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Abstract

In arecent discussion about efficient ways to combine multiple firm characteristics into a multifactor portfolio, a distinction
was made between the bottom-up and top-down approach. Both approaches integrate characteristics with equal weights and
ignore interaction effects from differences in informational content and correlations between the firm characteristics. The
authors complement the bottom-up approach for the missing interaction effects by implementing a linear alpha forecasting
framework. Bottom-up versus top-down factor investing is typically discussed using the assumption that all characteristics are
equally priced, but the pricing impact of different firm characteristics can vary tremendously. The alpha forecasting perspec-
tive provides a theoretical motivation for factor investing and helps to compare the bottom-up and top-down approach with
regard to the difference of informational content and interaction effects between firm characteristics. Taking into account
the difference in informational content between firm characteristics leads to significant performance improvement in factor
models with a high concentration of informational content. Equally weighted characteristics result in related performance
irrespective of whether the bottom-up or top-down approach is applied.

Keywords Factor investing - Top-down - Bottom-up - Smart beta - Multifactor - Alpha forecasting - Stock screening -
Z-score - Information coefficient - Optimal orthogonal portfolio

JEL classification G11-Gl12-Gl15-Gl17

Factor investing, which is also called smart beta, aims to
improve capitalization-weighted portfolios by tilting portfo-
lio weights toward specific risk factors. Advocates of factor
investing refer to well-performing backtest results caused by
low-cost factor exposures. While cost-efficiency is a result
of the rules-based approach, an overly simplistic adaptation
of factor investing strategies can lead to many missconcep-
tions,! especially in cases of the implementation of multifac-
tor strategies.
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In a recent discussion about efficient ways to combine
multiple firm characteristics into a multifactor portfolio, the
top-down (TD) and bottom-up (BU) approach were differ-
entiated. The TD method is a two-step approach that first
builds the single-factor portfolios and then combines them
into a multifactor portfolio. In contrast, the one-step BU
approach integrates all firm characteristics simultaneously
into a multifactor portfolio.

Across the recent literature, there has been no consensus
on the superiority of one approach against the other. While
Bender and Wang (2016), Clarke et al. (2016) as well as
Fitzgibbons et al. (2017) demonstrated that the BU method
leads to better performance results, Chow et al. (2018), Leip-
pold and Rueegg (2018) and Amenc et al. (2018) reassessed
the claim and found no such superiority. In an attempt to

! In a position paper Amenc et al. (2016) discussed ten misconcep-
tions about smart beta and separated them into groups of performance
drivers, investability hurdles and strategy choices. Arnott et al. (2019)
also detailed misconceptions and emphasized overfitting, crowding
and nonnormal drawdowns.
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balance this discussion, Ghayur et al. (2018) emphasized
the increased efficiency of the BU approach in gaining a
higher exposure to the chosen factors. They argued that,
after the factor exposures of both approaches are matched,
the advantage of the BU approach disappears. Lester (2019)
also underscored the importance of factor exposures by ana-
lyzing how factor exposure translates into expected portfo-
lio returns. The findings confirmed that, on average, factor
returns and risk scale linearly with factor exposure. How-
ever, in the performance comparison between the TD and
BU approach, factor exposures alone provided no sufficient
answer to the dissent in the literature. Because, even without
any exposure adjustments Amenc et al. (2018) and Leippold
and Rueegg (2018) did not find significant performance dif-
ferences between both approaches.

In this paper, we argue that the discussion has neglected
pricing inequalities between the different factors. Both
approaches integrate equally weighted characteristics and
ignore interaction effects from differences in informational
content and correlations between the firm characteristics.
This neglect follows the questionable assumption that all
characteristics are equally priced. The strong simplification
of this assumption is demonstrated in the zoo of factors dis-
cussion. The 314 published factors documented by Harvey
et al. (2016), as well as the postpublication decay findings of
McLean and Pontiff (2016), provide reasonable explanations
for doubting the relevancy of each individual factor. Addi-
tionally, the results motivate the construction of multifactor
portfolios to diversify the factor risk posed by unpriced fac-
tors. Ignoring the different pricing relevancies of factors can
lead to biased performance results. In particular, if the BU
approach loads large weights on noisy factors, high exposure
to these factors could lead to a disadvantage compared to
the TD approach.

Avoiding the full range of interaction effects can not only
lead to false performance statements but also ignores one
of the main benefits of the BU approach. The BU approach
can easily be extended to consider factor relevancy, while
the TD approach is not able to do so without losing simplic-
ity, which can be identified as one of its main benefits. To
distinguish among multiple firm characteristics, we apply
an alpha forecasting framework from Grinold and Kahn
(2000, p. 263), which is closely related to a cross-sectional
Fama-MacBeth (FM) regression on lagged firm character-
istics. Lewellen (2015) showed that FM-based return fore-
casts correspond well with true expected returns and provide
an effective way to combine multiple firm characteristics
into a composite estimate of expected returns. Furthermore,
Heinrich and Zurek (2019) exhibited the benefits of imple-
menting a linear alpha forecasting model as an operational
tool to combine multiple firm characteristics into a multi-
factor portfolio. They found that distinguishing between the

¥

informational content of firm characteristics outperforms
the naive scoring approach in well-defined factor models
with a high dispersion in the informational content of firm
characteristics. However, they primarily focused on the BU
approach. Therefore, in this article, we conduct a horse race
between the TD and BU approach, in which interaction
effects and informational content differences between the
selected firm characteristics are explicitly considered.

Our study contributes to the literature in various ways.
By determining portfolio weights proportional to alpha
forecasts, we present factor investing strategies from the
perspective of the optimal orthogonal portfolio (OOP),
formally used by MacKinlay and Pastor (2000). Based on
this framework, it is possible to pinpoint the reasoning
for an investment in a factor portfolio from the practical
view of an investor who aims to beat a given benchmark
portfolio. Since the implementation of the OOP can be
interpreted as an investment in the missing risk factor port-
folio, investors who believe that the given benchmark can
be complemented by this factor should invest in the OOP,
increasing the Sharpe Ratio of the overall portfolio. This
perspective is not only helpful for operational portfolio
management but might also be relevant for performance
measurement and risk management.

