factor exposures to 60/40 equity/bond portfolio

W Equity Factor
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Note. Style factor exposure is estimated by taking the cap-weighted equity beta exposure out of the SciBeta Developed
High-Factor-Exposure Multi-Beta Multi-Strategy Six-Factor Equal-Weighted strategy
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Historical and live drawdown profile of OPTrust invested Scientific Beta smart
beta equity strategy
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Impacts of increasing style factor exposures on OPTrust’s portfolio
Diverisfying to Style Factors from Equity Improves Funding Risk Profile
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Analytic tools do not employ academically-grounded factors and their factor-finding process maximizes the risk of ending up with false factors.

Thus, most factors used in commercially available analytic tools are likely false.

Non-standard factors lead to mismeasurement of exposures and may capture exposure to redundant factors.
Analytic tools for investors distort the key idea of factor investing because they lack transparency and expose investors to providers’ conflicts
of interest.

The Promise of Factor Investing

Factor investing offers a big promise. By identifying
the persistent drivers of long-term returns in their portfoli-
os, investors can understand which risks they are exposed
to, and make explicit choices about these exposures. This
idea has gained popularity among long-term investors
ever since the publication in 2009 of an influential report
by finance professors on the performance of the Norwe-
gian sovereign fund’5.

An often-cited analogy is to see factors as the “nutri-
ents” of investing. Just like information on the nutrients
in food products is relevant to consumers, information on
the factor exposures of investment products is relevant to
investors. This analogy also suggests that factors cannot
be arbitrary constructs. What would you think if Nestlé
used its own definition of “saturated fat” for the informa-
tion on its chocolate packets and if McDonald's also had
its own, but different, definition for the content of its burg-
ers? Further, would it not be curious if both definitions
had nothing to do with the definition that nutritionists and
medical researchers use?

When it comes to information about factors, however,
this is exactly the situation that we find. There is a host of
providers offering analytic toolkits to identify factor expo-
sures of an investor’s portfolio. Popular tools include Style
Analytics’ Portfolio Analyzer, Bloomberg’s Portfolio and
Risk Analytics tool, MSCl’s Barra equity models, and tools
from index provider S&P, among others. None of these
tools follows the standard factor definitions that peer-re-
viewed research in financial economics has established.

Investors benefit from understanding and controlling
their exposure to factors, only if these factors are reliable
drivers of long-term returns. Factor definitions that have
survived the scrutiny of hundreds of empirical studies and
have been independently replicated in a large number
of data sets are of course more reliable than ad-hoc con-
structs used for the specific purposes of a product provider.

Perhaps more importantly, the process by which fac-
tors are defined for popular analytics tools is inherently
flawed. Common practices in designing these factors in-
crease the risk of retaining factors which will ultimately be
irrelevant as drivers of long-term returns.

This article will contrast factor definitions used in an-
alytic tools offered to investors and contrast them with
the standard academic factors. We also outline why the
methodologies used in popular tools pose a high risk of

ending up with irrelevant factors.

Are Factors Grounded In Academic Research?

Factor models link returns of any investment strate-
gy to a set of common factors. In addition to the market
factor, commonly-used factors include size, value, mo-
mentum, profitability and investment, which capture the
difference of returns across firms with different charac-
teristics. In financial economic research, a small number
of models have become workhorses for analyzing asset
returns and fund manager performance, given the con-
sensual understanding that they contain the factors that
matter for asset returns. Providers of factor-based invest-
ment tools and strategies unequivocally claim that their
factors are "grounded in academic research” 6. However,
we will show that the factors used are instead complete-
ly inconsistent with the factors that are supported by a
broad academic consensus.

5 or 500 factors?
Exhibit 1 provides an overview of the workhorse mod-
els in academic finance. There are three obvious insights.

e Different models use identical factor definitions

e The number of factors is limited to about a handful of
factors.

e Factors are defined by a single variable

These three properties ultimately mean that the differ-
ent factor models draw on very few variables, which have
been identified as persistent drivers of long-term returns.

In contrast, the factor tools from commercial providers
typically include a proliferation of variables. MSCl's “Factor
Box" draws on 41 different variables to capture the factor
exposures of a given portfolio’”. S&P markets a “Factor Li-
brary” which, despite including more than 500 variables’8

"

“encompassing millions of backtests,” wants to help you
“simplify your factor investing process”. BlackRock proud-
ly announces “thousands of factors” for its Aladdin Risk
tool 9.

This raises the question of why the standard models
avoid such a proliferation of variables. First, the need for
more factors is often rejected on empirical grounds. For
example, Hanna and Ready (2005)20 show that using 71
factors does not add value over a model with two sim-
ple factors (book-to-market and momentum). Similarly,

Hou, Xue and Zhang (201527) show that a model with four
simple factors does a good job at capturing the returns
across a set of nearly 80 factors. Second, academic re-
search limits the number and complexity of factors be-
cause a parsimonious description of the return patterns
is likely to be more robust. Increasing the number of vari-
ables will obviously improve fitting the model to a given
data set but will also reduce the robustness when apply-
ing model results beyond the dataset of the initial tests.
We will return to the question of robustness in more detail
in the next section.

Transparent or Opaque?

For commercially-available factor tools, it is extremely
hard to get reliable information on how the factors are
constructed and how exposures are estimated. Sever-
al studies report that they are unable to reproduce the
results of commercial factor tools. The authors of one
study?? state that their “replication process becomes
highly restrained” since the provider “omits a great
amount of information”. Another author?3 states he
“cannot reproduce the model” because necessary infor-
mation is “not disclosed”.

We could try to be sympathetic towards this lack
of disclosure because commercial providers may want
to reasonably safeguard their development work from
free-riding by copy-cat providers. However, it is useful to
go back to the promise of factor investing. The starting
point for being interested in factor exposures was to cre-
ate transparency and ‘understand the return drivers’ of
a portfolio. Available factor tools break this promise of
transparency with a lack of disclosure on how the factors
are constructed. It is not clear that an investor gains any-
thing by seeing the estimated exposures to secretly de-
fined factors. Understanding which factor labels drive re-
turns without information on how the drivers themselves
are constructed does not address the objective of factor
investing. ‘Understanding the return drivers’ of course
requires disclosure on the drivers themselves. Similarly,
providing the breakdown of fat contained in a food prod-
uct into different proprietary classifications, without being
transparent on the definition of each type of fat does not
improve information on nutritious value.

In contrast to proprietary commercial factors, standard
factor models are transparent on factor definitions and
have been replicated in hundreds of independent studies.

15 Ang, A., W. Goetzmann and S. Schaefer. 2009. Evaluation of Active Management of the Norwegian Government Pension Fund - Global.
16 See “Foundations of Factor Investing”, MSCI Research Insight, December 2013.

17 See MSCI (2017): “Use if the Global Equity Model (GEM LT) In MSCI Index Construction” , available at <https://bit.ly/2x2EhOx>

18 See <https://bit.ly/20dIhTS >
19 See <https://bit.ly/2x8D8Vz>

20 Hanna, J. D., and M. J. Ready. 2005. Profitable Predictability in the Cross Section of Stock Returns. Journal of Financial Economics 78(3): 463-505.

21 Hou, K., C. Xue, and L. Zhang. 2015. Digesting Anomalies: An Investment Approach. Review of Financial Studies 28(3): 650-705.

22 See Sousa Costa and Marques Mendes (2016), “Understanding Multi-Asset Factor Models”, Nova School of Business and Economics, available at: < https://bit.ly/2pTmnbd>
23 See Guerard, J.B., 2009, “Markowitz and the Expanding Definition of Risk: Applications of Multi-factor Risk Models”, in: Handbook of Portfolio Construction, Springer
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EXHIBIT 1

Factor Definitions in Equity Factor Models that are Predominant in the Academic Literature on Mutual Fund Performance Evaluation and Asset Pricing

Factor Definitions for

Momentum

Profitability

Investment

Number

of variables
per factor

of non-
market factors

Fama, French (1993) Market Book/
Carhart (1997) Cap Market Past
Chordia, Goyal, Saretto (2017) Returns Gross Profit Asset
Fama, French (2014) Book Equity Growth
Hou, Xue, Zhang (2015) Profit/Book

Equity

w A O W N
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Independent or Interested?

Standard factor models have been used to analyze
fund performance, impacts of corporate events on stock
prices, and the structure of asset prices in thousands of
empirical studies in peer-reviewed journals. It is safe to as-
sume that these standard models resulting from the scru-
tiny of the entire academic community will not primarily
reflect the self-interest of one author or product provider.

