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1 General Introduction
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1.1 Motivation and Background

This thesis consists of three individual articles related to the cross-sectional and time-series

predictability of expected returns. The research questions are unified by their clear focus

on portfolio sorts as one of the most commonly used statistical methodologies in empirical

asset pricing. This approach sorts stocks into portfolios based on firm-level characteristics and

examines their performance going forward (see Bali et al. 2016, for a broad introduction to

standard methods used in empirical asset pricing). Furthermore, the three articles are unified

by a focus on the replication of empirical asset pricing research. To motivate the individual

articles, this synopsis starts with a brief review of general methodological approaches related

to empirical asset pricing.

1.1.1 Risk, Returns, and Factor Models

Asset pricing is essentially concerned with understanding why certain assets have higher ex-

pected returns than others.1 However, explaining the cross-section of expected returns has been

a significant challenge in the asset pricing literature. A common approach is to use factor mod-

els, which explain asset returns by identifying factors that systematically influence expected

returns. The simplest approach is to use models with only one factor. One of the most widely

used single factor models is the Capital Asset Pricing Model (CAPM) developed by Sharpe

(1964), Lintner (1965) and Mossin (1966).2 Under certain assumptions, the single factor has to

be the market portfolio (see, e.g., Cochrane 2009, for details). An asset that is highly exposed

to the market factor (MktRF) is risky because it will perform poorly in market downturns and

well in market upturns, which results in a high variability of future wealth. To compensate

for this undesirable characteristic, it must offer high expected returns to persuade risk-averse

investors to hold it. On the other hand, an asset with low exposure to the market factor is less

risky. Therefore, it is associated with a lower volatility of future wealth, which implies a lower

expected return.

Besides single-factor models, there are multi-factor models that are more strongly empiri-

cally oriented and largely motivated by the Arbitrage Pricing Theory (APT) of Ross (1976).

1Cochrane (2009) and Campbell (2017) provide textbook treatments. They also review the basic concepts
laid out here in much greater depth.

2Here are also included several extensions of the CAPM, e.g. the intertemporal CAPM by Merton (1973),
or the consumption CAPM by Breeden et al. (1989).
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The idea behind the APT is that there is a predictable component in asset returns that common

factors can explain. Anything that cannot be explained by these factors is the idiosyncratic

component. Because investors can diversify exposure to the idiosyncratic component by form-

ing portfolios, the completely idiosyncratic movement in asset returns should not be associated

with a risk premium. Therefore, the expected return on an asset should only depend on its

covariance with the factors. Therefore, the point of APT is to start by statistically analyzing

the covariance matrix of returns and infer expected returns from it.

Building on the APT, various factor models have been introduced based on firm charac-

teristics. Some of these alternative models (and perhaps the most popular) are the Fama and

French (1993) three-factor model, the Carhart (1997) four-factor model, and the Fama and

French (2015) five-factor model. The Fama and French (1993) three-factor model has become

one of the cornerstone findings of empirical examinations of stock return predictability. It in-

cludes the market factor (MktRF), the size factor (SMB), and the value factor (HML). The

size factor, which is known as small minus big (SMB), refers to the observation that stocks

with large market capitalizations (big stocks) tend to have lower returns than stocks with small

market capitalizations (small stocks). Specifically, this size-related result states that market

capitalization can predict the cross-section of future stock returns. Under a risk-based inter-

pretation of factor models, small stocks are more risky than big stocks. Next, the value factor,

known as high minus low (HML), refers to the fact that value stocks, which are defined as

stocks with low prices relative to the book value of equity, generate higher returns than growth

stocks (i.e. stocks with high prices relative to these measures of fundamental value). Under

a risk-based interpretation, growth stocks are less risky than value stocks. The other factor

models mentioned above, such as the Carhart (1997) model, which adds a momentum factor

to the Fama and French (1993) three-factor model to account for momentum anomaly, and the

Fama and French (2015) five-factor model, which adds profitability and investment factors, are

also widely used by academic researchers to evaluate the performance of financial assets (e.g.,

Goyal 2012).
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1.1.2 Replication in Empirical Asset Pricing

The previous subsection shows that there is no single clear-cut answer to the fundamental

question about asset pricing: Why do some assets offer higher returns than others? From

an empirical perspective, researchers have to work with factor models that best fit the data.

Goyal (2012) states that theory development has gone hand in hand with empirical analysis.

Therefore, “theorists develop models with testable predictions; empirical researchers document

“puzzles” – stylized facts that fail to fit established theories – and this stimulates the develop-

ment of new theories” (Campbell 2000, page 1). However, finding a model that best fits the

empirical characteristics of asset returns is not straightforward. As Cochrane (2011) criticizes,

the number of factors has sharply increased over the past few decades (Harvey et al. 2016, doc-

ument 315 factors), which is often referred to as the “factor zoo”, and questions the economic

interpretation behind each factor.

Moreover, despite the popularity of factor models, there is an ongoing debate that the factors

included in these models are often based solely on the United States (US) stock market. Indeed,

Karolyi (2016) shows that, from 1990 to 2011, only 16% of the empirical studies published in

top finance journals such as The Journal of Finance, The Review of Financial Studies, Journal

of Financial Economics, and Journal of Financial and Quantitative Analysis examined non-US

markets. However, the results documented for the US could be driven by “p-hacking”, “data

snooping”, “HARKing” (i.e., hypothesizing after the results are known) and would therefore

be sample-specific. In this case, they will rarely show up in an international sample. Therefore,

the replication and generalization of US studies are desirable for improving the robustness of

empirical results.

This thesis reflects the critical discourse that empirical finance faces a replication crisis (see,

e.g., Hou et al. 2020, Harvey et al. 2016, Harvey 2017, McLean and Pontiff 2016, Jacobs 2016,

Jacobs and Müller 2020, Chen and Zimmermann 2022, Jensen et al. 2023, Menkveld et al.

2024). In his presidential address, Campbell R. Harvey, the former president of the American

Finance Association, emphasized the lack of a replication culture in empirical finance compared

to other disciplines (Harvey 2017). The replication crisis stems from the incentives generally

faced by academics. Journals are interested in results that change how the reader thinks about

a certain issue. Therefore, researchers are most likely to publish significant results that support
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an unlikely ex-ante hypothesis. Once such a result is established, replication studies are simply

not interesting or thought-provoking enough and are rarely published in the top three finance

journals.3 These incentives lead to publication bias, which means that most published studies

present statistically significant results (Chen and Zimmermann 2023).

The incentives faced by researchers suggest that a significant proportion of published papers

may well present statistically significant results that support a hypothesis that is actually

incorrect. Consistent with this idea, Harvey et al. (2016, page 5) argue that “most claimed

research findings in finance are likely to be false”. The debate calls for empirical research. The

results are mixed. Hou et al. (2020, page 2020) find that “most anomalies fail to replicate”.

However, recent meta-analyses (e.g., Chen and Zimmermann 2022, Jensen et al. 2023) contradict

these findings and add to the evidence that research on cross-sectional return predictability is

quite credible (see, e.g., McLean and Pontiff 2016, Jacobs and Müller 2020).

The empirical studies cited above can be subdivided into pure and scientific replications

(Hamermesh 2007). Pure replications attempt to replicate the same results using the same

data. In empirical asset pricing, prominent examples include studies by Chen and Zimmermann

(2022) and McLean and Pontiff (2016). In particular, Chen and Zimmermann (2022) take great

care to use the same data and the same methods as the original papers. By contrast, scientific

replications attempt to obtain essentially similar results by examining the same study with

different data or the same data using different methods. Scientific replications in empirical

finance can be conducted with US data. Some authors define a set of rules for portfolio sorts

that they apply to a long list of anomalies (Hou et al. 2020, Jensen et al. 2023). Alternatively

(or complementary), scientific replication may use international data (Jacobs and Müller 2020,

Jensen et al. 2023).

Published scientific replications generally use one set of rules to examine all anomalies (see,

e.g., Jacobs and Müller 2020, Hou et al. 2020, Jensen et al. 2023). For example, they usually

use the same breakpoints to build long-short portfolios based on a cross-sectional characteristic.

While this approach successfully restricts the researchers’ choice set, it raises a new question:

How likely is it that one set of rules fits all empirical questions? For example, think of a

very simple framework where expected returns are a function of two characteristics x1 and x2.

3The top three finance journals are The Journal of Finance, The Review of Financial Studies, and Journal
of Financial Economics.
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There is a linear relationship between expected returns and x1. Furthermore, expected returns

are increased by the same amount for extreme absolute values of x2, such as for the decile of

stocks with highest x2 and the lowest x2 values. A median split based on x1 would correctly

identify return predictability for x1. A median split based on x2 would incorrectly reject return

predictability for x2. The problem is exaggerated if replications use international data. The

US is the most extreme international market in terms of market capitalization. Thus, it seems

unlikely that rules developed for the most extreme market would fit all international markets

equally well.

One way to examine what results to expect for different data-generating processes is to use

simulations. Many recent papers that apply methods from machine learning to empirical asset

pricing use simulations to illustrate the proposed empirical approach’s ability to detect certain

forms of return predictability (see, e.g., Gu et al. 2020). There seems to be an additional need

for simulations that examine new and old methods used in empirical asset pricing.

1.1.3 Outline of the Thesis

This cumulative dissertation consists of two scientific replications with international data, one

simulation study, and one technical chapter that details how to work with international data

from Eikon (Datastream). Two main approaches for testing factor asset pricing models are

used: time-series and cross-sectional regressions. The scientific replications are based on the

widely used Fama and French (1993) three-factor model and a behavioral factor model by

Kumar et al. (2021) based on attention-induced overpricing. Figure 1.1 shows how the essays

included in this thesis can be situated within the landscape of recent literature.

Chapter 2 and 3 contain international replications in the field of empirical asset pricing.

These essays examine the cross-sectional predictability of expected returns based on portfolio

analyses. In one of the most cited papers on asset pricing, Fama and French (1993) propose

that sensitivities to returns on three long-short portfolios – MktRF, SMB, and HML – explain

the cross-section of expected stock returns. This three-factor model has revolutionized asset

pricing and become the model of choice for empirical researchers. As a result, it is used by

academics to measure factor-adjusted returns on mutual funds, stocks, and other investments

(see, e.g., Goyal 2012). Not only is the model taught to PhD and MBA students, it has also
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had a tremendous impact in practice, where it has been used to evaluate real and financial

investment decisions. Chapter 2 explores the external validity of the cross-sectional Fama and

French (1993) three-factor model and further studies based on this model through international

(scientific) replication in a large global sample of 77 countries.

The second essay (Chapter 3) investigates how cognitive biases influence investors’ decisions

and subsequently impact asset prices. It contributes to the literature on behavioral asset pricing

and examines the extent to which the results of the previous studies by Kumar et al. (2021) and

Bali et al. (2011) can be generalized to both international samples and more recent time-series

periods.

Figure 1.1: Thesis overview
This figure illustrates how the thesis is organized into the framework of cross-sectional and time-series pre-

dictability of expected returns.

Although the traditional (cross-sectional) asset pricing literature focuses on model valida-

tion based on in-sample performance, more recent studies increasingly rely on out-of-sample

performance. It is no coincidence that these papers are mainly based on machine learning

methods that are known to be prone to in-sample overfitting and are therefore traditionally

evaluated out-of-sample. However, given the extremely low signal-to-noise ratio in financial

return data, it is not evident which range of values for popular metrics, such as the out-of-

sample R2 and the Sharpe ratio, can be expected from asset pricing models, particularly which

threshold should prompt researchers to reject or accept a model. Thus, Chapter 4 of this thesis,

7



which is co-authored with Alexander Klos and Niklas Reinhardt, presents a simulation study on

out-of-sample time series predictability to investigate such a benchmark for empirical studies.

Chapter 5 (Supplementary Appendix) discusses in detail the data preparation process using

Eikon (Datastream). Similar to US equity data, Datastream by Eikon (formerly known as

Thomson Reuters Datastream) is the standard for empirical research on international equity

markets and thus one of the few data providers for international replication studies. Dai et al.’s

(2023) textual analysis of 52,497 Social Science Research Network (SSRN) finance articles from

2001 to 2019 shows that the trend of empirical articles increased from 68% at the beginning of

the sample to 85% by the end of the sample. The average number of databases per empirical

article also increased from 2.89 to 4.66 (Dai et al. 2023). Statistics show that around five

different databases have been used in the last decade. However, only 10% of SSRN articles

used Datastream (Dai and Drechsler 2021). There are several reasons for this phenomenon.

The most important, however, is that Datastream primarily focuses on providing accurate data

for currently active companies for practical use rather than historical data for researchers. As a

result, much work has been done in the last decade on using Datastream for research purposes.

A paper by Ince and Porter (2006) is the first formal assessment of Datastream’s suitability as

an academic research database. Following their work, other studies (see, e.g., Griffin et al. 2010,

Hou et al. 2011) contributed to the literature on pre-processing monthly data on Datastream

and were published in one of the top three finance journals. These studies have been central to

research on international asset pricing (see, e.g., McLean and Pontiff 2016, Jacobs 2016, Jacobs

and Müller 2020). A few papers such as those by Karolyi et al. (2012), Schmidt et al. (2019)

and Landis and Skouras (2021), go further and address issues related to processing daily data

for international asset pricing research. Nevertheless, only a handful of papers on international

asset pricing use daily data (see, e.g., Karolyi et al. 2012, Chen and Zimmermann 2022, Jensen

et al. 2023). This is unsurprising, as the daily data on Datastream is more prone to error than

monthly data. Consequently, the accuracy of data extraction and screening has significant

quality implications. Therefore, a methodological contribution of this thesis is a comprehensive

international market data set for 107 countries, on which the two essays presented in Chapters

2 and 3 are based. The Supplementary Appendix, which concludes the thesis, is an extended

work on the filter rules from the existing literature used to prepare an international sample.
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1.1.4 Summary of Main Results

This thesis consists of three essays that focus on out-of-sample validity and cross-sectional

predictability of expected returns.

The first essay (Chapter 2) is titled “International Fama-French Factors: Constructability

and Dispersion in Average Returns” and focuses on two of the most commonly used factors

in research and investment practice: the size factor (SMB) and the value factor (HML) from

the Fama and French (1993) three-factor model. The paper analyzes differences between the

methodologies used by five research teams that calculate international SMB and HML factors,

i.e., Fama and French (2012), Schmidt et al. (2019), Hanauer (2020), Landis and Skouras (2021)

and Jensen et al. (2023). A salient difference between these five publications is the choice of

cross-sectional breakpoints to define small and big stocks. Some authors follow Fama and

French’s (1993) original choice for the US and use a median split. Others define a big and a

small stock as the largest 10% and the smallest 10% in terms of market capitalization. I show

that more extreme sorts lead to higher average returns for local SMB factors. However, the

small number of stocks available for some countries limits the constructability of international

factors, that is, international SMB and HML factors cannot be constructed simply because

the number of stocks that are classified as big or small is too low. This paper documents the

problem in a large sample of 77 countries and discusses potential remedies. In contrast to

SMB, international researchers do not use different breakpoints and instead differ in terms of

how to define book value when building HML. I show that average returns of HML are not

systematically affected by these choices.

The second essay (Chapter 3) is titled “Investment Strategies Using Daily Return Signals:

International Evidence” and examines the cross-sectional predictability of quantitative invest-

ment strategies based on daily returns in international markets. These strategies are the well-

known and established maximum daily return (MAX) factor elaborated by Bali et al. (2011)

and the recently proposed “Never-Both” strategy developed by Kumar et al. (2021). MAX

sorts stocks based on the highest daily return over the previous month. “Never-Both” starts by

classifying stocks as winners and losers each day. The strategy shorts all stocks that were daily

winners or losers in the previous month and longs all stocks that never belonged to one of these

groups. The economic explanation for both forms of return predictability is similar. Excess
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demand that is potentially caused by increased attention or preference for positive skewness

(so-called lottery-type stocks) pushes market prices above the respective fundamental values.

Returns reverse to their fundamental prices over the subsequent period and generate positive

returns for the long-short strategy.

This paper applies these two quantitative investment strategies to international equity mar-

kets. I build a comprehensive data set from Eikon that covers 57 countries from December 1984

to December 2021. I illustrate that the construction details of daily quantitative strategies tend

to be sample-specific and cannot be directly extrapolated to an international setting. Details,

especially the number of stocks available in a country or a region, must be taken into account.

Overall, I find that both effects, MAX and “Never-Both”, are internationally robust, especially

in large cross-sections.

The third essay (Chapter 4) is titled “Assessing the Information Content of In-sample

and Out-of-sample R2 and Portfolio Returns in a Simple Simulation” and investigates the

predictability of returns in a thought experiment and a simulation study. The predictability of

returns is one of the main concerns in empirical finance. However, the extremely low signal-

to-noise ratio of return data and the large number of performance measures make it difficult

to achieve consensus results. Using a thought experiment and a simulation study, my co-

authors and I evaluate several in-sample and out-of-sample measures based on different return-

generating processes and provide benchmarks for values to be expected. We document three

major findings. First, a large positive R2 reliably indicates return predictability, while a small

or even negative R2 is not a sufficient signal for lack of predictability. By contrast, signal-based

portfolio returns that are close to zero are associated with a lack of predictability. Second,

in-sample results are prone to overfitting, while out-of-sample tests reliably detect weak return

predictability in realistic sample sizes. Third, predictability measures are adversely affected by

even simple misspecifications.
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1.2 Authors’ Contribution Statements

In this subsection, the contributors to the articles of this cumulative dissertation are outlined

based on DFG “Leitlinien zur Sicherung guter wissenschaftlicher Praxis” and are shown in the

following Table 1.1.4

4See https://www.dfg.de/blob/173732/resource/kodex-gwp-data.pdf for details.
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2.1 Introduction

Since the seminal work of Fama and French (1993), the three-factor model (FF3), including

excess return on the market (MktRF), small minus big stocks (SMB), and value minus growth

stocks (HML), has become a standard benchmark in both empirical research and applied invest-

ment valuation. When constructing the SMB and HML factors in non-US markets, researchers

apply slight modifications of Fama and French’s (1993) approach to other countries. To do so,

they start by constructing sub-portfolios for the SMB and HML factors. Six sub-portfolios are

built from the intersection of the two size groups, small (S) and large (B), and the three book-

to-market ratio groups, low (L), medium (M), and high (H), which are independently sorted.

The method requires all six sub-portfolios to be filled. Then, from the monthly value-weighted

returns of these six sub-portfolios, the SMB and HML factors for each country are defined as

follows:

SMBt =
r
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t + r
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t + r

S/H
t

3
− r

B/L
t + r
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t + r
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2
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2
. (2.2)

My paper shows that the FF3 methodology cannot be straightforwardly transferred to non-

US markets. Researchers face a non-trivial trade-off when constructing SMB and HML on a

country-by-country basis. To see this, note that some of the available international FF3 factors

make extreme size sorts (see Table 2.2 for details). For example, Hanauer (2020) defines big

stocks as those larger than the monthly 90%-quantile size distribution within a country. Even

a seemingly large cross-section may produce little — if any — large value stocks if only 10%

of stocks are classified as large. Therefore, some sub-portfolios are most likely empty in many

smaller countries. My results provide a rationale for this rather extreme choice. Internationally,

the size effect is concentrated in the extremes. That is, only the smallest stocks outperform big

stocks. Less extreme sorts, such as a median split, do not usually lead to a positive size effect.

Therefore, a trade-off exists between the constructability of the six FF3 sub-portfolios and the

magnitude of the size effect.

Researchers have dealt with this trade-off differently and made seemingly innocuous deci-

sions. Although these decisions involve several degrees of freedom, they lead to remarkably
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different results. The problem is illustrated by the case of Japan in Figure 2.1. It shows the cu-

mulated value-weighted return of the size and value factors from July 1991 to December 2015

calculated by five different research teams: Fama and French (2012), Schmidt et al. (2019),

Hanauer (2020), Landis and Skouras (2021) and Jensen et al. (2023).5 Even for a largely cap-

italized developed country such as Japan, there are significant differences between reported

SMB and HML returns.6 An investment of 1 US dollar (USD) in the HML long-short portfolio

would have grown to USD 2.5 in 2016 according to Fama and French (2012) and USD 6 accord-

ing to Jensen et al. (2023). For SMB, even qualitative interpretations differ. According to the

definition of the size effect, if a USD 1 investment in the SMB portfolio grows, then small stocks

have outperformed large stocks. However, the portfolios of Fama and French (2012), Schmidt

et al. (2019), Landis and Skouras (2021) and Hanauer (2020) indicate that large stocks outper-

form small stocks as the USD 1 investment shrinks, while Jensen et al.’s (2023) size portfolio

has a roughly zero return over the same time period. Therefore, Japan’s example shows that,

in contrast to Jensen et al.’s (2023) findings, there is a reverse size effect in the long-short

portfolios of Fama and French (2012), Schmidt et al. (2019), Landis and Skouras (2021) and

Hanauer (2020). Using data from various other countries, I show that the observed differences

in factor returns in Japan are the rule rather than the exception.

I add to the literature on local factors by examining the trade-off between constructability

and magnitude of the size and value effect in a comprehensive sample of 77 countries, including

small countries with few stocks.7 My goal is to investigate whether and how FF3 factors

can be locally constructed and what the economic consequences of the methodological choices

are. Ideally, different assumptions should not yield vastly different time-series averages for the

monthly factor returns. However, I show that the choice of breakpoints that define large and

small stocks can lead to an average return of the SMB factor that is either close to zero or large

and significantly positive.

5Japan is treated as a region in Fama and French (2012, 2017), while the other researchers calculate local
factors. It is the only country where I obtain factor returns from all five research teams. I download these
factors from the respective authors’ websites as listed in the Table 2.2. Landis and Skouras’s (2021) factors
are only available until December 2015, so I analyze factors of the five research teams between July 1991 and
December 2015.

6This is even more evidenced by the rather low correlations between computed factor return series in Table
2.6 in the Appendix.

7The raw data set includes a cross-section of 107 countries for which market data is available from Datas-
tream via Eikon. These countries and their market data are filtered through an extensive filtering process that
includes 21 static and dynamic filtering rules for data quality purposes. Details on the compilation process and
the filters can be found in Table 5.3 in the Supplementary Appendix, Chapter 5.
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Figure 2.1: SMB and HML for the Japanese stock market
This figure plots the cumulated performance of the monthly time series of SMB and HML from five different

researcher teams in the international asset pricing literature for Japan. The value-weighted returns are in

percent per month and denominated in US dollar (USD). The time period ranges from 07/1991 to 12/2015.

Details on the construction of the factors can be found in Table 2.2.

By contrast, all researchers who construct international size and value factors have con-

sistently subdivided the cross-section of stocks into three roughly equally sized groups for the

value-versus-growth sort. So, the existing FF3 factors rather differ in terms of how to define the

book value of a stock (see Table 2.2 for details). I show that these choices do not have a crucial

impact on the constructability of the HML factor in most countries. However, methodological

variations make HML a noisy statistic. While the time-series average of a local HML portfolio

does not systematically vary according to the rules of how value factor is constructed, variabil-
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ity across different specifications is higher for value than for size. In short, more extreme sorts

lead to higher SMB returns, while dispersion in HML across the reported returns by different

researchers is largely noise.

To the best of my knowledge, my paper is the first to analyze in detail how variation in

methodological choices affects international SMB and HML returns. A deep understanding of

the sources and consequences of these differences is more important for size and value than for

other long-short portfolios. This stems from the FF3 factor model being the most common

benchmark used by empirical researchers to explain the cross-section of expected stock returns.

FF3 alphas often serve as the main indicator of whether the investigated portfolio strategies

generate positive excess return to compesate for systematic risk. Furthermore, they are heavily

used in the financial industry to measure the performance of investment strategies.

My paper also informs the ongoing debate on whether global, regional, or local factor models

best describe the cross-section of international equity returns. Its contributions are two-fold.

First, a disadvantage of local factors is that the sub-portfolios used to define them either consist

of only a few stocks or are empty. I quantitatively show how the number of available stocks in

a country maps to the probability of being able to construct SMB and HML. Second, previous

empirical investigations are usually based on one set of rules that determines how to build

the factors (see, e.g., Fama and French 2012, 2017, Hanauer 2020, Landis and Skouras 2021,

Schmidt et al. 2019, Hollstein 2022, Jensen et al. 2023). It is unclear how changing the rules

affects empirical results. However, this is important, as it is difficult to determine on purely

conceptual grounds how SMB and HML should be constructed.

I proceed as follows. First, I address whether local FF3 factors can be reasonably constructed

under 45 different methodological designs in an international data set. This is particularly

important for markets with a small number of available stocks. The Eikon data set covers 77

countries, which are classified by Morgan Stanley Capital International (MSCI) into developed,

emerging, frontier, and standalone markets.8 The 45 computational designs combine different

8MSCI annually reviews global equity markets to determine whether they should be classified as devel-
oped, emerging, frontier, or standalone. The MSCI market classification is based on three criteria: economic
development, size and liquidity, and market accessibility. While the terms ”developed” and ”emerging” are
well established in the literature, ”frontier markets” are less developed regions with higher risk, less regula-
tion, and greater political and economic instability than developed and emerging markets. Standalone markets
may be newly eligible markets not previously covered by MSCI or markets that were previously classified as
developed, emerging, or frontier markets but have fallen into the standalone classification due to deterioration
in market accessibility, size, and liquidity. For more details, see https://www.msci.com/documents/1296102/
e7613c4f-f16c-b039-f69a-fbdaafed579f.
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methodological decisions in the international literature on FF3 factors. For each of these 45

sets of decisions, I calculate the number of stocks in each 2x3 FF3 sub-portfolio and the time

series average of the SMB and HML factor returns. I use logit regressions to investigate which

methodological decisions are more likely to lead to a reasonable construction of local factors.

In particular, I estimate the probability of the factor being built under a given design for a

given number of required stocks in each sub-portfolio. Second, I measure the dispersion of each

country’s average factor returns for the 45 specifications. To adequately assess the dispersion

scales, I compare them to the dispersion of factor returns built by five international research

teams. The dispersion measures are used to assess the extent to which the computational design

influenced local factor returns across countries. The analysis reveals that dispersion measures

are lower in developed countries and that the lower the country’s market capitalization, the

higher the return variability due to methodological choices. More importantly, while differences

in study design may affect factor returns at the country level, aggregate results for all countries

indicate that average factor returns vary only moderately, with one crucial exception: the

choice of breakpoints for sorting stocks by size systematically influences the magnitude of the

size effect.

The remainder of this paper is structured as follows. Section 2.2 illustrates the different

strands of literature that relate to this study. Then, Section 2.3 discusses methodological

choices by the literature on local FF3 factors, the data I use to construct the FF3 factors at

the international level, and the empirical approach. Finally, Section 2.4 contains concluding

remarks.

2.2 Related Literature

This paper is related to the recent contributions of Hasler (2023) and Walter et al. (2024).

Hasler (2023) examines the original HML portfolio from Fama and French (1993) in the US

stock market. By testing various reasonable alternatives for six key decisions taken to construct

the HML portfolio, Hasler (2023) shows that these alternatives consistently yield significantly

lower returns than the original.9 This suggests that the original decisions likely benefited from

9The six key decisions for constructing the original HML portfolio that could have been replaced by equally
reasonable alternatives consist of the timing of book equity, the timing of market equity, firms with negative book
equity, the exclusion of financial firms, the breakpoints for sorting into value, neutral and growth sub-portfolios,
and the timing of market equity for sorting into small and large sub-portfolios.

18



chance, which lead to an upward bias. Furthermore, Walter et al. (2024) examine the variation

in estimated return differentials for several sorting variables of factors (e.g., momentum, size,

profitability, value, etc.) in the US sample which arise from 14 common methodological choices.

Although the variation in estimated return differentials is significant, it is robust in terms of

sign and statistical significance. My paper is different and contributes to this literature by

focusing not only on the variation in average factor returns but also on the constructability of

the local size and value factors. Moreover, I investigate the most studied size and value from

FF3 factors in an international sample of 77 countries. Thus, I test 45 different specifications

related to three crucial decisions: the breakpoints for the size factor, the timing of the book

equity, and the calculation method of the book-to-market ratio for the value factor. I show

that HML is more sensitive to decisions compared to SMB. These decisions influence the trade-

off between constructability and signal strength when constructing international FF3 factors,

but the average HML factor return does not systematically depend on them. The noise in the

decisions drives the variability in the time-series average of the monthly return. This observation

is important because one might assume that it applies to SMB. However, the methodological

choices lead to a SMB factor mean that is either close to zero or positive, without considerable

variation in the two extremes.

In addition, my paper is related to a second strand of research that focuses on the ongoing

debate on the choice of global, regional, or local factor models that best characterize the cross-

section of international equity returns. The theoretical literature advocates for global factor

models (Stulz 1981), while the empirical literature is divided over those who espouse the use

of regional factor models (Fama and French 2012, 2017) and those who favor the use of local

factor models (see, e.g., Hou et al. 2011, Griffin 2002, Griffin et al. 2010, Hollstein 2022). I

contribute to this literature by showing that seemingly minor changes how SMB and HML are

constructed lead to substantial noise in the time series of local factor returns. Building on

my findings, the claim that local factor models are consistently more accurate is thus difficult

to substantiate. This is broadly consistent with the results from Hasler (2023) and Walter

et al. (2024) which show that positive factor returns can arise by chance due to the variety of

choices that researchers can make and indirectly with Menkveld et al. (2024) for the variation

in estimates driven by methodological choices researchers make.

19



My paper also contributes to the growing literature on empirical asset pricing that uses

international data. Previous research in this context includes studies in regional (Fama and

French 2012, 2017), and international (developed, emerging and frontier) markets (see, e.g.,

Ince and Porter 2006, Griffin 2002, Hou et al. 2011, Hanauer 2020, Schmidt et al. 2019, Landis

and Skouras 2021). I build on the work of Landis and Skouras (2021), who provide guidelines

for asset pricing research based on daily international equity data from Eikon. The factor

returns constructed by Landis and Skouras (2021) have passed through an extensive filtering

process, as daily data are more prone to error than monthly data. Therefore, these filters are

more aggressive than the filters used in previous research (e.g., Ince and Porter 2006, Griffin

2002, Hou et al. 2011, Schmidt et al. 2019, Hanauer 2020). The strict filtering rules make

the international data more reliable overall, but reduce its availability, making the problem of

constructability of local factors more important when one of the six sub-portfolios is empty. I

contribute to this literature by working with daily international data that were subject to strict

filtering rules and by testing the constructability of the FF3 local factors for 45 computational

designs.

Finally, this paper contributes to the broad and ongoing debate about whether the results

of empirical research documented in the US market hold outside the initially researched sample

(see, e.g., Harvey et al. 2016, Harvey 2017, McLean and Pontiff 2016, Jacobs 2016, Jacobs and

Müller 2020, Hou et al. 2020, Chen and Zimmermann 2022, Jensen et al. 2023). A widely

cited study by Hou et al. (2020) not only claims that the statistical methods are invalid,

but also that only 50% of anomalies can be reproduced, even using the original methods.

However, meta-analyses by Chen and Zimmermann (2022) and Jensen et al. (2023) contradict

Hou et al.’s (2020) claim. Out of 319 firm-level characteristics, only three failed to replicate

the original paper’s evidence of statistical significance for long-short portfolio returns (Chen

and Zimmermann 2022), and over 80% of factors in the US sample remained significant after

changes in factor construction that made all factors consistent (Jensen et al. 2023). The out-

of-sample studies by Hou et al. (2020) and Jensen et al. (2023) claim to apply the same rules

to different anomalies in international backtests to remove subjectivity. However, my paper

shows that, while the computational details matter little for HML, they are crucial for SMB.

An appropriate measurement of the size effect requires extreme sorts. Moreover, it is likely that
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the choice of breakpoints is relevant for other long-short portfolios as well (see, e.g., the MAX

effect of Bali et al. 2011, which is concentrated in the most extreme decile of the cross-section).

Therefore, my paper warns that applying the same rules to the same anomalies, as is often

done in the abovementioned papers, can lead to misleading results.

2.3 Empirical Analysis: Factor Models

This section consists of five subsections. The first subsection is an overview of the data and

issues related to a heterogeneous sample in international markets. The second subsection

discusses the different approaches used in the literature to compute FF3 factors outside the

US. The third subsection analyses the constructability of FF3 local factors under 45 different

computational designs. The fourth subsection compares the dispersion of factor mean returns

at the country level. Finally, the fifth subsection presents the aggregated average returns for

the 45 different FF3 local factor designs.

2.3.1 Data

The initial data set is an unbalanced panel of 107 countries with available daily market (ac-

counting) data from Datastream (Worldscope) via Eikon.10 The baseline sample period runs

from December 1981 to December 2021. I use 21 static and dynamic filter rules recommended

in the literature (see, e.g., Ince and Porter 2006, Griffin et al. 2010, Karolyi et al. 2012, Landis

and Skouras 2021) on working with Eikon data.11 After passing the filters, the countries are

only part of the final sample if the variables of interest (e.g., daily return, market value, and

common equity) are available.12 The resulting data set consists of an international sample that

covers 86 countries which are classified as developed (DM), emerging (EM), frontier (FM), or

standalone (SA) markets at least at some point in time during the sample period.13

10In particular, I collect data on the total return index (datatype RI), market value (datatype MV), price
(datatype P), unadjusted price (datatype UP), common equity (datatype WC03501), deferred taxes (datatype
WC03263), market book to value (datatype MTBV), in local currency, adjustment factor (datatype AF), and
fiscal period end (datatype WC05350). Table 5.6 in the Supplementary Appendix 5 contains a list of all the
variables used to construct the data sample and their definitions.

11Chapter 5, Supplementary Appendix, details the filtering procedure and presents summary statistics of the
initial data for each country.

12Zimbabwe and Bolivia also passed the static and dynamic filters but were excluded because Bolivia has no
stocks with available common equity, and Zimbabwe has only two stocks with available common equity.

13Note that the MSCI classification is not used as an exclusion criterion for countries in this study, but
only as a classification for the comparison of different regions. Therefore, as I analyse local factors in as many
countries as possible based on the size of the stock market, some countries that are not classified by MSCI
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Table 2.1 shows the summary statistics for each country. Columns 3 to 6 (the average,

minimum, and maximum number of stocks in each country) are calculated based on the daily

stock observations for which daily return and market value are available. Columns 7 to 10

show the time series average, standard deviation, skewness, and kurtosis of the annualized

value-weighted market return in USD.14 The annual value-weighted market returns range from

-17.09% for Cyprus to 138.48% for Venezuela. The extremely high annual value-weighted

return in Venezuela is due to hyperinflation.15 Therefore, Venezuela is excluded from the final

sample. I observe average annual market returns for most countries, similar to those reported

by Hollstein (2022) (e.g., 11.91% per annum in the US). The time series average of a country’s

market capitalization ranges from 0.77 for Latvia to 13,591.14 for the US (in billion USD).

The time series starts in the early 1980s for most developed markets and only after 1994

for emerging markets (see Column 11). Furthermore, frontier and standalone markets have a

shorter sample period and low data availability, as reflected in the low number of daily stocks.

As a result, they have rarely been studied in the international asset pricing literature. Figure

2.2 illustrates the countries and months in which at least 30 stocks are available, defined by

Hanauer (2020) and Hanauer and Windmüller (2023) as “valid months”. The red segment

indicates that most countries shown do not have 30 stock-month observations over the entire

(NA; not available) are also included in the sample. An example is Russia, which was classified by MSCI as an
emerging market and then removed from the classification on March 7, 2022.

14To assure comparability across countries, I calculate daily returns in USD and take the perspective of an
unhedged investor to exchange rate risk. I convert the daily returns in local currency calculated from Datastream
variable total return indices (RI) to USD using the appropriate exchange rate for each country that is shown
in Table 5.7 in the Supplementary Appendix 5. So the return rUSD

t,i in day t for stock i is calculated as follows:

rUSD
t,i =

(
1 +

RIloct,i −RIloct−1,i

RIloct−1,i

)(
1 +

ERt − ERt−1

ERt−1

)
− 1

= 1 +
RIloct,i −RIloct−1,i

RIloct−1,i

+
ERt − ERt−1

ERt−1
+

(
RIloct,i −RIloct−1,i

)
(ERt − ERt−1)

RIloct−1,iERt−1
− 1

=
RIloct,i ERt −RIloct−1,iERt−1 +RIloct−1,iERt −RIloct−1,iERt−1 +RIloct,i ERt −RIloct−1,iERt−1 −RIloct,i ERt +RIloct−1,iERt−1

RIloct−1,iERt−1

=
RIloct,i ERt −RIloct−1,iERt−1

RIloct−1,iERt−1
.

RI loct,i denotes the total return index in local currency in day t for stock i and the ERt is the exchange rate
of from local currency to USD. Market and accounting data are also converted to USD. For countries in the
eurozone, Datastream converted historical data for active companies into euro after the euro adoption. For the
inactive firms, the total return index and the price are still in the former local currency, while the accounting
variables from Worldscope are all converted.

15There are two currencies in the Venezuelan sample, the Bolivar (VB) and the Bolivar Fuerte (VO). In 2018,
the Bolivar Fuerte was replaced by the Bolivar Soberano.
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Figure 2.2: Valid months
This figure illustrates the availability of at least 30 stocks each month that have available daily returns and

market value variables as required in Hanauer (2020) and Hanauer and Windmüller (2023). The blue segment

shows valid months from the starting point of each time series to December 2021. The 23 displayed countries

have less than 60 valid months according to Jensen et al. (2023).

period. According to Hanauer (2020) and Hanauer and Windmüller (2023), these countries

would be excluded from the analysis. Countries such as Bosnia and Herzegovina, Colombia,

Jamaica, Serbia, Slovenia, and Ukraine occasionally have 30 stock months, as shown by the

blue line. However, this is sporadic, and, given that the factor portfolios are held for one

year, constructing the long-short portfolios would not be possible with the discontinuous cross-

section. Furthermore, the number of valid months in these countries is lower than Jensen et al.’s

(2023) requirement of at least 60 months for inclusion in the final sample. Thus, Hanauer (2020)

and Hanauer and Windmüller (2023) “valid month” filter would lead to further restrictions and

a cross-section reduction. Since I am also interested in covering as many (small) countries as

possible, I do not implement the “valid months” filter by Hanauer (2020) and Hanauer and

Windmüller (2023). Instead, I follow Hollstein (2022) and require a total of more than 30 stocks
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(see Column 3 in Table 2.1) within the sample period for a country to be included in the final

sample. The sample includes 78 countries that meet this criterion.16 Nevertheless, in further

analysis, the local factors for Montenegro were constructed only with the “median” breakpoint

designs by Schmidt et al. (2019). So, all other computational designs could not construct local

factors. This is partly due to the small size of the stock market and because data on book value,

which is essential for sorting in the sub-portfolios, is available for less than 30 stocks. Therefore,

Montenegro is excluded from the analysis. The result is a comprehensive international data set

of 77 countries, 102,373 unique stocks, and 212,853,895 stock-day observations.

16Argentina, Australia, Austria, Bahrain, Bangladesh, Belgium, Bosnia and Herzegovina, Brazil, Bulgaria,
Canada, Chile, China, Colombia, Croatia, Cyprus, Czech Republic, Denmark, Egypt, Finland, France, Germany,
Greece, Hong Kong, Hungary, Iceland, India, Indonesia, Iraq, Ireland, Israel, Italy, Ivory Coast, Jamaica,
Japan, Jordan, Kenya, Kuwait, Lithuania, Luxembourg, Malaysia, Mauritius, Mexico, Montenegro, Morocco,
Netherlands, New Zealand, Nigeria, North Macedonia, Norway, Oman, Pakistan, Palestine, Peru, Philippines,
Poland, Portugal, Qatar, Romania, Russia, Saudi Arabia, Serbia, Singapore, Slovakia, Slovenia, South Africa,
South Korea, Spain, Sri Lanka, Sweden, Switzerland, Taiwan, Thailand, Tunisia, Turkey, Ukraine, the United
Kingdom, the United States, and Vietnam.
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Table 2.1: Descriptive statistics
The table presents summary statistics for the 86 countries of my global sample. Column 2 shows the market affiliation according to MSCI or NA if a country is not
part of the MSCI Index. Column 3 displays the total number of stocks in the sample for each country. Columns 4, 5, and 6 state the average, minimum, and maximum
number of stocks available per day, respectively. Columns 7, 8, 9, and 10 display the time series average of the annualized value-weighted USD market return in
percentage points and the time series average cross-sectional standard deviation skewness and kurtosis, respectively. Column 11 displays the time series average of the
market capitalization in billions of USD. The two following columns indicate the start and final date of the time series for the respective country. The last two columns
show the total number of months in each country and the number of valid months where at least 30 stocks are available.