Moreover, by the implementation of the alpha forecast-
ing model within the BU approach, we evaluate the dif-
ference between the TD and BU approach with regard to
the full range of interaction effects. This topic has not yet
been addressed in the recent discussions and is especially
important for practice since, in multifactor portfolios and
even in single-factor portfolios, many investors attempt to
diversify their factor investing risk by considering several
firm characteristics. For example, the Fama-French proxy
portfolio for value relies only on the book-to-market ratio,
while the MSCI value index uses three additional firm
characteristics.

With regard to the practical applicability of our study,
we analyze the various approaches with factor portfolios
defined according to an industry standard for MSCI factor
portfolios. Overall, the entire multifactor portfolio con-
tains 16 firm characteristics. Including stocks from the
S&P 500, Stoxx Europe 600, and the Nikkei 225 index,
the results are evaluated for three different data samples.

Our simulation and empirical findings point out the
important role of the informational content structure
within the alpha forecasting process. Ignoring the informa-
tional content by weighting all of the signals equally leads
to related performance results irrespective of whether the
TD or BU approach is applied. Therefore, our results rein-
force the findings that, in the naive alpha forecast case, the
TD and BU approaches exhibit no significant performance
differences. In contrast, if the BU approach is extended by
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the consideration of the full range of interaction effects,
a significant performance improvement in factor models
with a high concentration of informational content could
be demonstrated.

The remainder of the paper is organized as follows. Sec-
tion 1 introduces the linear alpha forecasting model and
the simplified version of the naive combination approach.
Section 2 provides a simplified simulation example, which
visualizes the importance of the full range of interaction
effects within the bottom-up approach. Section 3 presents
the data set and the applied firm characteristics, whereas
Sect. 4 reports the findings of the empirical backtest,
which includes the results of the long-only and long-short
portfolios. Finally, Sect. 5 contains some concluding
remarks.

Alpha forecasting

Following Treynor and Black (1973), the investment
universe can be divided into an active portfolio A with
i=1,...,N securities and a passive benchmark portfolio B.
Since the main purpose of this work lies in the comparison
between the TD and BU approach, we concentrate on the
weighting decision of A. We assume that the returns of A
and B are uncorrelated. Therefore, A represents the optimal
orthogonal portfolio analyzed by MacKinlay and Péastor
(2000), who showed that the OOP corresponds to the miss-
ing risk factor portfolio. Provided that the residual covari-
ance matrix is in a restricted form, the active weights of the
missing risk factor portfolio are proportional to the securi-
ties’ alpha parameters. In simplified terms, securities with
a higher alpha forecast are represented by a greater weight
within the portfolio. In accordance with Fama-French, we
separate securities into a long and short portfolio. Stocks
with an alpha forecast greater (less) than a specified quantile
a;r[ (aq‘t) are assigned to the long (short) portfolio:

o+

4 . A+ A

Along = —1/&+ with a” = 1]&>a;oa, @))]
a . N A

A short = 1é&~ with a” = ﬂ&<a;,°a' )

In &t, the symbol 1 denotes a vector of indicator variables
with the value 1 for alphas greater than a;l and O for alphas
less than a;rt. An equivalent specification applies for &~ .
Since they determine the number of the selected securities,
we refer to a;; and a, as selection thresholds. Moreover, the

2 The covariance is assumed to be diagonal and proportional to the
identity matrix. Complementary information about this assumption
can be found in MacKinlay and Péstor (2000, p. 887).

symbol o denotes the entrywise product. In addition to long-
short (LS) portfolios, we build long-only (LO) portfolios,
wherein only the long portfolio is considered.

Since the weighting decision is only dependent on the
securities’ alphas, this perspective provides a motivation
to apply factor portfolios with characteristic-based weight-
ing schemes. In multifactor portfolios, the BU approach, as
well as the TD approach, ranks stocks according to multiple
firm characteristics. In the present literature, the main dif-
ference between the TD and BU approach can be found in
the different treatments of the firm characteristic groups.
While the TD approach separates the firm characteristics
according to their factors, the BU approach integrates all of
the characteristics simultaneously, resulting in the one-step
solution of the BU, compared to the two-step solution of the
TD approach. However, in both approaches, it is common
practice to combine the firm characteristics into a weighted
average over the scores of the single-firm characteristics.
To avoid biased results from different signal distributions,
z-scores are used. Heinrich and Zurek (2019) pointed out
that the equally weighted z-score approach is a simplified
version of alpha forecasting, and they called this the naive
z-score (NZ) approach:

M
1 gi,m, a4 —E gm, —
Unzit = Z " (B ns 1]) 3)

m=1 O-gm,l— 1

We assume that security returns in the active portfolio fol-
low a multivariate conditional normal distribution. As con-
ditioning information, an amount of M different types of
firm characteristics g, hereinafter referred to as signals, can
be observed for each of the N companies. For simplification
purposes, it has been assumed that these signals only have
informational value for their specific company, indicating
that signals from different companies do not correlate with
each other or with returns from other companies. Further,
we assume that signals are uncorrelated with benchmark
returns so that benchmark timing can be disregarded. Under
these conditions, it is possible to extend the NZ approach to
account for the signals’ cross-correlations and their infor-
mational content:

agri =kC'z;,_,, )
with
k= (Corr[Rl,gl’,_l] Corr[Rt,gM’,_l] ),
(8:’.1.:71—15[811—1])
Ce1im1
Zip—1 = :
(gi,M.f—] _E[ngr—l ])
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R, denotes the returns across the N securities at time .
Throughout the article, the term “return” on a given secu-
rity denotes its return in excess of the riskless rate. g, ,_;
are the corresponding companies’ signal observations in
t — 1 of a specific firm characteristic m. The cross-corre-
lations between lagged signals and returns in the (1 X M
)-vector k are called information coefficients (ICs), and
they measure the signals’ informational content. Heinrich
and Zurek (2019) emphasized the important role of ICs in
factor investing strategies and define this approach as GK
alpha forecasting, inspired by the linear alpha forecasting
model of Grinold and Kahn (2000). Moreover, ICs are one
of the main determinants of the fundamental law of active
management, which is a simplified framework to explain a
portfolio’s information ratio.> The inverse of the signals’
correlation matrix C~'is responsible for ensuring that highly
correlated signals will have a smaller impact on the alpha
forecast and vice versa. The (M X 1)-vector z;,_; represents
the companies’ standardized signal observations. Because
factor investing strategies are based on cross-sectional
anomalies, parameter estimation is conducted with regard
to cross-sectional observations. Therefore, k and C will be
the same for all securities. This outcome is equivalent to
the assumption that a specific stock characteristic will have
the same informational content and linear comovement with
other signal types for all securities. To obtain ex-ante esti-
mates, we estimate ICs and C from the time-series averages
of their cross-sectional estimates.