Proprietary factor definitions in commercial tools on
the other hand could be driven by the interest of their
providers. Indeed, providers instead try to establish pro-
prietary and unproven factor definitions as standards to
evaluate their competitors. For example, MSCI offers pro-
prietary factor indexes, and offers its “Factor Box" tool
which draws on complex proprietary factors as a “stan-
dard [that] creates a common language and definitions
around factors to be used by asset owners, managers,
advisors, consultants and investors”24.

The setting of standards should obviously draw on
factor definitions that are both transparent to outside par-
ties and externally validated. It would be hard to imag-
ine for example that Toyota would propose a proprietary
and undisclosed approach for crash tests of cars, while
arguing that this test should be applied to its competitors
when evaluating safety. Of course, the obvious risk would
be that such a manufacturer might tweak its own cars in
accordance with the specifics of the test, thus appearing
favorable without any true gain in safety.

Data Mining Risks

A perhaps more severe problem with commercial
factor analytics tools is the process by which factors are
defined. This process increases the risk of falsely identi-
fying factors, due to weaknesses in the statistical analy-
sis. In fact, providers will analyze a large set of candidate
variables to define their factors. Given today’s computing
power and the large number of variables representing dif-
ferent firm characteristics, such an exercise makes it easy
to find so-called “factors” that work in the given dataset.
However, these factors most likely will have no actual rel-
evance outside the original dataset. That data-mining will
lead to the identification of false factors is a problem that
is well known to financial economists. Lo and MacKinlay

24 See <https://bit.ly/2N7rMfp>

(1990)25 provided an early warning against careless anal-
ysis: “[...] the more scrutiny a collection of data is subject-
ed to, the more likely will interesting (spurious) patterns
emerge.”

Selection Bias

It is well known that simply seeking out factors in the
data without a concern for robustness will lead to the
discovery of spurious factors. This is due to a “selection
bias” of choosing among a multitude of possible vari-
ables. Harvey et al. (20162¢) document a total of 314 of
factors with positive historical risk premia showing that the
discovery of the premium could be a result of data min-
ing (i.e. strong and statistically significant factor premia
may be a result of many researchers searching through
the same dataset to find publishable results). The prac-
tice of identifying merely empirical factors is known as
“factor fishing” (see Cochrane, 200127). Therefore, a key
requirement for investors to accept factors as relevant in
their investment process is that there be clear economic
rationale as to why the exposure to this factor constitutes
a systematic risk that requires a reward, and why it is likely
to continue producing a positive risk premium (Kogan and
Tian, 201329). In short, factors selected on the sole basis
of past performance without considering any theoretical
evidence are not robust and must not be expected to de-
liver similar premia in the future. This is emphasized by
Harvey (2017)29 who argues that “economic plausibility
must be part of the inference.”

In addition, there are statistical tools to adjust results
for the biases arising from testing a large number of vari-
ables. A recent study Chordia et al. (2017)30 also empha-
sizes the factor-fishing problem. They show it is easy to
find great new factors in backtests but such factors add
no real value to standard factors. They create more than
two million factors (levels, growth rates, and ratios) from
156 accounting variables and assess whether these fac-
tors generate performance. While they find that there are
22,337 (1) great factors, the winning ratios do not make any
economic sense (such as the ratio of Common Stock mi-
nus Retained Earnings to Advertising Expense). Moreover,
these factors do not survive more careful vetting. None of
the 20,000 factors that appear significant survives after

adjusting for the well-known standard factors (size, value,
momentum, profitability, investment and market) and for
selection bias. These results emphasize that it is easy to
discover new factors in the data if enough fishing is done,
but such factors are neither economically meaningful nor
statistically robust.

Amenc et al. (201637 provide a simple illustration for
the risks of “factor fishing”. They show that looking for
the “best” definition of Value can easily lead to relying
on promising in-sample results that do not hold out-of-
sample. They ask whether we can do better than using the
Book-to-Market measure for value by selecting among ten
alternative value metrics to form a value-tilted portfolio.

Exhibit 2 shows the out-of-sample decay of the da-
ta-mined value portfolios that rely on picking the best
in-sample winners. The approach to defining value uses
a five-year formation window at the end of which we se-
lect the best-performing strategy based on its in-sample
performance. Then, the strategy is held for five years and
the cumulative returns of this strategy are compared with
respect to the portfolio based on the Book-to-Market
measure.

The exhibit shows the average cumulative relative re-
turns of the enhanced value strategy over standard value
both pre- and post-formation. As the chart shows, picking
the past winner yields cumulative outperformance over
book-to-market of +1.79% in-sample. However, over the
following five years, having picked the in-sample winner
leads to cumulative underperformance of -2.72% out-of-
sample. This is evidence that the backtest results obtained
in such a variable picking exercise will appear inflated, rel-
ative to the results that can be generated out-of-sample.

Of course, tools which analyze exposure to factors with
inflated backtest performance do not provide a meaning-
ful picture of the factor-based performance that could truly
be achieved. If factor performance is inflated, the return
impact of exposures to these factors is also inflated.

Composite Scores

In the discussion thus far, we emphasized that a stark
problem arises from a practice where providers of factor
tools select from among many variables without many
constraints. It turns out that the actual problem in practice

25 | 0, Andrew W., and Craig MacKinlay. 1990. “Data Snooping biases in Tests of Financial Asset Pricing Models”, Review of Financial Studies 3, no.3: 431-467.
26 Harvey, C., Y. Liu, and H. Zhu. 2016.... and the Cross-Section of Expected Returns. Review of Financial Studies 29 (1): 5-68.
27 Cochrane, J. 2001. Asset Pricing. Princeton, NJ: Princeton University Press

28 Kogan, L., and M. Tian. 2013. Firm Characteristics and Empirical Factor Models: A Data-Mining Experiment. MIT Working Paper.

29 Harvey, C, 2017, Presidential Address: The Scientific Outlook in Financial Economics, Journal of Finance 72(4): 1399-1440.
30 Chordia, Tarun and Goyal, Amit and Saretto, Alessio, p-Hacking: Evidence from Two Million Trading Strategies (August 12, 2017). Swiss Finance Institute Research Paper No. 17-37.
31 Amenc, N., F; Ducoulombier, F. Goltz, and J. Ulahel, 2016, Ten Misconceptions About Smart Beta, EDHEC Risk Institute Publication
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Comparison of Cumulative Relative Returns of the Average Best In-Sample Alternative Value Strategy with respect to Portfolios based on

Book-To-Market

Results from Amenc et al. (2016). This chart plots the cumulative excess returns of ten annually-rebalanced cap-weighted value-tilted strategies with 50% stock selection out of

the universe of 500 US stocks based on ten alternative value strategies, with respect to a similarly constructed portfolio based on Book-to-Market. A five-year formation period

is used to pick the best portfolio based on alternative Value definitions and this portfolio is held for another five years. This is done every year for a total of 26 event studies. The

chart plots the average outperformance pre- and post-formation with respect to the Book-to-Market portfolio. The alternative value definitions are Earnings-to-Price, Cash-

flow-to-Price, Sales-to-Price, Dividend-to-Price and Payout-to-Price, both plain-vanilla and sector neutral versions for each.
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is even worse. Providers of factor analytic tools do not
stop their data-mining practices at the level of selecting
single variables. Instead, they create complex composite
factor definitions drawing on combinations of variables.

Research by Novy-Marx (2015) shows that the use of
composite variables in the definition of factors yields a
“particular pernicious form of data-snooping bias,” the
overfitting bias. Intuitively, this bias arises because, in
addition to screening the data for the best-performing
variables, combining variables which give good backtest
results provides even more flexibility to seek out spurious
patterns in the data. The author concludes that “combin-
ing signals that backtest positively can yield impressive
back-tested results, even when none of the signals em-
ployed to construct the composite signal has real power.”

When combining variables to improve back-tested
factor performance, providers can yet again increase
flexibility for capturing spurious patterns in the data.
Additional flexibility is easily achieved by attributing ar-
bitrary weightings to the variables used in a composite
definition. For a given combination of variables, chang-
ing the weight each variable receives in the factor defi-
nition may have a dramatic impact on factor returns.
Exhibit 3 illustrates this point. The graph plots return
differences over three-year horizons of two factor-tilt-
ed portfolios that draw on the same three variables to
define a quality score. The only difference between the
quality factor definitions is the weighting of the three
component variables (profitability, leverage and invest-
ment). The difference in weightings used in the com-
posite factor definitions leads to return differences that
often exceed 5% annualized. Such pronounced differ-

Post Formation

-2 Years
-1 Years
+1 Year
+2 Years
+3 Years

Formation

ences suggest that, in a given sample, it is easy to im-
prove factor returns by specifying arbitrary weightings
for composite factor definitions.

What Do Providers Do?