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Valid.
months

Argentina SA 144 50.23 27 77 6.64 5.93 -12.19 489.05 45.68 1994-01-04 2021-12-30 336 335
Australia DM 3629 1013.28 432 1332 10.94 3.37 -0.66 12.7 641.7 1994-01-03 2021-12-31 409 336
Austria DM 254 62.48 42 87 7.92 3.24 -0.33 13.17 77.55 1991-12-03 2021-12-30 361 361
Bahrain FM 42 14.1 6 22 8.61 1.68 -0.7 11.54 15.18 2009-12-02 2021-12-30 145 0
Bangladesh FM 413 192 8 254 12.87 3.33 0.27 12.21 23.67 2004-12-02 2021-12-31 205 203
Belgium DM 421 113.1 47 146 8.9 2.97 -0.42 12.24 228.12 1991-12-03 2021-12-31 361 361
Bosnia and
Herzegovina SA 166 18.8 7 40 5.32 2.46 -0.07 6.09 1.96 2009-12-02 2021-12-31 145 9

Botswana SA 29 10 3 17 3.67 1.78 0.21 11.83 2.88 2009-03-02 2021-12-31 155 0
Brazil EM 582 135.26 6 234 13.09 5.22 -0.36 11.08 423.13 1994-07-01 2021-12-31 330 330
Bulgaria SA 305 81.14 11 158 6.14 3.24 -0.29 21.62 5.65 2005-12-02 2021-12-31 193 190
Canada DM 8936 1908.95 460 2490 9.68 2.85 -0.83 19.23 936.99 1984-12-17 2021-12-31 457 445
Chile EM 272 84.56 60 115 6.85 3 -0.3 16.32 114.52 1994-01-03 2021-12-31 336 336
China EM 4787 1629.69 691 3494 9.23 4.24 -0.32 7.23 3107.16 1999-12-02 2021-12-31 265 265
Colombia EM 101 24.2 10 36 11.57 3.87 -0.36 15.1 74.88 1996-12-02 2021-12-30 301 32
Croatia FM 218 71.71 39 98 5.36 2.94 0.05 15.05 21.04 2005-12-02 2021-12-30 193 193
Cyprus NA 125 31.16 15 72 -17.09 4.77 0.35 8.78 1.91 2009-12-02 2021-12-31 145 65
Czech Republic EM 258 31.04 4 234 12.89 3.99 0.15 20.17 24.63 1995-12-04 2021-12-30 313 75
Denmark DM 462 138.8 107 195 13.91 3.04 -0.28 9.74 176.33 1994-01-03 2021-12-30 409 336
Ecuador NA 18 2.01 1 4 27.47 4.08 4.01 66.64 2.19 2010-09-01 2021-12-30 59 0
Egypt EM 268 130.51 81 159 3.09 3.65 -3.8 76.62 48.93 2005-12-02 2021-12-31 192 192
Estonia FM 30 12.2 1 20 11.56 2.66 -0.57 13.23 2.31 2009-12-02 2021-12-30 145 0
Finland DM 340 94.26 3 142 12.84 4.14 -0.09 9.57 175.18 1987-12-02 2021-12-30 409 378
France DM 2389 480.88 43 715 11.64 3.13 -0.21 10.78 1199.74 1981-12-02 2021-12-31 481 481
Germany DM 2151 575.06 309 911 9.34 3.15 -0.16 10.98 1171.42 1988-12-02 2021-12-31 397 397
Ghana NA 28 13.12 2 19 8.53 2.98 0.36 12.09 2.92 2010-07-02 2021-12-30 138 0
Greece EM 478 178.24 2 257 3.74 4.94 -0.17 9.95 75.88 1995-12-04 2021-12-31 313 312
Hong Kong DM 2560 835.72 329 1618 8.31 3.69 0 11.63 1130.51 1994-01-03 2021-12-31 445 336
Hungary EM 99 29.73 23 52 10.95 4.69 0.11 12.3 23.79 1999-12-02 2021-12-30 265 114
Iceland FM 47 11.33 2 20 11.66 3.81 0.19 13.04 10.61 2005-12-02 2021-12-30 193 0
India EM 5947 2222.08 1303 3010 14.66 3.97 -0.32 11.45 1081.09 1997-12-02 2021-12-31 289 289
Indonesia EM 885 245.85 84 516 8.69 5.48 -0.16 30.11 211.75 1994-01-03 2021-12-30 337 336
Iraq NA 91 36.74 15 67 -0.53 3.8 -0.57 17.82 4.91 2012-07-03 2021-12-27 114 99
Ireland DM 114 34.89 13 52 11.52 3.46 -0.31 10.25 72.12 1989-12-04 2021-12-31 385 277
Israel DM 1013 343 243 500 10.91 3.18 -0.39 8.1 126.1 1997-12-02 2021-12-30 289 289

Continued on next page
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Table 2.1: Descriptive statistics

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Valid.
months

Italy DM 841 192.37 83 298 7.93 3.59 -0.3 11.41 467.31 1988-12-02 2021-12-30 397 397
Ivory Coast NA 38 23.32 1 29 8.38 2.78 -1.26 29.66 6.75 2010-06-02 2021-12-31 139 0
Jamaica SA 60 30.71 1 38 19.52 3.06 0.26 7.94 5.63 2015-05-27 2021-12-31 162 43
Japan DM 5776 2649.46 1887 2983 4.86 3.22 0.06 7.88 3525.37 1994-01-03 2021-12-31 373 336
Jordan FM 248 124.22 21 166 2.33 2.05 -0.11 7.65 24.33 2006-12-04 2021-12-30 180 180
Kazakhstan NA 30 5.02 2 9 -6.21 5.58 -11.75 334.52 4.84 2013-12-03 2021-12-31 97 0
Kenya FM 63 37.31 26 46 4.41 2.59 -0.1 14.19 15.51 2007-12-04 2021-12-31 169 166
Kuwait EM 207 102.44 67 152 4.41 2.36 -0.62 10.68 96.14 2007-12-04 2021-12-31 169 169
Latvia FM 28 11.58 8 19 13.34 3.26 1.39 29.68 0.77 2009-12-02 2021-12-30 145 0
Lithuania FM 56 23.69 19 39 3.03 2.92 0.25 17.03 4.04 2007-12-04 2021-12-31 169 3
Luxembourg NA 46 12.29 5 21 9.94 3.22 -0.06 7.57 8.06 1994-12-02 2021-12-31 325 0
Malaysia EM 1405 637.66 392 761 5.45 3.48 -0.38 72.92 286.34 1995-12-04 2021-12-31 313 313
Malta SA 28 11.55 7 18 6.79 2.41 0.09 9.22 3.46 2004-03-02 2021-12-31 214 0
Mauritius FM 98 36.56 4 49 3.58 2.25 -0.83 38.01 6.4 2008-07-25 2021-12-31 162 155
Mexico EM 339 82.86 61 125 8.48 3.93 -0.43 16.07 200.57 1994-01-03 2021-12-31 336 336
Montenegro NA 80 10.77 4 22 11.22 4.36 0.19 13.85 0.83 2012-12-04 2021-12-31 109 0
Morocco FM 100 46.68 30 57 13.64 2.27 -0.44 9.92 40.02 2002-12-03 2021-12-31 229 229
Netherlands DM 459 115 71 213 10.08 3.23 -0.24 11.48 411.31 1986-12-02 2021-12-31 421 421
New Zealand DM 328 93.02 80 109 11.05 2.85 -0.37 11.68 39.85 1994-01-03 2021-12-31 409 336
Nigeria FM 192 73.01 6 152 3.75 3.14 -2.61 60.76 40.35 2009-08-31 2021-12-31 149 148
North Macedonia NA 77 18.91 11 29 6.41 2.6 -0.37 12.27 1.46 2009-12-02 2021-12-31 145 1
Norway DM 900 140.42 68 256 12.35 3.93 -0.58 13.28 154.33 1986-12-02 2021-12-30 421 421
Oman FM 132 44.07 30 66 4.68 2.27 -0.82 19.9 15.67 2005-12-02 2021-12-30 193 193
Pakistan FM 610 255.25 8 337 7.87 3.77 -0.27 10.3 35.35 1994-12-02 2021-12-31 325 323
Palestine SA 50 20.12 11 31 7.69 1.05 0.27 6.8 2.87 2013-12-03 2021-12-30 96 1
Peru EM 197 38.2 21 56 9.54 2.8 -0.2 27.81 27.21 1994-01-03 2021-12-31 336 283
Philippines EM 364 139.72 75 188 5.94 3.48 0.48 20.03 101.17 1994-01-03 2021-12-31 373 336
Poland EM 1248 337.61 35 620 9.76 4.29 -0.23 8.26 106.83 1995-12-04 2021-12-30 313 313
Portugal DM 209 47.87 26 93 7.26 3.09 -0.19 11.57 55.34 1991-12-03 2021-12-31 361 339
Qatar EM 54 32.39 27 38 6.92 3.13 -0.22 13.13 121.78 2007-12-04 2021-12-30 169 161
Romania FM 251 78.78 52 130 12.74 3.57 -0.41 11.85 17.05 2008-12-02 2021-12-31 157 157
Russia NA 589 145.8 55 209 17.35 4.15 0.12 25.31 630.42 2004-12-02 2021-12-30 205 205
Saudi Arabia EM 219 113.21 13 154 3.33 3.71 -0.57 12.92 622.13 2005-12-02 2021-12-31 193 193
Serbia FM 123 24.25 6 65 7.26 2.45 -0.16 8.99 2.69 2009-12-02 2021-12-30 145 44
Singapore DM 1079 382.23 160 522 6.02 3 -0.02 10.01 288.91 1994-01-03 2021-12-31 409 336
Slovakia NA 67 10.38 1 28 6.46 4.54 -1.01 22.94 2.56 2007-12-04 2021-12-30 169 0
Slovenia FM 73 23.3 10 45 5.31 2.85 -0.82 15.07 9.45 2005-12-02 2021-12-30 193 55
South Africa EM 1089 240.34 55 459 12.28 4.01 -0.39 8.96 269.71 1985-12-03 2021-12-31 433 433
South Korea EM 3744 1215.01 516 1833 9.36 5.25 0.51 22.05 780.66 1994-12-02 2021-12-30 325 325
Spain DM 468 109.42 74 141 9.73 3.49 -0.16 11.46 521.78 1992-12-02 2021-12-31 349 349
Sri Lanka FM 325 201.24 4 220 3.03 2.24 -1.06 15.23 15.29 2010-12-02 2021-12-31 133 132
Sweden DM 1975 329.24 149 705 14.36 3.87 -0.07 9.31 369.9 1986-12-02 2021-12-30 421 421

Continued on next page
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Table 2.1: Descriptive statistics

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Valid.
months

Switzerland DM 583 178.95 105 220 13.01 2.68 -0.34 10.18 624.7 1983-10-12 2021-12-31 469 459
Taiwan EM 2631 1037.58 343 1532 8.83 3.65 -0.17 6.71 696.84 1996-12-03 2021-12-30 301 301
Thailand EM 1327 388.12 215 609 5.41 4.04 0.55 16.74 266.59 1994-01-03 2021-12-31 397 336
Tunisia FM 88 45.7 2 59 5.02 1.8 -0.32 7.32 7.17 2005-12-01 2021-12-31 193 186
Turkey EM 587 242.85 124 324 15.35 6.78 0.28 13.15 144.92 1994-12-02 2021-12-31 325 325
Ukraine SA 170 22.08 1 71 1.27 7.28 0.72 36.65 14.41 2006-12-04 2021-11-10 178 47
United Kingdom DM 6775 1176.78 881 2123 10.4 3.05 -0.39 14.85 2305.01 1984-12-04 2021-12-31 445 445
United States DM 22247 4865.13 77 6720 11.91 2.77 -0.75 20.67 13591.14 1984-12-04 2021-12-31 445 445
Venezuela NA 19 4.16 1 14 138.48 11.30 2.22 34.19 0.00007 1995-11-08 2021-12-31 190 0
Vietnam FM 1748 587.16 25 1088 7.08 3.58 -0.31 5.67 85.83 2007-01-02 2021-12-31 180 178
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2.3.2 Methodology

I compare several decisions made by five different research teams – Fama and French (2012),

Schmidt et al. (2019), Hanauer (2020), Landis and Skouras (2021) and Jensen et al. (2023) –

when constructing the SMB and HML from the Fama and French (1993) three-factor model.17

Among other issues, these studies differ in the data sources and frequency of variables used

for factor construction. Authors affiliated with a US university mostly use Bloomberg for

international asset pricing research, while non-US researchers use Datastream and Worldscope.

Presumably, the choice of data frequency also depends on the additional effort required to

prepare the daily data. Most of the variability in these research teams’ time series can be

explained by the chosen construction approach, sorting, and breakpoints. These aspects are

summarized in Table 2.2 and are discussed below.

Size factor: SMB is the difference between the returns of a diversified portfolio of small

and big stocks measured by their market capitalization that is computed as the product of the

share price and the number of shares outstanding. At the end of June in each year t, Fama

and French (1993, 2012) sort stocks based on the market value (MV) on the last working day

of December. They also require stocks to be sorted to have positive book values, either on the

last working day in December of the previous year or at the end of the fiscal year.

Most differences arise here in relation to the breakpoints. Fama and French (2012) use the

“top 90% and bottom 10%” breakpoints to calculate the regional factors, while Hanauer (2020)

uses these breakpoints for the local factors. These extreme country-specific breakpoints “top

90% and bottom 10%” lead to empty portfolios in several small countries in Hanauer (2020).

Other researchers also use country-specific breakpoints but make far less extreme choices, e.g.,

“median”, “top 80% and bottom 20%”, or the “median of the main stock exchange (SE)”.

In the latter case, the main stock exchange in a country is the one with the largest total

capitalization. Jensen et al. (2023), who use “NYSE cutoffs”, overcome the problem of empty

portfolios by sorting stocks into characteristic terciles (top, middle, and bottom third) with

breakpoints based on non-micro stocks in a country. Specifically, they start with all non-micro

stocks in a country (i.e., larger than the NYSE 20th percentile) and sort them into three groups

with an equal number of stocks. Then, they distribute the micro-cap stocks into three groups

17I downloaded these factors from the respective authors’ websites, which are displayed in Table 2.2.
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based on the same characteristic breakpoints. Their approach also ensures that small (big)

stocks have small (large) weights.

Value factor: HML is the difference between the returns of high and low book-to-market

(BE/ME) stocks. When constructing the variable BE/ME, different choices are made in relation

to the timing of the book equity and the method of calculating the book-to-market ratio. Fama

and French (2012) divide book equity (BE; also known as book value or common equity on

Datastream (WC03501)) from the fiscal year end t-1 by the market equity (equivalent to MV

on Datastream) at the end of December in the year t-1 and require that all stocks have positive

book value. The market and book equity had to be available as of December of the previous

year (e.g., Schmidt et al. 2019, Landis and Skouras 2021), the end of the fiscal year (e.g., Fama

and French 2012, Hanauer 2020), or update book equity four months after the end of the fiscal

year (Jensen et al. 2023).

Other approaches vary in terms of book value calculated as common equity (WC03501)

plus deferred taxes (WC03263; Hanauer (2020)) or use the inverse of the market-to-book-value

(MTBV; Landis and Skouras (2021)) provided by Datastream instead of the BE/ME ratio to

build the value factor. The approach that uses the MTBV variable can be problematic, as this

variable independently combines the most recent market and book values. With a sufficiently

long streak of missing values in one of these time series, these two most recent observations may

come from very distant dates (Landis and Skouras 2021). To address this problem, Landis and

Skouras (2021) remove stocks from the factor investment universes that require MTBV when

their MV or book value (WC03501) was unavailable for the date when MTBV was measured.

The next point at which differences occur is related to sorting. Sorting in the low, medium,

and high-value portfolios is made at the 30th and 70th percentiles of the variable BE/ME for

each country, while Fama and French (2012) use these breakpoints for regions.

By independently sorting two size sub-portfolios, small (S) and big (B), and three BE/ME

sub-portfolios, low (L), medium (M) and high (H), six one-year holding period sub-portfolios

are formed, while Jensen et al. (2023) build one-month holding periods. The size factor is the

average return of the three small sub-portfolios (SL, SM, and SH) minus the average return of

the three big sub-portfolios (BL, BM, and BH). The value factor is the average return of the two

value sub-portfolios (SH, and BH) minus the average return of the two growth (SL, and BL)
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sub-portfolios. For each size and value portfolio, the MV of the stock in the previous month

and a valid daily return are required to calculate daily or monthly (capped) value-weighted

returns.18

Next, I consider three methodological decisions made by the five research teams to create

reasonable specifications for the computation of size and value factors. The sequence of choices

is presented in a decision tree in Figure 2.7 in the Appendix. The three decision nodes include

the breakpoints for sorting into big and small size sub-portfolios, the method of calculating the

book-to-market ratio (BE/ME) for sorting into high, neutral, and low value sub-portfolios, and

the timing of book value. The BE/ME ratio was calculated as book value divided by market

value, book value plus deferred taxes divided by market value, or the inverse of market-to-book-

value (MTBV). Furthermore, the BE/ME ratio was calculated using the book value on the last

working day of December in the previous year, at the end of the fiscal year, or the updated

fiscal date four months after the end of the fiscal year. Therefore, combining three approaches

to calculate the BE/ME ratio and three valuation date parameters resulted in nine different

specifications.

Consequently, the five breakpoint parameters (“top 90% and bottom 10%”, “top 80% and

bottom 20%”, “median”, the “median of the main stock exchange (SE)”, and the “NYSE

cutoffs”) and nine combinations of the BE/ME calculation options with the timing of the book

value resulted in 45 different specifications. The NYSE breakpoints are taken from Jensen

et al.’s (2023) website, while the main stock exchange for each country is given in Table 5.5 in

the Supplementary Appendix (Chapter 5).19 Rebalancing occurs annually or monthly for the

specifications based on Jensen et al.’s (2023) approach.20 The independent 2x3 sorts on size

and value factor produce six sub-portfolios for which I calculate daily equally- and (capped)

value-weighted returns.

18To limit the dominance of large capitalized stocks, Jensen et al. (2023) calculates capped value-weighted
returns where stocks are weighted by their market value, which is winsorized at the NYSE 80th percentile.
However, this approach is not appropriate for non-US stocks as they are often smaller than the NYSE 80th

percentile. As a result, the capped value-weighted returns are similar to the value-weighted returns.
19See https://www.dropbox.com/sh/zvrnbfg6u8ugo8o/AABugE3vXglTg-tr32Wb9-hHa?e=2&dl=0 for the

NYSE breakpoints. In Table 5.5 in the Supplementary Appendix (Chapter 5), I highlighted the main stock
exchange in each country where there is more than one stock exchange.

20The approach of Jensen et al. (2023) consists of using NYSE 20th percentile breakpoints for the size factor
and calculating capped value-weighted portfolio returns.
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Table 2.2: Overview of SMB and HML factors in international asset pricing
This table provides a comprehensive overview of the methodologies used by five research teams to calculate SMB and HML factors in international asset
pricing research. Panels A and B present key information on the data source, data coverage and data frequency. Panel B provides relevant details of their
methodology in terms of construction, sorting and breakpoints for both factors. Panel D gives information on the factor returns, including their weighting
methodology, reporting frequency (monthly or daily), geographic focus (regions or individual countries) and the currencies in which they are calculated.

Author Fama and French (2012) Schmidt et al. (2019) Hanauer (2020) Landis and Skouras (2021) Jensen et al. (2023)

Online data library french/data_library uzh.ch/database tum.de/fm/research skouras.com/data jkp/factors

Panel A: Data Sources/Information

Data Source

Bloomberg Datastream Datastream Datastream Compustat
Datastream Worldscope Worldscope Worldscope
Worldscope

Time period 07/1990 - 12/2015 07/1989 - 02/2018 07/1990 - 10/2018 12/1984 - 09/2015 01/1986 - 12/2022

Datastream Freq. Monthly Daily Monthly Daily -

Worldscope Freq. Yearly Yearly Yearly Daily -

Panel B: SMB

Construction

Two size groups on MEa Size is computed by Size is computed by Size is computed by Two size groups, micro
at the end of December Datastream item MV at Datastream item MV at Datastream item MV at and non-micro stocks.
of year t-1. the end of December t-1. the end of December t-1. the end of December t-1. 1-month holding period.

Sorting Include all stocks which To be included in the June Firms with negative Exclude stocks that For a factor return to be
have available ME in sort of year t a stock must book values are excluded. require MTBV (market- non-missing, it must
December of year t-1 have an available and to-book-value) when have at least 5 stocks
and June of t, and positive BE, and size MV or WC03501 in each of the long and
positive BE for fiscal available in December are unavailable on the short legs.
year of t-1. of the previous year t-1. last working day of t-1.

Breakpoints region-specificb 80-th and 20-th; country-specific country-specific
top 90%; bottom 10% median for some top 90%; bottom 10% median market cap NYSE 20th percentile

countries of the main exchange

Panel C: HML

Construction BE/ME breakpoints BE/ME is the book equity Book value (WC03501 plus 1/MTBV Update BE 4 months after
at the end of each June. of the previous fiscal year deferred taxes WC03263, (Datastream item) the end of fiscal year.
BE is the book equity for divided by size (MV) of the zero if missing) from the First, non-micro stocks are
the fiscal year end in t-1. preceding December. BE is fiscal year t-1 divided by MV into three groups of equal
ME at the end of common equity WC03501. of the end of December of t-1. numbers of stocks based on
December of year t-1. BE/ME. Second, micro-cap

stocks are shared into the
three groups based on
the same BE/ME
breakpoints.

Sorting Include all stocks which To be included in the June Firms with negative Exclude stocks that For a factor return to be
have available ME in sort of year t a stock must book values are excluded. require MTBV (market- non-missing, they require
December of year t-1 have an available and to-book-value) when that it has at least 5 stocks
and June of t, and positive BE, and size MV or WC03501 in each of the long and
positive BE for fiscal available in December are unavailable on the short legs.

Continued on next page
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Table 2.2: Overview of SMB and HML factors in international asset pricing

Author Fama and French (2012) Schmidt et al. (2019) Hanauer (2020) Landis and Skouras (2021) Jensen et al. (2023)

year of t-1. of the previous year t-1. last working day of t-1.

Breakpoints 30th and 70th 30th and 70th 30th and 70th 30th and 70th terciles (top/middle/
for each region for each country for each country for each country bottom third)

Panel D: Factor Data

Portfolio returns value-weighted value-weighted value-weighted value-weighted capped value-weighted

Daily/Monthly data Yes/Yes No/Yes No/Yes Yes/Yes Yes/Yes

Country/region No/Yes Yes/No Yes/Yes Yes/Yes Yes/Yes

Local currency/
US dollar

No/Yes Yes/Yes No/Yes Yes/Yes No/Yes

a Market equity (ME) or market capitalization is calculated as the price times the number of shares outstanding (divided by 1,000,000) at the end of the month.

In Datastream, it is equivalent to the market value (MV) item.
b Fama and French (2012) combine 23 developed markets into four regions: i) North America (United States and Canada), ii) Japan, iii) Asia Pacific (Australia,

New Zealand, Hong Kong, and Singapore), and iv)Europe (Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, the Netherlands,

Norway, Portugal, Spain, Sweden, Switzerland, and the United Kingdom)
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2.3.3 Constructability of the Size and Value Factor

I consider two approaches to investigate the effect of including many (small) countries in the

sample and choosing extreme breakpoints. In the first approach, I follow Fama and French’s

(1993) methodology and require non-empty sub-portfolios. For example, if no stock is sorted

in any of the six sub-portfolios (SL, SM, SH, BL, BM, or BH), SMB cannot be constructed. By

comparison, HML requires four non-empty sub-portfolios (SL, SH, BL, or BH). According to the

standard, if SMB cannot be constructed for a particular specification with extreme breakpoints,

HML can generally be built, but not vice versa. However, since the peripheral sub-portfolios

such as small growth (SL), small value (SH), big growth (BL), and big value (BH) are unlikely

to be filled under extreme breakpoints if SMB could not be formed, then HML would also

not be formed in these cases. Therefore, this approach is highly data-demanding. The second

approach involves an examination of the individual sub-portfolios. If they are partially unfilled,

I require one to five stocks in at least the long and short legs of the size and value portfolios.

The short leg of the size factor includes big growth (BL), big medium (BM), and big value (BH)

sub-portfolios, while the long leg includes small growth (SL), small medium (SM), and small

value (SH) sub-portfolios. The long leg of the value factor includes small value (SH) and big

value (BH) sub-portfolios, while the short leg includes small growth (SL) and big growth (BL)

sub-portfolios. This means that individual sub-portfolios can remain unfilled. The factors are

then constructed across the remaining sub-portfolios.

Combining both approaches would allow an examination of the trade-off between analyzing

many (small) countries and choosing extreme breakpoints. To estimate the effect of the number

of stocks to sort each day and decision nodes such as breakpoints, the construction of BE/ME

variable, and the timing of book value (X1, X2, . . . , aXk) on the formation of the local SMB

and HML factors on both approaches, I use logit regressions. Hence, the dependent variable
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SMB available (HML available) is a binary variable that indicates whether the factor can be

constructed. The logit regression is given by:

P (SMBavailable = 1) = F ( β0 + β1Number of stocks + β2Breakp. 80/20 + β3Breakp. 90/10

+ β4Breakp. NYSE cutoffs + β5Breakp. median of main SE

+ β6Book Value + β7Book Value plus Deferred Taxes

+ β8Fiscal date + β9Updated Fiscal date

+ β10Developed Countries) + ϵ (2.3)

with the cumulative distribution function of the logistically distributed variable (Stock and

Watson 2020) given as follows:

F (x) =
1

1 + e−x
. (2.4)

In Table 2.3, I present the results of the first approach to constructing the size factor (SMB

available), in which each sub-portfolio had to be filled. The dependent variable is a dummy

that takes a value of 1 if the SMB factor return can be constructed for a given specification

on a given day. The results are aggregated across developed and emerging markets.21 Each

column of Table 2.3 refers to the minimum number of stocks n required to be sorted in each

of the six sub-portfolios ranging from n = 1 to n = 5. The first column (n = 1) in Table 2.3

shows the results for the standard SMB methodology, which requires at least one stock in each

of the six sub-portfolios. The corresponding results for the construction of HML portfolios are

displayed in Table 2.7 in the Appendix.

Overall, it is more likely that the local SMB factor can be built under less extreme sorts

(e.g., “median of the main SE”) than under more extreme sorts (e.g., “top 90% and bottom

10%”). This result also holds for the formation of HML, as shown in the first column of

Table 2.7 in the Appendix. Furthermore, the breakpoint coefficients decrease as the number of

required stocks in each of the six sub-portfolios increases, moving from the left column (n = 1)

to the right column (n = 5). In addition, increasing the requirement of available stocks in each

sub-portfolio reduces the constructability of the SMB and HML factors in specifications with

extreme sorting. For example, the coefficients for the “top 80% and bottom 20%” breakpoints

21Additional results for all 77 countries, including frontier and standalone markets, are presented in Table
2.8 in Appendix.
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decrease monotonically from n = 1 to n = 5. This decrease is even more pronounced for the

more extreme design with “top 90% and bottom 10%” breakpoints. Unsurprisingly, calculating

the BE/ME ratio as book value divided by the market value to sort in the high, medium, and

large value sub-portfolios is significant compared to the use of the inverse of the MTBV variable

from Datastream. Furthermore, adding deferred taxes to book value when calculating the value

breakpoints, as in Hanauer’s (2020) study, has no impact on factor constructability.

Table 2.3: SMB logit regression: First approach
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if SMB is built (SMBavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes developed and
emerging countries.

Dependent variable: SMBavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.006∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗

(0.00001) (0.00001) (0.00001) (0.00001) (0.00001)

Breakp. 80/20 −2.002∗∗∗ −2.138∗∗∗ −2.277∗∗∗ −2.323∗∗∗ −2.463∗∗∗

(0.003) (0.003) (0.002) (0.002) (0.002)

Breakp. 90/10 −3.495∗∗∗ −3.845∗∗∗ −4.156∗∗∗ −4.238∗∗∗ −4.435∗∗∗

(0.003) (0.003) (0.003) (0.003) (0.004)

Breakp.
NYSE cutoffs −0.941∗∗∗ −0.832∗∗∗ −0.760∗∗∗ −0.647∗∗∗ −0.670∗∗∗

(0.004) (0.003) (0.002) (0.002) (0.002)

Breakp. median
of main SE −0.134∗∗∗ −0.133∗∗∗ −0.085∗∗∗ −0.058∗∗∗ −0.053∗∗∗

(0.004) (0.003) (0.002) (0.002) (0.002)

Book Value 0.004∗ 0.048∗∗∗ 0.009∗∗∗ 0.049∗∗∗ 0.040∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Book Value
plus Def. taxes 0.000 −0.000 0.000 0.000 0.00003

(0.002) (0.002) (0.002) (0.002) (0.002)

Fiscal date 0.075∗∗∗ 0.107∗∗∗ 0.126∗∗∗ 0.137∗∗∗ 0.142∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Updated
fiscal date −0.037∗∗∗ −0.040∗∗∗ −0.058∗∗∗ −0.026∗∗∗ −0.037∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Developed
countries 0.878∗∗∗ 0.752∗∗∗ 0.621∗∗∗ 0.599∗∗∗ 0.592∗∗∗

(0.002) (0.002) (0.001) (0.001) (0.001)

Constant 1.670∗∗∗ 0.971∗∗∗ 0.496∗∗∗ 0.016∗∗∗ −0.248∗∗∗

(0.004) (0.003) (0.003) (0.003) (0.002)

Observations 14,575,995 14,575,995 14,575,995 14,575,995 14,575,995
Log Likelihood −4,123,634.000 −5,043,715.000 −5,311,665.000 −5,548,974.000 −5,590,165.000
Akaike Inf. Crit. 8,247,290.000 10,087,453.000 10,623,352.000 11,097,969.000 11,180,351.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

It is noteworthy that using “fiscal date” as the valuation date for book value instead of “last

working day of December” increases the probability of constructing local size and value factors.
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This contradicts the expectation that there would be no differences because book value is up-

dated quarterly. One explanation for this result is how Worldscope handles fiscal year-end data

for accounting variables. According to Thomson Reuters (2013, page 41), “normally the year

to which Worldscope assigns financial data is the year in which the company’s fiscal year ended,

so fiscal years ending February 27th, 2005, November 20th, 2005, and December 31st, 2005 are

all treated as 2005 on Worldscope”. Specifically, the fiscal year is determined by a cutoff date

of February 10 for US firms and January 15 for non-US firms. Therefore, the market-to-book

ratio is measured by dates near each other. According to Fama and French (2012), another

explanation is that sorts based on accounting variables can be affected by regional differences

in accounting standards. This is also one of the arguments in the debate about local, regional,

or global factors. Although Worldscope enables the comparison of financial information from

companies in different industries and countries and minimizes differences in accounting termi-

nology by defining standardized data fields (Thomson Reuters 2013), differences arising from

country-specific accounting practices cannot be avoided. Therefore, choosing “last working day

of December” as the valuation date eliminates differences in calculating the market-to-book

ratio for local factors.

Next, I examine which combination of the number of stocks and parameters enables the

construction of the local factors with a high probability (>95%). I calculate the predicted

probabilities using the estimates shown in Table 2.3 (see Table 2.7 in the Appendix). Figures

2.3 and 2.8 (in the Appendix) visualize these results, which are aggregated across developed

and emerging countries, respectively, for the size and value factor. Overall, Figures 2.3 and

2.8 (in the Appendix) show that the higher the number of stocks, the higher the probability

of creating the SMB factor in each group of breakpoints. Furthermore, they show that the

higher the number of stocks (n) required in each sub-portfolio, the lower the probability of

creating SMB factors, also with a small number of stocks available each day in each country.

The highest probabilities are for the “median” and “median of main SE” breakpoints, while the

lowest probabilities are for the “NYSE cutoffs” followed by the “top 80% and bottom 20%” and

the more extreme “top 90% and bottom 10%” breakpoints. These results are consistent with

Schmidt et al. (2019). Moreover, these results prove that researchers must choose either non-

extreme sorts when constructing international SMB factors or require many stocks to prevent
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non-empty sub-portfolios. Even with 100 stocks available daily, SMB can often not be built.

However, if the number of required stocks is unmet, researchers must limit their sample to fewer

larger countries.
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Figure 2.3: SMB: First approach
This figure plots the probability of constructing the SMB factor under different methodological choices regarding

sorting breakpoints and the number of stocks available per day. This approach requires non-empty sub-portfolios

and is highly data-demanding.

Comparing Figures 2.3 and 2.8 (in the Appendix) shows no probability differences. If SMB

can be constructed, then HML can also be constructed. Conversely, if it is impossible to

build HML, then it is impossible to build SMB. Consequently, if SMB cannot be constructed,

HML can generally be constructed if the sub-portfolios responsible for not constructing SMB

are the medium sub-portfolios (SM and BM). The medium sub-portfolios are not as crucial

because the sub-portfolios that are not constructed are usually the extremes. The size and
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value signals are correlated because value stocks are often associated with small companies

(low market capitalizations).22 Growth stocks (low BE/ME ratio), on the other hand, are often

associated with large companies (high market capitalizations). Researchers use double sorting

to construct factors with independent signals for size and value. Thus, the crucial sub-portfolios

are big value (BH) and small growth (SL), which is a problem for both SMB and HML to the

same extent. To prove this, I aggregate the data across 77 countries. Then, I examine each day

for which SMB and HML are unavailable. Next, I identify which sub-portfolio is responsible

for SMB not being constructed on that particular day. The aggregated results show that the

responsible sub-portfolios are big value (BH) in 28.3% of cases and small growth (SL) in 29.7%

of cases. Big growth (BL) and small value (SH) sub-portfolios are not filled in only 7.8% of

cases. In addition, small medium (SM) sub-portfolios (17%) are more frequently unfilled than

big medium (BM; 9.4%) sub-portfolios.

The second approach is less data-demanding and requires at least n stocks in the short

and long legs of the size and value factor. The logit regression results for this approach are

shown in Tables 2.10 and 2.11 in the Appendix for each factor. In Table 2.10 (2.11), the

coefficients for the group of breakpoint dummies in the column n = 1 are lower than in the

respective columns in Table 2.3 (2.7), where a minimum of stocks in each sub-portfolio is

required. Even the specifications with the most extreme breakpoints, which could only be

performed in large countries, are more likely to construct local factors in the second approach.

Moreover, the coefficients decrease with increasing n from the left to the right columns. Other

effects related to accounting variables, the timing of book value (valuation date), and market

classification persist as in the first approach. Figures 2.4 and 2.9 (in the Appendix) confirm the

high probabilities of factor construction (both SMB and HML) in case only one stock is required

in the long and short leg of the factors. With higher n (e.g., n = 3, i.e., more data-intensive),

the probability of constructing SMB and HML with the extreme sorts “top 90% and bottom

10%” decreases.

My results differ from those of the five research teams as I show which methodological

designs have a low probability of constructing local SMB and HML factors. Comparing Figures

2.3 and 2.4 shows that the first approach, which requires non-empty sub-portfolios according

22Value investors are interested in stocks with a high BE/ME ratio because they believe these stocks may
be priced below their fundamental value.
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Figure 2.4: SMB: Second approach
This figure plots the probability of constructing the SMB factor under different methodological choices regarding

sorting breakpoints and the number of stocks available per day. This approach requires a minimal number of

stocks in the short and long legs of the factor portfolio.

to Fama and French (2012), is not implementable because with 100 stocks on average per day,

the probabilities of constructing the SMB factor under different breakpoints are too low. For

example, even when 100 stocks on average per day are available to sort in each sub-portfolio,

it is not possible to build SMB and HML in at least 25% of cases under extreme breakpoints

“top 90% and bottom 10%”. This implies that there are often missing values in the time series

of the factor. Given the low average number of stocks per day in international markets, which

ranges from 100 to 150 stocks per day in developed countries (e.g., 113.1 stocks in Belgium,

135.26 stocks in Brazil, 138.8 stocks in Denmark, 94.26 stocks in Finland, 115 stocks in the

Netherlands, and 140 stocks in Norway), the local factors cannot be constructed for these
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countries. This issue is illustrated in Figure 2.5, which clearly shows that the constructability

of the local factors under extreme breakpoints (i.e., “top 90% and bottom 10%”) nearly reaches

the 75% probability if at least 500 stock on average are available to be sorted. Therefore, under

the non-empty sub-portfolios requirement, the local factors can be constructed only for large,

capitalized countries such as the US, the UK, Canada, Japan, China, Germany, and France,

which average over 500 stocks per day.
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Figure 2.5: SMB and HML with non-empty sub-portfolios requirement
This figure plots the probability of constructing the SMB and HML factor under different methodological

choices regarding sorting breakpoints and with maximal 1000 stocks available per day. This approach requires

non-empty sub-portfolios according to Fama and French (1993).

2.3.4 Dispersion in the Size and Value Average Returns

In the following section, I discuss the dispersion of factor returns from the 45 different method-

ological designs. Table 2.4 shows aggregated monthly return dispersion measures of the 45

designs used to construct the local SMB and HML factors. In addition, I examine the disper-

sion of the local factor returns reported by the five research teams. The corresponding line

is marked as ”Lit” in the third column of Table 2.4. Since Landis and Skouras’ (2021) time

series end in December 2015, I calculate the dispersion measures from July 1991 to December

2015 to use data from as many research teams as possible, while the factor time series from my
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computations end in December 2021. Given that Fama and French (2012) calculate regional

factors, the only countries I can obtain factor returns from all five research teams are the US

and Japan. Therefore, I restrict the analysis to 38 countries with factor returns from at least

three research teams. The sub-sample of the 39 countries for which less than three research

teams publish no local factor returns are presented in Table 2.12 in the Appendix.

I compare dispersion measures with respect to the time-series average of monthly value-

weighted factor returns.23 The first measure is the difference between the maximal and minimal

time series average return (Max-Min) across different specifications. Differences in specifications

in the literature are typically less than one percentage point in developed countries with con-

siderably large capital markets. Given the wide range of methodological choices, the variability

in my specifications is higher than in the literature but remains below one percentage point.

For example, the Max-Min of SMB for Australia is given by 0.861 percentage points, compared

to 0.339 percentage points from the literature. This result is also observed in other countries,

such as Germany (0.924 vs. 0.419 percentage points), Hong Kong (0.651 vs. 0.404 percentage

points), Japan (0.462 vs. 0.218 percentage points), the UK (0.42 vs. 0.199 percentage points),

and in the US (0.231 vs. 0.192 percentage points). Similarly, the variability in the value factor

is higher: 1.239 (0.707) percentage points for Australia, 1.386 (0.257) percentage points for

Germany, 0.735 (0.751) percentage points for Hong Kong, 0.462 (0.26) percentage points for

Japan, 0.651 (0.245) percentage points for the UK, and 0.294 (0.114) percentage points for

the US. Computing the three variability measures for the time-series average of monthly factor

return volatility shows that different specifications can also lead to substantial differences in

the risk perception associated with the factor strategies.

Furthermore, I find that the Max-Min of the time series average of monthly factor returns is

substantially higher for HML than for SMB. For example, in Australia, the Max-Min for SMB

(literature) is given by 0.861 percentage points (0.339 percentage points), while the Max-Min

for HML is about 1.239 percentage points (0.707 percentage points). This result holds for both

developed and emerging markets and is in line with the literature values. The finding is robust

to other measures of variability, such as the volatility and the interquartile range (IQR) of the

time series average of the monthly factor return. The high dispersion of the time series average

23The mean and variability measures of capped value-weighted factor returns using the Jensen et al. (2023)
approach are similar to those using value-weighted factor returns. Therefore, I will refrain from repeating the
results at this point.
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of HML factor returns compared to SMB factor returns shows that the methodological choices

in HML generate considerable noise.