Since the TD approach does not take into account any
interaction effects between characteristics from different fac-
tors, it would be unreasonable to apply the GK alpha fore-
casting model to this approach. In contrast, the proponents of
the BU method predominantly emphasize interaction effects
between firm characteristics as among its main benefits.
However, the NZ combination only considers interactions

from characteristics by allowing them to add up or cancel
out each other. Although the application of equal weights on
each characteristic disregards differences in informational
content and the correlation between the firm characteristics,
the NZ BU method leads to higher overall factor exposures,
than the TD approach. However, especially in factor models
with widely dispersed informational content, forcing char-
acteristics to interact equally could skew the factor exposure
to noisy characteristics or even characteristics with negative
pricing impacts. Therefore, it is reasonable to question why
the standard NZ BU method does not consider the full range
of interaction effects, since the problem of the misallocation
of factors with low information content could be remedied
by utilizing the GK BU approach. The importance of inter-
actions captured by ICs and correlations can be visualized
in the following simplified simulation example.

Simplified simulation example

In the following simplified simulation example, a com-
parison is made among the TD, GK BU and the NZ BU
approach regarding their factor exposures and alpha results.
The framework of the simulation includes four stylized
examples and is chosen to illustrate the possible impact of
the entire spectrum of interaction effects. Therefore, a one-
period setting with N = 500 securities is assumed, resulting
in a simulated alpha observation for each of the 500 securi-
ties. Applying Eq. (4), we simulate the 500 alphas from a
two-factor model with the conditioning signals x and y. The
random signals are standard normal distributed and have
two different settings of cross-correlations (corr). In the low
signal corr setting, the characteristics are correlated with
a coefficient of 0.1, whereas in the high corr setting, the
signals’ corr is 0.9. Moreover, we differentiate between two

Table 1 Actual alpha results

. 8 3 > Example Actual portfolio alphas
of the simplified simulation
example TD (%) NZ BU (%) GK BU (%)
Low signal corr and low IC concentration 4.48 5.15 5.15
Low signal corr and high IC concentration 2.94 3.30 3.92
High signal corr and low IC concentration 4.45 3.92 3.92
High signal corr and high IC concentration 2.62 2.22 6.31

Actual portfolio alphas are determined by the sum of the weighted true alpha parameters. In the low (high)
signal corr setting, the characteristics are correlated with a coefficient of 0.1 (0.9). In the low IC concentra-
tion case, the ICs of x and y have an equal value of 0.03. In the high IC concentration case, the y character-
istic has an IC of 0.03, and x exhibits an IC of 0.01

3 Complementary work on the fundamental law of active manage-
ment can be found in Clarke et al. (2002), Buckle (2004), Ye (2008)
and Ding and Martin (2018).

¥
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T.able.2 Fac.tor exposures of the Example Characteristic Factor exposures
simplified simulation example
TD NZ BU GK BU
Low signal corr and low IC concentration X 0.841 1.004 1.004
y 0.801 0.885 0.885
Low signal corr and high IC concentration X 0.841 1.004 0.423
y 0.801 0.885 1.238
High signal corr and low IC concentration X 1.426 1.261 1.261
y 1.391 1.221 1.221
High signal corr and high IC concentration X 1.426 1.261 0.226
y 1.391 1.221 0.753

Factor exposures are calculated by the sum of the weighted characteristics’ observations. In the low (high)
signal corr setting, the characteristics are correlated with a coefficient of 0.1 (0.9). In the low IC concentra-
tion case, the ICs of x and y have an equal value of 0.03. In the high IC concentration case, the y character-
istic has an IC of 0.03, and x exhibits an IC of 0.01

scenarios of IC concentration. In the low IC concentration
case, the ICs of x and y have an equal value of 0.03. In the
high IC concentration case, the y characteristic has an IC of
0.03, and x exhibits an IC of 0.01. In this simplified settings,
any estimation errors are ignored. Moreover, it is assumed
that the investor knows the true ICs and correlations of the
GK BU approach, whereas the NZ BU approach uses the
naive alpha forecasts of equally weighted characteristics.

Further, only long-only portfolios are simulated for rea-
sons of simplification. The GK BU and NZ BU approach
selects all securities with an alpha higher than the median,
and weight these securities according to Eq. (1). In con-
trast, the TD approach selects the top 25% securities with
the highest firm characteristics for each factor portfolio, and
it mixes the two portfolios by equal weights. The decision to
increase the TD selection threshold from the median to the
0.75th-quantile are made in accordance with Ghayur et al.
(2018), who adjusted the TD approach because of its lower
factor exposure in the median threshold case.

To evaluate the performance, Table 1 shows the actual
alpha results for all three strategies. The actual portfolio
alphas are determined with the sum of the weighted true
alpha parameters, where the weights are the actual strategy
weights. Table 2 depicts the corresponding factor exposures,
calculated from the weighted characteristics.

Since the ICs of the signals are assumed to be equiva-
lent in cases of low IC concentration, there is no difference
in the performance and exposure results between the NZ
BU and GK BU approach. At low signal corr and low IC
concentration, the BU approaches achieve slightly higher
alphas compared to TD. The difference can be explained
by slightly lower factor exposures within the TD approach.

* The realizations of the characteristics and the results of the security
selection of the approaches are visualized in Fig. 5 in the “Appendix”.

However, due to the low signal correlation, the realizations
of the standard normal distributed characteristics are evenly
scattered* around zero. Therefore, in this case the BU and
TD approaches lead to similar security selections, result-
ing in a small difference in factor exposures and associated
performance results.