Given the well-documented risk of biases, providers
of factor tools should avoid data-mining in the process
of developing their factors. However, it is clear from the
factor definitions used by providers that they tend to
load heavily on data-mining risk. As discussed above,
the tools are based on a large number of composite vari-
ables that increase selection and overfitting bias. More-
over, many providers flexibly weight variables underlying
their composite score. For example, Bloomberg uses a
statistical procedure to weight the variables making up
a composite factor32 while MSCI uses a more haphaz-
ard approach involving “intuition [...], investors’ expec-
tations or other measures”33 to attribute weights when
combining variables into composites.

Product providers explicitly acknowledge that the
guiding principle behind factor definitions is to analyze
a large number of possible combinations in short data
sets and then retain the factors that deliver the highest
backtest performance. In fact, providers’ product de-
scriptions often read like a classical description of a da-
ta-snooping exercise, which is expected to lead to spu-
rious results. For example, one provider states34 that,
when choosing among factor definitions, “adjustments
could stem from examining factor volatilities, t-stats, In-
formation Ratios”, with an “emphasis on factor returns
and Information Ratios”. Another provider states that
“factors are selected on the basis of the most significant

+4 Years
+5 Years

t-stat values” 3%, which corresponds to the technical defi-
nition of a procedure that maximizes selection bias.

Inconsistency over time exacerbates data mining
risks. Product providers show a great deal of flexibility
in changing their factor definitions over time. Such fre-
quent changes add yet another layer of flexibility to pro-
viders, thus increasing the risk of data snooping. Exhibit
4 illustrates this point with an overview of factor defini-
tions used by two providers over time.

The frequent change of definitions is common
practice among providers of tools. Obviously, frequent
changes in the definition of factors suggest that these
factors are not the persistent drivers of returns that in-
vestors are looking for. Factors such as value and mo-
mentum are precisely recognized as persistent factors
because they deliver premia that are justified economi-
cally, and factor premia have been documented empir-
ically, including for the 30-year period after the initial
results were made publically available (see McLean and
Pontiff 20163¢). Factors that require frequent updating
cannot be persistent factors and thus frequent updating
is a sign of a lack of robustness.

This concern for robustness is not well understood
by providers of analytic tools. One provider puts the

concept on its head by claiming that “Factors [...] may
be added, modified or removed, [...] to insure it accu-
rately reflects a set of robust factors [...] at a given point

in time”37. The irony of relabeling spurious factors as
“robust at a given point in time” reflects to what extent
robustness is neglected in current product offerings.
While this section has tried to closely examine the dif-
ferent types of data-snooping risks inherent in popular

32 See Sousa Costa and Marques Mendes (2016), “Understanding Multi-Asset Factor Models”, Nova School of Business and Economics, available at: < https://bit.ly/2p Tmnbd>

33 See MSCI (2018) INTRODUCING MSCI FaCS
34 See MSCI (2018) INTRODUCING MSCI FaCS
35 See FTSE (2014), “Factor exposure indexes - Value factor”

36 R.D. Mclean and J. Pontiff, 2016, Does Academic Research Destroy Stock Return Predictability? Journal of Finance 71(1): 5-32

37 See MSCI (2018) INTRODUCING MSCI FaCS
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EXHIBIT 3

Difference between Annualized 3-Year Rolling Returns of Two “Quality” Portfolios Using Different Weightings on the Same Set of Variables.

The weights in the two portfolios are as follows. Portfolio 1: Inv. 30%, Prof. 60%, Lev. 10%, Portfolio 2: Inv. 60%, Prof. 30%, Lev. 10%. Analysis is based on daily total returns in
USD, from 31-Dec-1976 to 31-Dec-2016. The plotted line corresponds to the difference between three-year rolling annualized returns of the two ‘Quality’ portfolios. Portfolios

were formed by selecting stocks with the top 10% composite score and equal weighting them. The composite scores were defined by investment, profitability and leverage scores,

weighted in two different ways: 60-30-10 and 30-60-10 respectively. The composite scores are standardized using cap-weighted mean and unit standard deviation.
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analytic tools, it also appears obvious that such erratic
factor definitions are not suited to supporting long-term
investment decisions. Being open to the possibility of
changing (non-robust) factors over time makes information
about current factor exposures useless as a support for in-
vestment decisions, as these should rely on factors that will
still be relevant drivers of performance in the future.

Redundant Factors

For many factors used in popular analytics tools, it is
well known that they fail to deliver a significant premium.
For example, different analytics packages38 include the
dividend yield, leverage, and sales growth as factors,
while all of these factors have been shown not to deliver
a significant premium ( for the Dividend Yield, see Hou et
al. (2015)3%, for leverage see Kyosev et al. (2016)40, for
growth see Lakonishok et al. (1994)47.

Factors may also be redundant with respect to con-
sensual factors from the academic literature. In fact, many
proprietary factors may have return effects, which can
be explained away by the fact that they have exposures
to standard factors (see Fama and French (1996)42). We
can illustrate this point by analyzing the popular dividend
yield factor.

Exhibit 5 shows that the dividend yield factor does
not lead to significant returns. Moreover, when adjusting
returns for the exposure to the standard value (book-to-
market) effect, the dividend yield factor actually delivers
negative returns.

Popular analytic tools contain a large number of factors
that do not deliver an independent long-term premium.
This is bad news for investors who are using such tools to
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understand the long-term return drivers of their portfolios.

Getting Your Exposures Wrong

Below, we will illustrate the risks of using non-standard
factors. We will look at the results of a set of regressions
of the excess returns of two composite quality factor in-
dexes over a broad cap-weighted index43 on the returns
of academically-grounded and widely-accepted factors,
including the quality-related factors of profitability and in-
vestment. This will allow us to assess the exposures of the
quality indexes to the academic factors and show if there
is a clear mismatch between the intended and achieved
exposures. As the quality factor indexes, we use the MSCI
World Quality Index (MQI) and the FTSE Developed
Quality Factor Index (FQI). The former “aims to capture
the performance of quality growth stocks by identifying
stocks with high quality scores based on three main fun-
damental variables: high return on equity (ROE), stable
year-over-year earnings growth and low financial lever-
age”44. The latter defines quality as a “composite of prof-
itability, efficiency, earnings quality and leverage”.4®> The
data on the regressors are taken from the data library of
Kenneth French, where we use the 5-factor model, includ-
ing a market, size, value, profitability and investment fac-
tor, together with the momentum factor.4¢ Contrary to the
quality definition used in the quality indexes, these factors
are part of standard multi factor asset pricing models that
are extensively used and scrutinized in the academic liter-
ature, have a considerable post-publication record, and
have been explained as compensation for risk.

Exhibit 6 shows the results using weekly return data
for the period starting on June 20, 2002 and ending on

38 See for example Style Analytics (2018), available at <https://bit.ly/2Nznq04>
39 Kewei Hou, Chen Xue, Lu Zhang; Digesting Anomalies: An Investment Approach, Review of Financial Studies, Volume 28, Issue 3, 1 March 2015

40 Kyosev, Georgi and Hanauer, Matthias X. and Huij, Joop and Lansdorp, Simon, Quality Investing — Industry versus Academic Definitions (June 13, 2016)
41 | akonishok, Josef, Andrei Shleifer, and Robert W Vishny. 1994. “Contrarian Investment, Extrapolation, and Risk.” Journal of Finance 49 (5)

42 Fama and French (1996), Multifactor Explanations of Asset Pricing Anomalies, Journal of Finance 51(1): 55-84.
43 We use the MSCI World Index as the broad cap-weighted index

44 https://www.msci.com/documents/10199/344aa133-d8fa-4a15-b091-20a8fd024bé5

45 https://www.ftse.com/products/downloads/FTSE_Global_Factor_Index_Series_Methodology_Overview.pdf
46 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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June 30, 2018, for which we have data for both indexes.
Panel A shows the results for the MQI and panel B shows
the results for the FQI. The first two columns of each panel
show the regression betas together with their t-statistic,
while the third column shows how much of the annual-
ized excess return of the index can be attributed to the
different regressors based on their average returns and
their exposures. The last column shows the relative size
of the impact each of the factors had on the index excess
returns over the period, calculated as the absolute value
of its performance attribution divided by the sum of the
absolute values of the performance attributions.

The first observation from these results is that the
t-statistics point to a significant exposure to all the dif-
ferent factors, except from the investment factor in the
MQI case and the size factor in the FQI case. As would be
expected for a quality index, the exposures to profitability
are the most clear with betas of 0.39 and 0.27.