Table 2.4: Dispersion of average returns (comparison to literature)
The table shows dispersion measures for a sub-sample of 38 countries. The first row shows the
dispersion of average returns in the global sample of 77 countries (Total) and 38 countries (38 count.)
compared to the sample from the literature, where at least three research teams report factors for
38 countries. When the ”Source” column is denoted as ”Lit,” the dispersion of local factor average
returns is measured for the five (at least three) research teams. Dispersion measures of average returns
from my local factors are given in the blank fields of the ”Source” column. They are calculated from
the average returns of the 45 SMB/HML methodological designs. The average value-weighted returns
from the literature are in percent (in USD) per month, while the average value-weighted returns from
my 45 computational designs are in percent (in USD) per day. As an approximation, I multiply the
average daily returns by the average number of trading days in a month (21) to obtain the monthly
average. For volatility, expressed as standard deviation, the monthly standard deviation equals the
daily standard deviation multiplied by the square root of 21.

Mean Volatility

Country Factor Source Max - Min Volatility IQR Max - Min Volatility IQR

Global

SMB
Total

4.849 1.411 0.941 5.027 1.671 2.046
HML 6.897 1.972 0.818 6.185 2.020 2.622
SMB

38 count.
1.294 0.347 0.343 4.297 1.490 2.091

HML 1.283 0.305 0.315 5.002 1.684 2.267
SMB Lit. 0.505 0.258 0.247 1.976 0.990 1.097
HML Lit. 0.476 0.241 0.239 2.538 1.279 1.290

Australia

SMB 0.861 0.188 0.231 4.537 1.488 1.728
HML 1.239 0.309 0.525 5.192 1.751 2.145
SMB Lit. 0.339 0.143 0.148 3.246 1.648 2.601
HML Lit. 0.707 0.299 0.26 2.162 1.047 1.574

Austria

SMB 1.974 0.473 0.189 5.499 2.129 3.657
HML 4.746 0.768 0.21 6.663 2.139 3.354
SMB Lit. 0.422 0.215 0.211 1.78 0.896 0.89
HML Lit. 0.137 0.069 0.068 2.544 1.272 1.272

Belgium

SMB 0.609 0.183 0.084 3.79 1.448 2.025
HML 0.798 0.18 0.147 4.766 1.771 2.589
SMB Lit. 0.405 0.219 0.202 2.184 1.094 1.092
HML Lit. 0.264 0.141 0.132 2.203 1.11 1.101

Brazil

SMB 1.638 0.483 0.546 4.995 1.623 2.195
HML 1.974 0.409 0.273 7.085 2.07 2.511
SMB Lit. 0.612 0.314 0.306 2.735 1.39 1.367
HML Lit. 0.737 0.369 0.368 4.332 2.37 2.166

Canada

SMB 1.323 0.393 0.399 4.858 1.751 2.177
HML 0.525 0.133 0.168 5.197 1.84 1.879
SMB Lit. 0.228 0.111 0.166 2.249 1.03 1.195
HML Lit. 0.16 0.068 0.057 1.956 0.879 0.601

Chile

SMB 1.071 0.324 0.294 4.005 1.527 2.36
HML 1.05 0.333 0.609 4.743 1.864 3.222
SMB Lit. 0.383 0.199 0.192 1.205 0.657 0.603
HML Lit. 0.19 0.096 0.095 2.238 1.119 1.119

China

SMB 0.672 0.24 0.483 1.948 0.734 1.169
HML 0.462 0.122 0.105 0.683 0.192 0.238
SMB Lit. 0.233 0.123 0.116 0.363 0.2 0.182
HML Lit. 0.268 0.141 0.134 0.677 0.343 0.339

Denmark

SMB 1.596 0.325 0.168 4.734 1.775 2.365
HML 2.205 0.427 0.189 5.907 1.952 2.708
SMB Lit. 0.208 0.086 0.072 1.884 0.976 1.557
HML Lit. 0.655 0.272 0.231 3.192 1.377 1.304

Egypt

SMB 2.772 0.461 0.483 4.363 1.536 2.044
HML 2.289 0.432 0.483 4.101 1.384 1.801
SMB Lit. 0.874 0.437 0.437 1.601 0.803 0.801
HML Lit. 0.639 0.364 0.32 1.917 1.097 0.958

Finland

SMB 0.651 0.191 0.168 2.621 0.837 1.558
HML 0.882 0.263 0.336 2.319 0.739 1.21
SMB Lit. 0.416 0.208 0.208 2.234 1.125 1.117
HML Lit. 0.184 0.105 0.092 2.457 1.308 1.229

Continued on next page
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Table 2.4: Dispersion of average returns (comparison to literature)

Country Factor Source Max - Min Volatility IQR Max - Min Volatility IQR

France

SMB 0.42 0.088 0.105 3.015 1.142 1.425
HML 0.651 0.138 0.168 3.84 1.356 1.503
SMB Lit. 0.136 0.065 0.049 2.74 1.288 1.771
HML Lit. 0.145 0.069 0.098 2.31 1.09 1.427

Germany

SMB 0.924 0.235 0.273 6.081 1.899 3.574
HML 1.386 0.301 0.399 10.164 3.14 4.825
SMB Lit. 0.419 0.18 0.207 2.74 1.326 1.895
HML Lit. 0.257 0.111 0.125 1.294 0.631 0.945

Greece

SMB 1.638 0.373 0.399 6.044 2.067 2.988
HML 1.407 0.366 0.441 5.71 2.052 2.919
SMB Lit. 0.345 0.173 0.172 2.889 1.445 1.444
HML Lit. 0.499 0.288 0.25 1.645 0.842 0.823

Hong Kong

SMB 0.651 0.196 0.231 4.005 1.453 2.126
HML 0.735 0.169 0.126 4.821 1.691 2.209
SMB Lit. 0.404 0.169 0.127 1.655 0.775 0.925
HML Lit. 0.751 0.338 0.423 3.14 1.342 0.789

India

SMB 1.953 0.537 0.567 4.665 1.583 2.392
HML 1.449 0.368 0.462 5.16 1.625 2.708
SMB Lit. 0.834 0.442 0.417 0.984 0.51 0.492
HML Lit. 0.657 0.343 0.328 1.234 0.628 0.617

Indonesia

SMB 3.045 0.723 0.966 6.814 2.61 4.899
HML 2.52 0.521 0.504 8.45 3.232 6.301
SMB Lit. 1.217 0.673 0.608 3.93 2.161 1.965
HML Lit. 1.279 0.733 0.64 6.653 3.686 3.327

Israel

SMB 0.672 0.167 0.189 3.515 1.28 2.181
HML 0.798 0.217 0.378 3.895 1.49 2.745
SMB Lit. 0.223 0.117 0.112 0.94 0.504 0.47
HML Lit. 0.55 0.308 0.275 2.411 1.208 1.206

Italy

SMB 0.672 0.201 0.378 2.974 1.115 1.43
HML 0.525 0.116 0.126 4.06 1.294 1.677
SMB Lit. 0.568 0.248 0.176 2.008 0.976 1.409
HML Lit. 0.333 0.144 0.165 2.277 1.041 1.416

Japan

SMB 0.462 0.131 0.126 2.245 0.858 1.324
HML 0.462 0.104 0.105 1.595 0.504 0.495
SMB Lit. 0.218 0.092 0.037 2.409 0.981 1.223
HML Lit. 0.26 0.117 0.186 2.012 0.901 1.444

Malaysia

SMB 0.714 0.211 0.231 4.518 1.597 2.374
HML 0.777 0.182 0.168 5.44 1.725 2.113
SMB Lit. 0.866 0.457 0.433 0.542 0.293 0.271
HML Lit. 0.051 0.026 0.026 2.617 1.351 1.308

Mexico

SMB 8.652 2.557 1.134 6.122 1.459 1.132
HML 3.801 0.915 0.945 5.064 1.257 1.549
SMB Lit. 0.854 0.487 0.427 1.634 0.941 0.817
HML Lit. 0.528 0.265 0.264 3.56 1.787 1.78

Netherlands

SMB 0.588 0.141 0.063 4.573 1.513 1.911
HML 0.378 0.101 0.105 5.362 1.67 1.627
SMB Lit. 0.147 0.067 0.09 2.374 1.101 1.442
HML Lit. 0.515 0.217 0.15 2.826 1.379 1.964

New
Zealand

SMB 1.386 0.29 0.189 4.014 1.283 1.783
HML 1.659 0.397 0.462 5.036 1.58 2.429
SMB Lit. 0.029 0.016 0.014 2.266 1.29 1.133
HML Lit. 0.425 0.213 0.212 2.935 1.468 1.467

Norway

SMB 1.491 0.494 0.735 5.247 1.805 2.25
HML 1.05 0.299 0.273 6.076 2.16 2.598
SMB Lit. 0.436 0.19 0.23 1.083 0.513 0.749
HML Lit. 0.358 0.189 0.31 2.498 1.086 1.093

Philippines

SMB 2.394 0.652 0.567 6.782 2.218 3.244
HML 2.982 0.917 0.567 8.327 2.785 4.34
SMB Lit. 0.571 0.313 0.286 1.949 0.98 0.974
HML Lit. 0.063 0.035 0.032 4.055 2.31 2.027

Poland

SMB 1.323 0.481 0.861 4.674 1.556 1.563
HML 0.735 0.161 0.147 4.789 1.66 1.787
SMB Lit. 0.327 0.173 0.163 2.666 1.377 1.333
HML Lit. 0.426 0.213 0.213 2.109 1.124 1.055

Russia

SMB 2.289 0.593 1.008 6.736 2.193 2.667
HML 1.638 0.453 0.84 8.964 3.045 2.662
SMB Lit. 1.336 0.668 0.668 2.583 1.349 1.291
HML Lit. 1.581 0.848 0.79 3.256 1.847 1.628

Continued on next page
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Table 2.4: Dispersion of average returns (comparison to literature)

Country Factor Source Max - Min Volatility IQR Max - Min Volatility IQR

Singapore

SMB 0.399 0.1 0.147 5.362 1.747 2.64
HML 1.596 0.427 0.252 7.236 2.412 3.813
SMB Lit. 0.31 0.139 0.156 0.502 0.21 0.189
HML Lit. 0.364 0.187 0.298 1.998 0.853 0.819

South Africa

SMB 1.344 0.341 0.252 5.788 2.061 2.585
HML 0.861 0.209 0.273 7.218 2.58 3.125
SMB Lit. 0.988 0.501 0.494 2.467 1.309 1.233
HML Lit. 0.386 0.2 0.193 2.871 1.443 1.436

South Korea

SMB 0.504 0.142 0.21 3.419 1.289 1.682
HML 0.924 0.242 0.231 3.061 1.061 1.173
SMB Lit. 0.295 0.149 0.148 2.256 1.13 1.128
HML Lit. 0.603 0.302 0.302 3.566 1.849 1.783

Spain

SMB 0.483 0.105 0.084 3.959 1.397 1.838
HML 0.756 0.245 0.504 3.68 1.341 1.663
SMB Lit. 0.235 0.133 0.117 1.736 0.868 0.868
HML Lit. 0.206 0.105 0.103 2.531 1.271 1.266

Sweden

SMB 1.05 0.307 0.105 3.9 1.407 1.636
HML 1.239 0.357 0.357 4.39 1.574 1.599
SMB Lit. 0.163 0.093 0.081 2.25 1.169 1.125
HML Lit. 0.27 0.137 0.135 2.288 1.188 1.144

Switzerland

SMB 0.336 0.095 0.147 3.217 1.149 1.599
HML 0.441 0.128 0.21 4.078 1.447 1.586
SMB Lit. 0.165 0.082 0.125 2.896 1.339 1.732
HML Lit. 0.513 0.233 0.269 2.88 1.272 1.562

Taiwan

SMB 0.357 0.094 0.063 1.851 0.718 1.04
HML 0.483 0.109 0.126 1.246 0.406 0.344
SMB Lit. 0.126 0.069 0.063 0.307 0.154 0.153
HML Lit. 0.145 0.074 0.073 2.45 1.406 1.225

Thailand

SMB 0.798 0.202 0.273 4.995 1.758 2.438
HML 0.945 0.206 0.231 7.13 2.361 3.148
SMB Lit. 0.638 0.319 0.319 1.808 1.027 0.904
HML Lit. 0.935 0.472 0.468 2.199 1.126 1.099

Turkey

SMB 0.798 0.276 0.525 2.915 1.034 1.567
HML 1.428 0.351 0.357 4.138 1.388 2.287
SMB Lit. 2.826 1.552 1.413 1.542 0.777 0.771
HML Lit. 1.697 0.93 0.849 2.838 1.461 1.419

United
Kingdom

SMB 0.42 0.121 0.063 1.824 0.629 0.71
HML 0.651 0.159 0.126 2.465 0.831 0.747
SMB Lit. 0.199 0.085 0.077 2.812 1.283 1.722
HML Lit. 0.245 0.103 0.1 1.15 0.584 0.917

United
States

SMB 0.231 0.07 0.105 2.672 0.954 1.196
HML 0.294 0.069 0.042 2.035 0.617 0.509
SMB Lit. 0.192 0.092 0.126 1.627 0.71 0.86
HML Lit. 0.114 0.051 0.046 1.166 0.51 0.354

Overall, the dispersion measures show that the variability of the time series average of

monthly factor returns is higher for HML. This is further illustrated in Figure 2.6, which plots

the dispersion of the time series average of monthly local factor returns, as measured by the IQR

against the time average of the country’s aggregated market capitalization. In most developed

countries, the IQR is less than one percentage point per month for HML and less than 0.5

percentage point per month for SMB. For the latter, the choice of computational design is

crucial. A notable exception is Portugal, which has an IQR of 1.239 and 1.932 percentage

points per month for SMB and HML, respectively. Its high IQR compared to similar developed

countries may stem from the small size of the Portuguese stock market in terms of average

number of stocks available per day, 47.87, as shown in Table 2.1. Thus, in many specifications,
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the construction of the size and value factors failed. This may also explain why the five research

teams did not build local factors for Portugal.
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(b) HML

Figure 2.6: SMB and HML factor return dispersion
This figure plots the dispersion of the local factor returns from 45 methodological designs. The dispersion is
measured by the Interquartile Range (IQR) of the monthly average value-weighted returns (in USD) for 71
countries related to the average market capitalization of a country. The IQR ranges between 0 and 3 percentage
points, and the average market capitalization is expressed as the logarithmic of the market capitalization in
millions of USD. The Ivory Coast, Cyprus, Serbia, and Slovakia with IQR above 3 percentage points are treated
as outliers. Global displays the IQR of a total of 77 countries.

In summary, Figure 2.6 shows that the dispersion of the time series average of monthly

factor returns is higher in emerging and frontier markets. Moreover, the choices made in factor
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construction affect the realized returns and estimated risk in large and small developed markets.

However, they are more impactful in small markets, where researchers should take particular

care of them. As shown in the first row of Table 2.4, the Max-Min of the average value-weighted

return in the full sample of 77 countries is nearly 3.7 (5.4) times higher for the SMB (HML)

than for the sample of 38 developed and emerging markets. This is particularly important

because even the extensive use of filtering rules and data-screening procedures in small markets

leads to extreme anomalous factor returns. The following paragraph discusses the Ukrainian

and Slovak factor returns that illustrate this problem.

The high difference between the maximal and minimal average Ukrainian HML returns

(169.428 percentage points) stems from a highly negative value of -163.023% in specifications

19-27 under the “top 90% and bottom 10%” breakpoints and a high positive value of 6.405%

in specifications 16 and 18 under “top 80% and bottom 20%” breakpoints. The HML factor

under specifications 19-27 is created only on one specific day, June 30, 2009. Only one stock is

sorted in each of the sub-portfolios for HML. Other parameters did not play any role here, and

the daily (capped) value-weighted HML return is approximately -7.76% under all specifications

except for specifications 25 and 27, for which the HML was not built since the stock did not

have an available MTBV value. Thus, stocks in the short leg had a high positive daily return

of approximately 7.31% while stocks in the long leg had a negative daily return of -0.45%.

Specifically, the only stock in the small growth sub-portfolio had a daily return of 15.57%. This

stock passed all of the static and dynamic filters, showing that despite all the attention paid to

filtering, manual intervention is required for small countries. Furthermore, to ensure robustness

against outliers, I also use the IQR of the average returns. IQR is a robust measure compared

to mean and standard deviation and shows that the variability in the time-series average of

monthly factor return is approximately 1.134 percentage points for SMB and 2.57 percentage

points for HML.

Another anomalous result is found for Slovakia, for which the difference between the maxi-

mal and minimal computed return is calculated at 74.235 percentage points. Out of 45 specifi-

cations, the SMB factor is only created in 16 of them. This mainly occurred under non-extreme

sorting conditions, such as “median” and “the median of main SE” breakpoints. The maximal

approximated monthly average of the (capped) value-weighted return is 64.407% under the
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specifications that include the “median” and “the median of main SE” breakpoints, while the

minimal average of the (capped) value-weighted return is -9.828% for the specifications with

the “NYSE cutoffs” breakpoints. Similar to Ukraine, the factors with extreme (capped) value-

weighted returns are created in only one day over the entire sample period. The SMB with the

approximated monthly average of the (capped) value-weighted returns of 64.407% under spec-

ifications 3, 39, and 42 was created on June 29, 2015 and had a daily (capped) value-weighted

return of 3.067%. Since there is only one observation under specification 3 (39 and 42), the

mean is the value of the single observation, and the standard deviation cannot be calculated.

The IQR for SMB and HML is high in Slovakia compared to other countries since the portfolio

size is typically small, with a maximum of six stocks in the factor portfolios. There was only

one stock in the factor portfolios in 76.38% of created specifications, two stocks in 18.84% of

specifications, and six stocks in 0.03% of specifications. For the other small and illiquid mar-

kets like Jamaica, Tunisia, Morocco, Bosnia and Herzegovina, Cyprus, Tunisia, Bulgaria, Peru,

Hungary, Palestine, Ivory Coast, Colombia, Iraq, Bahrain, and Serbia, the picture is similar.

This shows that requiring a minimum number of stocks in the sub-portfolios is crucial when

creating local portfolios.

2.3.5 Aggregated Size and Value Factor Returns

In the next section, I examine the impact of the various assumptions and parameters for the

45 specifications on average returns of the local factors. The analysis is aggregated across

developed and emerging markets, as frontier (standalone) market returns are often anomalous,

as discussed above. Table 2.5 presents the linear regression results, in which all stocks are

sorted in each portfolio. The dependent variable in the second and fourth columns is the value-

weighted factor return. The dependent variable in the third and fifth columns is the capped

value-weighted return. The results show little to no differences. The variability of the average

factor returns under the different assumptions is moderate.

Concerning the size effect, the choice of breakpoints is statistically significant, except for

the “median of the main SE”. In fact, “top 80% and bottom 20%” and “top 90% and bottom

10%” are positive, 1.2% and 1.8% respectively, and higher in magnitude than “NYSE cutoffs”

(-0.003%). These results indicate that if the size factor is built with the “top 80% and bottom
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Table 2.5: Factor return regressions
The table presents the results of time series linear regressions pooled for developed and emerging
countries. The dependent variable is the time series average of the local (capped) value-weighted
factor returns. The independent variables are nine dummy parameters corresponding to one of the 45
methodological designs. I compute robust standard error estimates by MacKinnon and White (1985).

Dependent variable:
average SMB returns average HML returns

vw cap-vw vw cap-vw

Breakp. 80/20 0.012∗∗∗ 0.012∗∗∗ −0.003 −0.003
(0.003) (0.003) (0.002) (0.002)

Breakp. 90/10 0.018∗∗∗ 0.017∗∗∗ −0.001 −0.001
(0.004) (0.004) (0.005) (0.005)

Breakp.
NYSE cutoffs −0.003∗∗∗ −0.003∗∗∗ 0.000 0.000

(0.001) (0.001) (0.001) (0.001)

Breakp. median
of main SE 0.000 0.000 −0.001 −0.001

(0.001) (0.001) (0.001) (0.001)

Book Value −0.002 −0.002 0.000 0.000
(0.002) (0.002) (0.003) (0.003)

Book Value
plus Def. taxes −0.000 −0.000 −0.000 −0.000

(0.003) (0.003) (0.003) (0.003)

Fiscal date 0.004 0.004 0.001 0.001
(0.003) (0.003) (0.003) (0.003)

Updated
fiscal date 0.001 0.001 −0.001 −0.001

(0.003) (0.003) (0.003) (0.003)

Developed
countries −0.010∗∗∗ −0.010∗∗∗ −0.021∗∗∗ −0.021∗∗∗

(0.002) (0.002) (0.002) (0.002)

Constant 0.003 0.002 0.028∗∗∗ 0.028∗∗∗

(0.003) (0.003) (0.003) (0.003)

Observations 1,990 1,990 2,015 2,015
R2 0.039 0.039 0.045 0.045
Adjusted R2 0.035 0.034 0.040 0.040
Residual Std. Error 0.047 (df = 1980) 0.047 (df = 1980) 0.049 (df = 2005) 0.049 (df = 2005)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

20%” (“top 90% and bottom 10%”) breakpoint, then the mean returns are 0.012% (0.018%)

higher compared to the mean returns with the “median” breakpoints. The mean returns are

lower when the size factor is built with “NYSE cutoffs” compared to the “median” breakpoints.

The coefficient is not large (0.3%) in absolute terms, compared to 1.2% and 1.8% for “top 80%

and bottom 20%” and “top 90% and bottom 10%”, respectively. Jensen et al.’s (2023) NYSE

breakpoints often yield an inadequate sort because, in most non-developed and many non-

US developed markets, most stocks are below the 20% market capitalization of the NYSE.24

Therefore, stocks are not sufficiently widespread across sub-portfolios. Factors are then built

24According to the Internet Appendix of Jensen et al. (2023, Global Factor Data Documentation, page 3) “in
each country and month, we sort stocks into characteristic terciles (top/middle/bottom third) with breakpoints
based on non-micro stocks in that country. Specifically, we start with all non-micro stocks in a country (i.e.,
larger than NYSE 20th percentile) and sort them into three groups of equal numbers of stocks based on the
characteristic, say book-to-market. Then we distribute the micro-cap stocks into the three groups based on the
same characteristic breakpoints.” I interpret this statement such that they use the NYSE 20th percentile for
the size sort (big vs. small).
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with a long position in very few stocks and a short position in many stocks if they can be

built. The diluted signal in the short portfolio likely yields significantly smaller returns for the

implementation with NYSE breakpoints. On the other hand, for HML, the aggregated mean

returns are near zero, which shows that methodological choices do not affect the average return.

Overall, when the value factor is built, the different parameters do not systematically affect

average returns. The coefficient estimate of the developing country dummy is significantly

negative, which indicates that the average HML factor return from a developing country is lower

than the average HML return from an emerging market. This is an important market feature

because volatility is higher in emerging markets, and high returns may reflect compensation for

higher risk. This result in line with the results documented by Cakici et al. (2013).

2.4 Conclusion

I analyze 45 reasonable methodological designs using seemingly innocuous choices to construct

international FF3 size and value factors. I examine the extent to which the choice of speci-

fication affects the construction of the size and value factors and the cross-section of returns.

There is a trade-off between the extreme sorting required to construct a strong factor and the

general constructability of a factor. For SMB, extreme sorting (i.e., comparing small stocks to

large stocks) is crucial to the average return of the long-short portfolio. The return of the SMB

portfolio is positive only in the case of extreme sorting. Otherwise, it is zero. However, with

sufficiently extreme sorting, it is impossible to construct the factor in many (small) countries.

Therefore, the size effect cannot be meaningfully analyzed on a country-by-country basis.

By contrast, HML portfolio returns are not systematically driven by portfolio sorting choices.

This means that non-extreme portfolios can be constructed to successfully isolate and capture

the value effect in small countries. The abovementioned trade-off for SMB is less relevant for

the constructability of the HML factor.

Furthermore, this paper aims to provide researchers who are interested in the local factors

of a particular stock market with an estimate of how often SMB and HML portfolios will be

missing as a function of the number of available stocks and the methodology used. My results

suggest two possibilities for dealing with the abovementioned trade-off and avoiding missing

factor portfolios in the time series. The “median” split is an optimal threshold for constructing
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the local SMB and HML factors in an international sample when considering small countries

with small portfolios. However, the size effect is generated by extreme sorting and, therefore,

will not be captured. Thus, the researchers should either consider univariate sorting and no

longer follow the Fama and French’s (1993) methodology with bivariate sorting or aggregate

the factors at the regional level as in Fama and French (2012, 2017).
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2.5 Appendix

2.5.1 Additional Figures

Figure 2.7: Decision tree for the portfolio sorts
For each sorting variable, I consider the paths of 45 decision nodes for portfolio sorting until the factors are constructed. The first five nodes concern the breakpoints
for storing in small and big size sub-portfolios: median of the main SE, median, top 80% and bottom 20%, top 90% and bottom 10%, and the NYSE cutoffs. The next
three nodes belong to the growth, neutral, and value sub-portfolios regarding how book value is calculated for constructing the BE/ME variable. The last three nodes
relate to the timing of book value.
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Figure 2.8: HML: First approach
This figure plots the probability of constructing the HML factor under different methodological choices regarding

sorting breakpoints and the number of stocks available per day. This approach requires non-empty sub-portfolios

and is highly data-demanding.
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Figure 2.9: HML: Second approach
This figure plots the probability of constructing the HML factor under different methodological choices regarding

sorting breakpoints and the number of stocks available per day. This approach requires a minimal number of

stocks in the short and long legs of the factor portfolio.
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2.5.2 Additional Tables

Table 2.6: Correlation matrix
The table presents the correlation matrix for the monthly value-weighted returns of the five research teams (i.e., Fama and French (2012), Hanauer (2020),
Schmidt et al. (2019), Jensen et al. (2023) and Landis and Skouras (2021) (hereafter referred as LS (2021)) of international size and value factors. The
correlations are measured from July 1990 to December 2015.

Landis and Skouras (2021) Fama and French (2012) Hanauer (2020) Schmidt et al. (2019) Jensen et al. (2023)

Factor SMB HML MktRF SMB HML MktRF SMB HML MktRF SMB HML MktRF SMB HML MktRF
LS (2021) SMB 1
LS (2021) HML 0.521 1
LS (2021) MktRF 0.207 0.112 1
FF (2012) SMB 0.694 0.181 0.09 1
FF (2012) HML -0.128 0.496 -0.204 -0.022 1
FF (2012) MktRF 0.206 0.119 0.995 0.092 -0.183 1
Hanauer (2020) SMB 0.7 0.257 0.079 0.972 0.112 0.085 1
Hanauer (2020) HML -0.128 0.53 -0.216 -0.041 0.937 -0.194 0.078 1
Hanauer (2020) MktRF 0.222 0.123 0.995 0.117 -0.17 0.993 0.104 -0.19 1
Schmidt et al. (2019) SMB 0.934 0.632 0.288 0.708 0.005 0.297 0.727 0.012 0.306 1
Schmidt et al. (2019) HML 0.54 0.895 0.085 0.132 0.407 0.103 0.205 0.414 0.1 0.581 1
Schmidt et al. (2019) MktRF 0.478 0.403 0.913 0.145 -0.17 0.919 0.148 -0.168 0.912 0.558 0.407 1
Jensen et al. (2023) SMB 0.645 0.235 0.031 0.934 0.161 0.037 0.951 0.137 0.059 0.662 0.185 0.087 1
Jensen et al. (2023) HML 0.136 0.346 0.051 0.284 0.651 0.078 0.376 0.608 0.086 0.262 0.289 0.075 0.434 1
Jensen et al. (2023) MktRF 0.211 0.117 0.999 0.099 -0.192 0.996 0.09 -0.203 0.996 0.295 0.09 0.913 0.042 0.072 1
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Table 2.7: HML logit regression: First approach
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if HML is built (HMLavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes developed and
emerging countries.

Dependent variable: HMLavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.006∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗

(0.00001) (0.00001) (0.00001) (0.00001) (0.00001)

Breakp. 80/20 −1.945∗∗∗ −2.083∗∗∗ −2.236∗∗∗ −2.278∗∗∗ −2.401∗∗∗

(0.003) (0.003) (0.002) (0.002) (0.002)

Breakp. 90/10 −3.366∗∗∗ −3.709∗∗∗ −4.054∗∗∗ −4.171∗∗∗ −4.347∗∗∗

(0.003) (0.003) (0.003) (0.003) (0.004)

Breakp.
NYSE cutoffs −0.478∗∗∗ −0.430∗∗∗ −0.467∗∗∗ −0.384∗∗∗ −0.428∗∗∗

(0.004) (0.003) (0.002) (0.002) (0.002)

Breakp. median
of main SE −0.120∗∗∗ −0.126∗∗∗ −0.088∗∗∗ −0.059∗∗∗ −0.053∗∗∗

(0.004) (0.003) (0.002) (0.002) (0.002)

Book Value 0.026∗∗∗ 0.069∗∗∗ 0.025∗∗∗ 0.064∗∗∗ 0.051∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Book Value
plus Def. taxes −0.000 0.000 −0.000 −0.000 0.00003

(0.002) (0.002) (0.002) (0.002) (0.002)

Fiscal date 0.064∗∗∗ 0.104∗∗∗ 0.121∗∗∗ 0.136∗∗∗ 0.138∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Updated
fiscal date −0.042∗∗∗ −0.043∗∗∗ −0.059∗∗∗ −0.028∗∗∗ −0.037∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Developed
countries 0.812∗∗∗ 0.720∗∗∗ 0.618∗∗∗ 0.611∗∗∗ 0.601∗∗∗

(0.002) (0.002) (0.002) (0.001) (0.001)

Constant 1.790∗∗∗ 1.031∗∗∗ 0.556∗∗∗ 0.050∗∗∗ −0.236∗∗∗

(0.004) (0.003) (0.003) (0.003) (0.002)

Observations 14,575,995 14,575,995 14,575,995 14,575,995 14,575,995
Log Likelihood −3,935,246.000 −4,946,418.000 −5,263,039.000 −5,522,709.000 −5,606,129.000
Akaike Inf. Crit. 7,870,514.000 9,892,859.000 10,526,099.000 11,045,441.000 11,212,281.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.8: SMB logit regression: First approach (full sample)
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if SMB is built (SMBavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes 77 countries.

Dependent variable: SMBavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.008∗∗∗ 0.006∗∗∗ 0.007∗∗∗ 0.006∗∗∗ 0.006∗∗∗

(0.00002) (0.00001) (0.00001) (0.00001) (0.00001)

Breakp. 80/20 −2.057∗∗∗ −2.155∗∗∗ −2.350∗∗∗ −2.419∗∗∗ −2.579∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Breakp. 90/10 −3.655∗∗∗ −4.031∗∗∗ −4.473∗∗∗ −4.599∗∗∗ −4.822∗∗∗

(0.003) (0.003) (0.003) (0.004) (0.004)

Breakp.
NYSE cutoffs −1.269∗∗∗ −1.029∗∗∗ −0.965∗∗∗ −0.817∗∗∗ −0.826∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Breakp. median
of main SE −0.082∗∗∗ −0.073∗∗∗ −0.057∗∗∗ −0.037∗∗∗ −0.041∗∗∗

(0.003) (0.002) (0.002) (0.002) (0.002)

Book Value 0.012∗∗∗ 0.040∗∗∗ 0.016∗∗∗ 0.049∗∗∗ 0.041∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Book Value
plus Def. taxes 0.000 −0.000 0.000 0.00003 0.00003

(0.002) (0.002) (0.002) (0.002) (0.002)

Fiscal date 0.035∗∗∗ 0.070∗∗∗ 0.094∗∗∗ 0.108∗∗∗ 0.113∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Updated
fiscal date −0.029∗∗∗ −0.030∗∗∗ −0.050∗∗∗ −0.025∗∗∗ −0.032∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Developed
countries 1.538∗∗∗ 1.680∗∗∗ 1.756∗∗∗ 1.807∗∗∗ 1.911∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Emerging
countries 0.682∗∗∗ 0.954∗∗∗ 1.154∗∗∗ 1.221∗∗∗ 1.318∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Constant 0.879∗∗∗ −0.082∗∗∗ −0.729∗∗∗ −1.266∗∗∗ −1.622∗∗∗

(0.003) (0.002) (0.002) (0.002) (0.002)

Observations 19,759,443 19,759,443 19,759,443 19,759,443 19,759,443
Log Likelihood −6,578,861.000 −7,366,504.000 −7,277,617.000 −7,216,152.000 −6,997,891.000
Akaike Inf. Crit. 13,157,746.000 14,733,033.000 14,555,257.000 14,432,328.000 13,995,806.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.9: HML logit regression: First approach (full sample)
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if HML is built (HMLavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes 77 countries.

Dependent variable: HMLavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.007∗∗∗ 0.006∗∗∗ 0.006∗∗∗ 0.006∗∗∗ 0.006∗∗∗

(0.00002) (0.00001) (0.00001) (0.00001) (0.00001)

Breakp. 80/20 −1.960∗∗∗ −2.082∗∗∗ −2.283∗∗∗ −2.367∗∗∗ −2.524∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Breakp. 90/10 −3.424∗∗∗ −3.849∗∗∗ −4.332∗∗∗ −4.530∗∗∗ −4.751∗∗∗

(0.003) (0.003) (0.003) (0.004) (0.004)

Breakp.
NYSE cutoffs −0.736∗∗∗ −0.574∗∗∗ −0.612∗∗∗ −0.547∗∗∗ −0.569∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Breakp. median
of main SE −0.077∗∗∗ −0.069∗∗∗ −0.058∗∗∗ −0.037∗∗∗ −0.041∗∗∗

(0.003) (0.002) (0.002) (0.002) (0.002)

Book Value 0.042∗∗∗ 0.059∗∗∗ 0.031∗∗∗ 0.062∗∗∗ 0.053∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Book Value
plus Def. taxes −0.000 0.000 0.000 0.00003 0.00003

(0.002) (0.002) (0.002) (0.002) (0.002)

Fiscal date 0.037∗∗∗ 0.067∗∗∗ 0.087∗∗∗ 0.103∗∗∗ 0.110∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Updated
fiscal date −0.028∗∗∗ −0.033∗∗∗ −0.049∗∗∗ −0.027∗∗∗ −0.033∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Developed
countries 1.365∗∗∗ 1.564∗∗∗ 1.709∗∗∗ 1.818∗∗∗ 1.900∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Emerging
countries 0.578∗∗∗ 0.871∗∗∗ 1.111∗∗∗ 1.220∗∗∗ 1.299∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.002)

Constant 1.062∗∗∗ 0.026∗∗∗ −0.658∗∗∗ −1.239∗∗∗ −1.604∗∗∗

(0.003) (0.002) (0.002) (0.002) (0.002)

Observations 19,759,443 19,759,443 19,759,443 19,759,443 19,759,443
Log Likelihood −6,450,733.000 −7,391,224.000 −7,361,881.000 −7,274,570.000 −7,073,243.000
Akaike Inf. Crit. 12,901,491.000 14,782,473.000 14,723,785.000 14,549,164.000 14,146,510.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.10: SMB logit regression: Second approach
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if SMB is built (SMBavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes developed and
emerging countries.

Dependent variable: SMBavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.005∗∗∗ 0.006∗∗∗ 0.008∗∗∗ 0.009∗∗∗ 0.010∗∗∗

(0.0001) (0.00005) (0.00005) (0.00004) (0.00004)

Breakp. 80/20 −0.814∗∗∗ −1.080∗∗∗ −0.847∗∗∗ −0.975∗∗∗ −1.280∗∗∗

(0.014) (0.009) (0.006) (0.005) (0.005)

Breakp. 90/10 −1.508∗∗∗ −2.083∗∗∗ −2.177∗∗∗ −2.468∗∗∗ −2.744∗∗∗

(0.013) (0.009) (0.006) (0.005) (0.004)

Breakp.
NYSE cutoffs −0.675∗∗∗ −0.768∗∗∗ −0.565∗∗∗ −0.682∗∗∗ −0.912∗∗∗

(0.015) (0.010) (0.007) (0.005) (0.005)

Breakp. median
of main SE −0.185∗∗∗ −0.153∗∗∗ −0.171∗∗∗ −0.214∗∗∗ −0.257∗∗∗

(0.016) (0.011) (0.007) (0.006) (0.005)

Book Value −0.620∗∗∗ −0.280∗∗∗ −0.198∗∗∗ −0.173∗∗∗ −0.127∗∗∗

(0.009) (0.005) (0.004) (0.003) (0.003)

Book Value
plus Def. taxes 0.000 0.000 −0.000 0.000 0.000

(0.010) (0.005) (0.004) (0.003) (0.003)

Fiscal date 0.313∗∗∗ 0.271∗∗∗ 0.195∗∗∗ 0.178∗∗∗ 0.170∗∗∗

(0.009) (0.005) (0.004) (0.003) (0.003)

Updated
fiscal date −0.016∗ −0.034∗∗∗ −0.036∗∗∗ −0.035∗∗∗ −0.033∗∗∗

(0.008) (0.005) (0.004) (0.003) (0.003)

Developed
countries 0.242∗∗∗ 0.568∗∗∗ 0.732∗∗∗ 0.712∗∗∗ 0.715∗∗∗

(0.007) (0.004) (0.003) (0.002) (0.002)

Constant 5.115∗∗∗ 3.887∗∗∗ 2.857∗∗∗ 2.392∗∗∗ 2.075∗∗∗

(0.016) (0.011) (0.008) (0.006) (0.006)

Observations 14,575,995 14,575,995 14,575,995 14,575,995 14,575,995
Log Likelihood −436,151.500 −992,684.100 −1,607,466.000 −2,222,438.000 −2,704,889.000
Akaike Inf. Crit. 872,324.900 1,985,390.000 3,214,954.000 4,444,898.000 5,409,799.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.11: HML logit regression: Second approach
The table presents the marginal effects of the logit regression. The dependent variable is a binary
variable that takes one if HML is built (HMLavailable) at day t. The independent variables are the
number of stocks on this day and nine dummy parameters corresponding to one of the 45 method-
ological designs. I compute robust standard error estimates by MacKinnon and White (1985). The
analysis is performed from January 1990 to December 2021, and the sample includes developed and
emerging countries.

Dependent variable: HMLavailable

n=1 n=2 n=3 n=4 n=5

Number
of stocks 0.009∗∗∗ 0.011∗∗∗ 0.011∗∗∗ 0.010∗∗∗ 0.010∗∗∗

(0.0001) (0.0001) (0.00004) (0.00003) (0.00003)

Breakp. 80/20 −1.237∗∗∗ −1.406∗∗∗ −1.655∗∗∗ −1.841∗∗∗ −1.963∗∗∗

(0.011) (0.006) (0.005) (0.004) (0.004)

Breakp. 90/10 −2.370∗∗∗ −2.747∗∗∗ −2.880∗∗∗ −3.125∗∗∗ −3.322∗∗∗

(0.010) (0.006) (0.005) (0.004) (0.004)

Breakp.
NYSE cutoffs −0.030∗∗ 0.310∗∗∗ −0.204∗∗∗ −0.351∗∗∗ −0.350∗∗∗

(0.013) (0.009) (0.006) (0.005) (0.004)

Breakp. median
of main SE −0.133∗∗∗ −0.124∗∗∗ −0.244∗∗∗ −0.299∗∗∗ −0.288∗∗∗

(0.013) (0.008) (0.006) (0.005) (0.004)

Book Value −0.441∗∗∗ −0.170∗∗∗ −0.068∗∗∗ −0.096∗∗∗ −0.094∗∗∗

(0.006) (0.003) (0.003) (0.002) (0.002)

Book Value
plus Def. taxes 0.000 0.000 0.000 0.000 0.000

(0.006) (0.004) (0.003) (0.002) (0.002)

Fiscal date 0.184∗∗∗ 0.144∗∗∗ 0.149∗∗∗ 0.160∗∗∗ 0.162∗∗∗

(0.006) (0.004) (0.003) (0.002) (0.002)

Updated
fiscal date 0.020∗∗∗ −0.042∗∗∗ −0.043∗∗∗ −0.035∗∗∗ −0.029∗∗∗

(0.006) (0.003) (0.003) (0.002) (0.002)

Developed
countries 0.501∗∗∗ 0.461∗∗∗ 0.499∗∗∗ 0.436∗∗∗ 0.402∗∗∗

(0.004) (0.003) (0.002) (0.002) (0.002)

Constant 4.088∗∗∗ 2.826∗∗∗ 2.221∗∗∗ 2.004∗∗∗ 1.722∗∗∗

(0.012) (0.008) (0.006) (0.005) (0.005)

Observations 14,575,995 14,575,995 14,575,995 14,575,995 14,575,995
Log Likelihood −772,540.500 −1,629,980.000 −2,421,225.000 −3,018,647.000 −3,428,906.000
Akaike Inf. Crit. 1,545,103.000 3,259,982.000 4,842,473.000 6,037,317.000 6,857,833.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.12: Dispersion of average returns
The table shows dispersion measures for a sub-sample of 39 countries from my Datastream sample.
Less than three research teams have computed the local factors for these countries. Therefore, this
table presents only the dispersion measures calculated from the average returns of my 45 SMB and
HML factor designs. The average value-weighted returns are in percent per day and denominated in
USD. As an approximation, I multiply the average daily returns by the average number of trading
days in a month (21) to obtain the monthly average. For volatility, expressed as standard deviation,
the monthly standard deviation equals the daily standard deviation multiplied by the square root of
21. The first row shows the variability measures in the global sample of 77 countries.