In the case of low signal corr and high IC concentra-
tion, the GK BU approach shows a 19% higher alpha value
compared to the NZ BU method and a 33% higher value
compared to the TD approach. While the TD and NZ BU
exposures remain unchanged, the exposure of the GK BU
approach shifts toward the y-characteristic. The GK BU
approach benefits from the higher exposure in y, since the
y-characteristic has three times more informational content
than the x-characteristic. While the GK BU is able to adapt
to the differences in the informational content, both the NZ
BU and the TD approach neglect the differences, resulting
in lower performance.

The examples of high correlation and low IC concentra-
tion show alpha results in favor of the TD approach. This
is caused by the lower number of securities included in the
TD approach. Due to the higher threshold, in combination
with highly correlated signals, the TD approach selects
fewer securities than the BU approaches. Therefore, the
TD approach is able to generate a portfolio with a higher
factor exposure. Since the IC concentration is low and the
BU approaches also distribute their exposure to both char-
acteristics equally, the higher factor exposure of the TD
approach consequently leads to a higher alpha than the BU
approaches.

At high signal corr and high IC concentration, the per-
formance of the GK BU approach proves to be much better
compared to NZ BU and TD, which can be explained by
the relatively small IC value of x compared to the y char-
acteristic. In combination with a high correlation between
the signals, the x realizations are now treated negatively in

¥
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the alpha forecast of the GK BU approach. The GK BU
approach reacts to the higher IC concentration by shifting
exposure toward the y-variable, while the exposure of the
x-variable decreases significantly. Although the unaffected
TD exposure of the y-variable is almost twice as high, the
redistribution of exposure to the variable with a higher IC
leads to a significantly higher alpha in the GK BU approach.

If we compare both cases with low IC concentration, we
can observe higher factor exposures for all strategies in the
high signal corr case. However, the alpha results are higher
in the low correlation case, showing that the higher correla-
tion between the characteristics has a reducing effect on the
performance, and factor exposures without the consideration
of the cross-correlations between the characteristics are not
sufficient to explain performance differences.

From the overall performance results in the high IC
concentration cases, it can be concluded that an exposure
distribution on signals with high informational content is
much more important than the amount of the exposures.
The improved results of the GK BU approach are not caused
by an increase in the factor exposures but by a redistribu-
tion of exposures. The factor exposure of characteristics
with high information content receives a greater weight
than the exposure of characteristics with low informational
content, leading to higher performance results of the GK
BU approach, especially in the case of a high correlation
between the signals. The GK BU approach can benefit in
particular if the sign of the IC of a characteristic is inverted
in the opposite direction, as initially assumed. A low IC
concentration thus inevitably leads to similar performance
results since the factor exposures are comparably distributed
in all approaches. Under the condition of equally distributed
factor exposures, approaches with a higher factor exposure
show slightly higher alpha results. To challenge these find-
ings in a realistic environment, we apply an out-of-sample
backtest with a practical data set and a multifactor model.

Data

We investigate the backtest results for three different data
samples. Apart from the S&P 500 (SPX), the Stoxx Europe
600 (STX) and the Nikkei 225 (NKY) are used as parent
indices. The chosen indices represent the three most rel-
evant developed equity markets and, as a whole, also cover
the majority of many global benchmark indices, such as the
MSCI World.> Compared to other regions, Europe includes

5 At the end of the investigation period, the chosen stock markets
covered 92.4% of the MSCI World Index. The data for the calculation
are based on the MSCI World weights reported by Bloomberg at the
end of June 2020.

% The dataset, including the reporting dates, is provided by the
Bloomberg database.

¥

different currency areas. To ensure that currency effects do
not influence the results, returns are measured in local cur-
rency. In particular, the assumption is made that currencies
are hedged, whereby hedging costs are not considered.

The dataset® contains firm characteristics and stock
returns from the beginning of 2002 until the end of June
2020. The reasons for not expanding the time interval can
be found in the decreasing data availability for the STX
and NKY indices and in the observation of change points
within the return generating process in the US market start-
ing in 2002/2003. In accordance with Green et al. (2017),
we observed a higher number of significant predictors of
monthly US returns prior to 2002. Due to limited space,
we do not account for time-varying predictability. However,
the question of model misspecification is partly addressed
by also including factor portfolios with a small number of
significant predictors.

With value, growth, momentum, quality and low volatil-
ity, our investigation considers five well-known factors. Each
factor is composed of several firm characteristics, whereby
the entire sample comprises 16 characteristics. The composi-
tion of the factors is based on the MSCI” factor portfolios,
because they are widely accepted in the industry. In case
of the low-volatility factor, we decided to deviate from the
MSCIT specification. The MSCI low-volatility factor uses a
minimum variance approach to reduce the overall risk of
the portfolio and thus differs from the other factors that are
based purely on firm characteristics. Therefore, we apply the
low-volatility factor using the characteristic-based method of
Chow et al. (2014). This approach fits well to the construc-
tion methods of the other factors. Furthermore, from a return
perspective, the authors found no evidence that the charac-
teristic-based approach differs from the minimum-variance
approach. Table 3 provides an overview of the applied factor
portfolios and the corresponding firm characteristics.

To ensure that the most recent data are always avail-
able and the ongoing fluctuations in price-dependent data
are taken into account, daily trailing data observations are
used. Moreover, the calculation of accounting ratios is per-
formed with the most actual data points. To guarantee that a
higher z-score will imply a higher return and vice versa, the
direction of the observations of debt to equity and earnings
variability is changed by multiplying them by negative one.
We adjust statistical outliers within our firm characteristics

7 The MSCI Global Investable Market Value and Growth Index
Methodology (September 2017), the MSCI Quality Indexes Method-
ology (June 2017) and the MSCI Momentum Indexes Methodology
(June 2017) are used as guidelines. Due to data availability, the factor
specification differs in some respects from the MSCI standard, in par-
ticular by applying trailing instead of forward data.
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Table 3 Overview: factor strategies and firm characteristics

Factor Characteristic Definition
Growth Earnings Growth 1 Year (EPSG1Y) EPSG1Y, = YoY EPS Growth,
Earnings Growth 3 Years Average (EPSG3Y) EPSG3Y, = % 2[37] YoY EPS Growth,
Internal Growth Rate (IGR) IGR, = [ITMEPS, _ TIM DPS,
4 BVPS, BVPS,
Earnings Growth Trend (EPSGT) EPSGT, = — fers
L 1/5% I EPS)|
Sales Growth Trend (SPSGT) SPSGT, = — s
TTUSEL ISP
Value Dividend Yield (DivYld) DivYld, = TMDPS,
Pf
Earnings to Price (EtP) EtP, = M EPS,
P,
Book to Price (BtP) BtP, = BVPS,
Pf
Cash Flow to Enterprise Value (CFOtEV) CFOEV, = 1M KO,
EV,
Quality Return on Equity (RoE) ROE, = ™M EPS,
! BVPS,
Debt to Equity (DtE) D(E, = 1>
BY,
Earnings Variability (EVar) p N
EVar, =4/1/53%7 ( YoY EPS-Growth, — YoY EPS—Growth,)
Momentum 6 Months Price Momentum (Pmom6M) ( LIS )—Rf,
Pron-1 !