However, for the MQl, the exposures to the market,
size and value factors are also sizeable, but negative, with
betas of -0.06, -0.20 and -0.26, respectively. For the FQI,
we obtain similar results with a significantly negative beta
of -0.02 and -0.19 for the market and value factors, re-
spectively. Obtaining strong negative exposures to factors
that are unrelated to quality is an important, presumably
unintended, consequence of investing in these quality in-
dexes. Apart from the market exposure for the FQI, these
exposures are also larger in absolute value than the re-
spective exposures to the investment factor, which would
be expected to show a relatively stronger influence on a
quality index. Instead, the investment exposure is estimat-
ed to be zero for the MQI. Clearly, the composite quality
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For the MSCI methodologies, see “Deploying Multi-Factor Index Allocations in Institutional Portfolios”, Research Insight, MSCI, December 2013 and “The MSCI Diversified
Multi-Factor Indexes - Maximizing Factor Exposure While Controlling Volatility”, Research Insight, MSCI, May 2015. For the FSTE Russell methodologies, see “Construction and
methodology Russell Fundamental Index® Series”; and “Methodology Overview FTSE RAFI Index Series®, available at www.ftse.com

Scoring Adjustments

'Value Weighted'’ (2010)
MSCI

Sales, book value, earnings

and cash earnings.

Past 3 year average values.
Simple average across variables.

‘Enhanced Value’ (2015)

Price-to-Book Value, Price-to-Forward
Earnings and Enterprise Value-to-Cash flow
from Operations. Current values. Average of
z-score for each variable.

2010 2015
No sector Sector-relative
control. scoring.

'Value Weighted'’ (2010)

FTSE
Russel

* Sales
* Operating Income plus

Depreciation and Amortization.

¢ Dividend
® Book Value

Russell Fundamental (2012)

® Sales

¢ Operating cash flow less dividends
and buybacks

e Dividends plus buybacks

2005 2012

None “Adjusting for financial
leverage decreases
the weight of compa-
nies with significant
leverage.”

indexes expose an investor to a range of standard factors
other than the quality-related profitability and investment
factors.

When we look at the contribution of the different fac-
tors to the average annualized excess return of the indexes
over the period, we see that for the two quality indexes,
only 31.79% and 52.81% respectively of the impact on the
excess returns comes from the quality-related factors prof-

itability and investment. A large part of excess returns can
be attributed to other standard factors or are unrelated
to any factors. In fact, a big part of performance (30.04%)
remains unexplained by any of the standard factors in the
case of the FQI.

Taken together, these results show that the composite
quality indexes are only moderately related to the academic
profitability and investment factors, while a large part of

their performance is either driven by other factors such as
the market, or remain unexplained by the set of standard
factors used in the model. An investor in these indexes
will thus expose him- or herself to a large amount of unin-
tended exposures to factors unrelated to quality.

This risk is present in any index based on non-standard
factor definitions. Proprietary factor definitions lead to a
risk of misunderstanding factor exposures.

CONCLUSION: Reviving the Promise of Factor Investing

Factors used in analytic tools show a stark mismatch with factors that have been doc-
umented by financial economists. Commercial factors are based on complex composite
definitions that offer maximum flexibility. Providers use this flexibility to seek out the
factors with the highest performance in a given dataset. Such practice allows spurious
factors to be found. Spurious factors work well in a small dataset but will be useless in
reality. Therefore, many factors that appear in popular analytic tools are likely false. In
addition, providers are not transparent about the detailed specifications of their factors,
and may face conflicts of interest.

We have shown that relying on proprietary factor definitions can lead to unintended
exposures. For example, investors who tilt towards a composite quality factor will end up
with a strategy where, depending on the index we consider, only about one third or half
of the excess returns are driven by exposure to the two well-documented quality factors
(profitability and investment). This means that the part of the excess returns that is unre-
lated to quality factors can be as high as two-thirds, an obvious misalignment with the
explicit choice to be exposed to quality factors (see Exhibit 6). Even if the quality factors
perform as expected by the investor, this performance will not necessarily be reflected in
portfolio returns, which are in a large part driven by other factors and idiosyncratic risks.

We have also shown the consequences of factor definitions that are created by fish-
ing for the best in-sample factor performance. In our example above, tilting to an en-
hanced value factor leads to underperformance compared to the standard value factor

of more than 2.5%. Perhaps more importantly, the backtest of such an enhanced value
factor had actually suggested outperformance over the standard factor of more than
1.5%. Thus, the backtest had overstated the performance by more than 4% (see Exhibit
2). For investors, using such enhanced proprietary factor definitions to define their factor
allocation means that they face a severe risk of shortfall relative to expectations.

Available analytic tools thus do not deliver on the promise of factor investing, de-
scribed almost a decade ago in the Norway study. Understanding the factor drivers of re-
turns increases transparency and allows investors to formulate more explicit investment
choices. However, being aware of exposures to useless factors, which have no reliable
link with long-term returns, is equally useless.

Knowing about factor exposures is also a governance advantage. As pointed out by
Ang and Kjaer (2011), an investor can use information on factor exposures to reduce the
misalignment of interest of active managers. However, popular analytic tools for factor
investing introduce their own governance problems. Relying on proprietary factors ex-
poses investors to a provider-specific risk of conflicts of interests and a possibly flawed
factor-finding process.

A good idea can easily be distorted when implemented with poor tools. For a mean-
ingful contribution to transparency and better governance, factor investing should focus
on persistent, transparent and externally validated factors. It is time to recall the good
idea of factor investing.

MSCI® is a registered trademark of MSCI Inc. FTSE®, Russell®, “FTSE Russell” and other service marks and trademarks related to the FTSE or Russell indexes are trademarks of the
London Stock Exchange Group companies. RAFI® is a registered trademark of Research Affiliates, LLC.
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EXHIBIT 5

The Premium for Dividend Yield is Insignificant
Analysis is based on monthly total returns in USD for the period 30-Jun-1927 to 31-Dec-2016. All the data comes from the K. French data library. Numbers that are statistically sig-

nificant (p-value less than 5%) are formatted in bold.

Portfolios sorted by Dividend Yield

US Long-Term Low (Q1) Quintile 2 Quintile 3 Quintile 4 High (Q5)

Average Return 0.90% 0.94% 0.92% 1.08% 1.04% 0.14%
t-stat - - - - - 1.07
CAPM Model

Unexplained -0.05% 0.05% 0.04% 0.21% 0.14% -0.09%
Market Exposure 1.05 0.94 0.94 0.93 0.97 -0.08
R-squared 91.07% 92.24% 89.32% 86.50% 75.58% 0.93%
Fama-French 3-Factor Model

Unexplained 0.02% 0.08% 0.01% 0.14% -0.01% -0.31%
Market Exposure 1.09 0.98 0.95 0.91 0.89 -0.20
Size (SMB) -0.04 -0.14 -0.15 -0.13 -0.04 0.01
Value (HML) -0.22 -0.05 0.15 0.25 0.54 0.76
R-squared 92.79% 93.08% 90.87% 89.53% 85.02% 38.04%

EXHIBIT 6

Exposure of Composite Quality Factor Indexes’ Excess Returns to Standard Factors

Panel A: MSCI World Quality Index results

MSCI World Quality Index Exposure (beta) t-stat Performance Attribution Impact on Performance
Ann. alpha 0.01 1.75 0.96% 30.04%

Mkt -0.06 -8.82 -0.47% 14.65%

Size -0.20 -12.15 -0.29% 9.18%

Value -0.26 -13.49 -0.31% 9.69%

Momentum 0.04 4.79 0.15% 4.64%

Profitability 0.39 15.01 1.01% 31.67%

Investment 0.00 -0.14 0.00% 0.12%

R? 64.06% Total 1.04% 100.00%

Panel B: FTSE Developed Quality Factor Index results

FTSE Developed Quality Factor Index Exposure (beta) t-stat Performance Attribution Impact on Performance
Ann. alpha 0.00 0.52 0.18% 10.86%

Mkt -0.02 -5.31 -0.17% 10.26%

Size 0.02 1.76 0.03% 1.54%

Value -0.19 -16.07 -0.22% 13.43%

Momentum 0.05 9.85 0.18% 11.11%

Profitability 0.27 17.80 0.72% 43.69%

Investment 0.15 9.02 0.15% 9.12%

R2 71.32% Total 0.86% 100.00%
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Mismeasurement of Factor Exposures

in Score-Based Analytics "Tools

Ashish Lodh
Deputy Research Director, ERI Scientific Beta

* The use of factor scores instead of factor betas for the measurement of portfolio factor exposures is a cause of concern because factor investing

literature uses beta-based models for factor premia tests and for portfolio style analysis.

The major drawback factor scores suffer from is “double counting” of exposures, which is due to their lack of regard for the correlation
structure of factors. This makes factor scores a very poor proxy for factor betas.