Mean Volatility

Country Factor Max - Min Volatility IQR Max - Min Volatility IQR

Global
SMB 4.849 1.411 0.941 5.027 1.671 2.046
HML 6.897 1.972 0.818 6.185 2.020 2.622

Argentina
SMB 2.688 0.558 0.735 7.016 1.833 1.796
HML 1.722 0.456 0.609 4.34 1.312 1.586

Bahrain
SMB 3.003 0.738 0.693 1.059 0.27 0.445
HML 8.946 2.337 2.058 2.662 0.629 0.646

Bangladesh
SMB 1.386 0.38 0.609 3.396 1.089 1.796
HML 2.037 0.473 0.672 3.35 0.985 0.962

Bosnia and
Herzegovina

SMB 20.664 4.977 3.171 10.975 3.206 3.333
HML 21.063 5.274 2.389 8.221 2.588 4.343

Bulgaria
SMB 13.398 2.964 0.945 17.538 6.101 7.749
HML 14.994 2.601 1.428 21.731 7.143 9.885

Colombia
SMB 10.29 2.213 1.113 4.381 1.393 1.815
HML 5.271 1.243 0.898 10.641 2.997 3.02

Croatia
SMB 1.701 0.42 0.483 5.472 2.374 4.523
HML 4.641 1.287 0.525 9.807 3.421 5.71

Cyprus
SMB 19.593 5.442 3.25 6.911 2.108 2.959
HML 14.805 3.847 3.182 4.129 1.655 3.112

Czech
Republic

SMB 2.478 0.818 1.081 1.004 0.421 0.808
HML 2.877 0.999 0.924 0.509 0.152 0.192

Hungary
SMB 8.127 2.748 0.362 10.76 3.868 1.46
HML 11.046 4.073 2.016 16.144 5.576 7.877

Iceland
SMB 3.717 1.107 1.139 2.03 0.766 1.132
HML 3.99 1.729 3.36 1.439 0.578 1.091

Iraq
SMB 6.447 1.592 0.336 3.199 0.809 0.495
HML 9.114 2.561 1.586 3.785 1.223 2.361

Ireland
SMB 4.746 1.408 0.43 4.56 1.383 0.857
HML 5.523 1.133 0.525 5.802 1.896 2.158

Ivory Coast
SMB 10.311 2.64 2.94 2.443 0.764 1.29
HML 6.93 1.904 2.268 3.845 1.185 1.485

Jamaica
SMB 30.891 7.035 0.252 4.106 1.343 2.113
HML 50.316 9.917 0.441 17.707 3.461 1.219

Jordan
SMB 1.617 0.551 0.42 2.452 0.848 1.155
HML 1.722 0.497 0.609 2.882 1.036 1.595

Kenya
SMB 3.297 0.854 0.504 2.351 0.651 0.873
HML 5.481 1.248 0.672 2.273 0.62 0.868

Kuwait
SMB 1.071 0.304 0.42 7.502 2.742 2.433
HML 1.218 0.347 0.357 5.989 2.033 2.145

Lithuania
SMB 4.011 1.082 1.197 6.425 2.101 4.037
HML 2.751 0.971 1.617 5.65 2.203 4.078

Luxembourg
SMB 2.499 0.615 0.336 2.058 0.501 0.115
HML 4.872 1.407 2.856 4.45 1.214 0.724

Mauritius
SMB 3.927 1.145 1.596 3.969 1.153 1.205
HML 3.843 0.764 0.294 4.335 1.356 1.796

Morocco
SMB 1.05 0.343 0.362 2.209 0.915 0.603
HML 23.184 9.265 0.861 2.319 0.853 0.553

Nigeria
SMB 3.297 0.764 0.357 4.28 1.299 1.888
HML 2.037 0.529 0.756 4.39 1.561 2.47

North
Macedonia

SMB 0.399 0.161 0.231 3.694 1.532 0.513
HML 0.945 0.364 0.042 5.893 2.486 0.307

Continued on next page
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Table 2.12: Dispersion of average returns

Country Factor Max - Min Volatility IQR Max - Min Volatility IQR

Oman
SMB 1.68 0.382 0.399 3.694 1.12 1.031
HML 1.89 0.614 0.777 4.573 1.248 1.434

Pakistan
SMB 0.945 0.2 0.231 4.757 1.613 1.897
HML 2.457 0.683 0.399 5.297 1.722 2.03

Palestine
SMB 10.458 3.107 0.803 1.787 0.595 0.886
HML 4.41 1.059 0.777 3.377 0.678 0.156

Peru
SMB 13.923 2.594 0.483 10.879 2.449 0.953
HML 14.112 2.075 1.155 5.064 1.243 1.751

Portugal
SMB 5.775 2.239 1.239 17.011 6.629 7.767
HML 6.531 1.985 1.932 25.158 6.794 8.02

Qatar
SMB 3.381 0.881 0.21 8.175 1.55 1.613
HML 0.966 0.293 0.399 2.878 1 0.898

Romania
SMB 11.34 2.886 1.575 9.628 2.661 3.079
HML 3.381 0.675 0.357 11.356 3.367 4.056

Saudi Arabia
SMB 2.1 0.637 0.588 3.881 1.315 1.783
HML 2.415 0.71 0.609 4.977 1.542 1.43

Serbia
SMB 8.379 3.211 2.814 3.024 1.104 1.897
HML 5.628 1.278 1.281 3.066 1.103 2.003

Slovakia
SMB 74.235 31.467 24.948 8.698 3.31 3.428
HML 23.163 6.471 7.518 35.391 13.547 23.426

Slovenia
SMB 2.058 0.566 0.367 6.205 1.958 0.815
HML 4.221 1.438 1.202 2.873 1.028 1.749

Sri Lanka
SMB 1.89 0.531 0.588 6.292 1.72 1.861
HML 2.268 0.514 0.378 5.481 1.748 2.369

Tunisia
SMB 15.183 3.335 0.777 2.53 0.679 1.141
HML 31.353 5.997 0.462 2.974 0.931 1.214

Ukraine
SMB 11.067 2.245 1.134 13.271 4.385 2.752
HML 169.428 61.031 2.572 16.053 5.755 3.659

Vietnam
SMB 1.176 0.295 0.315 4.184 1.476 1.773
HML 0.777 0.175 0.252 5.362 1.699 1.343
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3 Investment Strategies Using Daily Return Signals: International Evidence

Single authored
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3.1 Introduction

In this essay, I investigate two important quantitative investment strategies based on daily

return signals that appear repeatedly in the literature. First, I examine the maximum daily

return (MAX) strategy introduced by Bali et al. (2011). This strategy ranks all stocks ac-

cording to the maximum daily return in the previous month. Stocks with high MAX returns

underperform stocks with low MAX returns. Second, I examine the “Never-Both” strategy

introduced by Kumar et al. (2021). This strategy classifies stocks as daily winners, daily losers,

both winners and losers, or neither on each trading day. Stocks that were daily winners and

daily losers in the previous month underperform stocks that did not make it to the list.

The theoretical bases for both strategies share similarities. There is a non-fundamental

demand pressure, potentially caused by increased attention (see, e.g., Barber and Odean 2008,

Gervais et al. 2001, Kumar et al. 2021) or preferences for positive skewness (see, e.g., Bali et al.

2011, Ang et al. 2006, Boyer et al. 2010), that pushes market prices above their fundamental

values. The buying pressure is temporary, and stock prices reverse within a month.

In this paper, I examine both strategies in global equity markets using data from Eikon

(Datastream). To my knowledge, my analysis is the most extensive international test of quan-

titative investment strategies based on daily returns. It leads to several findings. First, I find

that both effects, MAX and “Never-Both”, are internationally robust for 57 countries from

December 1984 to December 2021. They appear in varying magnitudes in nearly all of the

regions defined by Fama and French (2012, 2017). Second, the MAX effect is internationally

robust to more aggressive filter rules. Walkshäusl’s (2014) study stands out as the sole analysis

of the MAX effect across 11 international equity markets from July 1990 to December 2011.25

However, it uses filters for Eikon data that have more recently been shown to be insufficient

(see Landis and Skouras 2021). Finally, I show that the alpha of the “Never-Both” strategy is

not fully explained by the MAX effect in spanning regressions. This result suggests that the

same underlying demand shock does not drive both effects and is broadly consistent with the

behavioral literature, which predominately attributes the non-fundamental demand shocks be-

hind MAX and “Never-Both” to different behavioral biases. “Never-Both” is usually associated

25Note that Annaert et al. (2013) and Cheon and Lee (2018) have extended the study of Bali et al. (2011) to
the global level, for 13 and 42 countries, respectively but instead of looking at a single maximum return, they
define MAX(N) as the average of the N highest daily returns or the five highest daily returns over the previous
month.
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with an increase in attention (see, e.g., Barber and Odean 2008, Gervais et al. 2001, Kumar

et al. 2021). Preferences for lottery stocks and positive skewness have been proposed to explain

the MAX effect (see, e.g., Bali et al. 2011, Boyer et al. 2010).

The main methodological contribution of my paper is the application of the “Never-Both”

strategy to a broad set of 57 international countries.26 The original United States strategy

classifies the top 80 and the bottom 80 stocks in the daily cross-section as winners and losers,

respectively. Based on this classification, the “Never” portfolio includes around 78% of all US

stocks, on average. However, all international equity markets are much smaller than the US

where the strategy was initially proposed, which makes a threshold of 80 stocks an inappro-

priate choice. For example, even developed countries such as France or Germany have 477

and 570 stocks per day on average, respectively (see Table 3.6 for details). For France or Ger-

many, Kumar et al.’s (2021) approach suggests that approximately 20% top (bottom) stocks

in the distribution receive attention as winners (losers). It is highly implausible that such a

high fraction of all stocks is subject to the attention channel established in the literature (see

Kahneman 1973, for a discussion of limited attention). Therefore, appropriate adjustments are

unavoidable.

In this paper, I use country-specific thresholds. For each day, I rank all stocks based on their

daily excess returns. The daily winners are the stocks in the best-performing 1st percentile,

and the daily losers are those in the worst-performing 99th percentile. At the end of the

month, all stocks that were never winners or losers in the previous month build the “Never”

portfolio. In many cases, the country-specific threshold yields “Never” portfolios that account

for a slightly smaller percentage of stocks than the original strategy in the US. For example,

a country-specific threshold of six stocks in Germany yields a “Never” portfolio that accounts

for approximately 73% of all German stocks, on average. However, the “Never-Both” strategy

is difficult to apply to countries that are significantly smaller than Germany. For example, a

country with 100 stocks on average would produce only one daily winner and one daily loser.

Such a small number appears to be inconsistent with the original idea by Kumar et al. (2021)

that attention is drawn to a few stocks at the top of the list. To preserve their original idea,

26The raw data set includes the cross-section of 107 countries for which market data is available from
Datastream via Eikon. These countries and their market data are filtered through an extensive filtering process
that includes 21 static and dynamic filtering rules for data quality purposes. Details on the compilation process
and the filters can be found in Table 5.3 in the Supplementary Appendix, Chapter 5.
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I require a daily threshold of at least three stocks per day. This relatively high threshold in

countries with few stocks will unavoidably lead to a much smaller percentage of stocks allocated

to the “Never” portfolio at the end of the month.

Therefore, implementing the “Never-Both” strategy is most meaningfully possible in cross-

sections with at least 300 stocks on average. These include a wide range of larger countries, such

as France, Germany, or India. Furthermore, it is possible to apply my international adaption

of “Never-Both” to the international regions defined by Fama and French (2012).

Empirically, the “Never-Both” strategy performs remarkably well in countries where extreme

sorting into winner and loser portfolios is possible. This is illustrated in Figure 3.1, which shows

the relationship between the size of the “Never” portfolio and the performance of the “Never-

Both” strategy. The larger the “Never” portfolio, the more extreme the “Both” portfolio, and

the higher the average monthly return of the “Never-Both” strategy.
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Figure 3.1: Performance of the Never-Both strategy
This figure plots the performance of the “Never-Both” strategy in each country as a function of the size of

the “Never” portfolio. The performance of the “Never-Both” strategy is expressed as the average monthly

value-weighted return in percent in US dollars. The size of the “Never” portfolio varies from 0 to 100% of the

total stock distribution. It should be noted that the classification of the countries into regions is for illustrative

purposes only.
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I view my analysis of the “Never-Both” strategy as a cautionary tale that highlights the need

to carefully conduct out-of-sample tests with international data. Blindly applying a quantitative

strategy, originally developed in the US, to international markets could be highly misleading and

underscores the importance of thorough analysis and interpretation. In line with the findings

from Chapter 2 of this doctoral thesis, I show that the constructability of daily quantitative

strategies tends to be sample-specific and cannot be directly extrapolated to an international

setting.

The remainder of this paper is organized as follows. In Section 3.2, I illustrate the different

strands of literature to which this study relates. Section 3.3 describes the data and the sample

screening procedure. Section 3.4 examines daily return signals and the cross-section of expected

returns with a focus on international evidence. Section 3.5 concludes the paper.

3.2 Literature

My paper is related to the broad literature on cognitive biases, such as limited investor attention

and its impact on asset prices.27 Several theories exist on how individuals’ allocated attention

affects their economic decisions (Bordalo et al. 2012). First, salience theory states that investors

pay more attention to stocks with extreme performance. Bordalo et al. (2013), DellaVigna

and Pollet (2009), Gödker and Lukas (2021) and Wang (2017) focus on how salience, or the

prominence of certain outcomes, impacts investor choice. Second, ranking theory postulates

that the position or order of stocks in a list or report can influence investor behavior. Hartzmark

(2015) demonstrates the rank effect in investor trading, a cognitive bias in which investors

focus on extreme performers in their portfolio. Third, theories of limited attention argue that

investors have limited capacity to process information (Kahneman 1973). Based on these

decision theories, empirical asset pricing studies argue that cognitive biases, along with the

limits of arbitrage, lead to mispricing. Hirshleifer and Teoh (2003) is just one study that

empirically shows that biased investor perceptions due to limited attention also affect market

27Further examples of cognitive biases that have been applied to financial markets are overconfidence (in-
vestors overestimate their knowledge or ability to predict market movements as identified by Odean (1998)
and Daniel et al. (1998)), confirmation bias (investors seek information that confirms their existing beliefs or
investment decisions while ignoring contradictory evidence according to Rabin and Schrag (1999)), and anchor-
ing (investors rely too heavily on initial information that is adjusted to provide the final answer as shown by
Tversky and Kahneman (1974) and Chang et al. (2017)). An overview and a discussion of the relevance of
behavioral biases for asset prices can be found in Barberis and Thaler (2003).
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prices (see Barberis 2018, for a recent survey). Examples that are more closely related to this

study include Jacobs and Hillert (2016), Wang (2017) and Kumar et al. (2021). These authors

examine the economic consequences of stock ranking.

An important methodological question is how to empirically measure aggregated investor

attention. Several authors examine direct and indirect proxies. Examples of indirect proxies

include extreme returns (see, e.g., Barber and Odean 2008, Seasholes and Wu 2007, Kumar et al.

2021), trading volume (see, e.g., Barber and Odean 2008, Gervais et al. 2001), media coverage

(see, e.g., Barber and Odean 2008, Fang and Peress 2009, Kumar et al. 2021), advertising

(Lou 2014), and price limits (see, e.g., Seasholes and Wu 2007, Peng et al. 2016, Wang 2017).

Opponents of indirect proxies claim that these measures are usually correlated with a firm’s

information and can be driven by factors unrelated to investor attention, as this information is

difficult to control explicitly. Therefore, these studies are limited in their ability to make causal

statements about the effects of attention due to the endogeneity of proxies for investor attention.

In the same vein, Da et al. (2011), Engelberg and Parsons (2011), Peress (2014), Ben-Rephael

et al. (2017), Kaniel and Parham (2017), Fedyk (2024) and Focke et al. (2020) use direct proxies

for attention to overcome some of these endogeneity concerns. These studies rely on Google

search volume index for stock tickers, different media coverage of the same information event,

national newspaper strikes, news search and reading frequency for specific stocks on Bloomberg

terminals, listing in prominent mutual fund rankings, front page positioning on Bloomberg

terminals, and aggregated daily page views of a company’s Wikipedia page to demonstrate the

causal effects of attention-grabbing events on stock trading and prices.

Beyond the debate about direct and indirect proxies for aggregated investor attention, the

literature consistently documents that attention affects asset prices. Kumar et al. (2021) found

that ranked stocks with the highest and lowest daily returns significantly underperformed un-

ranked stocks in the US. Similar research has been conducted in the US market on institutional

and retail return rankings (Barber and Odean 2008, Ben-Rephael et al. 2017) and the effect of

rankings on mutual fund flows (Kaniel and Parham 2017). I generalize the results of Kumar

et al. (2021) to various international markets that have not yet been studied on this issue. Pre-

vious studies that use non-US data include Peng et al. (2016) and Wang (2017), which analyze

the effect of stock rankings in the Chinese market. These studies differ from my research in
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several ways. First, they focus on the Chinese market, while I conduct an empirical examina-

tion on a much broader set of 57 international equity markets. Second, I focus on investors’

attention to both ranked stocks, winners and losers, and their short-term price overreactions,

whereas Peng et al. (2016) only consider the rankings associated with recent winners.

Furthermore, my study is related to the literature on investor’s preferences for lottery-type

stocks. The primary focus of this research is on the distribution of stock returns. Evidence

from horse track betting and lottery games supports a preference for positive skewness in

payoffs (Thaler and Ziemba 1988). With small probabilities, large returns might be realized.

If investors assume that these past distributions are representative of the future and investors

prefer positive skewness, then stocks with a positively skewed past return distribution would

experience excess demand that pushes prices above fundamental value. Kumar (2009) calls

such stocks “lottery stocks” and defines them as stocks with low share prices, high idiosyncratic

volatility, and high idiosyncratic skewness. Concentrating more on the daily return, Bali et al.

(2011) analyze stocks based on their maximum daily returns in a given month and examine

the subsequent monthly returns of these portfolios over a long period. They show that high

MAX stocks tend to have lower returns in the future. These findings are consistent with the

behavioral asset pricing model of Barberis and Huang (2008), which predicts low returns for

stocks with positively skewed return distributions.

An alternative interpretation of the empirical evidence is that extreme positive returns in the

past are only a proxy for high idiosyncratic volatility (IVOL). Ang et al. (2006, 2009) empirically

show that stocks with high IVOL have relatively low subsequent returns, a surprising result

that is now widely referred to as the IVOL puzzle. Kumar et al. (2021) address this issue with

several empirical investigations that collectively reject IVOL as an explanation of the negative

returns of “Never-Both” strategy. In one test, they examine whether the underperformance of

high idiosyncratic volatility stocks is actually due to daily winners and losers. They compare

portfolio sorts based on the full universe with sorts based on a sub-sample where stocks ranked

as daily winners or losers in the previous month have been excluded. For the full universe, they

confirm the findings in Ang et al. (2006) that stocks with high idiosyncratic risk significantly

underperformed stocks with low idiosyncratic risk by -0.66% (-0.55%) per month in equal

(value-) weighted sorting. However, the underperformance of stocks with high idiosyncratic
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risk significantly decreased to a negligible -0.03% (-0.15%) in equal (value-) weighted sorting

when stocks that were daily winners or losers in the last month have been excluded. These

results are consistent with the idea that investor attention is actually the main driver of the

IVOL puzzle.

The “Never-Both” strategy relies on daily rankings. The leading interpretation in the

literature for why ranking matters is limited attention (Kahneman 1973, Barber and Odean

2008). Due to the enormous amount of stock market information, paying attention to all of

it would exceed the cognitive abilities of private investors, thus they only select a few stocks.

As a result, attention-induced non-fundamental trading is responsible for the overvaluation

of a few attention-grabbing stocks. Mohrschladt and Schneider (2021) confirm this argument

by using Google Search Volume (see Da et al. 2011, who proposed abnormal search volume

index (ASVI) using Google Search Volume) as a direct stock-specific measure of retail investor

attention for weekly stock market data. They also provide additional evidence favoring the

idea that attention-induced buying pressure is the source rather than the consequence of the

IVOL puzzle. Although there is a positive correlation between IVOL and investor attention,

conditional double-sorting first on abnormal search volume (ASVI), then by IVOL shows that

the corresponding weekly return effect associated with IVOL increases from an insignificant

value of 0.09% in the low ASVI tercile to a significant value of 0.16% in the high ASVI tercile.

Finally, this paper relates to the recent discussion on the out-of-sample validity of cross-

sectional return predictors (see, e.g., McLean and Pontiff 2016, Jacobs 2016, Harvey et al.

2016, Jacobs and Müller 2020, Hou et al. 2020, Chen and Zimmermann 2022, Jensen et al.

2023, Menkveld et al. 2024). Some recent studies have questioned the reliability of empirical

results (Harvey et al. 2016, Hou et al. 2020). Taking a broader perspective, Menkveld et al.

(2024) argue that researchers have many degrees of freedom in empirical research, and variation

in analysis details contributes to uncertainty in scientific evidence. Therefore, any new finding

should be treated with caution without further out-of-sample evidence. Partly as a response to

this evidence, Jacobs and Müller (2020), Chen and Zimmermann (2022) and Jensen et al. (2023)

provide robust evidence that most proposed cross-sectional return predictors actually predict

returns, both in the US and internationally. Furthermore, Chen (2021) argues in a thought

experiment that it would have taken far too long to p-hack the many factors (300+) that
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have been proposed in the asset pricing literature. I contribute to this literature by examining

two additional strategies in international markets. The strategies I examine here are based on

daily data, in contrast to most previous international studies that almost exclusively investigate

monthly data. I find evidence of return predictability out-of-sample.

3.3 Data and Statistics

The raw data set is an unbalanced panel of stocks from 107 countries with available market data

on Eikon. I collect price data from Datastream via Eikon including the daily total return index

(datatype RI), market capitalization (datatype MV), closing price (datatype P), unadjusted

price (datatype UP), and adjustment factor (datatype AF).28 The baseline sample period runs

from December 1984 to December 2021. I run 21 static and dynamic screens recommended in

the literature (see, e.g., Ince and Porter 2006, Griffin et al. 2010, Karolyi et al. 2012, Landis

and Skouras 2021) when using Datastream. The Supplementary Appendix (Chapter 5) details

the screening process and presents summary statistics of the raw data for each country. Stocks

are included in the final sample if they pass the static and dynamic filters applied and the

respective daily return and market capitalization are available. Therefore, they can be ranked

daily by the maximum (minimum) return. After 21 filtering rules were applied, the resulting

initial data set consisted of an international stock market sample that covered 86 countries.29

Next, market price data are converted to US dollars (USD) using exchange rates also down-

loaded from Datastream.30 Then, I apply the standard filters used in the US equity data to

construct the quantitative strategies on daily return signals. These filters include the winsoriza-

tion of returns at the 0.1% and 99.9% levels each day (see, e.g., Jacobs 2016, Jacobs and Müller

2020, Hollstein 2022) and the exclusion of penny stocks (see, e.g., Ince and Porter 2006, Hou

et al. 2011, Jacobs 2016, Jacobs and Müller 2020, Kumar et al. 2021). In their main analysis

Kumar et al. (2021) drop the small stocks for which the price is below USD 5 at the end of

the month, while they report that the results do not change when they use the USD 1 filter.

Given I already applied a price filter in the raw sample during the screening process, I use the

28A detailed definition of all variables used in this paper is tabulated in Table 5.6 in the Supplementary
Appendix (Chapter 5).

29Summary statistics on the initial sample are presented in Table 3.6 in the Appendix.
30See Table 5.7 in the Supplementary Appendix (Chapter 5) for the local currency to USD rates downloaded

from Datastream.
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USD 1 filter.31 So, I exclude the stock-month observations where the unadjusted price is below

USD 1. I use unadjusted price because the closing price is historically unadjusted for bonuses

and rights issues. I choose the USD 1 filter instead of the USD 5 filter, as the latter seems not

appropriate in certain countries where typical price ranges significantly differ from those in the

US (Landis and Skouras 2021). Already applying USD 1 filter may eliminate all data in certain

time periods. Examples include Iraq and Venezuela, where the USD 1 filter eliminates 100%

of the sample. Other extreme examples are Indonesia, Zimbabwe, Jamaica, and Nigeria, where

over 90% of the sample is removed, as shown in the last right-hand column of Table 3.6 in the

Appendix.

Furthermore, for individual countries, the cross-sections are substantially smaller than in the

US, with a significantly lower number of stocks (see Columns 4 to 6 in Table 3.6). Consequently,

it is unlikely that sufficiently diversified country portfolios can be constructed in certain periods.

Therefore, following Hanauer (2020), Hanauer and Windmüller (2023) and Hollstein (2022), I

consider a month to be valid and include it in the country sample if at least 30 stock-month

observations are available after applying all filters. Since the portfolios are held monthly,

I also require at least 60 valid months for each country, following Jensen et al. (2023), to

provide a comprehensive analysis of the country-specific investment strategy. The standard

price and valid months filters result in a final sample of 57 countries.32 Moreover, I perform

a regional analysis, as some countries’ cross-section and time series dimensions were short due

to strict filtering rules. I follow region definitions of developed markets (DM) based on Fama

and French (2012, 2017) and expand them with MSCI emerging (EM), frontier (FM), and

standalone markets (SA) as in Hollstein (2022).33

31According to Landis and Skouras (2021), I remove stocks from the investment universe of month t if their
unadjusted price in month t-1 is in the lowest quartile of stocks available in that month.

32The countries included are: i) developed markets (Australia, Austria, Belgium, Canada, Denmark, Finland,
France, Germany, Hong Kong, Ireland, Israel, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Sin-
gapore, Spain, Sweden, Switzerland, the United Kingdom, and the United States), ii) emerging markets (Brazil,
Chile, China, Czech Republic, Egypt, Greece, Hungary, India, Kuwait, Malaysia, Mexico, Peru, Philippines,
Poland, Qatar, Saudi Arabia, South Africa, South Korea, Taiwan, Thailand, and Turkey), iii) frontier markets
(Bangladesh, Croatia, Jordan, Morocco, Oman, Pakistan, Romania, Sri Lanka, Tunisia, and Vietnam), and iv)
standalone markets and unclassified markets (Argentina, Bulgaria, and the Russian Federation)

33MSCI annually reviews global equity markets to determine whether they should be classified as developed,
emerging, frontier, or standalone. Note that the MSCI classification is not used as an exclusion criterion for
countries in this study, but only as a classification for the comparison of different regions. Therefore, as I
analyse local factors in as many countries as possible based on the size of the stock market, some countries that
are not classified by MSCI (NA; not available) are also included in the sample. An example is Russia, which
was classified by MSCI as an emerging market and then removed from the classification on March 7, 2022.
For market classification based on MSCI as of June 27th, 2022 see https://www.msci.com/our-solutions/

indexes/market-classification.
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Table 3.1 shows summary statistics for each country in the final sample. I have a coverage

of 76,443 stocks and 10,435 trading days. The average, minimum, and maximum number of

stocks in each country are calculated daily based on the stock observations for which the ranking

variables are available. Despite the low minimum number of stocks available per day in some

countries, as indicated in the fifth column of Table 3.1, I have data with more than 527.71

stocks for DM, 276.75 for EM, 80.99 for FM, and 56.23 for SA markets on average for the vast

majority of countries. For most developed markets, the time series starts in the early 1980s,

and for emerging markets, only after 1994.

Daily returns are calculated using the Datastream total return index (RI) in local currency

and are then converted to USD to compare the performance of winners and losers internationally

from the perspective of a US investor. Columns 7 to 10 in Table 3.1 show the time series

average, standard deviation, skewness, and kurtosis of the annualized value-weighted market

return. Average annual value-weighted market returns for individual countries range from 1.2%

for the Czech Republic to 25.8% for Peru. I observe average annual market returns for most

countries similar to those in Hollstein (2022), e.g., 12.5% per annum in the US.
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Table 3.1: Descriptive statistics
The table presents summary statistics for the 57 countries of my international sample. Column 2 shows the market affiliation according to MSCI or NA if a country
is not part of the MSCI Index. Column 3 displays the total number of stocks in the sample for each country. Columns 4, 5, and 6 state the average, minimum, and
maximum number of stocks available per day, respectively. Columns 7, 8, 9, and 10 display the time series average of the annualized value-weighted US dollar market
return in percentage points and the time series average cross-sectional standard deviation skewness and kurtosis respectively. Column 11 displays the time series average
of the market capitalization in millions of US dollars. The two following columns indicate the start and final date of the time series for the respective country. The last
two columns show the total number of months in each country and the number of valid months where at least 30 stocks are available.

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Valid
months

Argentina SA 130 41.39 29 67 10.4 4.63 -0.68 20.17 1015.89 1994-01-04 2019-01-31 335 204
Australia DM 1695 313.32 170 551 12.45 3.4 -0.61 12.42 2345.97 1994-01-03 2021-11-30 335 335
Austria DM 221 62.05 42 86 7.97 3.24 -0.32 13.17 1242.37 1991-12-03 2021-11-30 360 360
Bangladesh FM 271 104.62 34 192 17.51 3.32 0.26 11.14 160.23 2004-12-02 2021-11-30 204 202
Belgium DM 383 112.36 47 146 8.73 2.98 -0.41 12.22 2022 1991-12-03 2021-11-30 360 360
Brazil EM 540 131.77 5 231 14.39 5.19 -0.25 10.46 3194.67 1994-07-01 2021-11-30 329 329
Bulgaria SA 261 71.07 11 156 9.19 2.91 -0.35 11.21 74.64 2006-03-01 2021-11-30 192 189
Canada DM 5536 797.58 439 1286 10.59 2.85 -0.8 19.23 1179.78 1984-12-17 2021-11-30 444 444
Chile EM 158 46.9 28 68 11.15 3.08 -0.24 16.99 1917.89 1994-01-03 2021-11-30 335 312
China EM 4652 1400.97 120 3374 15.2 4.25 -0.32 7.29 2046.59 1999-12-02 2021-11-30 264 264
Croatia FM 192 71.12 39 96 5.14 2.9 -0.18 12.78 295.34 2005-12-02 2021-11-30 192 192
Czech Republic EM 223 98.54 21 210 1.2 3.56 -0.11 4.46 131.38 1995-12-04 2002-05-31 312 74
Denmark DM 407 137.97 107 193 13.87 3.03 -0.28 9.85 1555.6 1994-01-03 2021-11-30 335 335
Egypt EM 217 90.41 26 140 7.38 3.56 -3.99 82.36 477.9 2005-12-02 2021-11-30 191 188
Finland DM 311 99.8 3 134 14.17 4.26 -0.06 9.02 1889.87 1988-03-01 2021-11-30 408 377
France DM 2237 477.49 43 711 12.66 3.12 -0.2 10.88 2498.13 1981-12-02 2021-11-30 480 480
Germany DM 2019 570.44 308 906 8.76 3.14 -0.29 9.85 2043.43 1988-12-02 2021-11-30 396 396
Greece EM 468 156.6 56 256 7.04 4.72 -0.09 8.08 470.05 1995-12-04 2021-11-30 312 311
Hong Kong DM 726 119.49 32 297 11.95 3.8 0.22 12.41 10135.99 1994-01-03 2021-11-30 335 335
Hungary EM 86 33.67 25 50 8.41 4.32 -0.05 5.26 542.95 1999-12-02 2013-11-29 264 102
India EM 4023 1033.14 299 1840 16.24 3.98 -0.28 11.53 993.41 1997-12-02 2021-11-30 288 288
Ireland DM 88 35.02 28 43 13.99 2.98 -0.14 6.32 1645.72 1989-12-04 2008-08-29 384 194
Israel DM 904 293.52 173 433 11.52 3.19 -0.37 8.09 419.17 1997-12-02 2021-11-30 288 288
Italy DM 772 187.24 83 283 8.06 3.59 -0.29 11.4 2475.94 1988-12-02 2021-11-30 396 396
Japan DM 5708 2640.13 1886 2973 4.92 3.22 0.06 7.88 1477.32 1994-01-03 2021-11-30 335 335
Jordan FM 237 108.45 20 159 2.79 2.07 -0.1 7.57 221.95 2006-12-04 2021-11-30 179 179
Kuwait EM 154 42 27 117 4.84 2.46 -0.46 10.7 1986.09 2007-12-04 2021-11-30 168 153
Malaysia EM 797 122.95 42 481 8.82 3.25 -0.6 82 1711.13 1995-12-04 2021-11-30 312 310
Mexico EM 274 63.62 30 117 11.07 3.96 -0.33 15.59 2899.24 1994-01-03 2021-11-30 335 334
Morocco FM 91 46.48 30 57 13.84 2.27 -0.44 9.91 856.03 2002-12-03 2021-11-30 228 228
Netherlands DM 421 114.3 70 199 10.46 3.22 -0.21 11.43 3568.19 1986-12-02 2021-11-30 420 420
New Zealand DM 224 54.85 31 75 13.34 2.86 -0.34 11.06 806.95 1994-01-03 2021-11-30 335 332
Norway DM 793 133.85 68 252 12.95 3.94 -0.58 13.37 1139.79 1986-12-02 2021-11-30 420 420
Oman FM 103 37.29 27 57 19.68 2.21 -0.72 13 378.02 2005-12-02 2014-08-29 192 83
Pakistan FM 294 82.93 23 139 17.28 3.15 -0.17 6.01 354.6 1994-12-02 2021-11-30 324 251

Continued on next page
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Table 3.1: Descriptive statistics

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Valid
months

Peru EM 111 34.91 26 43 25.8 2.86 -0.51 10.93 886.7 1994-01-03 2016-03-31 335 81
Philippines EM 99 33.46 28 40 12.02 2.55 -0.27 6.18 3137.38 1994-07-01 2021-01-29 335 124
Poland EM 1013 240.26 35 414 10.21 4.31 -0.23 8.26 431.38 1995-12-04 2021-11-30 312 312
Portugal DM 188 54.25 30 92 9.95 2.98 0.05 13.23 1003.33 1991-12-03 2014-05-30 360 241
Qatar EM 44 31.87 28 36 5.49 3.22 -0.28 11.64 3666.23 2007-12-04 2019-04-30 168 129
Romania FM 127 35.21 25 48 16.84 4.06 -0.25 12.67 229.87 2008-12-02 2021-11-30 156 96
Russia NA 379 91.33 37 141 19.33 4.24 0.17 25.33 6178.05 2004-12-02 2021-11-30 204 204
Saudi Arabia EM 215 112.65 13 149 2.83 3.72 -0.57 12.89 5414.54 2005-12-02 2021-11-30 192 192
Singapore DM 370 77.05 31 161 9.19 3.06 0.04 9.85 3748.06 1994-01-03 2021-11-30 335 334
South Africa EM 677 147.39 55 307 13.78 4.05 -0.38 8.9 1741.42 1985-12-03 2021-11-30 432 432
South Korea EM 3602 1200.72 515 1796 10.13 5.24 0.54 22.02 645.71 1994-12-02 2021-11-30 324 324
Spain DM 424 108.51 74 134 9.8 3.49 -0.15 11.51 4794.65 1992-12-02 2021-11-30 348 348
Sri Lanka FM 135 53.09 29 111 8.68 2.24 0.04 10.51 153.84 2010-12-02 2021-11-30 132 124
Sweden DM 1689 298.43 143 617 14.64 3.86 -0.07 9.39 1226.25 1986-12-02 2021-11-30 420 420
Switzerland DM 529 178.22 105 218 12.9 2.69 -0.35 10.17 3561.24 1983-10-12 2021-11-30 458 458
Taiwan EM 2348 474.73 67 1287 14.03 3.74 -0.11 6.78 1116.58 1996-12-03 2021-11-30 300 300
Thailand EM 625 118.35 50 327 10.46 4.04 0.48 15.89 1878.88 1994-01-03 2021-11-30 335 335
Tunisia FM 80 45.61 29 59 4.05 1.79 -0.33 7.27 160.86 2006-02-01 2021-11-30 192 184
Turkey EM 554 196.79 103 256 16.26 6.67 0.05 10.73 693.75 1994-12-02 2021-11-30 324 324
United Kingdom DM 6058 1162.75 872 1919 10.38 3.05 -0.39 14.9 1968.98 1984-12-04 2021-11-30 444 444
United States DM 20376 4108.68 63 6196 12.5 2.77 -0.72 20.76 3277.74 1984-12-04 2021-11-30 444 444
Vietnam FM 1184 225.13 26 598 11.47 3.6 -0.34 5.71 302.48 2007-01-02 2021-11-30 179 177
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3.4 Daily Return Signal and the Cross-Section of Expected Returns

This section consists of five subsections. The first subsection discusses the methodology used to

test the “Never-Both” strategy at the international level. The second subsection presents the

main results of the paper, namely the out-of-sample evidence for the “Never-Both” strategy in

the Fama and French’ (2012, 2017) regions. The third part presents auxiliary results from the

US when replicating Kumar et al. (2021) with a different (Datastream) sample and aggressive

filtering rules. The fourth subsection summarizes the results at the country level. Finally, the

fifth subsection presents robust results on the MAX effect by regions and discusses its relation

to the “Never-Both” strategy.

3.4.1 Univariate Portfolio-Level Analysis

To examine out-of-sample evidence for the “Never-Both” strategy, I test the daily winner-

loser signal for international markets with Eikon (Datastream) data from December 1984 to

December 2021. Daily winners and losers are stocks at the most extreme ranks within the daily

cross-section of stock returns. To test the signal of the daily winners and losers, I estimate their

performance after the ranking. First, I calculate local daily returns and convert them to USD

as I take the perspective of an investor that is unhedged to exchange rates. Second, I calculate

daily excess returns by subtracting the risk-free rate of the 1-month US Treasury bill yield from

Kenneth R. French’s website.34 Next, I rank stocks daily from best- to worst-performing based

on the excess return. Stocks at the top (bottom) of the ranking are defined as daily winners

(losers). Then, at the end of each month, I sort stocks into portfolios based on whether they

were daily winners or losers in the previous month. Based on this, four portfolios are created

following Kumar et al. (2021). The “Never” portfolio includes all stocks that never appeared

in the top or bottom ranking in the previous month. The “Winner” and “Loser” portfolios

include those that appeared at least once at the top or bottom rankings, respectively, in the

previous month. The “Both” portfolio includes all stocks that appeared at least once in the

top and at least once in the bottom ranking in the previous month but were not only winners

or losers.

34See https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html for details.
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I choose a country-specific threshold to classify daily winners or losers. Kumar et al. (2021)

use a fixed threshold of the 80 best and 80 worst stocks. However, all international stock markets

are much smaller than the US. Therefore, I consider two options for setting the threshold. The

first is a fixed country-specific threshold determined by the 1st percentile of the average number

of stocks per day in a country. The second option is a variable threshold, expressed as the 1st

percentile of the actual daily available stocks in a country.

Thus, a developed country of a similar size to Germany (570 stocks on average per day)

would have a threshold of 6 best and worst stocks. Other countries, such as China, India,

Japan, South Korea, the UK, and the US have an average of more than 1,000 stocks per day,

which results in a threshold over 10. However, there is a trade-off in small countries with an

average of approximately 100 stocks per day. Even in developed markets such as Belgium,

Denmark, Finland, or the Netherlands, there would only be one daily winner and one daily

loser. Such a small number seems incompatible with the original idea of drawing attention to

a few stocks at the top of a ranking. Newspapers and financial websites (e.g., The Wall Street

Journal, The New York Times, Bloomberg, or national media) usually publish a ranking of the

best and worst 10 or 20 stocks (Kumar et al. 2021). To maintain the idea of media coverage,

I choose a daily threshold of at least 3 stocks per day. A threshold of 3 stocks per day in

countries with few stocks would inevitably result in a much lower percentage of stocks being

allocated to the “Never” portfolio at the end of the month. However, the advantage is that all

four portfolios that I later analyze, would contain a sufficient number of stocks each month and

be more diversified than they would be with a threshold of less than 3.