12 Months Price Momentum (Pmom12M)

Low-volatility Inverse Beta (InvB)

Inverse Volatility (InvVola)

n-Months Price Momentum, =

Gnmm,l

InvB, = pL
LV.t

1
InvVola, = —
OLvs

With: Share Price (P), Enterprise Value (EV), Total Debt (TD), Book Value (BV), Book Value per Share (BVPS), Earnings per Share (EPS),

Sales per Share (SPS), Dividend per Share (DPS), Cash Flow from Operations (CFO), Year over Year (YoY), Trailing 12 Months (TTM). o,

mom,t

is the annualized volatility of weekly returns over last 3 years. The volatility o, , and the CAPM beta f,,, in the low-volatility factor are calcu-
lated using five-year daily data. For the calculation of EPSGT and SPSGT, the last 5 yearly restated EPS and SPS are used. fzpg and fgpg repre-
sent slope coefficients from regressions of yearly EPS and SPS observations against the number of months in the 5-year observation interval. For
a calculation example of EPSGT and SPSGT, see the MSCI Global Investable Market Value and Growth Index Methodology (p. 32, 2017)

according to the method of DeMiguel et al. (2017). For
this purpose, all of the observations greater (less) than the
defined threshold are set equal to the third (first) quartile
plus (minus) three times the interquartile range.

Since all three regions are subject to a different mon-
etary policy environment, the risk-free rate for the respective
equity market varies depending on the region. For the US
market, the one-month T-bill rate is used. The three-month
Euro Government Bond rate and the three-month Japan
Treasury Discount Bill serve as proxies for their correspond-
ing markets.®

Table 4 shows the time-series averages of the 222 cross-
sectional IC realizations within the chosen test period.
To quantify the uncertainties in the inferences, bootstrap

8 For Europe and Japan, maturities of three month have been used
because one-month bills are not available.

° The according confidence intervals are shown in Table 7 in the
“Appendix”.

standard errors (SE) and 90% and 95% confidence inter-
vals® are calculated for 100,000 bootstrap resamples. The
sample standard deviation of the average ICs, across the
bootstrap samples, serves as an estimate of the standard
error. Further the 5% (2.5%) and 95% (97.5%) centiles of
the bootstrap samples for the mean ICs are calculated to
obtain the lower and upper limits, respectively, of the con-
fidence intervals.

The majority of signals show positive mean ICs, which
are close to zero. Mean ICs where the confidence interval
does not cross zero from the 5 (2.5) and 95 (97.5) percen-
tiles of the 90% (95%) confidence interval are marked as
significant. The number of significant mean ICs within the
factors varies considerably. In terms of the informational
content and the distribution of significant signals within the
individual samples, three scenarios with different predict-
ability are identified. The SPX multifactor model exhibits
seven significant characteristics, corresponding to the case
where an investor has identified a moderate number of ex-
ante predictors, and therefore, an accurate forecast is not
likely. In contrast, the multifactor model of the STX sample

¥
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Table 4 Mean ICs and bootstrap results of the SPX, STX, and NKY samples

Factor Characteristic SPX STX NKY
Mean SE Mean SE Mean SE
Growth EPSG1Y 0.284 0.410 0.9405 0.350 1.516%x 0.626
EPSG3Y 0.097 0.370 0.645 0.369 0.127 0.742
IGR 1.179sx 0.475 0.969s 0.406 0.535 0.812
EPSGT 1.127x% 0.583 1.792x3 0.587 0.313 0.969
SPSGT 0.489 0.515 1113 0.511 —0.897 1.196
Value DivYld 0.370 0.658 —1.264 0.683 1.970s%x 0.704
EtP —0.489 0.707 —0.185 0.520 1.802: 0.817
BtP — 1.243x 0.746 — 2.429x%x 0.822 1.956xx 0.881
CFOtEV 1.076x 0.601 1.04 8 0.498 2.052: 0.730
Quality RoE 1.168:x 0.515 2.398:x 0.551 0.339 0.847
DtE 0.333 0.381 1.260: 0.476 0.639 0.828
EVar 0.204 0.420 —0.136 0.405 0.299 1.093
Momentum Pmom6M 0.448 0.801 1.472x 0.801 —0.928 0.925
Pmom12M 0.718 0.910 3.336%x 0.883 —0.301 0.925
Low volatility  InvB 3.003:x 0.852 2.84 2 0.760 0.926 0.919
InvVola 2422 0.893 2.5254%x% 0.809 0.848 0.977

This table shows (in %) the means and bootstrap standard errors of the 222 IC realizations over the whole time interval of the SPX, STX and
NKY samples from 100.000 bootstrap resamples. Mean ICs where the confidence interval does not cross zero from the 5 (2.5) and 95 (97.5) per-
centiles of the 90% (95%) confidence interval are market with one (two) asterisks
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Fig. 1 Average correlations between firm characteristics in the SPX
sample

contains twelve significant mean ICs and represents a well-
defined factor model. The NKY sample indicates a special
situation because almost all of the informative predictors are

¥

clustered into one factor. In addition to the value factor, only
the EPSG1Y characteristic is significant.