Another common practice is to combine single factor scores into a composite factor score. This leads to additional problems because
combining two scores that have a skewed joint distribution disproportionately favors one factor over another and using these composite
definitions to measure score exposures leads to misidentification of factor tilts.

INTRODUCTION

The rise of passive factor investing products has been
good news for investing community overall but it has also
highlighted a set of challenges and pitfalls that investors
need to be cautious about. One such challenge, which
has received a lot of attention recently, is to identify the
persistent drivers of risk and return from a constantly in-
creasing pool of proposed factors (Harvey et al. [2016)]).
Another issue that is often overlooked and warrants more
discussion is the question of factor exposure measure-
ment. Many factor analytics providers propose tools that
rely on quantifying and reporting portfolio characteristics
in the form of factor scores rather than focusing on beta
exposures. Factor scores are easy to compute, they do not
require the history of portfolio returns and they provide an
instantaneous measure of several portfolio characteristics.
Although one can see the appeal of simplicity in working
with factor scores, they should not be treated as a substi-
tute for factor betas because they do not provide the same
information. This distinction is important because portfolio
returns are driven by its factor betas and not factor score
tilts. This article details the problems associated with the
use of factor scores in portfolio construction and portfolio
analysis.

The factor models in asset pricing literature are the
cornerstone of portfolio construction and performance
evaluation. The objective of any empirical factor model is
to provide a framework to show the relationship between
the risk and expected return of a risky portfolio. The
CAPM (Sharpe [1964], Lintner [1965]), which is the oldest
and arguably most widely used factor model, postulates
that portfolio risk is composed of systematic and unsys-
tematic components and that only systematic risk, which
is the market risk, is rewarded with returns. The model has
been extended over the years with the addition of more
risk factors such as size and value (Fama French [1993]),
momentum (Carhart [1997]), and profitability and invest-
ment factors (Fama French [2015]). All these factor models
differ on the definition of systematic risk factors, but they
all have one thing in common; they are all beta models
based on firm characteristics that are estimated using re-
gression techniques.

In order to qualify as an acceptable factor model, it
must undergo time series and cross-sectional tests to de-
termine if the beta risk of the proposed factor is priced or
not. Two commonly used factor-pricing tests are the two-
pass OLS methods developed by Fama Macbeth [1973]
and Black, Jensen and Scholes [1972]. In the first pass,
the time series regression, a set of test portfolios are re-
gressed against factors to obtain their factor betas. In the
second pass the cross section of test portfolio returns are
regressed against their factor betas over time to estimate
the associated risk premium. For given portfolio returns (Y)

and factor return matrix (X), the OLS estimates of betas are
derived as:

Y=X.p+¢
f=X.X)"LX.Y

Although beta models based on risk explanations
are more popular, there is a strand of the literature that
uses characteristic-based models under the assumption
that factor anomalies are caused by mispricing and after
controlling for firm characteristics the positive relationship
between expected returns and HML and SMB factors dis-
appears (Lakonishok, Shleifer and Vishny [1994] and Daniel
and Titman [1997]). The characteristic-based approach to
portfolio evaluation compares the performance of stocks
against a benchmark that consists of stocks with similar
characteristics. Daniel and Titman [1997] propose a “Char-
acteristics-Based Selectivity Measure” which is defined as
(W; .1 is the weight of j-th stock, R ; ; is the month t return

of stock j,Rtb J=Tis the month t return of the characteris-
tic-based benchmark portfolio that is matched to stock j

during month t-1):

N
b t—1
cS, = Z Weer. (Rje =R
=1

Since factor betas estimated from OLS regressions de-
pend on the covariance structure of factors, they take fac-
tor correlation into account. On the other hand, character-
istics-based models suggest that there is no link between
covariance and expected returns. This is an important dif-
ference between the two approaches and its implications
are discussed in detail in this article. Another advantage
of betas obtained from OLS regressions is that the regres-
sion diagnostics associated with this regression are direct-
ly available, allowing for an appreciation of the quality of
the relationship. For example, a high R-squared means
the factors are the main drivers of the return variability of
portfolio returns, and a low (significant) p-value means that
there is a fair amount of statistical certainty that the portfo-
lio returns are linked to factor betas as opposed to coming
from chance alone. This is a notable difference with scores,
which are observable but do not allow for direct insights
on the relevance of the score for the strategy.

Commonly Used Score-Based Tools

We briefly describe the scoring methodology used
by two major providers of factor analytics to evaluate the
factor characteristics of equity portfolios. The MSCI FaCS

framework is based on the Barra equity factor risk model
and it recognizes a total of 16 style factors that fall into
eight broad factor groups — Value, Size, Momentum, Vol-
atility, Quality, Yield, Growth and Liquidity. The following
are the main steps involved in the construction of factor
scores for stocks and portfolios:

— Raw values of factor descriptors are considered,
outliers are removed and the remaining values
winsorized within three standard deviations.

— Raw scores are converted to standardized z-scores to
have a market-cap-weighted mean of zero and a unit
standard deviation.

— Factor scores are obtained from the linear combination
of descriptor scores.

— Factor scores are standardized again to have a
market-cap-weighted mean of zero and a unit
standard deviation.

— Portfolio-level factor exposure is a weighted average
of stock level exposures.

One problem with this analysis is that the linear combi-
nation of descriptor scores is not well defined. It is based
on “a combination of intuition and statistical metrics” and
is sometimes determined by back-test performance, which
makes it sample dependent. The standardization of fac-
tor scores is also subject to arbitrary country adjustments.
Raw descriptors based on prices (momentum, beta, resid-
ual volatility) are standardized on a global universe; others
based on fundamentals are standardized based on a coun-
try-specific mean, but using a global standard deviation.
Another issue with the framework is the possible addition,
deletion and modification of factor groups in the future,
which is not consistent with the fact that factor premia
should be persistent over long periods and factor defini-
tions should not evolve with time.

Style Analytics is another provider of portfolio factor
analytics that purely uses scores to define style tilts. Their
scoring method is described below:

— Stock-level raw factor scores are taken and outliers re
moved.

— The raw factor tilt is normalized by taking the
difference between the portfolio’s weighted average
factor and the benchmark’s weighted average factor,
divided by the weighted standard deviation of the
factor. The normalized scores show the direction of
the factor tilt relative to the benchmark but do not
indicate the level of significance.

— Factor tilts are standardized using a “sample size
adjustment” to provide a measure of the strength
of the portfolio score relative to the benchmark.
Standard deviations of weighted factor averages
across portfolios of similar construction are used
for normalization.
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They provide a set of rules to interpret the significance
level of factors tilts. The rules state that factor tilts be-
tween -0.5 and +0.5 are “probably not significant”; those
between -0.5 and -1.0 and +0.5 and +1.0 “exist but may
not be significant”; and those below -1.0 and above +1.0
are significant. The problem with their methodology is
that the sample size adjustment penalizes the scores of
broad market portfolios to make them comparable with
more concentrated portfolios on a score-to-score basis,
when there is no such requirement in factor beta mea-
surement theory. In addition, the significance tests are not
based on any statistical theory; they are rather just a rule
of thumb that is supposed to work in most circumstanc-
es but not always. On the other hand, in a multivariate
regression analysis, the coefficients (beta) are always ac-
companied by their p-values and it is possible to obtain
high betas with low significance or smaller betas with high
significance. The next two sections provide some stylized
examples to show the limits of using solely factor scores in
the design and analysis of factor portfolios.

The Problem with Factor Scoring

The major drawback of score-based analysis is that
scores ignore correlation across factors, leading to “dou-
ble counting” of exposures. It is well known that the six
risk factors are correlated to each other and this correla-
tion changes with time. Factor betas from a multivariate
regression, by indicating the marginal impact of a factor
given the presence of other factors, take into account the
interaction across factors. On the other hand, any score-
based technique completely ignores this important as-
pect altogether.

Below we demonstrate, through a simple example,
why it is better to take this interaction into account. We
show that when designing allocations that target specific
factor exposures, a beta-based approach is more suitable
than a score-based approach. A score-based approach
would lead to instability in terms of factor betas. Even if a
target score is achieved, the score-based strategy might
pick up exposures to other factors depending on interac-
tion effects.