3.4.2 Aggregated Results from Regions

I find robust out-of-sample evidence of overpricing among daily winners and losers in the Fama

and French (2012, 2017) regions.35 Stocks that were both winners and losers in the previous

month underperformed the “Never” stocks in most regions, namely North America (developed),

35I use the following region definitions, which are based primarily on those of Fama and French (2012,
2017), expanded with MSCI emerging, frontier, and standalone markets as in Hollstein (2022): i) Asia Pacific
(ex Japan): (Australia, Bangladesh, China, Hong Kong, India, Indonesia, Malaysia, New Zealand, Philippines,
Singapore, South Korea, South Africa, Sri Lanka, Taiwan, Thailand, and Vietnam) ii) Europe: Austria, Belgium,
Bulgaria, Croatia, Czech Republic, Denmark, Finland, France, Germany, Greece, Hungary, Ireland, Israel, Italy,
Netherlands, Norway, Poland, Portugal, Romania, Russia, Spain, Sweden, Switzerland, and the UK), iii) Japan,
iv) the Middle East (Egypt, Jordan, Kuwait, Morocco, Oman, Pakistan, Qatar, Saudi Arabia, Turkey, and
Tunisia), v) North America (Canada, Mexico, and the US), and vi) South America (Argentina, Brazil, Chile,
and Peru).
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Europe (developed), Asia-Pacific (ex Japan), Japan, and the Middle East. Table 3.2 shows the

results in which a fixed threshold is used.36

A trading strategy going long stocks in the “Never” portfolio and short stocks in the “Both”

portfolio yields the highest average value (equal-) weighted monthly return of 1.38% (0.83%) in

Asia Pacific and 1.18% (1.29%) in North America. Overall, the “Never-Both” effect is positive

and often significant for value-weighted portfolios. Even in Japan, where studies have shown

the failure of the medium-term momentum strategy (Griffin et al. 2003, Fama and French 2012),

the “Never-Both” strategy delivers a positive (albeit weak) significant monthly average value

(equal-) weighted return. This out-of-sample finding is consistent with robust evidence on the

attention effect in financial markets (Barber and Odean 2008), based on the idea that investors

buy stocks that attract their attention. Therefore, everything at the top and bottom of a list

generates attention. Consequently, it should affect winners and losers equally. As shown in

Table 3.2, it works robustly for the “Both” portfolio, which is reasonable in light of the main

behavioral explanation because these stocks are extremely attention-grabbing.

By focusing on stocks that were daily losers but not winners last month, I find significant

underperformance compared to “Never” stocks in Europe (developed) and North America (de-

veloped). The “Never-Loser” strategy yields an average value (equal-) weighted monthly return

of 0.39% (0.29%) in Europe and 0.56% (0.32%) in North America. This result is consistent

with the findings of Kumar et al. (2021), which show that the effects are larger for loser stocks.

In developed Asia Pacific and South America, the “Winner” stocks outperformed the “Never”

stocks in the equal-weighted portfolio. The developed Asia Pacific region consists of Australia,

Hong Kong, New Zealand, and Singapore. As shown in Table 3.9 in the Appendix, the “Win-

ner” stocks appeared to overperform in each of these countries, although the effects were not

significant. For the South American sample, the effects are driven by Brazil, the country with

the largest market capitalization. In these isolated countries, “Winner” stocks in the equal-

weighted portfolios significantly outperformed “Never” stocks. Given the high noise in the

international sample and the large number of sub-samples in a region, occasional deviations

from Kumar et al.’s (2021) results are expected.

36The results remain similar when using the alternative variable threshold in each region as shown in the
Table 3.10 in the Appendix.
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Table 3.2: Daily winners and losers in regions
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free. It shows the results of international out-of-sample tests on the performance of the “Never-
Both” strategy in six regions from December 1984 to December 2021. The US sample in the North
American region includes stocks traded on the three big stock exchanges (NYSE, AMEX, and NAS-
DAQ), excluding stocks with share prices smaller than USD 1. Column 2 states the average distribution
of the stocks in the four portfolios: “Never”, “Winner”, “Loser”, and “Both”. Columns 3 to 8 show
each portfolio’s average monthly returns, standard deviation, and Sharpe ratios. The righthand col-
umn “Avg. weight” shows the average maximal weight of a stock in the portfolio during the sample
period. The results from the mean regressions of long-short strategies are based on Newey and West
(1987) adjusted standard errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(1) Asia Pacific
winsorized returns 0.1% price filter=1 fixed threshold=36

Never 60.67% 0.35 5.65 0.22 0.71 5.99 0.41 10.31%
Winner 8.07% 0.36 7.56 0.17 0.69 7.63 0.31 14.21%
Loser 6.74% 0.14 7.72 0.06 0.63 7.33 0.3 14.54%
Both 24.53% -0.68 9.38 -0.25 0.1 8.34 0.04 16.06%

Never-Winner 0.02 4.94 0.02 0.09 4.13 0.08
(0.24) (0.25)

Never-Loser 0.16 4.93 0.11 0.05 3.83 0.05
(0.23) (0.2)

Never-Both 1.38 *** 7.45 0.64 0.83 * 5.82 0.5
(0.4) (0.35)

T (Months) 355 355

(1.1) Asia Pacific (developed countries)
winsorized returns 0.1% price filter=1 fixed threshold=6

Never 71.11% 0.45 5.42 0.29 0.7 5.32 0.46 11.2%
Winner 12.15% 0.85 7.39 0.4 0.93 6.38 0.51 22.32%
Loser 9.15% 0.63 7.73 0.28 0.56 7.13 0.27 26.32%
Both 7.58% 0.24 9.13 0.09 0.44 8.09 0.19 28.06%

Never-Winner -0.4 . 4.16 -0.33 -0.23 * 2.21 -0.36
(0.23) (0.11)

Never-Loser -0.17 4.38 -0.14 0.14 2.88 0.17
(0.2) (0.16)

Never-Both 0.21 6.28 0.12 0.27 4.15 0.22
(0.4) (0.26)

T (Months) 334 334

(2) Europe
winsorized returns 0.1% price filter=1 fixed threshold=41

Never 75.41% 0.68 4.96 0.48 0.87 4.84 0.62 4.47%
Winner 9.59% 0.71 6.54 0.38 0.9 5.58 0.56 15.05%
Loser 7.9% 0.29 6.79 0.15 0.58 5.6 0.36 17.96%
Both 7.1% 0.16 8.01 0.07 0.3 5.83 0.18 18.44%

Never-Winner -0.03 3.33 -0.03 -0.03 1.91 -0.05
(0.18) (0.14)

Never-Loser 0.39 * 3.82 0.35 0.29 * 1.83 0.55
(0.19) (0.12)

Never-Both 0.52 . 5.37 0.34 0.57 ** 2.69 0.74
(0.3) (0.17)

T (Months) 443 443

(2.1) Europe (developed countries)
winsorized returns 0.1% price filter=1 fixed threshold=37

Never 75.47% 0.68 4.96 0.48 0.89 4.79 0.64 4.48%
Winner 9.73% 0.73 6.43 0.39 0.85 5.52 0.53 15.13%
Loser 7.94% 0.29 6.67 0.15 0.46 5.64 0.28 17.6%
Both 6.87% 0.37 8.13 0.16 0.16 5.89 0.1 18.81%

Never-Winner -0.05 3.17 -0.05 0.04 1.84 0.07
(0.16) (0.14)

Never-Loser 0.39 * 3.65 0.37 0.43 *** 1.92 0.77
(0.17) (0.12)

Never-Both 0.31 5.57 0.2 0.72 *** 2.79 0.9
(0.31) (0.18)

T (Months) 443 443

(3) Japan
winsorized returns 0.1% price filter=1 fixed threshold=26

Never 76.98% 0.08 4.69 0.06 0.25 4.77 0.18 4.87%
Winner 9.03% 0.02 6.32 0.01 0.28 6.6 0.15 17.44%
Loser 7.7% -0.01 7.04 0 0.31 6.08 0.17 19.8%
Both 6.29% -0.81 9.22 -0.31 -0.22 7.97 -0.1 19.83%

Continued on next page
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Table 3.2: Daily winners and losers in regions

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Never-Winner 0.06 3.78 0.05 -0.03 2.85 -0.03
(0.21) (0.17)

Never-Loser 0.09 4.44 0.07 -0.06 2.43 -0.08
(0.25) (0.14)

Never-Both 0.89 * 6.75 0.46 .47 * 4.64 0.35
(0.35) (0.23)

T (Months) 334 334

(4) Middle East
winsorized returns 0.1% price filter=1 fixed threshold=5

Never 70.8% 0.97 10.5 0.32 1.27 9.31 0.47 15.41%
Winner 12.06% 0.36 11.07 0.11 1.4 10.03 0.48 27.61%
Loser 8.58% 0.88 11.5 0.26 1.14 8.99 0.44 33.74%
Both 8.57% -0.4 12.77 -0.11 0.28 10.29 0.09 35.39%

Never-Winner 0.62 6.81 0.31 -0.13 4.39 -0.1
(0.4) (0.26)

Never-Loser 0.1 6.43 0.05 0.13 3.62 0.13
(0.37) (0.21)

Never-Both 1.38 * 9.95 0.48 0.99 ** 6.3 0.55
(0.56) (0.38)

T (Months) 322 322

(5) North America
winsorized returns 0.1% price filter=1 fixed threshold=40

Never 79.73% 0.79 4.25 0.65 0.92 4.6 0.69 2.89%
Winner 7.95% 0.74 7.05 0.36 0.63 6.48 0.34 14.05%
Loser 6.55% 0.23 7.24 0.11 0.6 6.67 0.31 17.16%
Both 5.76% -0.38 9.37 -0.14 -0.37 7.52 -0.17 14.74%

Never-Winner 0.05 4.53 0.04 0.29 3.17 0.32
(0.2) (0.18)

Never-Loser 0.56 * 4.52 0.43 0.32 * 3.14 0.35
(0.23) (0.14)

Never-Both 1.18 *** 7.01 0.58 1.29 *** 4.6 0.97
(0.34) (0.24)

T (Months) 443 443

(5.1) North America (developed countries)
winsorized returns 0.1% price filter=1 fixed threshold=40

Never 79.53% 0.8 4.25 0.65 0.93 4.6 0.7 2.91%
Winner 8.02% 0.76 7.06 0.37 0.63 6.48 0.34 14.14%
Loser 6.61% 0.24 7.23 0.11 0.61 6.68 0.32 17.24%
Both 5.84% -0.36 9.34 -0.13 -0.36 7.51 -0.17 14.72%

Never-Winner 0.04 4.54 0.03 0.29 3.18 0.32
(0.2) (0.18)

Never-Loser 0.56 * 4.51 0.43 0.32 * 3.15 0.35
(0.23) (0.14)

Never-Both 1.15 *** 6.94 0.58 1.29 *** 4.59 0.98
(0.33) (0.24)

T (Months) 443 443

(6) South America
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 63.62% 0.72 8.05 0.31 1 7.1 0.49 13.81%
Winner 15.94% 0.95 9.71 0.34 1.48 8.5 0.6 27.4%
Loser 10.03% 0.65 9.65 0.23 1.17 8.72 0.46 34.59%
Both 10.4% 0.03 10.95 0.01 1.36 9.74 0.48 34.19%

Never-Winner -0.23 5.36 -0.15 -0.49 * 3.51 -0.48
(0.31) (0.2)

Never-Loser 0.07 5.96 0.04 -0.17 4.14 -0.14
(0.34) (0.21)

Never-Both 0.69 . 6.69 0.36 -0.37 5.16 -0.25
(0.37) (0.31)

T (Months) 334 334

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1

3.4.3 US Sample

I replicate the findings by Kumar et al. (2021) for the US with a different data sample (Datas-

tream) and a different sample period. Panel A of Table 3.3 presents the monthly average value
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(equal-) weighted excess returns from December 1984 to December 2021.37 Panel B presents

the results from Kumar et al. (2021) from July 1963 to December 2015. Following Kumar et al.

(2021), I include stocks with prices above USD 5 that are traded in the three major SE (i.e.,

NYSE, the AMEX, and the NASDAQ). I further winsorize returns at the 0.1% and the 99.9%

level and use a threshold of 80 top and bottom stocks to rank stocks as daily winners and losers.

Then, at the end of the month, I build the four portfolios (“Never”, “Winner”, “Loser”, and

“Both”).

Panels C and D of Table 3.3 show the results if the 20 top and the 20 bottom stocks are

classified as daily winners and losers. Kumar et al. (2021) do not report the percentage of

stocks ranked in each portfolio when using a threshold of 20 stocks.38 However, they do report

that 77.88% of the stocks are sorted in the “Never” portfolio for the threshold of 80. Therefore,

the percentage of stocks in the “Never” portfolio has to be higher when using the threshold

of 20 stocks. I report in my Datastream sample that 82.02% of the stocks are sorted into the

“Never” portfolio.

The effect of the “Never-Both” strategy is much more robust when using lower thresholds

to classify stocks as daily winners and losers. In Kumar et al. (2021), the average value (equal-)

weighted return of the “Never-Both” strategy nearly doubled from 1.60% (1.72%) to 3.04%

(2.82%) per month if a threshold of 20 is used instead of a threshold of 80 stocks. In the

Datastream sample, the average return of the value (equal-) weighted “Never-Both” strategy

nearly tripled from 0.26% (0.35%) to 0.86% (0.83%) per month. These results are consistent

with the original idea that extreme daily winners and losers receive more attention.

There is a straightforward explanation for why average returns are much smaller in my

sample than in Kumar et al. (2021). The original threshold of 80 stocks is too large for the

Eikon sample, considering that I applied aggressive static and dynamic filters to prepare the

initial data. The majority of stocks are still sorted in the “Never” portfolio as in Kumar et al.

(2021), but the distribution of stocks in the portfolios is not similar and far less extreme in

my sample for both thresholds. Although reducing the threshold from 80 to 20 stocks provides

37Datastream provides return index data for the US market from January 1973. However, the recommended
starting date according to Landis and Skouras (2021), whose procedure I follow in preparing the data, is
December 1984.

38Note that Kumar et al. (2021) report in Table C9 in Appendix for the threshold of 20 top and bottom
stocks only the average value (equal-) weighted monthly returns of the four portfolios and for the “Never-Both”
strategy.
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higher average returns, they are lower than those in Kumar et al. (2021). I can, therefore, not

precisely explain why the returns in my sample are substantially lower for a threshold of 20

stocks (see Panel C) than the returns for a threshold of 80 stocks (see Panel B) by Kumar et al.

(2021), although the threshold used, led to more extreme portfolios in my sample. I assume

the aggressive filter rules exclude some stocks in Datastream that were not excluded in Kumar

et al. (2021).

Table 3.3: Daily winners and losers in the US
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free rate. Panels A and C show the replication results with Datastream following Kumar et al.
(2021). The sample consists of all US stocks above USD 5 traded on the three big stock exchanges
(NYSE, AMEX, and NASDAQ) from 12/1984 to 12/2021. Panels B and D show the results from
Kumar et al. (2021). Column 2 states the average distribution of the stocks in the four portfolios:
“Never”, “Winner”, “Loser”, and “Both”. Columns 3 to 8 show each portfolio’s average monthly
returns, standard deviation, and Sharpe ratios. The righthand column “Avg. weight” presents the
average maximal weight of a stock in the portfolio during the sample period. The results from the
mean regressions of long-short strategies are based on Newey and West (1987) adjusted standard
errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Panel A: US (Datastream)
winsorized returns 0.1% price filter=5 fixed threshold=80 3 Big SE

Never 53.77% 0.83 4.08 0.71 0.98 4.18 0.81 3.77%
Winner 14.73% 0.75 5.38 0.48 0.85 5.26 0.56 10.92%
Loser 12.09% 0.72 5.64 0.45 1.13 5.73 0.69 12.16%
Both 19.42% 0.57 7.71 0.26 0.63 6.7 0.33 9.32%

Never-Winner 0.09 2.71 0.11 0.13 2.27 0.19
(0.14) (0.12)

Never-Loser 0.11 2.94 0.13 -0.16 . 2.43 -0.22
(0.11) (0.09)

Never-Both 0.26 5.26 0.17 0.35 . 4.12 0.29
(0.26) (0.2)

T (Months) 443 443

Panel B: US from Kumar et al. (2021)
price filter=5 fixed threshold=80 3 Big SE

Never 77.88% 0.53 0.82
Winner 8.90% 0.39 0.20
Loser 6.54% -0.17 0.38
Both 6.67% -1.07 -0.90

Never-Winner 0.14 0.62***
(0.16) (0.12)

Never-Loser 0.70*** 0.44**
(0.19) (0.13)

Never-Both 1.60*** 0.77 1.72*** 1.32
(0.29) (0.19)

T (Months) 630 630

Panel C: US (Datastream)
winsorized returns 0.1% price filter=5 fixed threshold=20 3 Big SE

Never 82.02% 0.82 4.24 0.67 0.97 4.53 0.75 3.14%
Winner 7.95% 0.86 6.85 0.43 0.74 6.32 0.41 15.19%
Loser 6.12% 0.32 7.05 0.16 0.8 6.74 0.41 18.03%
Both 3.92% -0.04 9.48 -0.02 0.14 7.43 0.07 16.52%

Continued on next page
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Table 3.3: Daily winners and losers in the US

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Never-Winner -0.04 4.37 -0.03 0.23 3.2 0.25
(0.2) (0.18)

Never-Loser 0.49 * 4.44 0.38 0.17 3.34 0.18
(0.21) (0.12)

Never-Both 0.86 * 7.04 0.42 0.83 *** 4.65 0.62
(0.33) (0.22)

T (Months) 443 443

Panel D: US from Kumar et al. (2021)
price filter=5 fixed threshold=20 3 Big SE

Never 0.51 0.75
Winner -0.04 -0.43
Loser -0.91 -0.44
Both -2.60 -2.14

Never-Both 3.04*** 0.82 2.82*** 0.91
(0.53) (0.44)

T (Months) 630 630

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1

Furthermore, I show that the “Never-Both” strategy in the US (Datastream) sample only

works in some periods. I replicate the findings of Kumar et al. (2021) with Datastream for two

sub-periods: from December 1984 to December 2015 and from December 2015 to December

2021. For comparison with Kumar et al. (2021), the Datastream sample includes US stocks

with prices above USD 5 that were traded on the three major stock exchanges (NYSE, AMEX,

and NASDAQ). Kumar et al.’s (2021) sample began in July 1963 and ended in December

2015. Table 3.8 in the Appendix shows the “Never-Both” effect during the two sub-periods.

After December 2015, when there is no overlap between Kumar et al.’s (2021) sample and

my sample, the average value (equal-) weighted return decreases from 0.77% (0.74%) to 0.4%

(0.2%) per month. It should be noted that this observation could be a post-publication decline

as documented in McLean and Pontiff (2016) for other anomalies. The first working paper

version of Kumar et al. (2021) was published in 2017. However, the fact that the strategy

does not work in every short sub-period is expected for quantitative investment strategies.

Even established strategies with larger and more diversified test portfolios, such as value or

momentum, do not work on a year-by-year basis.

3.4.4 Single Countries

To explore the performance of the “Never-Both” strategy on a country-by-country basis, I

create portfolio sorts in each country and examine their average value (equal-) weighted monthly
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returns in the next month. Stocks sorted to the “Both” portfolio underperformed stocks sorted

to the “Never” portfolios in developed countries (e.g., Canada, Australia, Israel, Denmark,

Finland, France, Germany, Italy, Norway, Spain, Sweden, and the UK) and in some emerging

markets (e.g., Egypt, China, India, South Korea, Taiwan, Poland, and Turkey). Whenever the

“Never” portfolio comprises more than 75% of the country’s stock distribution (i.e., whenever

the portfolio sort is extreme enough), then “Never-Both” strategy yields positive returns. The

“Never-Both” effect rarely appears in countries where less extreme portfolios are built based

on the quantitative investment rule. However, this is expected (see Figure 3.1 for a graphical

overview). Table 3.9 in the Appendix shows the results for 55 countries.39 The results are

similar when using the variable threshold. Therefore, to avoid repetition, I only discuss the

results using a fixed threshold in the following.

The “Never-Both” effect is observed for Canada. The “Never” portfolio delivers the highest

value (equal-) weighted monthly excess return of 0.53% (0.51%). Stocks that were daily winners

and losers in the last month significantly underperformed stocks from the “Never” portfolio.

A trading strategy from the perspective of a US investor in the Canadian stock market who

goes long in stocks from the “Never” portfolio and short in stocks from the “Both” portfolio

delivers an average value (equal-) weighted monthly return of 1.81% (2.03%), with the Sharpe

ratio amounts to 0.72 (1.58).

I use the lower limit of three stocks per day as a threshold for Argentina, Brazil, Chile,

Mexico, and Peru. However, the proportion of stocks in the “Winner”, “Loser”, and “Both”

portfolios is higher than in the “Never” portfolio, which shows how small these markets are. In

such markets, the effect cannot be tested meaningfully.

Panel B of Table 3.9 shows the results for the European market.40 The patterns are the

same as in Figure 3.9. In countries such as France, Germany, Poland, Sweden, Turkey, and

the UK, where extreme sorting is performed, over 64% of stocks are allocated to the “Never”

portfolio. Accordingly, except for France, the average return of the “Never-Both” strategy in the

value or equal-weighted portfolio is positive and significant above 1% per month. For France,

Germany, Sweden, and the UK, I also find isolated evidence of underperformance of stocks that

39Japan is treated as a region. Therefore, the results are shown in the regional analysis.
40I use the low threshold of three stocks for the following countries: Austria, Belgium, Bulgaria, Croatia,

Czech Republic, Denmark, Finland, Greece, Italy, Netherlands, Norway, Portugal, Romania, Russia, Spain,
Switzerland, and Turkey. For all other countries, the threshold is the 1st percentile of the average number of
stocks per day.
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were only winners or losers in the previous month compared to stocks that were never ranked.

In countries such as Denmark, Finland, Greece, Italy, Norway, the Netherlands, Spain, and

Switzerland, between 40% and 60% of stocks are sorted in the “Never” portfolio. Therefore, the

“Never-Both” effect is still positive but weak. The average return of the “Never-Both” strategy

lies between 0.07% and 0.96% (0.08% and 0.65%) in the value (equal-) weighted portfolio per

month. In small European countries such as Austria, Belgium, Bulgaria, Croatia, the Czech

Republic, Hungary, Ireland, Portugal, Romania, and Russia, the “Never-Both” strategy cannot

be tested because extreme sorts are not possible in a meaningful way.

Panel C of Table 3.9 refers to the Asian stock market.41 In Australia, China, India, Israel,

South Korea, Taiwan, and Vietnam, over 70% of stocks are sorted in the “Never” portfolio. The

average monthly return of the “Never-Both” strategy ranges between 0.53% to 3% in the value-

weighted portfolio and from 0.65% to 1.72% in the equal-weighted portfolio.42 In South Korea

and China, I find similar patterns and high average returns for the “Never-Both” strategy. In

other Asian countries, the effects are weaker. However, they are much smaller than China,

India, or South Korea.

China is an interesting country for two reasons. First, it is the largest Asian market.43

Second, at least a few empirical results from other authors are available for comparison. The

“Never-Both” strategy yields an average monthly return of 1.44% (1.72%) in the value (equal-)

weighted portfolio, which is statistically significant at the 1% level. These results confirm the

findings of Peng et al. (2016) and Wang (2017). Furthermore, I provide evidence that not

only the top-ranked stocks underperformed the “Never” but also the bottom-ranked stocks.

Stocks that were daily losers in the previous month also underperformed the “Never” stocks

in the value-weighted portfolio by 0.32% per month at the 5% significance level. Moreover,

41I use the lower threshold of three for Bangladesh, Hong Kong, Israel, Jordan, Kuwait, Malaysia, New
Zealand, Oman, Pakistan, Saudi Arabia, Singapore, Sri Lanka, Taiwan, and Thailand. For all other countries,
the threshold is the 1st percentile of the average number of stocks per day. In India, the 1st percentile threshold
is 10 and I adjusted it to 8 top and bottom stocks as in China to have comparable results.

42Reversed effects for the “Never-Both” strategy, like in Vietnam in the equal-weighted portfolio, are expected
due to the high noisiness in the international sample.

43In China, the threshold concerning the 1st percentile of the average number of stocks amounts to 14 top
and bottom stocks. The proportion of stocks in the “Never” portfolio is about 65.46%, whereas 12.95% are
sorted in the “Winner”, 10.37% in the “Loser”, and 11.22% in the “Both” portfolio. The average return of the
“Never-Both” long-short strategy on the value (equal-) weighted portfolio shows a significant underperformance
of winners and losers at the 0.1% significance level. To achieve a comparable distribution of the stocks in the
four portfolios as in Kumar et al. (2021), I adjust the threshold to 8 top and bottom stocks each day. So, the
vast majority of the stocks (75.5%) is sorted in the “Never” portfolio, 10.77% in the “Winner”, 7.9% in the
“Loser”, and 5.83% in the “Both” portfolio.
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their underperformance in the equal-weighted portfolio is higher at 0.72% per month and still

statistically significant at the 0.1% level. The effects are larger for the winner stocks than for

the loser stocks, and with extreme sorting (lower threshold of 8), the “Never-Both” strategy

yields higher returns.

Panel D shows the results for the African market. Since it is among the smallest markets in

the cross-section, I use the low threshold of three top and bottom stocks to ensure that most

stocks are sorted into the “Never” portfolio. However, in these countries, extreme portfolios

cannot be meaningfully performed.

Overall, the “Never-Both” effect appears in large international markets, such as Canada,

Germany, and China, where extreme and still diversified portfolios can be constructed.

3.4.5 Relation to the MAX Effect

A straightforward criticism of the “Never-Both” strategy is that it is merely another way to

show Bali et al.’s (2011) well-known MAX effect. This is a reasonable interpretation because

the MAX effect is based on the maximum daily return in the previous month. At least daily

winners are likely to be the same stocks as the stocks with the most extreme daily returns over

the previous month.

Consistent with the findings of Bali et al. (2011) for the US stock market, previous extreme

returns predict lower subsequent returns in the cross-section of expected returns in the European

market (see, e.g., Annaert et al. 2013, Walkshäusl 2014). Walkshäusl (2014) analyses the MAX

effect for the European Monetary Union (EMU) market from July 1990 to December 2011, while

Annaert et al. (2013) examines the MAX(N ) from December 1979 to June 2011 by taking the

average of the N (from 1 to 5) highest returns in the previous month.44 In the following

analysis, I rely on the results from Walkshäusl (2014) because they more closely follow the

strategy established by Bali et al. (2011). Table 3.4 shows Walkshäusl’s (2014) results and the

replication with Datastream for different sub-periods. For the period July 1990 to December

2011, the results are broadly consistent with those of Walkshäusl (2014).45 My aggressive and

unknown, at the time of Walkshäusl’s (2014) writing, filtering rules for daily Datastream data

44The EMU sample in Walkshäusl (2014) includes Austria, Belgium, Finland, France, Germany, Greece,
Ireland, Italy, the Netherlands, Portugal and Spain.

45Neither my results from Table 3.4 nor those from Walkshäusl (2014) are consistent with the large effects
found in international markets in Cheon and Lee (2018).
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reduced the magnitude of the effect of Walkshäusl (2014). However, there is still a significant

difference of -0.67% between the highest and lowest maximum returns. Therefore, the 0.41%

difference in the high-low effect is due to the stricter filtering process that I applied to the data.

Over the entire period from December 1984 to December 2021 and with the filters applied, the

MAX effect is more than half of what is observed in Walkshäusl (2014). However, it is not

statistically different from zero in my sample, as shown in the two right-hand columns of Table

3.4.

Table 3.4: MAX effect in EMU countries
This table presents monthly value-weighted and equal-weighted portfolio returns for the decile portfo-
lios. Columns 2 and 3 show the findings of Walkshäusl (2014) using Datastream for the EMU sample
from July 1990 to December 2011. Instead of the t-statistics reported in the original study, I have
calculated the standard errors. This is consistent with the standard errors I report. Columns 4 to
9 show the replication results of Walkshäusl (2014) with the Datastream sample for different sub-
periods. The results from the mean regressions of long-short strategies are based on Newey and West
(1987) adjusted standard errors.

Walkshäusl (2014)
(Euro)

Datastream
(Euro)

07/1990 - 12/2011 07/1990 - 12/2011 12/2011 - 12/2021 12/1984 - 12/2021

Portfolio value equal value equal value equal value equal
weighted weighted weighted weighted

Low Max 0.82 0.70 0.64 0.92 0.82 0.88 0.82 1.27
2 0.88 0.82 0.77 0.84 1.04 1.18 0.99 1.12
3 0.75 0.79 0.85 0.84 1.19 1.25 1.06 1.2
4 0.68 0.75 0.76 0.79 0.99 1.13 1.11 1.28
5 0.61 0.65 0.52 0.68 1.11 1.24 0.9 1.13
6 0.52 0.62 0.51 0.6 1.03 1.23 0.94 1.17
7 0.38 0.59 0.33 0.49 1.02 1.34 0.85 1.13
8 0.40 0.52 0.41 0.81 0.9 1.05 0.77 1.06
9 0.31 0.47 0.39 0.77 0.8 1.14 0.7 1.02
High Max −0.26 −0.04 −0.02 0.26 −0.39 0.75 0.17 0.74

High-Low −1.08∗∗∗ −0.74∗∗∗ −0.67 −0.65 −1.21∗ −0.13 −0.65 −0.53
(0.37) (0.29) (0.53) (0.41) (0.46) (0.30) (0.35) (0.28)

N (Months) 257 257 120 444

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1

To test whether the maximum effect explains the daily winner-loser effect internationally,

I first replicate the MAX effect for the Fama and French (2012, 2017) regions over the period

from December 1984 to December 2021. Table 3.11 in the Appendix reports value-weighted and

equal-weighted monthly returns for the decile portfolio sorted by the maximum daily return

for each region, according to Bali et al. (2011). I find that the MAX effect is larger for North

America than the rest of the world. For most regions, the MAX effect is not statistically

significant. This result contradicts the findings of Jacobs and Müller (2020), which show that

the anomalies of the US stock market persist in international markets. However, one possible

explanation is that the MAX effect is driven by small and volatile stocks, which I filtered out in
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the Datastream sample. By comparison, Jacobs and Müller (2020) apply less restrictive filter

rules. As shown in Table 3.4, filtering stricter than Walkshäusl (2014) reduced the MAX effect.

Next, I show that the “Never-Both” strategy correlates with the MAX effect. This is

evident in Figure 3.2, which shows a co-movement of long-short strategies from December 1984

to December 2021. In most regions, the MAX effect was much more volatile in the first half

of the sample, while it was often close to zero in the more recent periods. The “Never-Both”

average return also became less volatile but seemed to have a larger magnitude than the more

recent MAX effect returns. The visual examination of the graphs in Figure 3.2 suggests that
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Figure 3.2: Long-short strategies in regions
This figure plots the 12-month rolling window average returns in percent for regional long-short strategies.

The dark-blue line represents the “Never-Both” value-weighted returns and the dashed dark-blue the equally-

weighted returns, while the light-blue and dashed light-blue line represents the value-weighted and equally-

weighted returns for the “High-Low” strategy.

the returns of “Never-Both” and MAX are imperfectly correlated. I use spanning regressions to

test the relation between daily winners’ and losers’ underperformance and the maximum daily
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return. Table 3.5 shows the results of two time-series regressions for each region: Asia Pacific

(excluding Japan), Europe, Japan, and North America. I regress the “Never-Both” returns on

the Carhart (1997) four-factor model (market minus the risk-free rate (MktRF), size (SMB),

value (HML), and momentum (MOM). Factor returns for the four-factor model are obtained

from Kenneth R. French’s website. Then, I extend the Carhart (1997) four-factor model with

the MAX factor.

Table 3.5: Relation to the MAX: Factor Models
The table presents alphas and exposures of factor models. Model (1) shows the regression results
of returns of the “Never-Both” strategy on the Carhart (1997) four-factor, including market on the
excess of the risk-free rate (MktRF), size (SMB), value (HML), and momentum (MOM) factor. Model
(2) is extended on the Maximum Daily Return (MAX) effect. All results are reported for the monthly
value-weighted portfolios in Panel A and the equal-weighted portfolios in Panel B. The sample consists
of Datastream stocks from December 1984 to December 2021 above USD 1 and winsorized returns
at the 1% level. Standard errors are adjusted based on Newey and West (1987) and are reported in
parenthesis.

Asia Pacific Europe Japan North America
(1) (2) (1) (2) (1) (2), (1) (2)

Panel A: value-weighted returns
Alpha (vw) 0.14 0.43 0.16 0.13 0.93∗∗ 0.44 1.12∗∗∗ 0.62∗∗

(0.39) (0.32) (0.35) (0.23) (0.31) (0.25) (0.26) (0.20)
MktRf −0.25∗∗ 0.00 −0.33∗∗ 0.08 −0.37∗∗∗ −0.01 −0.33∗∗∗ 0.05

(0.08) (0.09) (0.11) (0.09) (0.08) (0.07) (0.07) (0.07)
SMB −0.66∗∗∗ −0.42∗∗∗ −0.64∗∗∗ −0.54∗∗∗ −0.83∗∗∗ −0.47∗∗∗ −1.17∗∗∗ −0.35∗∗∗

(0.15) (0.12) (0.15) (0.11) (0.11) (0.09) (0.10) (0.09)
HML −0.03 −0.10 0.53∗ 0.17 0.47∗∗∗ 0.18∗ 0.78∗∗∗ 0.14

(0.11) (0.10) (0.23) (0.09) (0.13) (0.09) (0.11) (0.08)
MOM 0.08 −0.04 0.35∗ 0.10 −0.21 −0.11 0.19∗ 0.11

(0.07) (0.07) (0.17) (0.06) (0.15) (0.08) (0.08) (0.06)
MAX −0.48∗∗∗ −0.69∗∗∗ −0.66∗∗∗ −0.72∗∗∗

(0.07) (0.06) (0.07) (0.07)
R2 0.16 0.36 0.19 0.51 0.33 0.60 0.54 0.72
Num. obs. 334 334 374 374 334 334 374 374

Panel B: equal-weighted returns
Alpha (eqw) 0.19 0.31∗∗ 0.69∗∗∗ 0.70∗∗∗ 0.48∗∗ 0.24∗ 1.30∗∗∗ 0.25

(0.22) (0.12) (0.15) (0.08) (0.18) (0.10) (0.19) (0.14)
MktRf −0.31∗∗∗ 0.05 −0.12 0.15∗∗∗ −0.24∗∗∗ 0.17∗∗∗ −0.13∗∗ 0.31∗∗∗

(0.04) (0.03) (0.06) (0.02) (0.06) (0.02) (0.05) (0.03)
SMB −0.54∗∗∗ −0.23∗∗∗ −0.34∗∗∗ −0.22∗∗∗ −0.58∗∗∗ −0.06 −0.79∗∗∗ 0.25∗∗∗

(0.10) (0.05) (0.08) (0.04) (0.11) (0.04) (0.08) (0.06)
HML 0.12 −0.02 0.46∗∗ 0.13∗∗ 0.33∗∗ 0.12∗∗ 0.53∗∗∗ 0.01

(0.10) (0.05) (0.16) (0.04) (0.11) (0.04) (0.10) (0.04)
MOM 0.08 −0.01 0.10 0.05 −0.08 0.00 0.05 0.03

(0.09) (0.04) (0.09) (0.03) (0.09) (0.03) (0.09) (0.03)
MAX −0.67∗∗∗ −0.74∗∗∗ −0.82∗∗∗ −0.95∗∗∗

(0.05) (0.04) (0.03) (0.04)
R2 0.37 0.72 0.22 0.71 0.30 0.82 0.50 0.88
Num. obs. 334 334 374 374 334 334 374 374

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1

Table 3.5 reports alphas and factor loadings for value-weighted and equal-weighted portfolio

returns. All alphas are positive before including the MAX factor and are statistically significant

in five out of eight specifications. As expected, the regression coefficient of MAX factor is

negative and large in absolute terms for all four regions. Although the MAX factor explains

part of the “Never-Both” returns, the alphas remain positive in all specifications. They are
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still significant in four out of eight specifications. These results suggest that the “Never-Both”

effect cannot be entirely explained by the MAX factor and are consistent with the idea that

return predictability documented by “Never-Both” has its distinct economic explanation.

3.5 Conclusion

In this paper, I present international evidence on two important strategies based on daily return

signals. These signals are the maximum daily return (MAX) and being ranked as a winner or

loser in the daily cross-section of returns. Both strategies are data-intensive in the sense that

they can only be meaningfully tested if the considered cross-section is large enough. This makes

international out-of-sample tests challenging, as international equity markets are smaller than

the US equity market.

I apply aggressive filter rules that were recently proposed for Eikon data. Although these

filters may falsely eliminate some valid observations, I can find positive returns in international

out-of-sample tests for both strategies. However, I also argue that international out-of-sample

tests should be restricted to regions, such as those in Fama and French (2012, 2017) and large

countries with at least a few hundred stocks available daily.

The returns of MAX and “Never-Both” strategy are highly correlated in four international

regions. However, the returns of “Never-Both” are not fully explained by MAX in spanning

regressions. This result is broadly consistent with the behavioral literature which has proposed

different explanations for the source of both effects.
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3.6 Appendix

3.6.1 Additional Tables

Table 3.6: Initial sample descriptive statistics
The table presents summary statistics for the 86 countries of my global sample. Column 2 shows the market affiliation according to MSCI or NA if a country is not
part of the MSCI Index. Column 3 displays the total number of stocks in the sample for each country. Columns 4, 5, and 6 state the average, minimum, and maximum
number of stocks available per day, respectively. Columns 7, 8, 9, and 10 display the time series average of the annualized value-weighted USD market return in
percentage points and the time series average cross-sectional standard deviation skewness and kurtosis, respectively. Column 11 displays the time series average of the
market capitalization in millions of USD. The two following columns indicate the start and final date of the time series for the respective country. The next column
shows the total number of months in each country. The last column shows the proportion of penny stocks (under USD 1) in each country after the price is converted
to USD.