It is remarkable that the informational content of the indi-
vidual characteristics varies greatly between the samples.
Only the CFOtEV signal exhibits positive significant ICs
in all of the samples. The opposite case is reflected by the
momentum signals, which display significant characteristics
in the STX sample, no significant, positive signals in the
SPX sample and clearly negative but not significant values
in the NKY sample. The poor predictive performance of
momentum in the SPX sample is consistent with the results
of Lewellen (2015), who attributed the poor performance to
the financial crisis in 2008. The strong differences in the IC
structure among the three samples underscore the impor-
tance of applying a heterogeneous investigation. Moreover,
it also shows the need to compare the strategies in different
scenarios to produce robust results.

Figures 1, 2 and 3 report heatmaps from the time-series
averages of cross-correlations among the firm characteristics
for each data sample. As the vast majority of correlation
coefficients are less than 20%, most of the characteristics are
uncorrelated. This outcome indicates that the consideration
of multiple firm characteristics within a portfolio benefits
from diversification effects. Nevertheless, some individual
signal pairs, like RoE and IGR, Pmom6M and Pmom12M or
InvB and InvVola appear to possess a high, positive correla-
tion. Although the high correlations lead to a reducing effect
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Fig.2 Average correlations between firm characteristics in the STX
sample
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Fig.3 Average correlations between firm characteristics in the NKY
sample

on the information content of the corresponding signals, the
impact on the overall alpha forecast is rather limited since
only a few signal pairs are affected. However, the correlation
structure, especially for momentum and low volatility, has
an influence on the assessment of the factor exposure, which
is discussed in more detail in Sect. “4”.

Out-of-sample backtest

The backtest framework is chosen to resemble the realistic
investing behavior of an institutional investor, with the aim
of outperforming an underlying cap-weighted benchmark
portfolio. This goal includes the consideration of long-only
constraints, rebalancing costs, commonly used rebalanc-
ing frequencies and representative data sets. Regarding the
data set, the backtest uses only point-in-time data, i.e., only
firm characteristics that were available in the database at the
current time.'” For the estimation period, a 5-year rolling
window is used, which corresponds to 60 monthly observa-
tions. The out-of-sample evaluation interval starts in 2007
and ends in June 2020, whereby the analyzed results refer
to the multifactor settings described in Sect. 3. Regarding
the portfolio rebalancing, a monthly frequency is applied.
Trading costs caused by the rebalancing are considered
by quantifying the cost relevant volume with the portfolio
turnover rate (PTR, = Zi\;l la;;_ — a;,). The PTR deter-
mines the percentage of the portfolio that causes trading
costs. In this context, a PTR of 30% signifies that 15% of the
old portfolio is sold. Subsequently, the incoming liquidity
must be reinvested, and trading costs are incurred for 30%
of the portfolio. Following Frazzini et al. (2018), the costs
are assumed at ten basis points per traded volume. The cal-
culated costs are demarcated on the day that they arise. Con-
sequently, these costs lead to a direct reduction in the return
on the rebalancing day. To avoid bias from industry-specific
characteristics, all of the characteristics are z-score standard-
ized!! depending on their industrial specific cross-sectional
expected values and standard deviations. For the securities’
sector allocation, GICS sector classification codes are used.

To align the exposure of the BU and TD approach,
the numbers of selected securities in both approaches are
equated. Without matching, the constant number of stocks
selected by the BU approaches differ from the varying
number of stocks in the TD approach, which is caused by
multiple-picking within the TD approach. Multiple-pick-
ing describes the case in which stocks exceed the selec-
tion threshold in several characteristics and are therefore
included simultaneously in multiple factor portfolios. Since
the number of stocks within the portfolio is reduced by this
effect, uncontrolled exposure concentrations can occur,
and the comparability between the TD and BU approach
becomes arbitrary. In all three indices, the number of stocks
affected by multiple-picking is nearly identical. Approxi-
mately 83% of the selected stocks are not affected, 14% are

10 We have not applied any restated data in the estimates, but have
always used the values reported first.

' We have also conducted additional tests without sector standardi-
zation in which all results were confirmed.
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included in two factors, 2% in three factors, and less than 1%
are represented in four factors. Stocks that exceed the selec-
tion threshold in all five factors do not exist. For the purpose
of controlling the number of securities, a varying selection
threshold is used. The TD threshold is chosen to cover an
average of 25% of the stocks inside the parent index. In the
BU approaches, the number of stocks is adjusted accordingly
for each rebalancing.

Backtest results

To examine the performance of the long-only (LO) and long-
short (LS) portfolios in comparison with the associated cap-
weighted benchmark portfolios, the annualized alpha param-
eters and information ratios for each strategy are reported in
Table 5. The time series of monthly portfolio returns is used
to compute the out-of-sample portfolio alphas, which are
estimated from a regression of the portfolio returns against
the associated benchmark returns. To determine the strate-
gies’ information ratios, the portfolios’ alpha parameters are
divided by the tracking errors, calculated from the standard
deviations of the regression residuals.

Table 6 presents the corresponding average factor expo-
sures of the individual factors for the LO and LS portfo-
lios. The factor exposures are measured in accordance with
Ghayur et al. (2018) by the weighted z-scores. Regarding the
SPX sample, the only significant alpha result can be found in
the LS GK BU approach. Furthermore, the LO results of the
TD and NZ BU methods show negative performance, while
the GK BU approach qualitatively shows a positive alpha.
The poor performance for TD and NZ BU is not surprising
since the SPX sample contains many firm characteristics
with insignificant informational content. In such a case,
maximizing exposure across all characteristics may result
in high exposures to noisy characteristics. In contrast, the
GK BU approach is able to align its distribution of charac-
teristics with the ICs, resulting in lower exposure to noisy
characteristics. The STX sample provides clearly different
results, as the portfolio alphas are significantly positive in all
three strategies. This outcome can be explained by the large
amount of significant mean ICs within the sample. Con-
trary to the SPX sample, it is not advantageous to distinguish
between the informational content. Due to higher tracking
errors, the GK BU approach shows slightly lower informa-
tion ratios, even though there is no significant difference
between the approaches.

In the NKY sample, all of the characteristics with high
information content are concentrated in the value factor.
Consequently, the performance results are similar to the
SPX sample. Unlike the NZ BU and TD approach, the GK
BU approach is able to benefit from this IC structure and
achieves significant outperformance in the LS portfolio.
To determine the inference in the differences between the
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information ratios, we applied a Ledoit and Wolf (2008)
test. With a p-value of 0.096, the LS portfolio of the GK BU
approach appears to be significant against the TD method, at
a level of 10%. Moreover, the qualitative information ratio
result of the GK BU approach in the LO portfolio is much
higher, although not significant.