We construct a portfolio that has an exposure of 1.00
to the market factor, a constant beta of 0.75 to the Low
Investment factor and zero exposure to the other five fac-
tors. We do this by using an overlay of the long/short Low
Investment factor on the broad cap-weighted index. The
long/short Low Investment factor is a daily-rebalanced
portfolio with 30% equally weighted Low Investment
stocks in the long leg and 30% equally weighted High
Investment stocks in the short leg. The weights of this

"Target Beta” portfolio are given by:
Wp = Wew + 0.75 = [Wy . — Wy i |

This “Target Beta” portfolio is compared to a “Target
Score” portfolio that targets a constant Low Investment
score. To make the two portfolios comparable, the target
Low Investment score matches the long term Low Invest-
ment score of the “Target Beta” portfolio. The other five
factor scores have a target of zero to make it a pure Low
Investment portfolio in terms of scores. The portfolio is re-
balanced quarterly. The portfolio optimization is defined

as follows:
N
1 Q=1
We = af'gmax[ - ] i=1
! W.WI| —0.05<w, < +0.05vi

W.E=[000005, oo

- N is the number of stocks in the universe.
- F is the Nx6 matrix of the stock level factor scores for
the 6 factors. 47

- STarget s set to be 1.44.
L.Inv

This “Target Score” portfolio is comparable to the
“Target Beta” portfolio, because both portfolios obtain
the same long-term average z-score for the Low Invest-
ment factor. The difference between the two portfolios
is that one of them explicitly controls factor exposures in
terms of betas, while the other controls factor exposures
in terms of score. This is exactly the difference we wish to
analyze in this article.

Exhibit 1a shows the average factor scores and full
period factor betas of the “Target Beta” portfolio. The
"Target Beta” portfolio or the pure Low Investment factor
index, which has zero HML and L.VOL betas by design,
appears to have Value and Low Volatility tilts when looked
at through the lens of “scores”. The Low Investment Strat-
egy with a Constant Beta of 0.75 shows very high Value
and Low Volatility scores because these two factors are
highly correlated to the Low Investment factor on average
over the long term.

Exhibit 1b shows the time varying score exposures
of the same strategy. The Low Investment z-score of the
strategy is highly unstable and ranges from 0.70 to 1.75
with a standard deviation of 0.23. It is surprising to ob-
serve that the portfolio exhibits a higher undesirable Low

EXHIBIT 1a

Scores and Betas of the Low Investment Strategy with a Constant Beta of 0.75

Volatility beta than the desirable Low Investment beta.
The other five factor scores are also significantly unstable
despite constant zero exposure to them by construction.

Exhibit 2a shows the average factor scores and full
period factor betas of the “Target Score” portfolio. The
Low Investment Strategy with a Constant Z-Score of 1.44
exhibits L. Inv beta of 0.38, which is inferior to the L. Inv
beta of 0.75 that was achieved by the “Target Beta” port-
folio for the same level of Low Investment Z-Score. In oth-
er words, these two portfolios that appear to be equally
good Low Investment portfolios going by their scores in
fact tilt towards the Low Investment factor with very dif-
ferent magnitudes. Also, due to the previously discussed
issue of ignored correlation, the Low Investment Strategy
with a Constant Z-Score ends up with a positive exposure
(+0.12) to the HML factor and a negative exposure (-0.21)
to the Low Volatility factor. Exhibit 2b sheds more light
on the stability of multivariate regression betas and high-
lights the variation of HML and L.VOL betas in particular.
There are times (2009-2011) when the portfolio resembles
a multi-factor portfolio with Value and Low Investment as
leading tilts.

Exhibit 3 presents a snapshot of the total performance
and its attribution to the risk factors for the two strate-
gies — the Low Investment Strategy with a Constant Beta
of 0.75 ("Target Beta” ) and the Low Investment Strategy
with a Constant Z-Score of 1.44 (“Target Score”). A quick
comparison of r-squared from the 7-factor model shows
that the market and Low Investment factors are indeed
the main drivers of return variability for the “Target Beta”
strategy (R2 = 100%) while these seven factors do not
completely capture the return variability of the “Target
Score” strategy (R? = 94%).

The “Target Score” strategy exhibits a Low Invest-
ment beta of 0.38 but also has exposures to other factors,
the z-scores of which are set to zero. A performance attri-
bution exercise provides the performance implications of
the unintended exposures to the other factors. The Low
Investment factor accounts for 0.94% of returns over the
long term, followed by 0.40% coming from the Low Vol-
atility factor and 0.08% from the Profitability factor. In ad-
dition to having undesired and unstable factor exposures,
the “Target Score” portfolio also exhibits extremely high
levels of specific risk. The specific risk, which is calculated
as the volatility of the residual terms from the 7-factor re-
gression, is 0.23% for the “Target Beta” portfolio in con-
trast to 3.87% for the Target Score” portfolio. Due to this
high level of unrewarded risk, this strategy delivers a lower
Sharpe ratio and a very high level of maximum drawdown
(63.3%).Next, we investigate in more detail the impact of

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are

then winsorized to fall between -3.0 and +3.0. Score exposures are the average across 160 rebalancings. Regressions are done using weekly total returns in USD and a 7-factor model

from Scientific Beta. Coeflicients significant at 5% p-value are highlighted in bold. The standard deviation of betas is calculated using rolling 7-Factor regressions that use a rolling pe-

riod of 2 years and step size of 1 month.

Mean Z-Score
Stdev Z-Score
Beta

Stdev Beta

5th percentile
95th percentile

Size

0.10
0.11

0.00
0.00
0.00
0.00

Value Mom
0.32 -0.01
0.25 0.23
0.00 0.00
0.00 0.00
0.00 0.00
0.00 0.00

Low Vol Hi Prof Low Inv
0.40 -0.15 1.44
0.28 0.16 0.23
0.00 0.00 0.75
0.00 0.00 0.00
0.00 0.00 0.75
0.00 0.00 0.75

47 All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are then winsorized to fall between -3.0 and +3.0. Scoring is performed

bi-yearly for the Momentum factor and yearly for all other factors.
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EXHIBIT 1b

Time Varying Scores of the Low Investment Strategy with a Constant Beta of 0.75

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0.
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EXHIBIT 2a

Scores and Betas of the Low Investment Strategy with a Constant Z-Score of 1.44
The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores
are then winsorized to fall between -3.0 and +3.0. Score exposures are the average across 160 rebalancings. Regressions are done using weekly total returns in USD and a 7-factor

model from Scientific Beta. Coeflicients significant at 5% p-value are highlighted in bold. The standard deviation of betas is calculated using rolling 7-Factor regressions that use a
rolling period of 2 years and step size of 1 month.

Size Value Mom Low Vol Hi Prof Low Inv
Mean Z-Score 0.00 0.00 0.00 0.00 0.00 1.44
Stdev Z-Score 0.00 0.00 0.00 0.00 0.00 0.00
Beta 0.08 0.12 -0.02 -0.21 0.03 0.38
Stdev Beta 0.07 0.20 0.10 0.13 0.13 0.12
5th percentile 0.01 -0.26 -0.23 -0.47 -0.20 0.39
95th percentile 0.25 0.35 0.15 -0.06 0.23 0.83
I
EXHIBIT 2b

Rolling Betas of the Low Investment Strategy with a Constant Z-Score of 1.44

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. Regressions are done using weekly total returns in USD and a 7-factor model from Scientific Beta. The rolling
7-Factor regressions use a rolling period of 2 years and step size of 1 month.

‘Low Investment’ Strategy Constant Z-Score of 1.44

1.00 e SMB Beta
0.80 = HML Beta
0.60 MOM Beta
0.40 == \/OL Beta
0.20 == PRO Beta
0.00 e |NV Beta
-0.20
-0.40
-0.60

Dec-78 Dec-83 Dec-88 Dec-93 Dec-98 Dec-03 Dec-08 Dec-13
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EXHIBIT 3

Performance, Risk and Factor Performance Attribution
The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All statistics are annualized. Regressions are done using weekly total returns in USD and a 7-factor model from
Scientific Beta. Coefficients significant at 5% p-value are highlighted in bold. The Factor Performance Attribution methodology breaks down the total excess returns of a strategy

portfolio (over the risk-free rate) into several components related to the performance of systematic risk factors.