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Penny
Stocks

Argentina SA 144 50.23 27 77 9.32 5.12 -1.77 37.51 909.37 1994-01-04 2021-12-30 335 32.73
Australia DM 3629 1013.28 432 1332 10.82 3.37 -0.66 12.69 770.71 1994-01-03 2021-12-31 335 69.08
Austria DM 254 62.48 42 87 7.78 3.24 -0.33 13.18 1241.09 1991-12-03 2021-12-30 360 0.68
Bahrain FM 42 14.1 6 22 8.46 1.68 -0.69 11.56 1076.39 2009-12-02 2021-12-30 144 50.03
Bangladesh FM 413 192 8 254 12.77 3.32 0.27 12.24 123.27 2004-12-02 2021-12-31 204 46
Belgium DM 421 113.1 47 146 8.71 2.97 -0.42 12.24 2016.81 1991-12-03 2021-12-31 360 0.65
Bolivia NA 3 1 1 1 0 0 3.23 2017-10-11 2020-10-30 1 0
Bosnia and
Herzegovina SA 166 18.8 7 40 5.14 2.46 -0.07 6.11 104.11 2009-12-02 2021-12-31 144 34.13

Botswana SA 29 10 3 17 4.22 1.76 0.4 10.93 288.21 2009-03-02 2021-12-31 153 69.05
Brazil EM 582 135.26 6 234 13.42 5.18 -0.28 10.48 3126.64 1994-07-01 2021-12-31 329 2.58
Bulgaria SA 305 81.14 11 158 6.19 3.14 -0.3 16.24 69.56 2005-12-02 2021-12-31 192 13.54
Canada DM 8936 1908.95 460 2490 9.6 2.85 -0.83 19.26 504.83 1984-12-17 2021-12-31 444 58.22
Chile EM 272 84.56 60 115 6.97 2.99 -0.28 16.41 1354.01 1994-01-03 2021-12-31 335 46.13
China EM 4787 1629.69 691 3494 9.27 4.24 -0.32 7.22 1906.12 1999-12-02 2021-12-31 264 14.04
Colombia EM 101 24.2 10 36 11.25 3.85 -0.4 14.9 3093.06 1996-12-02 2021-12-30 300 25.25
Croatia FM 218 71.71 39 98 5.27 2.93 -0.03 13.99 293.33 2005-12-02 2021-12-30 192 0.82
Cyprus NA 125 31.16 15 72 -21.71 4.58 0.44 9.84 61.28 2009-12-02 2021-12-31 124 87.27
Czech
Republic EM 258 31.04 4 234 12.44 3.99 0.14 20.18 793.71 1995-12-04 2021-12-30 312 2.17

Denmark DM 462 138.8 107 195 13.76 3.03 -0.28 9.8 1557.91 1994-01-03 2021-12-30 335 0.6
Ecuador NA 18 2.01 1 4 22.55 3.92 3.68 71.14 1086.65 2010-09-01 2021-12-30 56 8.25
Egypt EM 268 130.51 81 159 3.18 3.65 -3.82 76.91 374.92 2005-12-02 2021-12-31 191 31.4
Estonia FM 30 12.2 1 20 11.5 2.66 -0.57 13.23 189.05 2009-12-02 2021-12-30 144 4.68
Finland DM 340 94.26 3 142 12.74 4.14 -0.09 9.58 1857.96 1987-12-02 2021-12-30 408 0.57
France DM 2389 480.88 43 715 12.74 3.12 -0.2 10.9 2494 1981-12-02 2021-12-31 480 0.71
Germany DM 2151 575.06 309 911 9.05 3.15 -0.17 11 2036.5 1988-12-02 2021-12-31 396 0.8
Ghana NA 28 13.12 2 19 4.93 2.78 0.31 8.82 222.58 2010-07-02 2021-12-30 130 61.98

Continued on next page
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Table 3.6: Initial sample descriptive statistics

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Penny
Stocks

Greece EM 478 178.24 2 257 3.43 4.95 -0.17 9.94 425.69 1995-12-04 2021-12-31 312 12.43
Hong Kong DM 2560 835.72 329 1618 8.36 3.69 0.01 11.64 1815.27 1994-01-03 2021-12-31 335 85.7
Hungary EM 99 29.73 23 52 11.16 4.7 0.11 12.3 800.09 1999-12-02 2021-12-30 264 4.37
Iceland FM 47 11.33 2 20 13.52 3.42 -0.46 9.52 935.87 2005-12-02 2021-12-30 181 76.04
India EM 5947 2222.08 1303 3010 14.53 3.98 -0.32 11.46 486.49 1997-12-02 2021-12-31 288 53.51
Indonesia EM 885 245.85 84 516 8.77 5.48 -0.14 29.64 863.72 1994-01-03 2021-12-30 335 92.08
Ireland DM 114 34.89 13 52 11.36 3.46 -0.3 10.21 2063.38 1989-12-04 2021-12-31 384 15.22
Israel DM 1013 343 243 500 10.65 3.18 -0.39 8.14 367.61 1997-12-02 2021-12-30 288 14.43
Italy DM 841 192.37 83 298 7.77 3.59 -0.3 11.41 2428.69 1988-12-02 2021-12-30 396 2.67
Ivory Coast NA 38 23.32 1 29 9.44 2.68 0.1 8.34 289.47 2010-06-02 2021-12-31 138 0.6
Jamaica SA 60 30.71 1 38 2.59 3.08 -0.04 6.46 257.52 2015-05-27 2021-12-31 44 96.45
Japan DM 5776 2649.46 1887 2983 4.85 3.22 0.06 7.88 1476.84 1994-01-03 2021-12-31 335 0.35
Jordan FM 248 124.22 21 166 2.17 2.06 -0.11 7.62 195.92 2006-12-04 2021-12-30 179 12.69
Kazakhstan NA 30 5.02 2 9 -2.78 4.42 -1.43 24.17 962.27 2013-12-03 2021-12-31 96 8.11
Kenya FM 63 37.31 26 46 4.64 2.57 0 13.79 415.75 2007-12-04 2021-12-31 168 71.75
Kuwait EM 207 102.44 67 152 4.16 2.36 -0.61 10.62 934.47 2007-12-04 2021-12-31 168 60.39
Latvia FM 28 11.58 8 19 12.83 3.21 1.17 28.35 66.41 2009-12-02 2021-12-30 144 17.27
Lithuania FM 56 23.69 19 39 3 2.92 0.25 16.98 170.34 2007-12-04 2021-12-31 168 36.64
Luxembourg NA 46 12.29 5 21 9.7 3.22 -0.06 7.58 655.35 1994-12-02 2021-12-31 324 0.57
Malaysia EM 1405 637.66 392 761 5.31 3.48 -0.43 72.15 449.02 1995-12-04 2021-12-31 312 80.82
Malta SA 28 11.55 7 18 6.45 2.4 0.09 9.17 299.46 2004-03-02 2021-12-31 213 6.91
Mauritius FM 98 36.56 4 49 3.55 2.25 -0.84 38.43 174.89 2008-07-25 2021-12-31 161 35.39
Mexico EM 339 82.86 61 125 8.07 3.93 -0.42 15.92 2419.01 1994-01-03 2021-12-31 335 23.37
Montenegro NA 80 10.77 4 22 11.4 4.35 0.18 13.96 77.5 2012-12-04 2021-12-31 108 20.58
Morocco FM 100 46.68 30 57 13.63 2.27 -0.44 9.9 857.22 2002-12-03 2021-12-31 228 0.44
Netherlands DM 459 115 71 213 10.23 3.22 -0.22 11.45 3576.09 1986-12-02 2021-12-31 420 0.61
New Zealand DM 328 93.02 80 109 10.84 2.83 -0.4 11.57 523.52 1994-01-03 2021-12-31 335 41.3
Nigeria FM 192 73.01 6 152 2.46 3.16 -2.64 61.35 552.63 2009-08-31 2021-12-31 143 96.52
North
Macedonia NA 77 18.91 11 29 6.13 2.57 -0.3 11.78 77.21 2009-12-02 2021-12-31 144 1.41

Norway DM 900 140.42 68 256 12.44 3.93 -0.58 13.33 1098.52 1986-12-02 2021-12-30 420 4.68
Oman FM 132 44.07 30 66 4.53 2.27 -0.82 19.85 355.56 2005-12-02 2021-12-30 192 41.87
Pakistan FM 610 255.25 8 337 8.1 3.77 -0.27 10.3 138.48 1994-12-02 2021-12-31 324 73.16
Palestine SA 50 20.12 11 31 7.71 1.05 0.26 6.78 142.93 2013-12-03 2021-12-30 95 10.19
Peru EM 197 38.2 21 56 9.46 2.65 0.13 16.52 712.12 1994-01-03 2021-12-31 335 41.12
Philippines EM 364 139.72 75 188 5.99 3.48 0.48 20.06 807.82 1994-01-03 2021-12-31 335 83.81
Poland EM 1248 337.61 35 620 9.68 4.3 -0.23 8.26 316.31 1995-12-04 2021-12-30 312 28.84
Portugal DM 209 47.87 26 93 7.24 3.09 -0.19 11.56 1155.91 1991-12-03 2021-12-31 360 7.41
Qatar EM 54 32.39 27 38 6.45 3.12 -0.33 12.42 3760.32 2007-12-04 2021-12-30 168 9.3
Romania FM 251 78.78 52 130 12.19 3.57 -0.4 11.96 216.39 2008-12-02 2021-12-31 156 60.42
Russia NA 589 145.8 55 209 17.51 4.15 0.13 25.4 4322.33 2004-12-02 2021-12-30 204 37.36
Saudi Arabia EM 219 113.21 13 154 3.12 3.72 -0.57 12.87 5491.48 2005-12-02 2021-12-31 192 0.49

Continued on next page
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Table 3.6: Initial sample descriptive statistics

Country MSCI
Total no.
stocks

Avg no.
stocks

Min no.
stocks

Max no.
stocks Avg Ret Std. Dev Skew. Kurt. Avg MV Start date Final date

Total no.
months

Penny
Stocks

Serbia FM 123 24.25 6 65 7.07 2.45 -0.16 9.02 110.9 2009-12-02 2021-12-30 144 2.07
Singapore DM 1079 382.23 160 522 6 3 -0.01 9.99 919.92 1994-01-03 2021-12-31 335 79.88
Slovakia NA 67 10.38 1 28 6.58 4.52 -1.03 23.21 246.51 2007-12-04 2021-12-30 168 2.35
Slovenia FM 73 23.3 10 45 5 2.86 -0.82 15.07 405.43 2005-12-02 2021-12-30 192 0.96
South Africa EM 1089 240.34 55 459 12.45 4.01 -0.39 8.96 1121.85 1985-12-03 2021-12-31 432 38.67
South Korea EM 3744 1215.01 516 1833 9.44 5.25 0.52 21.97 642.38 1994-12-02 2021-12-30 324 1.18
Spain DM 468 109.42 74 141 9.71 3.49 -0.15 11.48 4767.33 1992-12-02 2021-12-31 348 0.83
Sri Lanka FM 325 201.24 4 220 2.56 2.23 -1.09 15.52 75.99 2010-12-02 2021-12-31 132 74.53
Sweden DM 1975 329.24 149 705 14.27 3.87 -0.07 9.32 1122.99 1986-12-02 2021-12-30 420 9.36
Switzerland DM 583 178.95 105 220 12.84 2.69 -0.34 10.19 3568.66 1983-10-12 2021-12-31 458 0.41
Taiwan EM 2631 1037.58 343 1532 8.65 3.65 -0.17 6.69 671.5 1996-12-03 2021-12-30 300 54.25
Thailand EM 1327 388.12 215 609 5.31 4.04 0.54 16.64 811.3 1994-01-03 2021-12-31 335 69.51
Tunisia FM 88 45.7 2 59 5.02 1.8 -0.32 7.31 156.64 2005-12-01 2021-12-31 192 2
Turkey EM 587 242.85 124 324 14.54 6.67 0.04 10.84 596.68 1994-12-02 2021-12-31 324 18.97
Ukraine SA 170 22.08 1 71 -5.27 6.14 -0.18 22.18 649.07 2006-12-04 2021-11-10 158 36.64
United Kingdom DM 6775 1176.78 881 2123 10.36 3.05 -0.38 14.88 1958.18 1984-12-04 2021-12-31 444 1.19
United States DM 22247 4866.3 77 6722 12.16 2.76 -0.73 20.77 2792.21 1984-12-04 2021-12-31 444 15.57
Vietnam FM 1748 587.16 25 1088 6.85 3.58 -0.31 5.68 146.07 2007-01-02 2021-12-31 179 61.99
Zimbabwe SA 93 21.35 1 60 160.52 5.29 0.42 6.16 6.36 1999-12-02 2021-12-31 13 92.7892



Table 3.7: Robustness to different thresholds
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free rate. It shows the replication results with Datastream following Kumar et al. (2021) and
using different price filters and thresholds. The sample covers all US stocks (all stock exchanges) or
US stocks traded on the three big stock exchanges (NYSE, AMEX, and NASDAQ) from December
1984 to December 2021. Column 2 states the average distribution of the stocks in the four portfolios
“Never”, “Winner”, “Loser”, and “Both”. Columns 3 to 8 show each portfolio’s average monthly
returns, standard deviation, and Sharpe ratio. The righthand column “Avg. weight” presents the
average maximal weight of a stock in the portfolio during the sample period. The results from the
mean regressions of long-short strategies are based on Newey and West (1987) adjusted standard
errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

winsorized returns 0.1% price filter=1 fixed threshold=20 3 Big SE
Never 83.51% 0.82 4.27 0.67 1 4.63 0.74 3.09%
Winner 7.19% 0.83 7.06 0.41 0.7 6.59 0.37 16.28%
Loser 5.53% 0.25 7.45 0.12 0.79 6.92 0.4 19.12%
Both 3.77% -0.24 9.63 -0.09 -0.17 7.55 -0.08 17.51%

Never-Winner -0.01 4.6 -0.01 0.29 3.39 0.3
(0.21) (0.18)

Never-Loser 0.57 ** 4.83 0.41 0.2 3.4 0.21
(0.22) (0.15)

Never-Both 1.06 ** 7.32 0.5 1.16 *** 4.73 0.85
(0.35) (0.2)

T (Months) 443 443

winsorized returns 0.1% price filter=5 fixed threshold=30 3 Big SE
Never 75.8% 0.82 4.21 0.67 0.98 4.45 0.76 3.23%
Winner 9.9% 0.9 6.48 0.48 0.8 6.04 0.46 13.5%
Loser 7.9% 0.46 6.58 0.24 0.89 6.41 0.48 15.78%
Both 6.41% 0.16 9.26 0.06 0.3 7.38 0.14 14.99%

Never-Winner -0.08 4.01 -0.07 0.19 2.9 0.22
(0.18) (0.16)

Never-Loser 0.36 * 3.88 0.32 0.09 3.02 0.1
(0.16) (0.11)

Never-Both 0.66 . 6.7 0.34 0.68 ** 4.63 0.51
(0.34) (0.22)

T (Months) 443 443

winsorized returns 0.1% price filter=1 fixed threshold=32 3 Big SE
Never 76.73% 0.82 4.23 0.67 1 4.52 0.76 3.17%
Winner 9.3% 0.88 6.8 0.45 0.81 6.26 0.45 14.25%
Loser 7.4% 0.43 6.87 0.22 0.91 6.61 0.48 16.95%
Both 6.57% 0.07 9.39 0.03 0.16 7.51 0.08 14.47%

Never-Winner -0.06 4.27 -0.05 0.19 3.02 0.22
(0.2) (0.17)

Never-Loser 0.39 * 4.19 0.32 0.09 3.15 0.1
(0.19) (0.13)

Never-Both 0.75 * 6.92 0.38 0.84 *** 4.73 0.61
(0.34) (0.22)

T (Months) 443 443

winsorized returns 0.1% price filter=5 fixed threshold=36 all SE
Never 76.66% 0.79 4.24 0.64 0.89 4.38 0.7 3.09%
Winner 9.5% 0.79 6.71 0.41 0.51 5.99 0.29 13.44%
Loser 7.41% 0.23 6.99 0.11 0.64 6.26 0.35 16.18%
Both 6.44% -0.3 9.1 -0.11 -0.31 6.52 -0.17 14.58%

Never-Winner 0 4.15 0 0.39 * 2.88 0.46
(0.19) (0.17)

Never-Loser 0.56 ** 4.28 0.45 0.25 * 2.92 0.3
(0.2) (0.11)

Never-Both 1.08 ** 6.58 0.57 1.2 *** 3.74 1.11

Continued on next page
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Table 3.7: Robustness to different thresholds

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(0.34) (0.18)
T (Months) 443 443

winsorized returns 0.1% price filter=5 variable threshold min=23 max=42 3 Big SE
Never 77.54% 0.82 4.21 0.67 0.98 4.45 0.76 3.2%
Winner 9.35% 0.92 6.42 0.5 0.79 6.03 0.45 13.78%
Loser 7.41% 0.38 6.66 0.2 0.88 6.47 0.47 16.44%
Both 5.7% 0.19 9.32 0.07 0.33 7.35 0.16 14.93%

Never-Winner -0.11 3.91 -0.09 0.19 2.93 0.22
(0.2) (0.16)

Never-Loser 0.44 * 4.03 0.38 0.1 3.11 0.11
(0.17) (0.12)

Never-Both 0.63 . 6.85 0.32 0.64 ** 4.68 0.48
(0.32) (0.22)

T (Months) 443 443

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1
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Table 3.8: Robustness to different subperiods
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free rate. It shows the replication results with Datastream for two sub-periods, following Kumar
et al. (2021). The sample covers United States (US) stocks with prices above USD 5 that were
traded on the three big stock exchanges (NYSE, AMEX, and NASDAQ). Column 2 states the average
distribution of the stocks in the four portfolios: “Never”, “Winner”, “Loser”, and “Both”. Columns
3 to 8 show each portfolio’s average monthly returns, standard deviation, and Sharpe ratios. The
righthand column “Avg. weight” presents the average maximal weight of a stock in the portfolio
during the sample period. The results from the mean regressions of long-short strategies are based on
Newey and West (1987) adjusted standard errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(1) December 1984 - December 2015
winsorized returns 0.1% price filter=5 fixed threshold=31

Never 77.38% 0.71 4.2 0.59 0.92 4.32 0.74 3.05%
Winner 9.45% 0.84 6.65 0.44 0.78 6.14 0.44 12.78%
Loser 7.41% 0.3 6.81 0.15 0.84 6.5 0.45 16.17%
Both 5.77% -0.06 9.48 -0.02 0.19 7.29 0.09 14.73%

Never-Winner -0.13 4.12 -0.11 0.15 3.08 0.17
(0.21) (0.18)

Never-Loser 0.42 * 4.16 0.35 0.08 3.21 0.09
(0.19) (0.12)

Never-Both 0.77 * 6.9 0.39 0.74 ** 4.6 0.56
(0.36) (0.22)

T (Months) 371 371

(2) December 2015 - December 2021
winsorized returns 0.1% price filter=5 fixed threshold=25

Never 80.98% 1.44 4.27 1.17 1.37 5.12 0.92 3.92%
Winner 8.11% 1.53 5.89 0.9 0.89 5.81 0.53 20.31%
Loser 6.75% 1.21 5.86 0.72 1.2 6.73 0.62 17.36%
Both 4.16% 1.03 8.92 0.4 1.17 8.1 0.5 18.29%

Never-Winner -0.09 3.61 -0.09 0.47 2.27 0.72
(0.5) (0.3)

Never-Loser 0.23 3.27 0.24 0.16 2.93 0.19
(0.34) (0.36)

Never-Both 0.4 7.33 0.19 0.2 5.52 0.12
(0.71) (0.67)

T (Months) 71 71

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1
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Table 3.9: Daily winners and losers at country level
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free. It shows the replication results with Datastream for 55 countries from December 1984 to
December 2021, following Kumar et al. (2021). Column 2 states the average distribution of the stocks
in the four portfolios: “Never”, “Winner”, “Loser”, and “Both”. Columns 3 to 8 show each portfolio’s
average monthly returns, standard deviation, and Sharpe ratios. The righthand column “Avg. weight”
presents the average maximal weight of a stock in the portfolio during the sample period. The results
from the mean regressions of long-short strategies are based on Newey and West (1987) adjusted
standard errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Panel A: Americas
(1) Argentina
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 7.42% -0.03 10.12 -0.01 0.25 9.92 0.09 71.49%
Winner 21.09% -0.74 11.72 -0.22 -0.39 10.73 -0.13 49.08%
Loser 9.89% -0.38 10.91 -0.12 -0.4 10.14 -0.14 69.17%
Both 61.6% -0.9 10.2 -0.31 -0.75 9.74 -0.27 34.82%

Never-Winner 0.42 8.28 0.17 0.44 7.32 0.21
(0.72) (0.73)

Never-Loser 0.22 8.93 0.09 0.56 8.84 0.22
(0.82) (0.84)

Never-Both 0.51 7.3 0.24 0.56 6.7 0.29
(0.58) (0.56)

T (Months) 160 160

(2) Brazil
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 43.69% 1.08 10.97 0.34 1.26 9.72 0.45 25.95%
Winner 22.16% 1.34 11.42 0.41 2.01 10.57 0.66 32.05%
Loser 11.77% 1.07 12.31 0.3 1.75 10.59 0.57 41.72%
Both 22.38% 0.41 11.59 0.12 1.52 10.74 0.49 32.75%

Never-Winner -0.26 6.19 -0.14 -0.76 ** 4.34 -0.61
(0.36) (0.24)

Never-Loser 0.01 8.61 0 -0.49 5.99 -0.28
(0.44) (0.32)

Never-Both 0.67 * 6.63 0.35 -0.27 4.99 -0.18
(0.33) (0.28)

T (Months) 328 328

(3) Canada
winsorized returns 0.1% price filter=1 fixed threshold=8

Never 77.28% 0.53 5.12 0.36 0.51 5.63 0.32 5.82%
Winner 9.42% 0.26 8.81 0.1 -0.18 7.88 -0.08 24.48%
Loser 6.13% -1.05 9.41 -0.39 -0.55 7.63 -0.25 30.92%
Both 7.17% -1.28 11.12 -0.4 -1.52 7.98 -0.66 21.96%

Never-Winner 0.27 6 0.16 0.7 ** 3.76 0.64
(0.29) (0.22)

Never-Loser 1.58 *** 6.76 0.81 1.07 *** 3.57 1.03
(0.35) (0.18)

Never-Both 1.81 *** 8.68 0.72 2.03 *** 4.45 1.58
(0.42) (0.25)

T (Months) 443 443

(4) Chile
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 9.89% 0.5 7.4 0.23 0.73 6.88 0.37 57.58%
Winner 23.29% 0.29 6.84 0.15 1.13 6.24 0.63 39.71%
Loser 12.04% 0.26 7.31 0.13 0.34 6.9 0.17 54.14%
Both 54.78% 0.53 6.89 0.27 0.69 6.63 0.36 23.85%

Never-Winner 0.28 5.83 0.17 -0.24 4.95 -0.17
(0.33) (0.29)

Never-Loser 0.36 5.83 0.21 0.47 5.11 0.32
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(0.33) (0.3)
Never-Both 0.03 5.32 0.02 0.08 4.64 0.06

(0.27) (0.24)
T (Months) 278 278

(5) Mexico
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 21.91% 0.09 7.03 0.04 0.33 6.03 0.19 41.11%
Winner 24.1% 0.51 7.61 0.23 0.96 7.18 0.46 34.63%
Loser 11.85% 0.53 9.13 0.2 0.52 8.64 0.21 48.29%
Both 42.15% 0.52 8.65 0.21 0.54 8.36 0.23 25.65%

Never-Winner -0.42 4.95 -0.3 -0.63 ** 4.03 -0.54
(0.26) (0.23)

Never-Loser -0.46 6.9 -0.23 -0.2 6.06 -0.12
(0.33) (0.32)

Never-Both -0.43 5.78 -0.26 -0.22 4.8 -0.16
(0.34) (0.3)

T (Months) 334 334

(6) Peru
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 13.16% 1.5 7.39 0.7 -0.13 5.69 -0.08 68.57%
Winner 20.04% -0.28 8.36 -0.12 1.94 6.9 0.97 53.69%
Loser 10.84% 1.64 15.95 0.36 2.48 16.03 0.53 64.04%
Both 55.95% 0.45 9.89 0.16 0.44 8.9 0.17 25.58%

Never-Winner 1.04 8.57 0.42 -2.08 ** 7.89 -0.91
(0.71) (0.69)

Never-Loser 1.48 . 7.45 0.69 -1.17 7.21 -0.56
(0.86) (1.13)

Never-Both 1.33 8.5 0.54 -0.44 8.14 -0.19
(0.82) (0.79)

T (Months) 69 69

Panel B: Europe
(7) Austria
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 20.86% 0.56 5.47 0.35 0.37 4.34 0.29 36.27%
Winner 24.3% 0.63 6.4 0.34 0.62 5.34 0.4 35.2%
Loser 9.67% -0.23 7.65 -0.1 0.19 6.65 0.1 56.19%
Both 45.17% 0.53 7.15 0.26 0.52 5.6 0.32 28.02%

Never-Winner -0.18 4.46 -0.14 -0.35 . 3.47 -0.35
(0.22) (0.2)

Never-Loser 0.8 . 6.28 0.44 0.19 5.13 0.13
(0.42) (0.32)

Never-Both 0 5.07 0 -0.18 3.62 -0.17
(0.34) (0.27)

T (Months) 332 332

(8) Belgium
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 40.73% 0.44 4.8 0.31 0.62 3.8 0.57 30.7%
Winner 22.33% 0.85 5.7 0.51 0.52 4.39 0.41 43.68%
Loser 11.29% 0.65 6.57 0.34 0.65 4.78 0.47 52.91%
Both 25.65% 0.43 8 0.19 0.47 4.6 0.36 41.26%

Never-Winner -0.35 4.08 -0.3 0.13 1.92 0.23
(0.23) (0.11)

Never-Loser -0.22 4.97 -0.15 -0.02 2.8 -0.03
(0.29) (0.16)

Never-Both 0 6.28 0 0.15 2.33 0.23
(0.31) (0.13)

T (Months) 346 346

(9) Bulgaria
winsorized returns 0.1% price filter=1 fixed threshold=3
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Never 21.29% 0.46 7.69 0.21 0.69 7.48 0.32 40.51%
Winner 20.53% 1.02 8.74 0.41 0.92 8.07 0.4 37.78%
Loser 10.66% 1.86 11.89 0.54 2.77 9.32 1.03 52.82%
Both 47.53% 0.49 9.38 0.18 1.76 8.45 0.72 24.56%

Never-Winner -0.61 6.85 -0.31 -0.28 5.6 -0.17
(0.52) (0.45)

Never-Loser -1.32 10.74 -0.43 -2.03 *** 7.46 -0.94
(0.91) (0.56)

Never-Both -0.08 8.84 -0.03 -1.12 * 5.84 -0.67
(0.67) (0.47)

T (Months) 186 186

(10) Croatia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 25.39% 0.64 6.15 0.36 0.95 6.73 0.49 44.89%
Winner 23.22% 0.45 8.15 0.19 0.28 7.53 0.13 44.8%
Loser 11.56% 0.98 8.19 0.42 1.34 7.79 0.6 52.74%
Both 39.83% 0.6 8.21 0.25 0.7 8.03 0.3 38.5%

Never-Winner 0.15 5.15 0.1 0.62 . 4.22 0.51
(0.4) (0.35)

Never-Loser -0.35 5.95 -0.2 -0.41 5.43 -0.26
(0.49) (0.44)

Never-Both -0.03 5.11 -0.02 0.19 4.56 0.15
(0.43) (0.33)

T (Months) 189 189

(11) Czech Republic
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 31.89% -0.51 8.4 -0.21 -0.52 6.91 -0.26 50.79%
Winner 28.28% 0.15 7.94 0.06 0.57 7.58 0.26 39.17%
Loser 11.11% -0.29 8.52 -0.12 -2.27 6.6 -1.19 47.07%
Both 28.72% -2.42 10.32 -0.81 -1.68 8.02 -0.73 41.89%

Never-Winner -0.68 6.83 -0.34 -0.6 6.68 -0.31
(0.96) (0.91)

Never-Loser -0.52 7.45 -0.24 1.59 * 6.53 0.84
(0.92) (0.77)

Never-Both 2.25 * 8.36 0.93 1.48 7.18 0.71
(1.05) (0.98)

T (Months) 58 58

(12) Denmark
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 50.27% 1.04 4.91 0.74 0.93 4.49 0.72 25.85%
Winner 20.17% 0.98 6.59 0.52 0.93 4.95 0.65 38.35%
Loser 11.03% 0.58 6.92 0.29 0.65 5.56 0.41 48.78%
Both 18.52% 0.71 7.87 0.31 0.32 5.49 0.2 41.95%

Never-Winner 0.05 4.7 0.04 -0.01 2.36 -0.01
(0.26) (0.14)

Never-Loser 0.47 5.44 0.3 0.28 3.3 0.29
(0.32) (0.18)

Never-Both 0.31 6.57 0.16 0.6 ** 3.08 0.68
(0.36) (0.19)

T (Months) 331 331

(13) Finland
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 34.5% 1.24 6.71 0.64 1.21 5.71 0.73 37.23%
Winner 23.06% 1.13 7.86 0.5 1.02 6.08 0.58 40.95%
Loser 12.73% 0.67 8.92 0.26 1.09 6.88 0.55 48.47%
Both 29.72% 0.52 8.98 0.2 0.62 6.16 0.35 39.87%

Never-Winner 0.05 6.33 0.03 0.15 3.51 0.15
(0.3) (0.2)

Never-Loser 0.65 . 7.63 0.3 0.15 4.33 0.12
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(0.39) (0.13)
Never-Both 0.71 . 7.47 0.33 0.57 ** 3.59 0.55

(0.4) (0.18)
T (Months) 365 365

(14) France
winsorized returns 0.1% price filter=1 fixed threshold=5

Never 72.61% 0.83 5.58 0.51 0.93 5.17 0.62 8.09%
Winner 10.97% 0.31 7.64 0.14 0.57 6.29 0.31 31.51%
Loser 7.47% 0.97 8.89 0.38 1.83 5.95 1.06 39.34%
Both 8.94% 0.28 8.73 0.11 1.06 6.62 0.55 32.29%

Never-Winner 0.52 * 4.8 0.37 0.36 * 3.03 0.41
(0.23) (0.17)

Never-Loser -0.14 6.66 -0.07 -0.9 *** 3.19 -0.98
(0.33) (0.16)

Never-Both 0.55 * 6.89 0.28 -0.13 4.45 -0.1
(0.27) (0.21)

T (Months) 443 443

(15) Germany
winsorized returns 0.1% price filter=1 fixed threshold=6

Never 73.06% 0.49 5.6 0.31 0.55 4.51 0.42 8.48%
Winner 11.31% 0.56 7.16 0.27 0.31 5.8 0.18 31.75%
Loser 7.67% -0.14 8.07 -0.06 0.22 6.02 0.13 35.89%
Both 7.97% -1 8.78 -0.4 -0.39 6.82 -0.2 32.24%

Never-Winner -0.07 5.36 -0.04 0.24 3.05 0.27
(0.28) (0.2)

Never-Loser 0.63 * 5.79 0.38 0.32 3.28 0.34
(0.32) (0.2)

Never-Both 1.5 *** 7.15 0.73 0.93 ** 4.66 0.69
(0.37) (0.3)

T (Months) 395 395

(16) Greece
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 51.59% 0.68 9.27 0.25 0.91 9.17 0.35 22%
Winner 19.97% 0.19 10.54 0.06 0.58 10.46 0.19 32.36%
Loser 9.46% 0.02 10.87 0.01 1.04 10.42 0.35 46.81%
Both 18.98% -0.09 13.44 -0.02 0.83 10.78 0.27 35.54%

Never-Winner 0.49 5.66 0.3 0.33 3.73 0.31
(0.31) (0.23)

Never-Loser 0.61 . 7.11 0.3 -0.15 5.03 -0.1
(0.35) (0.31)

Never-Both 0.77 8.86 0.3 0.08 5.09 0.06
(0.5) (0.27)

T (Months) 309 309

(17) Hungary
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 4% -1.42 11.46 -0.43 -1.74 10.68 -0.56 86.07%
Winner 18.49% 1.39 8.62 0.56 0.9 7.18 0.43 66.2%
Loser 6.86% 0.02 14.7 0 1.61 16.25 0.34 81.02%
Both 70.65% -0.16 8.85 -0.06 -0.14 6.81 -0.07 48.35%

Never-Winner -2.57 . 11.07 -0.81 -2.69 * 9.59 -0.97
(1.34) (1.22)

Never-Loser -1.73 13.9 -0.43 -2.18 12.73 -0.59
(1.66) (1.37)

Never-Both -0.91 10.74 -0.29 -1.36 8.92 -0.53
(1.11) (0.93)

T (Months) 64 64

(18) Ireland
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 6.07% -0.48 8.89 -0.19 -0.4 8.65 -0.16 79.17%
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Winner 18.33% 0.46 6.35 0.25 0.87 5.38 0.56 58.35%
Loser 8.45% -0.61 7.27 -0.29 -0.69 6.41 -0.37 74.96%
Both 67.14% 0.46 5.86 0.27 0.3 5.49 0.19 28.26%

Never-Winner -0.84 8.14 -0.36 -1.17 . 8.2 -0.49
(0.66) (0.68)

Never-Loser 0.2 9.94 0.07 0.14 10.2 0.05
(0.78) (0.82)

Never-Both -1.05 8.92 -0.41 -0.61 8.21 -0.26
(0.73) (0.71)

T (Months) 158 158

(19 Italy
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 56.93% 0.45 6.09 0.26 0.5 5.57 0.31 20.32%
Winner 18.7% 0.52 7.95 0.22 0.36 6.51 0.19 31.81%
Loser 10.45% 0.37 8.23 0.16 0.43 7.05 0.21 42.18%
Both 13.92% -0.01 9.59 0 -0.14 7.25 -0.07 38.8%

Never-Winner -0.07 4.23 -0.06 0.14 2.44 0.2
(0.23) (0.13)

Never-Loser 0.08 5.03 0.05 0.07 3.12 0.08
(0.23) (0.15)

Never-Both 0.46 6.23 0.26 0.65 *** 3.59 0.62
(0.33) (0.17)

T (Months) 395 395

(20) Netherlands
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 41.17% 0.56 5.16 0.38 0.69 4.85 0.5 23.93%
Winner 23.01% 0.88 6.33 0.48 0.72 5.66 0.44 37.22%
Loser 12.24% 0.57 7.44 0.27 0.65 6.05 0.37 49.52%
Both 23.58% 0.49 8.1 0.21 0.51 6.33 0.28 40.45%

Never-Winner -0.32 4.1 -0.27 -0.03 2.46 -0.04
(0.19) (0.12)

Never-Loser -0.02 5.49 -0.01 0.04 3.03 0.05
(0.25) (0.16)

Never-Both 0.07 5.78 0.04 0.18 3.49 0.18
(0.31) (0.17)

T (Months) 419 419

(21) Norway
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 47.29% 0.86 6.89 0.43 0.93 6.11 0.53 31.99%
Winner 21.15% 0.93 8.2 0.39 0.84 7.3 0.4 29.28%
Loser 10.97% 0.52 8.49 0.21 0.95 7.52 0.44 38.39%
Both 20.6% -0.1 9.99 -0.03 0.49 8.18 0.21 27.09%

Never-Winner -0.08 4.79 -0.06 0.09 3.34 0.09
(0.24) (0.18)

Never-Loser 0.34 5.42 0.22 -0.02 4.32 -0.02
(0.28) (0.22)

Never-Both 0.96 ** 6.46 0.52 0.45 . 4.24 0.37
(0.33) (0.27)

T (Months) 411 411

(22) Poland
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 64.44% 0.52 8.56 0.21 0.68 7.8 0.3 18.25%
Winner 14.02% 0.62 9.65 0.22 0.83 8.71 0.33 36.33%
Loser 7.9% -0.34 9.96 -0.12 0.97 12.54 0.27 46.62%
Both 13.64% -1.27 11.37 -0.39 0.15 9.58 0.05 33.84%

Never-Winner -0.08 6.49 -0.04 -0.14 4.27 -0.11
(0.43) (0.25)

Never-Loser 0.9 * 7.2 0.43 -0.26 10.11 -0.09
(0.42) (0.56)
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Never-Both 1.82 ** 9.7 0.65 0.55 6.39 0.3
(0.55) (0.33)

T (Months) 310 310

(23) Portugal
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 17.2% 0.68 6.33 0.37 0.83 5.81 0.5 54.23%
Winner 21.82% 0.45 6.6 0.24 0.61 5.89 0.36 44.08%
Loser 9.13% 1.13 8.39 0.47 1.15 8.4 0.47 64.91%
Both 51.86% 0.28 7.16 0.14 0.35 5.79 0.21 33.5%

Never-Winner 0.08 4.81 0.06 0.1 4.47 0.08
(0.34) (0.28)

Never-Loser -0.3 6.79 -0.15 -0.15 6.82 -0.08
(0.46) (0.47)

Never-Both 0.36 5.12 0.24 0.4 4.58 0.3
(0.34) (0.3)

T (Months) 233 233

(24) Romania
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 3.87% 3.93 21.1 0.64 3.75 20.56 0.63 86.55%
Winner 15.93% 0.59 9.96 0.21 -0.24 8.51 -0.1 67.64%
Loser 7.38% 1.7 16.24 0.36 1.95 15.57 0.43 74.46%
Both 72.81% 1.44 7.93 0.63 1.66 6.35 0.91 45.33%

Never-Winner 2.03 21.66 0.32 3.59 21.75 0.57
(4.12) (4.28)

Never-Loser 0.38 19.43 0.07 0.73 17.96 0.14
(2.52) (2.28)

Never-Both 1.98 19.85 0.35 2.09 19.65 0.37
(3.85) (3.61)

T (Months) 50 50

(25) Russia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 39.25% 1.47 7.11 0.71 1 7.47 0.47 31.96%
Winner 22.27% 1.11 7.41 0.52 1.54 6.46 0.82 44.74%
Loser 10.1% 2.08 9.09 0.79 2.29 8.87 0.89 59.48%
Both 28.38% 0.73 8.35 0.3 1.66 8.46 0.68 45.05%

Never-Winner 0.33 5.68 0.2 -0.53 4.86 -0.38
(0.37) (0.37)

Never-Loser -0.62 7.65 -0.28 -1.29 ** 6.32 -0.71
(0.5) (0.47)

Never-Both 0.72 6.44 0.39 -0.67 . 5.88 -0.4
(0.51) (0.39)

T (Months) 201 201

(26) Spain
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 43.57% 0.71 6.05 0.41 0.87 5.1 0.59 21.88%
Winner 22.14% 0.57 6.81 0.29 0.81 5.64 0.5 37.48%
Loser 11.26% 0.86 7.06 0.42 0.94 6.18 0.53 46.2%
Both 23.03% 0.21 7.76 0.09 0.38 6.49 0.2 34.88%

Never-Winner 0.14 3.89 0.13 0.07 2.45 0.09
(0.19) (0.14)

Never-Loser -0.15 4.44 -0.12 -0.07 3.37 -0.07
(0.21) (0.18)

Never-Both 0.5 . 5.26 0.33 0.49 * 3.43 0.5
(0.27) (0.21)

T (Months) 347 347

(27) Sweden
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 71.17% 0.89 6.45 0.48 1.13 6.23 0.63 11.42%
Winner 13.26% 0.69 8.4 0.29 0.78 7.48 0.36 34.79%
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Loser 7.5% 0.58 9.09 0.22 0.49 8.13 0.21 44.85%
Both 8.07% -0.29 11.9 -0.08 -0.41 8.84 -0.16 35.93%

Never-Winner 0.2 4.78 0.14 0.35 . 3.16 0.38
(0.25) (0.18)

Never-Loser 0.31 6.09 0.18 0.64 ** 4.14 0.54
(0.29) (0.24)

Never-Both 1.18 * 9.12 0.45 1.54 *** 5.19 1.03
(0.51) (0.33)

T (Months) 419 419

(28) Switzerland
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 58.31% 0.88 4.77 0.64 0.94 4.46 0.73 21.27%
Winner 17.53% 0.82 5.65 0.5 0.77 5.17 0.51 32.71%
Loser 9.81% 0.95 6.5 0.51 1.17 5.45 0.74 40.88%
Both 14.36% 0.46 7.17 0.22 0.75 5.48 0.47 31.96%

Never-Winner 0.06 3.95 0.05 0.18 . 2.02 0.31
(0.22) (0.11)

Never-Loser -0.08 4.45 -0.06 -0.22 2.45 -0.32
(0.24) (0.14)

Never-Both 0.41 . 5.25 0.27 0.2 2.64 0.26
(0.24) (0.12)

T (Months) 443 443

(29) Turkey
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 64.2% 1.01 12.79 0.27 1.51 12.11 0.43 11.81%
Winner 15.65% 0.09 12.8 0.02 1.32 11.89 0.39 34.81%
Loser 8.8% 1.32 14.54 0.31 1.17 12.87 0.31 44.81%
Both 11.35% -0.05 16.04 -0.01 -0.18 12.05 -0.05 42.48%

Never-Winner 0.92 * 7.34 0.44 0.18 4.16 0.15
(0.43) (0.23)

Never-Loser -0.31 7.96 -0.13 0.34 5.13 0.23
(0.47) (0.27)

Never-Both 1.05 13.44 0.27 1.69 *** 6.44 0.91
(0.67) (0.37)

T (Months) 320 320

(30) Uk
winsorized returns 0.1% price filter=1 fixed threshold=12

Never 74.63% 0.59 4.99 0.41 0.79 5.54 0.5 8.85%
Winner 11.09% 0.85 6.83 0.43 1.1 6.25 0.61 24.25%
Loser 8.57% 0.04 8.22 0.02 -0.2 7.08 -0.1 28.39%
Both 5.71% 0.15 9.56 0.05 -0.15 8.21 -0.07 28.46%

Never-Winner -0.26 4.19 -0.21 -0.3 * 2.23 -0.47
(0.21) (0.14)

Never-Loser 0.55 * 5.49 0.35 0.99 *** 2.65 1.3
(0.25) (0.16)