The exposure results in Table 6 reveal that the strategies’
factor exposures differ considerably. While the TD and the
NZ BU approach maximize the overall exposures, the GK
BU approach reaches much lower levels and even negative
exposures in some factors. The factor exposures in the LS
portfolios are on average twice'? as large as in the LO port-
folios. However, higher factor exposures do not automati-
cally lead to better performance. While in the LS GK BU
approach of the SPX and NKY sample, the alphas can be
improved to a significant level, the alphas of the TD and NZ
BU approach remain insignificant. Even in the STX sample,
the information ratios are not significantly higher, although
the LS alphas are almost twice as large as in the LO sample.

Interestingly, in all three samples, the highest exposures
of the NZ BU and TD approach can be identified in momen-
tum, low-volatility and in the growth factor, respectively.
The large factor exposure variation of the TD approach can
be mainly explained by the correlation structure of the char-
acteristics within the factors. Momentum and low-volatility
consist of two highly correlated characteristics, whereas the
correlations of the characteristics within the quality factor
are very low and in some cases negative. While in the case
of momentum and low-volatility, the characteristics increase
their factor exposure, the quality characteristics can cancel
each other out and thus reduce the quality exposure. The
correlation structure of the characteristics within the value
and growth factors are quite similar. The correlations are
low to medium, but positive. Hence, the cancelling effect
within these factors is lower compared to the effect within
the quality factor. However, characteristics of the value
factor like BtP tend to be negatively correlated with most
characteristics of the other factors. Therefore, it is likely
that the securities selected from the other factors have lower
value characteristics, resulting in an overall lower value
exposure. Instead, the growth characteristics tend to show
more positive correlations with other factor characteristics,
which benefits the growth exposure. Especially the highly
correlated characteristics IGR and RoE can be mentioned in
this context. In addition, the high growth factor exposure of
the NZ BU approach is partly caused by the large number
of characteristics compared to the other factors. Because
the NZ BU approach weights all characteristics equally, the
factor with the most characteristics gains a higher overall

12 Deviations from this observation can be explained by differences
in the cross-correlations between the characteristics for securities in
the short and long portfolios.
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weight. This outcome indicates that the factor exposures are
influenced by the factor model design.

The model design effects have an arbitrary influence on
the portfolio performance. For instance, the NZ BU and TD
methods of the STX sample benefit from the effects, because
low-volatility, momentum and growth are priced well. In the
NZ-BU approach, the highly cross-correlated characteristics
in the low-volatility and momentum factor are considered
almost twice as much as all other characteristics. Since the
ICs of the low-volatility characteristics in the SPX and addi-
tionally momentum in the STX are significantly positive,
the NZ-BU approach benefits from these modeling effects.
To quantify the impact of the modeling effect, we also cal-
culated the performance results of a model which considers
only one of the highly correlated characteristics within the
momentum and low-volatility factor. In accordance with our
argumentation, the model adjustments lead to lower alphas
and information ratios,'? especially in the NZ BU approach
of the SPX sample,'* whereas the GK BU approach is able to
maintain the performance results. A counterexample can be
observed in the NKY sample. Compared to the other meth-
ods, the GK BU approach is less affected by these arbitrary
effects, and it overweights factors with higher informa-
tional content. The advantageous performance of the GK
BU approach in the NKY sample can be deduced from the
exposure distribution. Compared to other methods, the GK
BU approach is able to adapt to the high informational con-
tent of the value characteristics, as reflected in a notably
higher value exposure, while the remaining factors except
low-volatility even show negative exposures.

The exposure results of the TD approach are in some
cases counterintuitive to the significant characteristics found
in Table 4. For example, in the SPX sample quality shows
one significant characteristic, but the quality exposure is
negative, while momentum has no significant characteris-
tics and still receives the highest factor exposure. A rea-
son for this outcome can be found in the calculation of the
factors exposures, in which all characteristics are equally
weighted. Therefore, in the GK-BU approach, the low expo-
sure of quality in both the SPX and STX samples can also
be explained by the cancelling effect of the low correlated
characteristics within the quality factor. In addition, due to
the low precision of the IC estimation, the noisy character-
istics within the quality factor may interfere with the factor
exposure. On the other hand, the momentum exposure in
the SPX sample benefits due to its highly correlated char-
acteristics, which are also negatively correlated with the
value characteristics and positively correlated with all other

13 The performance results without the Pmom6M and InvVola char-
acteristics are shown in Table 8 in the “Appendix”.

14 The relative strength results for the LS strategies of SPX sample
are shown in Fig. 7 in the “Appendix”.

factors. Consequently, the momentum factor exposure ben-
efits from both the low exposure in value and the positive
exposures of the other factors. In the NKY sample, the expo-
sure to the low-volatility factor is also high, even if the ICs
are not significant. The small but positive correlations of the
low-volatility characteristics with the value characteristics
contribute to the low-volatility exposure.

Figure 4 depicts the relative strength result charts of the
LS’ strategies for the SPX, STX and NKY samples. We
calculate the relative strength as the ratio of price changes
based on the log returns of the strategy portfolios compared
to the benchmark portfolios, scaled to an initial value of 100.
In SPX LS sample, the relative strength lines show that the
GK BU approach is capable to generate continuous excess
returns, while the NZ BU and TD approach have a longer
interval of underperformance since 2008. In contrast, with
the well-priced factor model of the STX sample, all of the
approaches exhibit related and significant outperformance.
A different picture is demonstrated by the NKY sample
chart. Compared to the TD and NZ BU approach, the GK
BU approach is able to benefit from the consideration of the
high concentration of significant information coefficients in
the value factor. The overweight in defensive stocks leads
to a particularly high outperformance during the financial
crisis in 2008. Thereafter, the curve flattened somewhat, but
is still stronger compared to the TD and GK BU approach.