USA: 1976-2016

Broad CW Index

Target Beta Strategy

(Investment Beta = 0.75)

Target Score Strategy
(Investment Z-Score = 1.44)

Ann. Returns 10.86% 13.73%
Ann. Volatility 17.07% 15.07%
Sharpe Ratio 0.35 0.59
Max Drawdown 54.3% 51.4%
Ann. Unexplained 0.00% 0.07%
Market Beta 1.00 1.00
SMB Beta 0.00 0.00
HML Beta 0.00 0.00
WML Beta 0.00 0.00
L.VOL Beta 0.00 0.00
H.PRF Beta 0.00 0.00
L.INV Beta 0.00 0.75
R-Squared 100% 100%
Unexplained 0.00% 0.90%
Returns Market 5.75% 5.75%
Returns SMB 0.00% 0.00%
Returns HML 0.00% 0.00%
Returns WML 0.00% 0.00%
Returns L.VOL 0.00% 0.00%
Returns H.PRF 0.00% 0.00%
Returns L.INV 0.00% 1.85%
Specific Risk 0.00% 0.23%

factor correlations on score exposures by using an exam-
ple of a portfolio that targets multiple factor betas simul-
taneously. The objective of this exercise is to understand
how exactly changing correlation between factors affects a
portfolio’s factor scores. We construct a portfolio that has
an exposure of 1.00 to the market factor, a constant beta
of 0.50 to each of the Value and Momentum factors and
zero exposure to the other four factors. The Value and Mo-
mentum factors are chosen because they have low correla-
tion on average and their correlation is known to change
over time (Asness et al. [2013]). We use the same overlay
methodology as in the previous example. The weights of
this “Value-Momentum” strategy are given by:

Exhibit 4a reports the average scores and full period
factor betas of this portfolio. It shows that in addition to
having high score exposures to the Value and Momentum
factors, the portfolio also shows residual exposures to oth-
er factors, especially very high negative exposure to the
High Profitability factor. To understand the relationship be-
tween “double counting” and correlation between factors,
we show (Exhibit 4b) the time varying Value and Momen-
tum scores of the Value-Momentum strategy alongside the
rolling correlation between the Value and Momentum risk
factors.*

The multivariate regression analysis, with which port-
folio construction is done, takes this into account and pro-

Wp = Wey + 0.50 = [WH.Fdlue - WL.Va:ue] + 0.50 = [WH.an - wLMnm]

vides a strong and constant exposure to both the Value
and Momentum factors. On the other hand, the score-
based analysis, being single dimensional in each factor,
falls into the trap of varying correlation and shows an in-
accurate picture of varying factor exposures. In the times
of low correlations the Value score of Momentum stocks
and the Momentum scores of Value stocks are weaker. As
a result, every time the correlation between the two fac-
tors drops, the score exposure of either one of the factors
is also reduced, which in turn brings down the aggregate
score exposure.

Here it is important to realize that low correlation
across factors is in fact advantageous to investors from

The major drawback factor scores suffer from is “double

counting” of exposures, which is due to their lack of regard

for the correlation structure of factors.

48 All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are then winsorized to fall between -3.0 and +3.0. Scoring is performed

bi-yearly for the Momentum factor and yearly for all other factors.
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EXHIBIT 4a

Scores and Betas of the Value-Momentum Strategy with Constant Betas of 0.50/0.50
The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0. Score exposures are the average across 160 rebalancings. Regressions are done using weekly total returns in USD and a 7-factor model

from Scientific Beta. Coeflicients significant at 5% p-value are highlighted in bold. The standard deviation of betas is calculated using rolling 7-Factor regressions that use a rolling
period of 2 years and step size of 1 month.

Size Value Mom Low Vol Hi Prof Low Inv
Mean Z-Score 0.12 0.74 0.66 0.22 -0.61 0.19
Stdev Z-Score 0.15 0.24 0.26 0.27 0.16 0.22
Beta 0.00 0.50 0.50 0.00 0.00 0.00
Stdev Beta 0.00 0.00 0.00 0.00 0.00 0.00
5th percentile 0.00 0.50 0.50 0.00 0.00 0.00
95th percentile 0.00 0.50 0.50 0.00 0.00 0.00
EXHIBIT 4b

Time Varying Scores of the Value-Momentum Strategy with Constant betas of 0.50/0.50

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0.
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EXHIBIT 5

Examples of commonly used Composite Factor definitions

MSCI FaCS Style Analytics

1. Book to Price 1. Book to Price
Value Factor 2. Earnings Yield 2. Dividend Yield

3. Reversal

3. Earnings Yield

4. Cash Flow Yield

5. Free Cash Flow Yield
6. Sales to Price

7. EBITDA to Price

8. Sales to EV

9. EBITDA to EV

10. IBES Dividend Yield, Earnings Yield, Sales Yield
1. Leverage

2. Profitability

3. Earnings Variability
4. Earnings Quality

5. Investment Quality

1. Earnings Growth Stability
2. Sales Growth Stability

3. Low Accruals

4. Low Gearing

5. Returns Stability

Quality Factor

Source: MSCI (https://www.msci.com/facs), Style Analytics (https://www.styleanalytics.com)
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the point of view of risk management. Combining factors EYHIBIT &
tilts that have low correlation is the key to minimizing to-
tal portfolio risk and improving risk adjusted returns. So
a metric that artificially lowers aggregate exposure just Composite Score is Biased due to Distributional Properties

because factors become less correlated works against the High and Low Quadrants are separated by median z-scores. Composites of the two variables are formed by aver-

multi-factor objective and therefore is unsuitable for fac- aging the two z-scores and a top 10% of stocks based on the composite score is selected and they are highlighted

tor exposure assessment. in red circles. The scores are based on the rebalancing date 16-Dec-2016. All factor scores are standardized using

cap-weighted mean and unit standard deviation. The resulting z-scores are then winsorized to fall between -3.0
The Problem with Composite Factor Scores and +3.0

Having explained the shortcomings of using factor

scores in the previous section, we discuss the addition- (T
) ) Profitability Score
al problem that arises from the use of composite scores,

which is the misidentification of factor tilts. Momentum Score - Low High
. Exhibit 5 prowdes.examples of fa.ctor score compos- High 16% 70%
ites for Value and Quiality factors used in portfolio analytics

reporting by some leading providers. Not only does the Low 0% 14%

use of proprietary/enhanced factor definitions and the use

of too many factors pose serious questions about the rela-

tionship of these factors to the real Value and Profitability Low Investment Score - Low High

factors (Fama.French [1993].and Fama Fre.nch [2015]) and High 29% 70%

about the existence of their factor premia, but the very

notion of using composites comes with its own drawbacks. Low 0% 28%
Below we discuss the problems with score composites

in detail. In the first part, we show the drawbacks of using
a factor composite score in the stock selection process. In
the second part, we discuss how the use of score compos-
ites to analyze portfolio exposures can lead to misidenti-
fication of score tilts.

Exhibit 6 details the problem of composite scoring by
showing the overlap matrix in the above two examples.
It shows the percentage of stocks that come from high/
low factor scoring brackets in two very different scenarios;
when the distribution is symmetrical (Momentum and Prof-
itability) and when the distribution is skewed (Profitabili-
ty and Investment). It shows that 14% of high composite
stocks originate from a poor Momentum score and 16%
stem from a poor Profitability score bucket, which means
that a stock with a low score in one of the factors still has a
chance to attain a high composite score, thanks to to the
symmetrical distribution of scores. However, in the case
of skewed distribution only 2% of high composite stocks
originate from a poor Profitability score and 28% of them
from a poor Investment score bucket. This means the
stocks that score poorly on the Profitability score cannot
compensate with a good Investment score.

Next, we show how lumping different factors together
and using this definition to measure factor scores hides
the true underlying exposures of a portfolio. We take the
example of the pure Low Investment-tilted portfolio (with
a constant Low Investment beta of 0.75) and look at its
factor scores while combining Investment and Profitability
together into one factor score — a Quality score. Exhibit 7a
shows that the pure Low Investment-tilted portfolio has a
comparatively weak Quality score but significant Value and
Volatility scores, which is a classic example of misclassifi-
cation of tilts. Exhibit 7b explains the reason behind this
weak Quality exposure. Although the pure Low Invest-
ment-tilted portfolio has a high Low Investment score, it
simultaneously has a very low High Profitability score. This
is because the Quality composite does not take the cor-
relation between Profitability and Investment into account.

Exhibit 7c shows that the pure Low Investment-tilted
portfolio is identified as being multi-factor if one were to
base the reporting on factor score analysis. It appears to
be dominated by Value and Low Volatility scores in cer-
tain periods. We take a closer look at the portfolio and
pick some periods where the score exposures are not in
line with expectations. The Quality score goes from 0.26
in March 1997 to 0.94 in just three years. In periods like
March 1982 and March 1997 the score exposure to other
untargeted factors, Value and Low Volatility respectively,
was far greater than the exposure to the Quality factor.
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EXHIBIT 7a

Scores of the Low Investment Strategy with a Constant Beta of 0.75

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0. Score exposures are the average across 160 rebalancings.

Size Value Momentum Low Volatility Quality
Mean Z-Score 0.10 0.32 -0.01 0.40 0.65
EXHIBIT 7b

Time Varying Scores of the Low Investment Strategy with a Constant Beta of 0.75)

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0.
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EXHIBIT 7c¢

Selected Quarter Scores of the Low Investment Strategy with a Constant Beta of 0.75

The Analysis is done for the period 31-Dec-1976 to 31-Dec-2016. All factor scores are standardized using cap-weighted mean and unit standard deviation. The resulting z-scores are
then winsorized to fall between -3.0 and +3.0.