Never-Both 0.44 7.3 0.21 0.95 *** 4.55 0.72
(0.4) (0.28)

T (Months) 443 443

Panel C: Asia
(31) Australia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 72.35% 0.69 5.88 0.4 0.83 6.03 0.48 11.36%
Winner 13.3% 0.92 7.54 0.42 0.92 7.37 0.43 25.79%
Loser 7.71% 0.45 7.49 0.21 0.6 7.48 0.28 33.66%
Both 6.64% -0.03 9.93 -0.01 0.18 8.91 0.07 32.35%

Never-Winner -0.23 3.95 -0.21 -0.09 2.7 -0.11
(0.21) (0.13)

Never-Loser 0.24 4.14 0.2 0.23 2.97 0.27
(0.26) (0.18)
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Never-Both 0.72 . 7 0.36 0.65 * 4.97 0.45
(0.38) (0.3)

T (Months) 334 334

(32) Bangladesh
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 42.61% 1.51 7.09 0.74 1.88 7.69 0.85 29.24%
Winner 21.92% 1.86 9.07 0.71 2.06 8.7 0.82 37.26%
Loser 10.53% 1.39 10.44 0.46 2.71 9.72 0.97 49.03%
Both 24.94% 1.59 11.06 0.5 2.08 9.96 0.73 40.9%

Never-Winner -0.35 6.74 -0.18 -0.18 4.65 -0.13
(0.48) (0.24)

Never-Loser 0.12 8.24 0.05 -0.84 * 5.06 -0.57
(0.53) (0.35)

Never-Both -0.08 8.44 -0.03 -0.21 5.49 -0.13
(0.52) (0.26)

T (Months) 200 200

(33) China
winsorized returns 0.1% price filter=1 fixed threshold=8

Never 75.5% 0.82 7.6 0.38 1.3 8.73 0.52 8.53%
Winner 10.77% 0.04 8.88 0.02 0.23 9.21 0.09 11.54%
Loser 7.9% 0.51 8.43 0.21 0.58 9.11 0.22 13.91%
Both 5.83% -0.61 10.28 -0.21 -0.42 10.21 -0.14 19.6%

Never-Winner 0.78 ** 3.97 0.68 1.07 *** 2.64 1.41
(0.26) (0.14)

Never-Loser 0.32 * 3.76 0.29 0.72 *** 2.55 0.98
(0.16) (0.13)

Never-Both 1.44 *** 6.7 0.74 1.72 *** 4.44 1.35
(0.31) (0.23)

T (Months) 261 261

(34) Hong Kong
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 41.8% 0.46 6.67 0.24 0.45 6.34 0.24 33.52%
Winner 20.46% 0.7 6.93 0.35 0.68 6.66 0.35 32.17%
Loser 11.23% 0.45 7.73 0.2 0.61 7.52 0.28 41.28%
Both 26.51% 0.08 8.99 0.03 0.34 7.8 0.15 27.02%

Never-Winner -0.24 4.31 -0.19 -0.23 3.21 -0.25
(0.21) (0.15)

Never-Loser -0.1 4.55 -0.08 -0.27 3.67 -0.26
(0.24) (0.18)

Never-Both 0.38 6.28 0.21 0.1 4.06 0.09
(0.43) (0.24)

T (Months) 334 334

(35) India
winsorized returns 0.1% price filter=1 fixed threshold=8

Never 76.09% 1.1 7.94 0.48 1.76 9.09 0.67 8.64%
Winner 10.75% 1.39 11.15 0.43 1.52 10.61 0.5 24.47%
Loser 7.71% 0.8 10.81 0.26 1.2 10.27 0.4 34.66%
Both 5.45% 0.3 11.6 0.09 0.77 10.81 0.25 34.01%

Never-Winner -0.29 5.96 -0.17 0.24 2.84 0.3
(0.34) (0.2)

Never-Loser 0.29 6.33 0.16 0.57 * 2.94 0.67
(0.4) (0.22)

Never-Both 0.8 7.75 0.36 0.99 ** 4.13 0.83
(0.51) (0.31)

T (Months) 287 287

(36) Israel
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 72.96% 0.79 5.89 0.47 1.22 6.51 0.65 20.7%
Winner 13.05% 0.09 8.14 0.04 0.9 6.89 0.45 29.99%
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Loser 7.39% 0.03 8.64 0.01 1.21 7.24 0.58 38.5%
Both 6.6% -0.25 8.96 -0.1 0.33 7.21 0.16 33.17%

Never-Winner 0.7 5.81 0.42 0.32 * 2.91 0.38
(0.42) (0.16)

Never-Loser 0.77 * 6.33 0.42 0 3.81 0
(0.37) (0.2)

Never-Both 1.04 * 6.81 0.53 0.89 ** 4.54 0.68
(0.49) (0.28)

T (Months) 287 287

(37) Jordan
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 43.42% 0.41 4.14 0.34 0.59 2.8 0.74 36.8%
Winner 22.63% 0.41 5.87 0.24 0.28 3.63 0.27 41.32%
Loser 13.44% -1.04 4.89 -0.74 -0.76 3.56 -0.74 43.92%
Both 20.51% -0.48 7.66 -0.22 -0.61 4.44 -0.47 43.95%

Never-Winner -0.02 5.03 -0.02 0.32 . 2.92 0.38
(0.39) (0.18)

Never-Loser 1.45 *** 4.82 1.04 1.35 *** 3.16 1.48
(0.38) (0.26)

Never-Both 0.9 6.83 0.46 1.18 *** 3.93 1.04
(0.55) (0.25)

T (Months) 173 173

(38) Kuwait
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 10.41% -0.01 5.04 -0.01 0.55 5.04 0.38 68.03%
Winner 20.13% 0.01 5.23 0.01 0.38 5.56 0.24 49.82%
Loser 8.44% 1.1 8.54 0.45 1.23 7.62 0.56 68.84%
Both 61.01% 0.02 5.88 0.01 0.45 5.19 0.3 29.36%

Never-Winner 0.41 4.82 0.29 0.67 4.63 0.5
(0.48) (0.5)

Never-Loser -0.9 6.71 -0.47 -0.16 6.15 -0.09
(0.6) (0.41)

Never-Both 0.36 4.52 0.28 0.46 4.46 0.36
(0.47) (0.47)

T (Months) 125 125

(39) Malaysia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 40.15% 0.15 6.56 0.08 0.32 6.97 0.16 19.53%
Winner 23.05% 0.1 7.11 0.05 0.46 7.62 0.21 26.69%
Loser 11.28% -0.28 9.28 -0.1 -0.37 9.2 -0.14 40.62%
Both 25.51% -0.08 8.64 -0.03 -0.13 8.66 -0.05 27.18%

Never-Winner 0.04 3.5 0.04 -0.14 2.55 -0.2
(0.2) (0.15)

Never-Loser 0.42 5.43 0.27 0.69 ** 3.81 0.63
(0.32) (0.25)

Never-Both 0.22 4.68 0.17 0.45 * 3.74 0.42
(0.24) (0.2)

T (Months) 309 309

(40) New Zealand
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 15.66% 0.85 5.59 0.52 0.95 5.38 0.61 46.54%
Winner 23.7% 1.01 5.83 0.6 1.12 5.43 0.71 34.71%
Loser 11.05% 0.8 6.65 0.42 0.65 6.16 0.37 53.83%
Both 49.59% 0.47 6.07 0.27 0.61 5.78 0.36 28.94%

Never-Winner -0.33 4.2 -0.27 -0.24 3.4 -0.24
(0.22) (0.16)

Never-Loser -0.05 5.14 -0.04 0.17 3.95 0.14
(0.29) (0.21)

Never-Both 0.26 3.93 0.23 0.23 3.03 0.26
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(0.22) (0.16)
T (Months) 312 312

(41) Oman
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 4.53% 0.35 5.48 0.22 1.47 5.47 0.93 78.12%
Winner 19.12% 0.5 7.45 0.23 1.18 5.44 0.75 56.06%
Loser 6.61% 1.03 6 0.59 0.99 6.08 0.56 72.22%
Both 69.73% 0.56 5.5 0.35 1.26 5.72 0.76 30.68%

Never-Winner -0.79 6.13 -0.45 -0.11 5.24 -0.07
(1.02) (0.65)

Never-Loser -0.74 6.93 -0.37 0.65 7.05 0.32
(0.86) (0.53)

Never-Both -0.38 4.51 -0.29 -0.15 4.24 -0.12
(0.77) (0.53)

T (Months) 40 40

(42) Pakistan
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 30.62% 0.69 6.75 0.36 1.16 6.68 0.6 38.42%
Winner 26.66% 0.99 8.3 0.41 1.71 7.35 0.8 36.09%
Loser 13.41% 1.13 8.39 0.47 1.62 8.33 0.67 48.17%
Both 29.32% 0.99 7.66 0.45 1.21 7.37 0.57 38.02%

Never-Winner -0.14 5.9 -0.08 -0.46 4.56 -0.35
(0.35) (0.32)

Never-Loser -0.45 6.88 -0.23 -0.46 6.17 -0.26
(0.48) (0.4)

Never-Both -0.21 6.57 -0.11 0.09 4.76 0.06
(0.47) (0.36)

T (Months) 229 229

(43) Philippines
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 6.3% -0.27 5.76 -0.16 -0.28 5.54 -0.18 77.27%
Winner 18.04% 0.2 5.67 0.12 0.57 5.44 0.36 47.13%
Loser 6.39% -0.24 7.09 -0.12 0.23 7.32 0.11 77.95%
Both 69.27% -0.81 5.93 -0.48 -0.46 6.02 -0.26 19.52%

Never-Winner -0.49 5.72 -0.3 -0.85 6.07 -0.49
(0.59) (0.57)

Never-Loser -0.09 6.82 -0.05 -0.56 6.92 -0.28
(0.5) (0.57)

Never-Both 0.55 5.44 0.35 0.17 4.91 0.12
(0.52) (0.44)

T (Months) 98 98

(44) Qatar
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 4.97% -0.03 7.27 -0.01 -0.06 7.08 -0.03 76.71%
Winner 16.52% 0.72 6.64 0.38 0.56 5.74 0.34 53.54%
Loser 7.22% 0.44 6.62 0.23 0.72 6.25 0.4 73.25%
Both 71.3% 0.78 6.18 0.44 0.94 5.42 0.6 32.94%

Never-Winner -0.51 6.72 -0.26 -0.31 5.99 -0.18
(0.61) (0.52)

Never-Loser -0.08 8.24 -0.04 -0.45 7.72 -0.2
(1.06) (0.9)

Never-Both -0.71 6.86 -0.36 -0.92 6.19 -0.52
(0.8) (0.73)

T (Months) 93 93

(45) Saudi Arabia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 43.38% 0.27 6.54 0.14 0.43 7.49 0.2 40.54%
Winner 21.55% 0.47 7.86 0.21 0.62 9.17 0.23 38.27%
Loser 12.71% 0.77 8.66 0.31 0.27 9.31 0.1 45.03%
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Both 22.36% -0.07 8.23 -0.03 0.52 10.4 0.17 37.13%

Never-Winner -0.29 4.35 -0.23 -0.31 3.82 -0.29
(0.39) (0.21)

Never-Loser -0.54 4.69 -0.4 0.12 3.93 0.1
(0.33) (0.33)

Never-Both 0.2 5.43 0.13 -0.28 5.91 -0.16
(0.41) (0.38)

T (Months) 185 185

(46) Singapore
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 27.61% 0.26 6.71 0.13 0.37 6.09 0.21 35.78%
Winner 23.39% 0.44 6.45 0.24 0.46 6.38 0.25 37.03%
Loser 11.8% 0.31 8.45 0.13 0.53 8.02 0.23 50.43%
Both 37.21% 0.4 7.39 0.19 0.57 7.38 0.27 28.83%

Never-Winner -0.16 4.4 -0.12 -0.02 2.92 -0.03
(0.28) (0.15)

Never-Loser 0.13 4.92 0.09 -0.02 4.05 -0.02
(0.25) (0.23)

Never-Both -0.04 4.87 -0.03 -0.08 3.84 -0.07
(0.28) (0.2)

T (Months) 332 332

(47) South Korea
winsorized returns 0.1% price filter=1 fixed threshold=12

Never 77.06% 0.79 9.66 0.28 1.09 10.13 0.37 17.06%
Winner 9.68% -0.4 11.93 -0.12 -0.13 10.67 -0.04 22.02%
Loser 6.98% -0.24 11.31 -0.07 1.11 11.97 0.32 28.51%
Both 6.29% -2.21 12.06 -0.64 -0.61 11.14 -0.19 23.8%

Never-Winner 1.19 * 7.67 0.54 1.22 *** 3 1.41
(0.48) (0.17)

Never-Loser 1.02 * 7.05 0.5 -0.02 6.45 -0.01
(0.41) (0.44)

Never-Both 3 *** 8.96 1.16 1.7 *** 6.54 0.9
(0.56) (0.43)

T (Months) 322 322

(48) Sri Lanka
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 16.79% 0.81 6.39 0.44 0.45 6.76 0.23 46.39%
Winner 18.57% 0.82 7.72 0.37 -0.36 6.7 -0.19 47.33%
Loser 7.67% 1.68 8.48 0.68 2.12 8.86 0.83 66.18%
Both 56.97% -0.46 5.89 -0.27 0.56 6.34 0.31 28.45%

Never-Winner 0.07 6.77 0.03 0.63 6.17 0.35
(0.69) (0.39)

Never-Loser -0.94 9.27 -0.35 -1.74 * 9.34 -0.65
(0.89) (0.85)

Never-Both 1.26 * 6.28 0.69 -0.24 6.12 -0.13
(0.56) (0.46)

T (Months) 107 107

(49) Taiwan
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 73.37% 0.45 6.79 0.23 0.42 7.86 0.19 19.65%
Winner 14.22% 0.24 9.6 0.09 0.13 8.8 0.05 27.19%
Loser 6.81% 0.44 10.34 0.15 -0.06 9.22 -0.02 34.67%
Both 5.61% -0.1 12.49 -0.03 -0.91 10.27 -0.31 36.52%

Never-Winner 0.16 6.06 0.09 0.26 2.97 0.31
(0.32) (0.2)

Never-Loser 0.04 6.97 0.02 0.5 ** 3.53 0.49
(0.4) (0.18)

Never-Both 0.53 9.67 0.19 1.33 *** 5.34 0.87
(0.6) (0.35)
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

T (Months) 295 295

(50) Thailand
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 39.61% -0.2 8.38 -0.08 0.2 6.53 0.11 24.47%
Winner 23.15% 0.56 8.49 0.23 0.63 6.63 0.33 31.73%
Loser 11.32% 0.66 10.21 0.22 0.62 7.99 0.27 44.88%
Both 25.91% 0.46 9.67 0.16 0.6 7.45 0.28 32.23%

Never-Winner -0.76 * 5.02 -0.53 -0.43 * 2.8 -0.53
(0.3) (0.17)

Never-Loser -0.86 * 6.88 -0.43 -0.42 . 4.18 -0.35
(0.37) (0.22)

Never-Both -0.66 . 5.76 -0.4 -0.4 * 3.37 -0.41
(0.35) (0.2)

T (Months) 334 334

(51) Vietnam
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 70.35% 0.37 7.6 0.17 0.65 7.82 0.29 15.05%
Winner 13.09% 0.19 13.95 0.05 0.41 10.48 0.13 39.98%
Loser 5.21% 1.36 11.65 0.41 1.99 10.79 0.64 44.47%
Both 11.34% -0.24 11.37 -0.07 1.17 11.96 0.34 33.95%

Never-Winner 0.18 12.06 0.05 0.24 5.9 0.14
(0.76) (0.42)

Never-Loser -0.96 9.6 -0.35 -1.31 * 6.59 -0.69
(0.94) (0.51)

Never-Both 0.61 9.85 0.21 -0.53 8.38 -0.22
(0.78) (0.7)

T (Months) 175 175

Panel D: Africa
(52) Egypt
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 34.64% 0.85 7.92 0.37 0.87 8.25 0.36 39.96%
Winner 23.49% 0.39 8.91 0.15 1.54 10.63 0.5 39.41%
Loser 11.07% 0.71 9.36 0.26 0.7 10.14 0.24 51.44%
Both 30.8% -0.98 9.49 -0.36 0.57 9.86 0.2 37.55%

Never-Winner 0.29 6.9 0.14 -0.75 6.74 -0.38
(0.52) (0.47)

Never-Loser 0.39 6.99 0.19 0.35 5.9 0.2
(0.63) (0.54)

Never-Both 1.93 ** 7.82 0.86 0.26 6.23 0.15
(0.59) (0.55)

T (Months) 163 163

(53) Morocco
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 11.51% 1.22 5.69 0.74 1.15 4.98 0.8 62.33%
Winner 19.79% 1.27 5.81 0.75 1.3 5.17 0.87 45.58%
Loser 10.14% 1.36 6.47 0.73 1.44 5.77 0.86 64.24%
Both 58.56% 0.98 5.35 0.63 0.98 4.52 0.75 25.04%

Never-Winner 0.16 4.87 0.12 -0.07 4.63 -0.05
(0.32) (0.28)

Never-Loser -0.06 6.14 -0.03 -0.25 5.42 -0.16
(0.4) (0.37)

Never-Both 0.29 4.32 0.23 0.23 3.99 0.2
(0.22) (0.2)

T (Months) 220 220

(54) South Africa
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 46.19% 0.63 7.24 0.3 0.93 7.04 0.46 17.65%
Winner 22.15% 0.85 7.59 0.39 1.17 7 0.58 26%
Loser 11.87% 0.86 8.39 0.36 1.01 7.39 0.47 34.99%
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Table 3.9: Daily winners and losers at country level

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

Both 19.79% 0.67 8.95 0.26 0.7 7.83 0.31 31.44%

Never-Winner -0.17 3.98 -0.15 -0.18 3.02 -0.21
(0.19) (0.16)

Never-Loser -0.23 5.11 -0.16 -0.08 3.56 -0.08
(0.25) (0.18)

Never-Both 0.04 6.01 0.02 0.33 4.27 0.27
(0.28) (0.24)

T (Months) 421 421

(55) Tunisia
winsorized returns 0.1% price filter=1 fixed threshold=3

Never 13.94% 0.56 4.95 0.39 0.49 4.91 0.35 49.88%
Winner 21.63% 0.27 4.69 0.2 0.27 4.19 0.22 38.21%
Loser 10.65% 0.26 5.49 0.16 0.09 5.53 0.05 57.25%
Both 53.77% -0.17 4.23 -0.14 -0.14 4.07 -0.12 23.16%

Never-Winner 0.31 3.81 0.29 0.29 3.3 0.3
(0.31) (0.29)

Never-Loser 0.33 4.96 0.23 0.42 4.89 0.3
(0.4) (0.42)

Never-Both 0.77 * 3.77 0.71 0.64 * 3.33 0.66
(0.32) (0.31)

T (Months) 168 168

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1
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Table 3.10: Robustness tests for daily winners and losers in regions
The table presents value-weighted and equal-weighted portfolio returns (in percent) in excess of the
risk-free. It shows the replication results with Datastream for the six regions from December 1984
to December 2021, following Kumar et al. (2021). In North America, the US sample includes stocks
traded on the three big stock exchanges (NYSE, AMEX, and NASDAQ) , using the same price filter
as for the other countries in the region. Column 2 states the average distribution of the stocks in
the four portfolios “Never”, “Winner”, “Loser”, and “Both”. Columns 3 to 8 show each portfolio’s
average monthly returns, standard deviation, and Sharpe ratios. The righthand column “Avg. weight”
presents the average maximal weight of a stock in the portfolio during the sample period. The results
from the mean regressions of long-short strategies are based on Newey and West (1987) adjusted
standard errors.

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(1) Asia Pacific
winsorized returns 0.1% price filter=1 variable threshold min=3 max=99

Never 68.85% 0.51 5.76 0.31 0.95 6.05 0.54 8.47%
Winner 12.12% 0.32 8.07 0.14 0.79 7.67 0.36 14.17%
Loser 9.03% 0.7 8.2 0.29 0.93 7.57 0.43 16.34%
Both 10.01% -0.38 9.21 -0.14 -0.05 8.84 -0.02 18.79%

Never-Winner 0.19 4.84 0.14 0.16 3.68 0.15
(0.25) (0.2)

Never-Loser -0.18 4.99 -0.13 0.02 4.01 0.01
(0.19) (0.21)

Never-Both 0.89 ** 6.3 0.49 1 ** 5.67 0.61
(0.28) (0.31)

T (Months) 431 431

(1.1) Asia Pacific (developed countries)
winsorized returns 0.1% price filter=1 variable threshold min=3 max=8

Never 75.14% 0.49 5.48 0.31 0.71 5.38 0.45 10.66%
Winner 11.07% 0.79 7.33 0.37 0.97 6.49 0.52 22.18%
Loser 7.98% 0.67 7.66 0.3 0.64 7.31 0.31 27.06%
Both 5.8% 0.33 9.5 0.12 0.35 8.42 0.14 31.17%

Never-Winner -0.3 3.98 -0.26 -0.27 * 2.26 -0.41
(0.2) (0.11)

Never-Loser -0.18 4.24 -0.14 0.06 3.11 0.07
(0.23) (0.17)

Never-Both 0.16 6.6 0.09 0.36 4.52 0.27
(0.39) (0.29)

T (Months) 334 334

(2) Europe
winsorized returns 0.1% price filter=1 variable threshold min=15 max=59

Never 77.33% 0.69 4.94 0.48 0.88 4.83 0.63 4.31%
Winner 9.05% 0.67 6.33 0.37 0.9 5.54 0.56 15.01%
Loser 7.43% 0.46 6.72 0.24 0.61 5.59 0.38 17.63%
Both 6.18% 0.02 7.84 0.01 0.21 5.8 0.13 18.98%

Never-Winner 0.01 3.21 0.01 -0.02 1.9 -0.04
(0.16) (0.14)

Never-Loser 0.23 3.71 0.21 0.27 * 1.81 0.51
(0.18) (0.11)

Never-Both 0.66 * 5.18 0.44 0.67 *** 2.67 0.86
(0.28) (0.17)

T (Months) 443 443

(2.1) Europe (developed countries)
winsorized returns 0.1% price filter=1 variable threshold min=15 max=51

Never 77.01% 0.68 4.95 0.48 0.89 4.79 0.64 4.37%
Winner 9.26% 0.69 6.3 0.38 0.86 5.49 0.54 15.07%
Loser 7.56% 0.47 6.59 0.25 0.54 5.64 0.33 17.53%
Both 6.17% 0.14 7.96 0.06 0.07 5.85 0.04 19.32%

Never-Winner -0.01 3.04 -0.01 0.03 1.84 0.05
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Table 3.10: Robustness tests for daily winners and losers in regions

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

(0.16) (0.13)
Never-Loser 0.21 3.6 0.2 0.35 ** 1.93 0.63

(0.17) (0.11)
Never-Both 0.54 . 5.39 0.35 0.82 *** 2.75 1.03

(0.28) (0.17)
T (Months) 443 443

(3) Japan
winsorized returns 0.1% price filter=1 variable threshold min=18 max=29

Never 77.3% 0.08 4.68 0.06 0.25 4.78 0.18 4.87%
Winner 8.93% 0.01 6.42 0.01 0.27 6.59 0.14 17.28%
Loser 7.62% 0 6.98 0 0.32 6.05 0.19 19.75%
Both 6.15% -0.86 9.27 -0.32 -0.22 7.96 -0.09 19.96%

Never-Winner 0.06 3.9 0.06 -0.02 2.81 -0.02
(0.21) (0.17)

Never-Loser 0.07 4.38 0.06 -0.07 2.37 -0.11
(0.26) (0.13)

Never-Both 0.93 * 6.84 0.47 0.47 * 4.66 0.35
(0.36) (0.24)

T (Months) 334 334

(4) Middle East
winsorized returns 0.1% price filter=1 variable threshold min=3 max=10

Never 73.22% 0.93 10.42 0.31 1.24 9.19 0.47 14.95%
Winner 11.88% 0.29 10.78 0.09 1.28 9.85 0.45 26.86%
Loser 8.16% 0.75 11.41 0.23 0.99 8.95 0.38 33.18%
Both 6.75% -0.28 13.06 -0.07 0.5 10.02 0.17 36.09%

Never-Winner 0.64 7.05 0.32 -0.04 4.3 -0.03
(0.41) (0.26)

Never-Loser 0.19 6.92 0.09 0.25 4.05 0.22
(0.45) (0.23)

Never-Both 1.21 * 10.58 0.4 0.74 . 6.36 0.4
(0.58) (0.39)

T (Months) 322 322

(5) North America
winsorized returns 0.1% price filter=1 variable threshold min=30 max=55

Never 79.14% 0.79 4.25 0.65 0.93 4.58 0.7 2.9%
Winner 8.13% 0.76 6.86 0.38 0.66 6.36 0.36 14.11%
Loser 6.69% 0.29 7.04 0.14 0.65 6.57 0.34 17.17%
Both 6.04% -0.42 9.68 -0.15 -0.37 7.45 -0.17 14.42%

Never-Winner 0.03 4.35 0.03 0.27 3.05 0.3
(0.19) (0.18)

Never-Loser 0.5 * 4.38 0.39 0.28 . 3.04 0.32
(0.21) (0.14)

Never-Both 1.21 *** 7.32 0.57 1.29 *** 4.55 0.98
(0.33) (0.23)

T (Months) 443 443

(5.1) North America (developed countries)
winsorized returns 0.1% price filter=1 variable threshold min=29 max=54.0

Never 79.12% 0.8 4.24 0.65 0.93 4.58 0.7 2.92%
Winner 8.14% 0.76 6.92 0.38 0.65 6.37 0.35 14.19%
Loser 6.7% 0.28 7.1 0.14 0.65 6.58 0.34 17.27%
Both 6.04% -0.37 9.5 -0.13 -0.36 7.46 -0.17 14.36%

Never-Winner 0.04 4.4 0.03 0.28 3.07 0.32
(0.19) (0.18)

Never-Loser 0.52 * 4.45 0.41 0.28 * 3.05 0.32
(0.22) (0.14)

Never-Both 1.16 *** 7.15 0.56 1.29 *** 4.55 0.98
(0.33) (0.23)

T (Months) 443 443

(6) South America

Continued on next page
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Table 3.10: Robustness tests for daily winners and losers in regions

Value-weighted returns Equal-weighted returns

Portfolio
% of
Stocks Average Volatility

Sharpe
Ratio Average Volatility

Sharpe
Ratio Avg. weight

winsorized returns 0.1% price filter=1 variable threshold min=3 max=3
Never 63.62% 0.72 8.05 0.31 1 7.1 0.49 13.81%
Winner 15.94% 0.95 9.71 0.34 1.48 8.5 0.6 27.4%
Loser 10.03% 0.65 9.65 0.23 1.17 8.72 0.46 34.59%
Both 10.4% 0.03 10.95 0.01 1.36 9.74 0.48 34.19%

Never-Winner -0.23 5.36 -0.15 -0.49 * 3.51 -0.48
(0.31) (0.2)

Never-Loser 0.07 5.96 0.04 -0.17 4.14 -0.14
(0.34) (0.21)

Never-Both 0.69 . 6.69 0.36 -0.37 5.16 -0.25
(0.37) (0.31)

T (Months) 334 334

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1
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Table 3.11: Max effect in regions
The table shows monthly value-weighted and equal-weighted portfolio returns (in percent) in excess of
the risk-free rate. The sample consists of Datastream stocks from December 1984 to December 2021
above USD 1 and winsorized returns at the 1% level. Decile portfolios are constructed by sorting stocks
by maximum daily return (MAX effect) according to Bali et al. (2011) in each region. The results from
the mean regressions of long-short strategies are based on Newey and West (1987) adjusted standard
errors.

Portfolio value equally value equally value equally
weighted weighted weighted

(1) Asia Pacific
(1.1) Asia Pacific

(developed)
(2) Europe

Low Max 0.42 0.46 0.45 0.52 0.63 0.31
2 0.59 0.89 0.6 0.7 0.76 0.78
3 0.74 1.01 0.49 0.78 0.83 0.97
4 0.44 0.93 0.55 0.64 0.81 0.95
5 0.65 0.93 0.61 0.84 0.62 0.97
6 0.63 0.93 0.54 0.64 0.68 0.92
7 0.44 0.96 0.28 0.77 0.71 0.97
8 0.53 1.2 0.64 0.73 0.52 0.82
9 0.4 0.94 0.49 0.67 0.59 0.84
High Max 0.27 0.34 0.94 0.69 0.44 0.49
High - Low −0.19 −0.13 0.49 0.17 −0.19 0.19

(0.36) (0.29) (0.45) (0.31) (0.30) (0.20)

(2.1) Europe
(developed)

(3) Japan (4) Middle East

Low Max 0.62 0.28 0.24 0.14 0.51 0.73
2 0.77 0.78 0.14 0.27 0.79 1.24
3 0.84 0.98 0.32 0.32 1.52 1.37
4 0.82 0.97 0 0.28 1.34 1.59
5 0.64 0.98 0.11 0.27 1.46 1.2
6 0.67 0.94 -0.02 0.23 1.25 1.37
7 0.71 1 -0.05 0.19 0.85 1.27
8 0.54 0.8 -0.12 0.19 1.01 1.22
9 0.56 0.75 0.01 0.2 1.28 1.32
High Max 0.49 0.41 -0.48 -0.08 -0.47 0.95
High - Low −0.13 0.14 −0.72 −0.23 −0.98 0.22

(0.32) (0.20) (0.40) (0.30) (0.57) (0.48)

(5) North America
(5.1) North America

(developed)
(6) South America

Low Max 0.88 0.82 0.88 0.82 0.01 0.88
2 0.83 1.01 0.83 1.01 0.57 1.08
3 0.85 1.02 0.85 1.02 0.45 0.91
4 0.79 1.01 0.79 1.01 1 1.27
5 0.77 0.99 0.77 0.99 0.91 1.06
6 0.79 0.92 0.79 0.92 0.47 1.08
7 0.77 0.87 0.77 0.87 0.97 1.21
8 0.7 0.75 0.7 0.75 0.74 1.02
9 0.69 0.55 0.69 0.55 1.03 1.55
High Max 0.39 -0.01 0.39 -0.01 0.82 1.77
High - Low −0.49 −0.83∗∗ −0.49 −0.83∗∗ 0.81 0.88

(0.32) (0.31) (0.32) (0.31) (0.52) (0.45)

Note: ∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05; .p < 0.1
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4 Assessing the Information Content of In-sample and Out-of-sample R2 and

Portfolio Returns in a Simple Simulation

Co-authored with Alexander Klos and Niklas Reinhardt
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4.1 Introduction

Predicting stock returns is an extensively studied topic among academics and practitioners. Knowing which

quantities predict returns and which do not seems necessary to understand the economics behind expected stock

returns.

The most straightforward way to study predictability is to define a predictor, usually an observable charac-

teristic, and to run a back-test with historical data. These in-sample tests were predominant for many decades.

An alternative is an out-of-sample test. The sample is split into a training and a testing sample. While the

model is fit in the training sample, the empirical performance is evaluated in the testing sample. Recent pa-

pers studying return predictability rely increasingly on out-of-sample tests (see, e.g., Moritz and Zimmermann

2016, Gu et al. 2020, Martin and Nagel 2022, Jiang et al. 2023). However, out-of-sample tests have their own

methodological concerns (see, e.g., Campbell and Thompson 2007, Harvey and Liu 2015, Arnott et al. 2019).

There are at least two potential reasons for this trend. First, recent studies borrow methods from machine

learning, where out-of-sample tests are the norm (see Giglio et al. 2022, for a review). Second, out-of-sample

tests are less vulnerable to publication bias. Given the low cost of running a back-test and the high incentives

to publish positive results, researchers may have tried as many predictors as needed to find a new one. Return

predictability in-sample is therefore inflated (Harvey et al. 2016) and substantially reduced out-of-sample (Hou

et al. 2020).46

Another trend can be found in the measures of predictive performance that are studied. For a long time,

researchers have studied the returns of decile-based long-short portfolios (see, e.g., Jegadeesh and Titman 1993).

Such portfolios go long in the decile of stocks with the highest predicted returns and short in the decile of stocks

with the lowest predicted returns. Recently, in light of machine learning-based asset pricing, prediction-weighted

portfolio returns have become increasingly popular (see, e.g., Didisheim et al. 2024). In prediction-weighted

portfolios, each stock enters the portfolio with a weight proportional to its predicted return. In addition to

portfolio returns, researchers also study R2 as a measure of predictive performance. For many machine learning

methods, R2 is the standard measure for model evaluation. In line with the increasing use of these methods,

R2 has received increasing attention in asset pricing studies recently (see, e.g., Martin and Nagel 2022).

The debate on in-sample vs. out-of-sample tests and the growing plurality of performance measures raise

many questions: How do the different performance measures change from in- to out-of-sample? What out-of-

sample R2 should impress a reader? Does a zero (or even negative) out-of-sample R2 imply that there is no

return predictability? How does R2 map to portfolio returns? How different are results depending on the type

of portfolio that is studied? What is the range of plausible Sharpe ratios that the two different portfolio returns

could produce? What is the best empirical strategy to learn about the return generating process? While it

is impossible to provide definitive answers to some of these questions (as this would require knowledge of the

return-generating process), we approach the questions in two complementary ways to provide some benchmarks

to which empirical results can be compared. First, we use a thought experiment to develop some fundamental

46More recently, thought experiments (Chen 2021) and large replication studies (see, e.g., Chen and Zim-
mermann 2022, Jensen et al. 2023) have drawn a less negative picture on replicability in finance.
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intuitions about the different measures of predictive performance. Second, we examine a straightforward setting

in a simulation study to demonstrate the distribution of results that can be expected for the different performance

measures (at least for the return-generating processes that we study).

In our thought experiment, we imagine a world in which returns are predictable out-of-sample. We start

with the perfect predictive model, the “Oracle”, and the values of the performance measures that this Oracle

would realize. From there, we ask ourselves why and how the performance measures of models that are estimated

in the data differ from those of the Oracle. We generate three effects: a misspecified functional form, overfit, and

random variation. First, a misspecified functional form occurs, e.g., if the true relationship between predictors

and returns is cubic, but the predictors enter the regression linearly. We find that a misspecified functional form

generally decreases R2 as well as portfolio returns, and we find that it does so to the same extent in-sample as

out-of-sample. Yet, as long as models are fit with methods that are limited to non-negative in-sample R2 (such

as OLS), a misspecified functional form can only drive R2 and average prediction-weighted portfolio returns

towards zero, but not into negative territory (again, in-sample and out-of-sample). By contrast, decile-based

portfolio returns can, in theory, turn negative due to a misspecified functional form despite a positive R2.

Second, overfit occurs when models fit in-sample noise. This affects in-sample measures differently than out-

of-sample measures. In-sample measures are driven up, while out-of-sample measures are driven down relative

to the Oracle. Overfit can cause negative expected out-of-sample R2, but it cannot cause negative expected

portfolio returns (neither prediction-weighted nor decile-based). Third, while a misspecified functional form

and overfit relate to the expected value of a performance measure, there is also generally a random component

to the realized values of a performance measure. Every performance measure in every variation (in-sample,

out-of-sample, and Oracle) can be higher or lower than its expected value (or even negative) due to random

variation in the predicted variable. Although the thought experiment provides us some intuitions about the

effects that drive performance measures, we can say little about the extent of these effects from the thought

experiment alone. Therefore, we turn to a simulation.

In our simulation, the return-generating process (which contains out-of-sample predictability) is known

and ex-ante specified. We repeatedly generate worlds according to the return-generating process (RGP) and

analyze the resulting data from the viewpoint of an investor who does not know the RGP. The results of our

simulation provide three key insights with respect to the different measures of return predictability. First, out-

of-sample performance measures offer more information about return predictability than in-sample performance

measures. In-sample measures generally have the drawback of being inflated due to overfitting; models are fit

towards in-sample noise, which is then (falsely) attributed as predictability. In our simulation, this drawback

far outweighs the potential benefits of in-sample tests (larger sample sizes for training and testing). Second,

portfolio Sharpe ratios are a more informative measure of return predictability than R2. In all cases that we

simulate, out-of-sample Sharpe ratios are significantly larger than zero if there is return predictability. By

contrast, the out-of-sample R2 is often negative even if there is return predictability. We find that, compared

with R2, Sharpe ratios are more robust to a misspecified functional form, a smaller sample, weaker signals, and

more noise in the predictors. These results are in line with Kelly et al. (2024) who purposefully overfit models
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by estimating more parameters than there are observations, resulting in deeply negative out-of-sample R2 but

strongly positive trading-strategy returns. Third, we study the Sharpe ratios of different types of portfolios:

decile-based portfolios and prediction-weighted portfolios. Conceptually, a benefit of the decile-based portfolio

is its robustness: Only the sorting of returns matters, not their predicted values. By contrast, a benefit of the

prediction-weighted portfolio is that it uses more information: the portfolio covers the full sample and weights

stocks individually. We find that the Sharpe ratios of the prediction-weighted portfolio are generally larger

(which in practice would have to be weighed against higher trading costs) but that both types of portfolios are

similarly informative about return predictability (i.e., their Sharpe ratios change similarly when changing the

parameters of the simulated worlds).

We also use the simulation to test how different empirical strategies (i.e., different learning methods and

different sample splits) affect the ability to detect return predictability in the data. First, we compare the

impact of overfitting and the impact of a misspecified functional form on the ability of learning methods to

extract return predictability from the data. While realistically large sample sizes (upwards of 1,000 stocks)

help to manage overfit to a significant extent, a misspecified functional form strongly and consistently impairs

the detection of return predictability. This finding highlights the necessity for careful feature engineering. It

exemplifies the justification for using machine learning methods (e.g., random forests and neural networks) that

automatically engage in the engineering of complex functional forms. Second, we compare different learning

methods. We compare OLS regressions with Ridge and LASSO as two frequently used forms of regularized

regressions (see, e.g., Chinco et al. 2019, Feng et al. 2020, Freyberger et al. 2020, Gu et al. 2020, Kozak et al.

2020, Martin and Nagel 2022). Ridge and LASSO bias regression coefficients towards zero to alleviate overfit.

In light of the large amount of noise in stock returns, this regularization might be particularly beneficial for

extracting predictability from the data. Yet, in our simulation, we find that the benefits provided by Ridge and

LASSO are fairly limited: Although Ridge and LASSO perform significantly better than OLS in terms of R2, the

differences in terms of portfolio Sharpe ratios are small and sometimes even in favor of OLS. Third, we compare

different splits of the data into training and testing samples. Generally, a larger training sample improves the

model fit, while a larger testing sample increases the statistical power of the out-of-sample performance tests.

Given that there is only a limited history of stock return data, there is a trade-off between the two. Within

reasonable limits, we find that it is more beneficial to have a larger training sample than to have a larger testing

sample. More specifically, we find that a growing in-sample window with at least 40 years of data provides a

reasonable balance between model fit and statistical power out-of-sample. This roughly matches sample splits

commonly used in empirical papers (e.g., Gu et al. 2020).

4.2 A thought Experiment on Measures of Predictive Performance

In this section, we conduct a thought experiment to develop intuitions about the measures of predictive per-

formance that we study in this paper: R2 and portfolio returns (decile-based and prediction-weighted). In

particular, we investigate the information content that these measures have (in-sample and out-of-sample) for a
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given predictive model with respect to the true return generating process (RGP). For this purpose, we decompose

the information content of a measure as follows:

measured predictive performance =

true signals in the predictor set−misspecified functional form± overfit

± random variation

(4.1)

The starting point is the value that the measure would have for an Oracle model (i.e., a model that has perfect

knowledge of the true signals in the predictor set). From there, the expected value of the measure may be

affected by a misspecified functional form relative to the true relationships (e.g., fitting a linear instead of a

cubic function) and overfit (i.e., fitting the model to spurious relationships). Finally, the predictive performance

measured in a specific sample not only has an expected component (that is determined by the true signals, a

misspecified functional form, and overfit) but also a random component due to idiosyncratic variation of the

predicted variable.