Overall, the backtest results confirm the propositions
from the simplified simulation results. Without distinguish-
ing between the informational content of the firm character-
istics, the approaches lead to a related performance, regard-
less of whether the bottom-up or top-down approach is used.
The discrimination between interaction effects is not neces-
sary if all characteristics are priced equally well. However, if
there is a difference in the informational content, character-
ized by a high concentration of significant mean ICs, the GK
BU approach is able to obtain a higher alpha. Encouraged
by the factor exposure results, it can be concluded that it is
more important to affect the right factors than to maximize
the factor exposures of all of the factors. Due to its abil-
ity to consider the full range of interaction effects, the BU
approach has a major benefit over the TD approach.

Conclusion

In this article, we contribute to present TD versus BU
approach discussion. Proponents of the BU approach argue
that it benefits from considering interaction effects. How-
ever, both approaches integrate characteristics with equal

15 The according results for the LO portfolios are shown in the
“Appendix” in Fig. 6.
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Table 5 Backtest results of the

Method Alpha Information ratio
SPX, STX and NKY samples
SPX (%) STX (%) NKY (%) SPX STX NKY

LO TD —1.08 2. 543 —0.85 —0.26 0.58 —0.16
NZ BU —0.30 3263k = 0.67 —0.08 0.73 —0.12
GK BU 0.47 3.2 2.36 0.08 0.53 0.26

LS TD 1.89 5.22sk5% —0.95 0.26 0.77 —0.10
NZ BU 4.18 62843k 0.66 0.44 0.85 0.05
GK BU 5.53x% 5.9Ts% 5.74%x 0.52 0.69 0.55

Significant alpha parameters are marked with asterisks. One, two or three asterisks represent the signifi-
cance of the test, i.e., the rejection of the null hypothesis, with a level of probability of 10%, 5% and 1%,

respectively
Table 6 Average factor Factor Strategy Factor exposure
exposures
Growth (%) Value (%) Quality (%) Momentum (%) Low-volatility (%)
LO SPX TD 32.02 19.14 16.78 43.42 34.14
NZ BU 46.32 28.42 27.72 57.40 56.56
GK BU 15.45 7.09 —16.32 20.67 17.61
STX TD 31.32 17.28 21.59 47.36 37.83
NZ BU 47.27 26.20 34.69 61.01 49.92
GK BU 22.04 —1.94 12.30 36.19 28.79
NKY TD 36.71 10.75 19.35 43.30 34.68
NZ BU 53.47 32.16 36.36 51.23 49.70
GK BU —3.21 56.55 —8.95 —20.53 29.73
LS SPX TD 60.95 24.96 70.15 77.31 100.06
NZ BU 108.25 48.86 90.65 103.46 124.17
GK BU 39.21 —6.65 —13.64 50.21 33.72
STX TD 60.58 13.34 67.82 82.89 86.48
NZ BU 104.38 44.03 89.21 111.03 102.80
GK BU 46.84 —9.03 29.34 65.26 4342
NKY TD 78.10 32.95 80.63 77.31 84.31
NZ BU 124.31 61.78 111.18 99.58 105.62
GK BU —8.60 100.93 —2.66 —39.93 48.12

Factor exposures are determined by the weighted z-scores where the portfolio weights are applied. Aver-
ages are calculated from the time series of the cross-sectional results

weights, which can be identified as a naive way of alpha
forecasting. In the case of naive alpha forecasts, we confirm
the findings that the TD and BU approach show no signifi-
cant performance differences. Moreover, the equal-weighted
approach provides an explanation for the disagreement in
previous studies. The findings from the simplified simula-
tion, as well as from the out-of-sample backtest, indicate that
uncontrolled differences in the informational content of the
firm characteristics can lead to biased performance results.

Since the naive integration ignores interaction effects
from differences in informational content and correlations
between firm characteristics, this paper complements the
bottom-up approach for the missing interaction effects by
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implementing an alpha forecasting framework. The empiri-
cal results show that the application of an alpha forecasting
framework leads to significant performance improvement
in factor models with a high concentration of informational
content. In contrast, the naive combination exhibits no per-
formance differences between the approaches. The consid-
eration of interaction effects between the applied firm char-
acteristics is revealed to be an advantage of the bottom-up
approach.

Our findings exhibit important practical implications.
For the TD approach, the implementation of a linear alpha
forecasting model conflicts with its most important benefit,
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Fig.4 Relative strength results of long-short multifactor portfolios.
The relative strength results of all approaches in relation to their
underlying indices are displayed by the colored lines

which can be found in its simplicity. The main difference
between the TD and BU approach is the consideration of
interaction effects. But the only way in which the common
naive BU approach is able to consider interaction effects is
by allowing firm characteristics to add up or cancel out each
other. Therefore, if practitioners decide on the bottom-up
approach due to its ability to consider interaction effects, it
seems to be a logical consequence of extending the approach
for the full range of interaction effects. Without this exten-
sion, the BU approach provides no benefit compared to the
TD approach. Further, even if portfolio managers still decide
for the simple solution of the TD approach, our results pro-
vide reasonable arguments to test for the differences of infor-
mational content and correlations between firm character-
istics. In cases with high concentrations of informational
content or strongly correlated firm characteristics, portfolio
managers might want to recalibrate their factor models to
avoid unintended factor exposures.
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Appendix

See Figs. 5, 6, 7 and Tables 7, 8.
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Fig.5 Security selection results of the GK BU and TD approach for
four different scenarios: Low signal corr and low IC concentration
(a), low signal corr and high IC concentration (b), high signal corr
and low IC concentration (c), high signal corr and high IC concen-
tration (d). Since the signals’ ICs in the low IC concentration cases
are equal, the results of the NZ BU approach in a and c¢ are identi-
cal to the results of the GK BU approach. Therefore, an additional
illustration of the NZ BU approach can be omitted. Securities that are

X

(d) High corr and high IC concentration

simultaneously selected by the BU and TD approach are represented
by a (blue) circled plus sign. The (orange) plus sign without the cir-
cle depicts securities only selected by the BU approach. Securities
selected solely by the TD approach have a (green) diamond sign, and
those not included in any portfolio are marked with a (red) cross. For
better visualization, the dashed line marks the selection border of the
BU approach
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Fig.6 Relative strength results
of long-only multifactor
portfolios. The relative strength
results of all approaches in rela-
tion to their underlying indices
are displayed by the colored
lines
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