Z-Scores Size Value Momentum Low Volatility Quality
March 1982 0.33 0.79 0.19 0.46 0.53
March 1986 -0.18 0.41 -0.09 0.58 0.49
March 1997 0.04 0.40 -0.22 0.81 0.26

Dec 2001 0.14 0.10 0.75 0.88 0.94
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CONCLUSION

Beta-based factor models (like the CAPM and the
Fama French 3-factor or 5-factor models) lie at the foun-
dation of factor investing research and are widely used in
the academic community in a variety of functions ranging
from validating new factor findings and portfolio opti-
mization to fund performance appraisal. However, most
popular factor analysis tools used by investors deviate
from the models used in research because they choose
to use factor scores instead of betas. Although scores are
easy to compute and present a point-in-time snapshot of
portfolio characteristics, factor scores have serious short-
comings when it comes to factor exposure measurement.

Targeting factor scores leads to portfolios that exhib-
it unstable exposure to the target factor and unintended
exposure to other factors when analyzed using a multi-
variate regression model. For example, we have shown
above that a strategy that targets a constant Low Invest-
ment score ends up with a highly variable Low Investment
beta ranging from 0.39 to 0.83. There are periods when
this strategy shows higher Value beta (0.66) than Low In-
vestment beta (0.42). Thus an investor would end up with
an exposure to Value that is not only unintended, but also
dominates the targeted (Low Investment) exposure, and
becomes the main driver of risk and return. Using score-
based tools to decide on allocation and risk-taking de-
cisions thus leads to a misalignment of exposures with
investor objectives, and unintended risk taking.

The consequence of this misalignment is that investors
may end up with returns that fall short of their expecta-
tions. For example, the investor targeting the Low Invest-
ment tilt likely had a view that the factor would generate a
positive premium while not expecting such a premium for
the other factors, such as Value. Exhibit 8 shows the per-
formance impact of using the wrong factor measurement
tools in allocation in the periods where Value had poor
performance, which was notably the case in the build-up
to the “technology bubble” (1998) and the period after
it “burst” (2002). The score-based approach to designing
a Low Investment strategy resulted in a high value (HML)
beta of 0.20 in 1998 and 0.23 in 2002, which would have
led to an adverse performance impact of -4.8% and -2.4%
respectively. Having a loss of 4.8% due to the poor per-
formance of Value is not what the investor expected to
get out of choosing a Low Investment tilt! In addition, the
unintended negative exposure to the Low Volatility factor
would have piled on an additional -5.2% of poor perfor-
mance in 2002. Overall, the factor-driven performance
of this Target Score Strategy would have been -5.8% and
4.4% in those periods.

We also compare this result to the result with the Tar-
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get Beta Strategy (which targets Low Investment beta of
0.75 and other factor betas of 0). The Target Beta Strategy
would have returned 3.1% and 16.1% respectively. Thus,
investors suffer a shortfall of 8.9% and 11.8% in those two
periods, which is due to the fact that they got the factor
exposures wrong in their allocation. Recall that the Target
Beta Strategy is comparable to the Target Score Strategy
in that both strategies have the same long-term average
score for the investment factor. Thus, the key difference
between the two approaches is that one strategy controls
factor exposures using scores while the other controls fac-
tor exposures using betas. The cost of using scores in-
stead of beta is obvious from the results.

That the Target Score Strategy suffers from losses in
the Value factor shows the consequence of mis-measur-
ing factor exposures. If investors had chosen to be ex-
posed to the Value factor, facing losses when Value does
poorly is not likely to make them happy. However, when
the investor has not even chosen to be exposed to Value,
suffering from Value's losses will be a severe problem. In
addition to the losses themselves, it would be extremely
difficult to communicate these losses to stakeholders.

Of course, the analysis above considers short time pe-
riods of one year where the Value factor has had excep-
tionally low returns. In times of “normal” value returns,
the performance impact of misaligned factor exposures
will be lower. However, for risk management it is precisely
the periods of unusual losses that matter.

An additional problem is that the one-dimensional na-
ture of factor scores does not take correlations across dif-
ferent factors into account. This leads to double counting
of factor exposures that are highly correlated. For exam-
ple, we have shown that score-based analysis of a strategy
that targets a constant beta to the Low Investment factor
and zero beta to other factors leads to mismeasurement
of the strategy’s factor exposures. The pure investment tilt
appears to have pronounced Value (Value beta of 0.32)
and Low Volatility exposure (Low Volatility beta of 0.4)
when considering scores. This is due to the positive cor-
relation between the Low Investment, Value and Low Vol-
atility scores. The implication of this result is that investors
who use score-based tools to analyze the performance of
the pure investment strategy would falsely believe that
the strategy targets a mix of factors, leading to a misattri-
bution of results.

Many popular factor scores combine variables into
composite factor scores. Combining factor scores into
composite scores makes the mismeasurement problems
worse, as composites from skewed score distributions
may be biased towards one of the variables. Above, we
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provided an example where one of the variables has an
undue influence in determining high scores for the com-
posite factor. We showed that a stock selection based
on a Quality composite score, which combines the High
Profitability and Low Investment scores, picks only 2% of
stocks that score low on Profitability, as opposed to 28%
of stocks that score low on Low Investment. Thus, the
resulting factor strategy will be biased towards the Prof-
itability dimension and implicitly underweight the Low
Investment dimension. This dominance of Profitability in
the composite score is solely due to the technical proper-
ties of the score distribution. Investors who seek balanced
exposure to each of the dimensions of Quality will thus
end up taking an implicit bet on the Profitability dimen-
sion. We also show that lumping scores into a composite
variable exacerbates the misidentification of the factor
exposures underlying a strategy. For the pure investment
tilt described above, the Quality composite score can at
times be significantly lower than its Value score (0.53 vs.
0.79 in March 1982) or its Low Volatility score (0.26 vs.
0.81 in March 1997). Thus when using composite scores
to analyze factor exposures, investors would misidentify
the factors that are explicitly targeted by this strategy
even more than when using the individual scores.

Given the fundamental flaw with the use of scores
to measure “exposures”, as is done in numerous popu-
lar factor analytics toolkits, investors would benefit from
considering beta-based exposures instead. A popular
criticism faced by regression-based factor betas is the
backward-looking nature of these exposures. However,
this problem can be addressed by using best practices
in beta estimation. For example, beta estimates can be
improved by updating the betas based on the current
composition of the portfolio instead of estimating the
beta of a portfolio over a period where its composition is
constantly changing. Moreover, to take into account the
dynamic nature of factor betas, more sophisticated re-
gression approaches can be employed, such as the use of
exponential weighting, which puts more weight on more
recent observations, or other approaches allowing time
varying betas to be modeled explicitly.

Beta-based approaches offer the advantage that they
do not suffer from mismeasurement problems that arise
with score-based approaches due to factor correlations or
skewed distribution. A key advantage of beta-based mod-
els is that they are aligned with the academic evidence
on factor investing. Using such models can help investors
take the correlation across factor returns into account and
avoid unintended risk exposures due to mismeasurement
issues with score-based approaches.
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EXHIBIT 8

Factor Contribution
This Low Investment Strategy with a Constant Beta of 0.75 is compared with the Low Investment Strategy with a Constant Z-Score of 1.44. The Analysis is done for the period 31-
Dec-1976 to 31-Dec-2016. Regressions are done using weekly total returns in USD and a 7-factor model from Scientific Beta.

Target Beta Strategy Target Score Strategy
(Investment Beta = 0.75) (Investment Z-Score = 1.44)

Year 1998 Factor Premia Factor Beta Factor Beta Factor

Contribution Contribution
SMB -25.3% 0.00 0.0% 0.10 -2.5%
HML -23.7% 0.00 0.0% 0.20 -4.8%
WML 25.0% 0.00 0.0% 0.00 0.0%
L.vOL -0.8% 0.00 0.0% -0.13 0.1%
H.PRF 8.1% 0.00 0.0% -0.09 -0.7%
L.INV 4.2% 0.75 3.1% 0.49 2.0%
All Factors - - 3.1% - -5.8%
Year 2002
SMB -4.9% 0.00 0.0% 0.10 -0.5%
HML -10.4% 0.00 0.0% 0.23 -2.4%
WML 28.7% 0.00 0.0% -0.04 -1.2%
L.vOL 24.6% 0.00 0.0% -0.21 -5.2%
H.PRF 22.0% 0.00 0.0% -0.06 -1.4%
L.INV 21.5% 0.75 16.1% 0.70 15.0%
All Factors - - 3.1% - -5.8%
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