4.2.1 R2

We calculate R2 as follows:

R2 = 1−
∑

i,t(ri,t − r̂i,t)
2∑

i,t(ri,t − r̄)2
= 1−

∑
i,t(ri,t − r̂i,t)

2∑
i,t r

2
i,t

(4.2)

The numerator is the sum of the squared deviations of the actual returns ri,t from the predicted returns r̂i,t

over a set of stocks i and months t. The denominator is the sum of the squared deviations of the actual returns

ri,t from the mean return r̄, which is zero in our simulation.47 Accordingly, one minus the fraction of numerator

and denominator indicates the decrease in mean squared prediction error of using the predictive model versus

the mean as a predictor.

R2 can be calculated in-sample and out-of-sample. In-sample, it is calculated using the same set of observa-

tions that the predictive model was fit with. Out-of-sample, it is calculated using a different set of observations

(i.e., a set that was not used for fitting the predictive model). In empirical applications of machine learning, we

usually see that R2 is lower out-of-sample than in-sample (sometimes even negative).

How is R2 affected by a misspecified functional form, overfit, and random variation, in-sample and out-

of-sample? First, a misspecified functional form increases the distance between actuals and predictions and

thus decreases R2 relative to a model with a correctly specified functional form, ceteris paribus. This affects

in-sample and out-of-sample R2 to the same extent. The intuition is quite simple: If the true function and the

fitted function stay the same in-sample and out-of-sample, also the difference between the true values and the

47Following Gu et al. (2020), we use the prior of r̄ = 0 (which is the true population mean return in our
simulation) instead of estimating r̄ in the data. In our simulation, the choice has almost no impact. Estimates
of the mean calculated with several hundreds of thousands of observations are very close to the true mean.
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fitted values stays the same in-sample and out-of-sample, on average. Thus, if a learning method is limited to

fit models with an in-sample R2 that is at least zero (such as OLS), a misspecified functional form can only

drive the R2 towards zero but can not cause it to become negative, neither in-sample nor out-of-sample.

Second, overfit affects R2 differently, in-sample and out-of-sample. Overfit occurs when a function is fit

to in-sample associations between predictors and the predicted variable that are caused by chance and not

by true relationships (which always happens as long as the sample is not perfectly representative of the true

relationships). By definition, these associations disappear out-of-sample on expectation. On the one hand, the

in-sample R2 is higher than the true R2 as the overfitted model fits the in-sample data better than the true

model does, ceteris paribus. Because the overfitted model fits noise, it accounts for more of the variation in

the predicted variable, in sample, than the true model does. On the other hand, the out-of-sample R2 is lower

than the true R2 as the overfitted model fits the data worse out-of-sample than the true model does, ceteris

paribus. Because the overfitted model is fit towards “false” relationships, the overfitted model moves away from

the true model and makes predictions that are biased towards the spurious in-sample associations that it picked

up. A simple example may help to illustrate this point: Let us say, we draw 10,000 samples (in-sample) from

the standard normal distribution (with a true mean of 0). For these samples, we calculate the sample mean. It

is highly unlikely that the sample mean will be exactly zero. Let us say, it is 0.01. By definition, this mean fits

the in-sample data better than the true mean of 0, i.e., we have an in-sample R2 that is higher than the true

R2. Next, we use the in-sample mean of 0.01 as our prediction for another sample (out-of-sample) that we draw

from the standard normal distribution. On expectation, the drawn value will be 0. Thus, on expectation, our

out-of-sample prediction of 0.01 will be worse than the true mean of 0, i.e., we have an out-of-sample R2 that

is lower than the true R2.

Third, variation in R2 and resulting differences between the true R2, in-sample R2, and out-of-sample R2

can simply be the result of chance. The realized R2 not only has an expected part that is determined by the

difference between the true function and the fitted function. Instead, the realized R2 also has a part that is

driven by random variation in the sampled values of the predicted variable. Therefore, the realized R2 may

change between any samples, may be larger than the true R2, or become negative out-of-sample, simply due

to chance. Note the difference between random variation and overfit: While overfit changes the expected R2,

random variation merely causes variation around the expected R2 but leaves the expectation unchanged.

4.2.2 Portfolio Returns

Decile-based portfolio returns are ubiquitous in empirical asset pricing studies (see, e.g., Bali et al. 2016). Each

month, stocks are sorted into deciles based on the predictions for their returns. Placing equal weights on each

individual stock, the decile-based portfolio goes long (short) in the 10% of stocks with the highest (lowest)

118



predicted returns.48 The return realized by this portfolio in month t is the average return in the long decile

minus the average return in the short decile:

PFR10M1,t =

1

0.1 ∗NStocks

NStocks∑
i

ri,t 1(r̂i,t ≥ q90(r̂j,t))−

1

0.1 ∗NStocks

NStocks∑
i

ri,t 1(r̂i,t ≤ q10(r̂j,t))

(4.3)

To summarize the performance of a portfolio, we follow the literature standard (e.g., Didisheim et al. 2024)

and calculate the portfolio’s Sharpe ratio as the ratio of its return mean and its return standard deviation:49

Sharpe ratio =
PFR

σ̂PFR
(4.4)

The expected mean return of the decile-based portfolio is simply:

E(PFR10M1) =

E(

∑T
t (

∑NStocks

i ri,t 1(r̂i,t ≥ q90(r̂j,t))−
∑NStocks

i ri,t 1(r̂i,t ≤ q10(r̂j,t)))

T ∗ 0.1 ∗NStocks
) =

∑T
t (

∑NStocks

i E(ri,t | r̂i,t ≥ q90(r̂j,t))−
∑NStocks

i E(ri,t | r̂i,t ≤ q10(r̂j,t)))

T ∗ 0.1 ∗NStocks
=

T ∗ (0.1 ∗NStocks ∗ E(ri,t | r̂i,t ≥ q90(r̂j,t))− 0.1 ∗NStocks ∗ E(ri,t | r̂i,t ≤ q10(r̂j,t)))

T ∗ 0.1 ∗NStocks
=

E(ri,t | r̂i,t ≥ q90(r̂j,t))− E(ri,t | r̂i,t ≤ q10(r̂j,t))

(4.5)

With the signals being small relative to the noise and the noise being i.i.d., the expected standard deviation

of the decile-based portfolio return is approximately:

E(σ̂PFR10M1
) ≈

√
0.2 ∗NStocks σ2

r

0.01 ∗N2
Stocks

=

√
20

NStocks
σr (4.6)

For the expected Sharpe ratio, it follows approximately:

E(Sharpe ratio10M1) ≈
√

NStocks

20

E(ri,t | r̂i,t ≥ q90(r̂j,t))− E(ri,t | r̂i,t ≤ q10(r̂j,t))

σr
(4.7)

48In practice, value-weighting offers methodological advantages over equal-weighting (Asparouhova et al.
2013). In our thought experiment, the intuitions regarding the effect of a misspecified functional form, overfit,
and random variation on the decile-based portfolio are unaffected by the choice between equal-weighting and
value-weighting. In our simulation, we abstract from market values for simplicity.

49For simplicity but without loss of generality, we set the risk-free rate to zero in our simulation.
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In words, the standard deviation of every possible decile-based portfolio is the same. Consequently, when

comparing the performance of predictive models, there is no difference between using the Sharpe ratio or simply

the mean return of the decile-based portfolio. The reason is that, in our simulation, the decile-based portfolio

always contains the same number of stocks where each stock has i.i.d. returns and is assigned the same weight.

A growing body of literature centered around machine learning-based asset pricing (see, e.g., Martin and

Nagel 2022, Didisheim et al. 2024) study prediction-weighted portfolio returns. We follow the definition of

Martin and Nagel (2022). For the portfolio in month t, every stock i enters the portfolio with a weight that is

proportional to its predicted return for that month r̂i,t:
50

PFRPW,t =
1

NStocks

NStocks∑
i

r̂i,tri,t (4.8)

For the prediction-weighted portfolio (in contrast to the decile-based portfolio), standard deviations may

vary drastically across different portfolio implementations, even if the underlying data are the same. Depending

on the predictions, one portfolio may assign the full weight to only one stock, while another portfolio may assign

weights of equal magnitude to all stocks. Consequently, portfolios can differ both in terms of their return mean

as well as their standard deviation, necessitating the use of the Sharpe ratio.

By plugging Equation 4.8 into Equation 4.2, we can see that prediction-weighted portfolio returns are closely

related to R2:51

R2 = 1−
∑

i,t(ri,t − r̂i,t)
2∑

i,t r
2
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2
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∑
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2
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t

∑
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∑
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T
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t

1
NStocks

∑
i r̂i,tri,t −

1
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∑
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2
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T∗NStocks

∑
i,t r

2
i,t

(4.9)

⇔ R2 =
2PFRPW − r̂2

r2
≈ 2PFRPW − σ̂2

r̂

σ̂2
r

(4.10)

⇔ PFRPW =
1

2
(R2r2 + r̂2) ≈ 1

2
(R2σ̂2

r + σ̂2
r̂) (4.11)

Some insights from Equation 4.10 and Equation 4.11: On the one hand, a positive mean prediction-weighted

portfolio return does not always imply a positive R2 but a positive R2 always implies a positive mean prediction-

weighted portfolio return. On the other hand, a negative mean prediction-weighted portfolio return always

50Following the definition in Martin and Nagel (2022), the weights of the long and the short leg are not
scaled by the sum of weights in the long and the short leg, respectively. Thus, i) portfolio weights in the two
lags do not generally sum to one and minus one, respectively, and, ii) the sum of all weights across both legs
is not ensured to be zero. i) means that results are difficult to interpret in terms of average portfolio returns
as the scale of returns differs between portfolios. Yet, portfolios are still comparable if a scaled measure of
portfolio performance is used (such as the Sharpe ratio). ii) means that portfolios may have more long than
short positions (or vice versa). Yet, all portfolios are still zero net investment strategies if excess returns are
used (as in our simulation).

51Kelly et al. (2024) show an equivalent relationship between R2 and the returns of a market-timing strategy.
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implies a negative R2 but a negative R2 does not always imply a negative mean prediction-weighted portfolio

return. The intuition is that large random variation in predictions (i.e., large σ̂2
r̂) affects R

2 negatively while it

does not affect the mean prediction-weighted portfolio return.52

How are out-of-sample decile-based and prediction-weighted portfolio returns affected by a misspecified

functional form, overfit, and random variation?53 First, whether and to what extent a misspecified functional

form affects these returns depends. For the decile-based portfolio returns, it depends on the effect of the

misspecified functional form on the sorting of stocks into the top and bottom decile (i.e., the ordering of

predictions). For the prediction-weighted portfolio returns, the effect of a misspecified functional form not

only depends on the ordering but also on the magnitude of the predictions. This leads to some interesting

considerations: A), there are no cases in which a misspecified functional form affects decile-based portfolio

returns but not prediction-weighted portfolio returns. Otherwise, the magnitude of predictions would have to

match the true magnitude but the ordering of predictions would have to deviate from the true ordering. As the

ordering is based on the magnitude, this is impossible. B), there are cases in which a misspecified functional

form affects prediction-weighted portfolio returns but not decile-based portfolio returns. This happens when

the misspecification changes the predictions’ magnitude from the true magnitude without changing the ordering

of the predictions from the true ordering (s.t., the top and bottom deciles remain unaffected).54 C), there are

cases in which a misspecified functional form causes the expected return of the decile-based portfolio to become

negative but there are no cases in which it causes the expected return of the prediction-weighted return to

become negative if the model is fit with a positive in-sample R2. Due to the relationship from Equation 4.11,

prediction-weighted portfolio returns can only be negative if the R2 is negative. Following the reasoning from

above that a misspecified functional form cannot cause a negative out-of-sample R2 (if the in-sample R2 is

positive), prediction-weighted portfolio returns cannot become negative due to a misspecified functional form,

either. For decile-based portfolio returns, there is no direct relationship with R2 as the returns only depend on

52Nonetheless, large random variation in predictions does affect the Sharpe ratio of prediction-weighted
portfolio returns as it raises the standard deviation of portfolio returns. Yet, it only drives the Sharpe ratio
towards zero and not into negative territory.

53The in-sample considerations from our discussion of R2 apply analogously: The effects of a misspecified
functional and random variation on portfolio returns are the same in-sample and out-of-sample and overfit
increases in-sample portfolio returns above those of the true model.

54As an example, let us say that returns strictly increase in a predictor (say, cubically) and that the predictive
model also predicts a strict increase in the predictor (but linearly instead of cubically). For the prediction-
weighted portfolio returns, the performance of the linear model is worse than that of the true model. In
comparison with the true model (that would weight stocks in accordance with the third power of the predictor
values), the linear model puts too little (much) weight on those stocks with extreme (moderate) predictor values.
This directly affects the portfolio return as the magnitude of predictions determines the weight of each stock in
the portfolio. The decile-based portfolio return remains unaffected. The misspecified model sorts the stocks in
exactly the same ordering as the true model and thus gives the same deciles as the true model.
Note that this would change if we had two or more (e.g., cubic) predictors. In that case, the ordering of stocks

(and thus the portfolio return) would generally change if the relationships were estimated linearly because the
linear model misses the fact that the relative importance of the different predictors changes depending on their
values. E.g., let us say that two cubic predictors are i.i.d. and that the linear model estimates the same coefficient
for both predictors. Then the linear model would give the same prediction (and thus the same ranking) for all
combinations of the predictors that have the same sum (e.g., 3,3 and 2,4). But because the true function is
cubic, the true predictions (and thus the true ranking) are generally not the same (lower for 3,3 than for 2,4).
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the ranking of observations (not their magnitude) and as they only depend on 20% of the observations (not the

full sample). Thus, a positive in-sample R2 does not ensure positive decile-based portfolio returns.55

Second, whether and to what extent overfit has an effect on decile-based portfolio returns again depends

on the effect that overfit has on the predicted order of returns. On the one hand, it is possible that there is

non-zero overfit that throws off predictions but not enough to change the ordering of returns. On the other

hand, if the overfit is so strong that spurious relationships dominate the predictive model, the top and bottom

deciles are composed of random stocks, which drives the expected return of the long-short portfolio towards zero.

Prediction-weighted portfolio returns are generally always affected by overfit as overfit, by definition, changes

estimates, which change predictions, which are used as portfolio weights. What is not possible for both types

of portfolios is that overfit causes expected portfolio returns to become negative. A negative expected return

would require that the model makes systematic prediction errors, whereas overfit can only produce random

prediction errors.

Third, both types of portfolio returns are generally affected by random variation between samples. Yet,

prediction-weighted portfolio returns are less affected than decile-based returns as the former use more infor-

mation and are thus more efficient. On the one hand, prediction-weighted portfolio returns make use of the full

set of observations (not just the top and bottom deciles). On the other hand, they reflect the magnitude of pre-

dictions as they assign prediction-dependent weights to each portfolio component (instead of equally weighting

them).

4.3 Simulation Setup

In this section, we describe our simulation setup. First, we discuss how returns are generated in our simulation,

generally. Second, we detail the specific functional forms that underlie the relationships between predictors and

returns. Third, we present the framework of the individual simulated worlds in which investors learn about the

RGP. Fourth, we outline the strategies (in terms of model input, learning methods, and sample splits) that

investors pursue to learn about the RGP.

55As an example, let us say that the true relationship between returns and a predictor is that returns are
high (low) in the lowest (highest) 10% of the predictor but increasing in the middle 80% such that the predictive
model fits a strictly increasing relationship. The decile-based portfolio goes long (short) in the 10% of stocks
with the highest (lowest) values for the predictor which truly have low (high) expected returns, creating a
portfolio with a negative expected return.
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4.3.1 The Generic Return Generating Process

The return ri,t of stock i in month t has a component that is idiosyncratic random noise ϵi,t (independently

and identically normally distributed) and a component that depends on a set of P predictors xP
i,t (each also

independently and identically normally distributed):56

ri,t = ϵi,t + f(xP
i,t)

∣∣∣∣∣∣∣∣∣∣∣

ϵi,t,∼ N (0, σ2
ϵ )

xP
i,t ∼ NP (0,Σ)

Σ =

σ
2
x · · · 0
... σ2

x

...
0 · · · σ2

x


P×P

(4.12)

f(xP
i,t) is the predictable part of the RGP that machine learning methods try to extract from the data (and

that investors would like to know to make money). For our simulation, there are three key features of f(xP
i,t):

its form, its signal-to-noise ratio, and the concentration of signals among the predictors.

First, the functional form crucially affects how easy it is for a learning algorithm to identify predictability

in the data. E.g., it is easy for most learning algorithms to identify linear relationships in the data but it is

hard to identify relationships that depend on interactions of predictors. In our simulation, we present results

for various functional forms to see how this affects the ability to learn from the data.

Second, with an extremely low signal-to-noise ratio, stock returns differ markedly from many other areas

in which machine learning methods are applied. Although it is impossible to determine the true signal-to-

noise ratio in stock returns, basic arbitrage conditions ensure that the ratio has to be low enough, such that

investors cannot make “free money”. Based on the empirical literature (e.g., Martin and Nagel 2022), we vary

R2
true ∈ [0.1%, 0.4%] (with R2

true = 0.2% as the baseline). R2
true is the signal-to-noise ratio that would be

realized by a model that predicts returns with the true form and coefficients of f(xP
i,t) (“Oracle”).

Third, with a given functional form and a given signal-to-noise ratio, we still have to decide how signals are

distributed among the predictors. Whether strong signals are concentrated among a few predictors or whether

weak signals are spread over many predictors has a big impact on the performance of learning algorithms and

the optimal degree of regularization. We vary the number of signal-containing predictors P ∈ [6, 96] (with

P = 24 as the baseline).

Further parameters of the general RGP in Equation 4.12 are the standard deviation of returns σr and the

standard deviation of the regressors σx that we both set to 50%√
12

≈ 14.43%.57 The standard deviation of the

idiosyncratic component of returns, σϵ, follows from R2
true and σr:

R2
true =

ESS

TSS
=

σ2(f(xP
i,t))

σ2
r

(4.13)

56For simplicity but without loss of generality, the mean return is zero in our simulation. In line with the
literature (e.g., Kozak et al. 2020), we can think of our simulated returns as excess returns.

57The ability to learn from the data only depends on the ratio of signal and noise, not their absolute levels.
Therefore, the values for the standard deviations do not affect our results, ceteris paribus.
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σ2
r = σ2

ϵ + σ2(f(xP
i,t)) (4.14)

⇒ σϵ =
√
(1−R2

true)σ
2
r (4.15)

With the baseline values of R2
true = 0.2% and σr = 14.43%, we get σϵ ≈ 14.41%.

4.3.2 The Specific Return Generating Processes

We implement different functional forms for the predictable part of the RGP, f(xP
i,t). All choices ensure that

the expected market return (the average expected return across all stocks) is zero. In the linear RGP, returns

depend linearly on the predictors, positively on the first P/2 predictors, negatively on the second P/2 predictors:

flin(x
P
i,t) = clin (

(P/2)∑
p=1

xp,i,t −
P∑

p=(P/2)+1

xp,i,t) (4.16)

With clin being the same for every predictor, the signals are spread evenly across the predictors. To calibrate

returns with a true signal-to-noise ratio of R2
true, we plug Equation 4.16 into Equation 4.13 and solve for clin:

clin =

√
R2

true σr√
P σx

(4.17)

With the baseline values of R2
true = 0.2%, σr = σx = 14.43% and P = 24, we get clin ≈ 0.0091.

In the cubic RGP, returns depend linearly on the third power of the predictors:

fcub(x
P
i,t) = ccub (

(P/2)∑
p=1

x3
p,i,t −

P∑
p=(P/2)+1

x3
p,i,t) (4.18)

Again, we plug Equation 4.18 into Equation 4.13 to solve for ccub:

ccub =

√
R2

true σr√
15P σ3

x

(4.19)

With the baseline values, we get ccub ≈ 0.1131.

In the piecewise linear RGP, returns have a linear relationship with predictors below (above) the predictors’

1st (99th) percentile and have no relationship with them otherwise:

fpwl(x
P
i,t) =

cpwl (

(P/2)∑
p=1

xp,i,t 1((xp,i,t ≥ q99(xp,j,t)) | (xp,i,t ≤ q1(xp,j,t)))

−
P∑

p=(P/2)+1

xp,i,t 1((xp,i,t ≥ q99(xp,j,t)) | (xp,i,t ≤ q1(xp,j,t))))

(4.20)
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We calibrate cpwl numerically and, with the baseline values, we get cpwl ≈ 0.0242.

In the interactional RGP, returns depend linearly on the interactions of five predictors. The idea for this

RGP follows the idea of return streaks (Klos et al. 2023), according to which returns tend to be higher (lower)

after a series of continuously negative (positive) returns. In our implementation, the return of stock i in month

t receives a positive (negative) signal in the amount of cint if x1,i,t is negative (positive). If there is a streak of

length two, i.e., if both x1,i,t and x2,i,t are negative (positive), the return receives a positive (negative) signal

in the amount of 2cint. If there is a streak of length three, i.e., if all of x1,i,t, x2,i,t, and x3,i,t are negative

(positive), the return receives a positive (negative) signal in the amount of 4cint. If there is a streak of length

four (five), the return receives a signal in the amount of 8cint (16cint). We calibrate cint numerically and, with

the baseline values of R2
true = 0.2% and σr = σx = 14.43%, we get cint ≈ 0.0013.

In the sector-based RGP, the return of a given stock i does not depend directly on the individual realizations

of xP
i,t for the specific stock i. Instead, the return depends (linearly) on the average value that xP

i,t takes for a

“sector” of stocks in the respective month. We use the word “sector” for its potential economic interpretation

but for our simulation, sectors are just randomly assigned groups of stocks. With x̄p,i,t as the average value of

predictor p in month t for the sector that stock i is a part of, the sector-based RGP can be expressed as:

fsec(x
P
i,t) = csec (

(P/2)∑
p=1

x̄p,i,t −
P∑

p=(P/2)+1

x̄p,i,t) (4.21)

We choose the number of sectors, into which we separate stocks, as NSec = 100. With a stock universe of

NStocks = 1000, it follows that there are SecSize = 10 stocks in each sector. For the variance of the average of

the predictors, x̄p,i,t, it holds that:

σ2(x̄p,i,t) = σ2(

SecSize∑
j=1

xp,j,t

SecSize
) =

σ2
x

SecSize
(4.22)

Keeping this in mind when plugging Equation 4.21 into Equation 4.13, we can solve for csec:

csec =

√
R2

true SecSize σr√
P σx

(4.23)

With the baseline values, we get csec = 0.0289.

The learned RGP is the same as the linear RGP with only two predictors that contain the signals, P = 2,

and, more importantly, with the predictors that contain the signals changing each time that a model is estimated.

E.g., for the first sample period that investors observe, from 1940-1959, the predictive signals are contained in

x1,i,t and x2,i,t. In 1960, investors estimate their models and learn about these in-sample relationships. Yet,

this does not help investors implement a profitable trading strategy out-of-sample: For the next sample period

from 1960-1979, the predictive signals are no longer contained in x1,i,t and x2,i,t, but instead in x3,i,t and x4,i,t.

The idea for this RGP follows the framework of Martin and Nagel (2022) in which different predictive patterns
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manifest slowly at different points in time and are then (once manifested) found out and arbitraged away by

investors.

Finally, as a benchmark, the pure noise RGP does not contain any predictive signals at all, neither in-sample

nor out-of-sample. Therefore, fnoise(x
P
i,t) = 0 and R2

true = 0.

4.3.3 The Data Sets

We simulate data sets of monthly returns for NStocks ∈ [500, 1500] stocks (baseline NStocks = 1000) from 1940 to

2019.58 Depending on the trade-offs between more observations and potential illiquidity or regime changes in the

RGP, empirical asset pricing studies greatly vary in the cross-section and time frame they consider. Regarding

the cross-section, many authors make use of all NYSE, AMEX, and NASDAQ stocks, resulting in a universe of

several thousand stocks at a given point in time. However, researchers may focus only on the most liquid US

stocks or international equity markets, resulting in just a few hundred stocks in the cross-section. Regarding

the time frame, some authors make use of the full history of data publicized by the Center for Research in

Security Prices (CRSP), starting in 1925. However, due to incomplete data coverage, learning processes, and

drastic changes in the stock market environment over the past century (e.g., due to decreased trading costs),

many researchers only use data starting in 1960 or later. In our simulation, we choose to work with a fixed time

frame and vary the number of stocks to assess the impact of the number of observations on our results. Varying

only one dimension serves readability and does not limit the generalizability of our results as the simulated

observations are i.i.d., meaning that a larger cross-section is the same as a longer time frame.

For each specific implementation of a RGP, we do not only simulate one data set. Instead, we simulate

multiple data sets (i.e., multiple parallel worlds) which are governed by the same rules but may give us different

results simply due to chance. This allows us to present empirical distributions for the measures of predictive

performance. We can say, for example, that the minimum Sharpe ratio that we observed for OLS-decile-based

portfolio returns was 0.73 among the 30 worlds with a cubic RGP.

4.3.4 The Learning Strategies

In each world, investors learn about the RGP by performing regressions of returns on a set of predictors.

In the real world, it is not ex-ante clear which predictors are relevant for returns. E.g., Martin and Nagel

(2022) argue that it is not ex-ante clear for the predictor set of past return lags, which lags are relevant for

future returns. Thus, in our simulation, investors are faced with a set of predictors that is composed of the

signal-containing predictors as well as some predictors that merely contain noise that is not relevant for the

prediction of returns. On top of the P ∈ [6, 96] signal-containing predictors (baseline P = 24), we add [0, 200]

noise-only predictors (baseline 100), giving a total of [24, 296] predictors that enter the regressions (baseline

124).

58That is, for one world, we simulate 960 (12 months per year for 80 years) observations per stock or 960,000
(= 960 · 1000) observations in total. The mapping of observations to years serves readability but plays no role
in our results.
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In the real world, it is also not ex-ante clear in which functional form predictors contain signals for returns.

Empirical asset pricing studies often use prediction methods that are limited to linear relationships although

the true relationships might well be non-linear (Gu et al. 2020). Thus, in our simulation, the predictors enter

the regressions linearly for each RGP (even if the true relationship is, e.g., cubic).

We consider three types of regressions that are commonly used in empirical asset pricing studies (see, e.g.,

Gu et al. 2020, Martin and Nagel 2022): ordinary least squares (OLS), Ridge, and least absolute shrinkage and

selection operator (LASSO) regressions. OLS minimizes the sum of squared deviations of the predictions from

the actuals. Ridge and LASSO minimize a weighted average of this sum and a penalty for large coefficient

estimates. The penalty serves to guard estimates against overfit by biasing estimates towards a prior coefficient

of zero. The weight that is assigned to the penalty (vs. the sum of squared residuals) is optimized in-sample.59

For Ridge, the penalty is based on the sum of the squared coefficient estimates. For LASSO, the penalty is

based on the sum of the absolute coefficient estimates. For coefficients close to zero, Ridge and LASSO give

markedly different estimates. Ridge shrinkage operates continuously and produces coefficient estimates that are

close to zero but not exactly zero. LASSO shrinkage operates discontinuously and produces coefficient estimates

of exactly zero. LASSO is thus said to perform feature-selection as it selects features with predictive power

(non-zero coefficients) and separates them from features without predictive power (zero coefficients).60

In our baseline, investors fit regressions three times in each world with a growing window. To ensure a

reasonable minimum sample size, models are fit with a minimum of 20 years of data. As more data becomes

available over time, investors feed this data to their models to improve the model fit every 20 years.61 First,

investors fit models with data from 1940-1959 to make predictions and form portfolios from 1960-1979. Second,

they refit models with data from 1940-1979 to make predictions and form portfolios from 1980-1999. Third,

they refit models with data from 1940-1999 to make predictions and form portfolios from 2000-2019.

This is different for the rolling window approach, where models are fit in a fixed-size window that is rolled

forward over time. In our simulation, a 20-year window is rolled forward every 20 years, resulting in three model

fits per world: The first model is fit with data from 1940-1959, the second (third) with data from 1960-1979

(1980-1999). In the real world, the rationale for a rolling window is that the RGP may change over time and

that observations from the recent past might be more representative of future returns than observations from

the distant past. As this rationale does not apply in our simulation, the rolling window approach is dominated

by the growing window approach, which fits better models by using more observations. Nonetheless, we report

results for the rolling window approach to show what results to expect with a fixed-size window.

59To choose the penalty weight, we use 10-fold cross-validation. I.e., with a 20 year training sample, a model
is fit with 18 years of data for a specific penalty weight. The remaining 2 years are used for validation, i.e., to
assess the performance of the model. For each penalty weight that is tested, this process is repeated 10 times
with every year being in the validation sample exactly once. Taking together all 10 of the 2-year validation
samples gives an overall performance that is associated with the specific penalty weight. According to this
procedure, different penalty weights are tried out. Out of all the penalty weights that are tried out, the one
with the best performance in the 10 2-year validation samples is chosen and then used to fit the final model.

60We use “features”, “regressors”, and “predictors” synonymously.
61We choose a refit interval of 20 years for computational reasons. In principle, we could let investors refit

models every month. This would slightly improve average model performance but would not affect our inferences
from the results.
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Furthermore, we report results for fixed splits, where models are only fit once per world, either in 1960,

1980, or 2000. Observations before (after) the split are used to fit (test) the models. On the one hand, the

1960 (2000) split use the least (most) information to fit the model, resulting in the worst (best) models, on

expectation. On the other hand, the 1960 (2000) split has the longest (shortest) window to test the model,

resulting in the most (least) precise estimates of model performance on expectation.

Finally, we also report full-sample results, where there is no split into training and testing samples. Instead,

models are fit only once per world with data from 1940-2019 and are used to make predictions and form portfolios

in the same window from 1940-2019. This means that models are fit with the maximum number of observations

possible and models are also tested with the maximum number of observations possible. Yet, in contrast to the

other sample splits, this approach cannot be used to form investable portfolios: The portfolios are based on

models that are estimated with data that are not available at the time of portfolio formation. Therefore, finding

return patterns with a full-sample approach does not necessarily equate to finding investment opportunities.

Instead, full-sample return patterns can also be the result of learning processes as in Martin and Nagel (2022).

4.4 Simulation Results

This section is divided into three subsections, which present the results of the simulation setup implications

derived in Section 4.3. The first subsection presents the results of the linear return generating process — and

the second moves on from the linear RGP to more complex functional forms. The third subsection presents the

results using different learning methods and sample splits.

4.4.1 The Simple Case: Linear RGP and OLS

As an introductory example, we start with the results for the simple case of a linear RGP (with the baseline

parameter values presented in Section 4.3.2) and OLS regressions. Figure 4.1 presents summary statistics

calculated over the 30 different simulated worlds for the coefficient estimates. In the three panels, the estimates

are presented separately for each of the three times the OLS model is fit in a given world (with data from

1940-1959, 1940-1979, and 1940-1999, respectively). In each panel, the leftmost (middle) 12 coefficients are

for the predictors that contain positive (negative) signals for returns. The rightmost twelve coefficients are for

12 out of the 100 predictors that contain no signals for returns.62 The OLS estimates for each coefficient are

benchmarked against the true coefficients (Oracle). With regard to the bias of the estimates, the figure shows

that, on average, OLS recovers the true coefficients. With a sufficiently large sample, this was to be expected

as OLS is an unbiased estimator in this setting. With regard to the variance of the estimates, the figure shows

that there is some variation around the true coefficients but that this variation decreases substantially with an

extended sample. For example, Panel A shows that half of the estimates for the first coefficient are between

0.007 and 0.011 in the 1940-1959 fits (indicated by the range of the box). Panel C shows that this range narrows

62For readability, we do not also present results for the other 88 predictors that contain no signals, for which
results look essentially the same.
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Figure 4.1: Linear RGP and OLS - coefficients
This figure plots summary statistics for OLS coefficient estimates vs. true coefficients (Oracle). 30 worlds of

monthly returns for 1,000 stocks from 1940-2019 are simulated, with returns depending linearly on a set of 24

predictors. The returns are regressed on a set of 124 predictors, of which 24 are the true predictors (1-24 in the

plot) and of which 100 are unrelated to the returns (25-36 as examples in the plot). In each world, the OLS

regression model is fit three times with a growing window (Panels A, B, and C). For each coefficient in each

fit, a Tukey box plot of the corresponding OLS estimate is created as a summary of the estimates from the 30

simulated worlds.
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down to values between 0.008 and 0.010 in the 1940-1999 fits. The reason is that the sample size triples from

Panel A to Panel C, which enables OLS to better isolate the signals from the noise.
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Figure 4.2: Linear RGP and OLS - portfolio returns
This figure plots returns of an OLS-prediction based portfolio. 30 worlds of monthly, linearly predictable returns

for 1,000 stocks from 1940-2019 are simulated. In each world, an OLS model is fit using data from 1940-1959

to make predictions from 1960-1979, then refit using data from 1940-1979 to make predictions from 1980-1999,

and refit using data from 1940-1999 to make predictions from 2000-2019. The predictions are used to form a

portfolio that is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The figure plots

the annualized returns of this portfolio, as an example from a single simulated world in Panel A and as an

average over the 30 worlds in Panel B (with standard deviation bounds). As a benchmark, the figure also plots

the returns of a long-short portfolio formed on the basis of predictions using the true coefficients (Oracle).
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Figure 4.2 plots the annualized performance of the OLS-decile-based portfolio for the linear RGP over time.

Panel A shows an example from a single simulated world to give an idea of how a typical return path looks in our

simulation. The portfolio performs well. Returns are strictly positive and far away from zero with an average of

ca. 20% p.a. Nonetheless, variations are quite large, approximately as large as the average return itself. Panel

B shows the average path of the OLS-decile-based portfolio returns over the 30 simulated worlds. The returns

are benchmarked against the returns of a decile-based portfolio that is formed using predictions with the true

coefficients (Oracle). The figure shows that the OLS portfolio performs almost as well as the Oracle portfolio.

Furthermore, the figure shows that the performance of the OLS portfolio rises with each refit. In the 1960-1979

period (where predictions are made with models that are trained with data from 1940-1959), there is still a

return difference of roughly 3 percentage points p.a. between OLS and Oracle. In the post-2000 period (where

predictions are made with models that are trained with data from 1940-1999), the return difference shrinks to

around 1 percentage point p.a.

Table 4.1: Linear RGP and OLS
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. 30 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated.
Returns are composed of normally distributed random noise and a predictable component, s.t. the
true R2 is 0.2%. The predictability is based on linear relationships with a set of 24 predictors. The
Oracle predictions are based on the true relationships with these predictors. The OLS predictions are
based on regressions of returns on a set of 124 predictors, of which 24 are the true predictors and of
which 100 are unrelated to the returns. The models are fit three times. The first models are fit with
data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit
with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The
predictions are used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in
the 10% of stocks with the highest (lowest) predicted returns. The table reports information on the
Sharpe ratio of the out-of-sample returns realized by this portfolio. The in-sample R2 is calculated
from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-10M1 Sharpe ratio OOS

Median Min Median Max Min Median Max N

Oracle 0.20 0.18 0.20 0.22 1.01 1.11 1.17 30
OLS 0.22 0.14 0.17 0.19 0.91 1.03 1.12 30

Table 4.1 quantifies the predictive performance in terms of R2 and the Sharpe ratio of the decile-based

portfolio returns. Column one shows the median in-sample R2 of the 1940-1999 fits over the 30 simulated

worlds. The median in-sample R2 of the OLS models is 0.22% and thereby higher than the true R2 of 0.20%.

The reason is overfit (i.e., that the OLS models fit in-sample noise). Columns two through four show the

minimum, median, and maximum for the out-of-sample R2, calculated using predictions from 1960-2019 (with

predictions in each 20-year period based on the most recent of the three refits). The median OLS R2 is only

0.17% and thereby lower than the true R2 of 0.20%. Again, the reason is overfit. The in-sample noise, towards

which OLS adjusts its estimates, does not repeat out-of-the sample, and the predictions are off. The spread

in R2 shows that chance affects the estimated predictive performance in a non-negligible way: With the exact

same rules that govern the worlds and the estimation procedure, one world produced an R2 that is as low as

0.14% while another world produced an R2 that is as high as 0.19%. Columns five through seven present the
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out-of-sample Sharpe ratio of the decile-based portfolio returns. The results show that portfolio returns are

more robust in terms of overfitting and random variation. The overfit-induced median performance drag of OLS

relative to the Oracle is only 7% (= 1− 1.03
1.10 ) in terms of Sharpe ratio vs. 15% (= 1− 0.17

0.20 ) in terms of R2. The

random variation-induced spread of the performance metric (relative to the median) is only 20% (= 1.12−0.91
1.03 )

for the Sharpe ratio vs. 29% (= 0.19−0.14
0.17 ) for the R2. Overall, nonetheless, for the simple case of a linear RGP,

our results show that inferences are not substantially different depending on whether they are based on R2 or

portfolio returns.

4.4.2 What Can We Learn from In-sample and Out-of-sample R2 and Portfolio

Returns?

In this subsection, we move on from the linear RGP and consider RGPs with more complex functional forms,

e.g., including non-linearities. The main goal is to explore how this affects R2 and portfolio returns.

R2 vs. decile-based portfolio returns Figure 4.3 shows the average path of the OLS-decile-based

portfolio returns over the 30 worlds that we simulate for each RGP (i.e., we simulate 210 = 7*30 worlds in

total). Panel A shows the results for the linear RGP that we have already discussed above and for which the

OLS portfolio is pretty close to the best possible portfolio of the Oracle model. Panels B through E show

the results for the different non-linear RGPs. Generally, the OLS-portfolio returns decrease substantially but

remain positive, on average. The degree to which the average OLS-portfolio returns fall below the Oracle-

portfolio returns varies between the different RGPs. While the gap is large for the piecewise linear RGP, the

gap is relatively narrow for the interactional RGP. Of course, this depends on the specific implementation of the

respective RGP (i.e., on the power to which predictors are raised, the sections of the piecewise linear function,

the type of interactions, and the number of sectors, respectively). E.g., in our implementation of the piecewise

linear RGP, all of the predictability is concentrated in the most extreme 1% of the predictor values. This

makes it tougher to learn from the data than if, e.g., the predictability was concentrated in the most extreme

10% of predictor values. Thus, we do not interpret too much into the varying degree with which the various

non-linearities decrease portfolio returns.

While average portfolio returns in Panels B through E remain significantly positive (even with grossly

misspecified functional forms), they are indifferent from zero in Panels F and G. This is unsurprising as the

fitted models contain no information that is relevant for the out-of-sample returns. In Panel F, the predictors

that contain signals are not the same in-sample and out-of-sample. In Panel G, there are no signals at all.

The results for these two RGPs provide a benchmark of how return paths would look like if there was truly no

out-of-sample predictability.

Table 4.2 quantifies the predictive performance in terms of R2 and the Sharpe ratio of the decile-based

portfolio returns for the different RGPs. Column one shows that the in-sample R2 of the OLS models is always

larger than zero, even if there is no predictability at all, as is the case for the pure noise RGP. Just by chance,

some relationships between predictors and returns occur in-sample and fitting these relationships improves the

132



RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel A: Linear

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel B: Cubic

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel C: Piecewise linear

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel D: Interactions

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel E: Sectors

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel F: Learning

RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit RefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefitRefit

0.0

0.2

0.4

1970 1980 1990 2000 2010
Year

P
F

R
−

10
M

1

OLS

Oracle

Panel G: Pure noise

Figure 4.3: Different RGPs - OLS portfolio returns
This figure plots returns of an OLS-prediction based portfolio. For each return generating process (RGP), 30 worlds of

monthly, predictable returns for 1,000 stocks from 1940-2019 are simulated. In each world, an OLS model is fit using

data from 1940-1959 to make predictions from 1960-1979, then refit using data from 1940-1979 to make predictions from

1980-1999, and refit using data from 1940-1999 to make predictions from 2000-2019. The predictions are used to form

a portfolio that is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The figure plots the

annualized returns of this portfolio, averaged over the 30 worlds for each RGP (with standard deviation bounds). As a

benchmark, the figure also plots the returns of a long-short portfolio formed on the basis of predictions using the true

coefficients (Oracle).
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Table 4.2: Different RGPs
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 30 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors).
For the learned RGP, relationships are linear but the predictability jumps from one predictor to the
next going from in-sample to out-of-sample. For the pure noise RGP, there is no predictability (the
true R2 is 0). The Oracle predictions are based on the true relationships with these predictors. The
OLS predictions are based on regressions which the predictors enter linearly (alongside 100 regressors
without predictability). The models are fit three times. The first models are fit with data from 1940-
1959 and are used for predictions from 1960-1979. The second (third) models are fit with data from
1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The predictions are
used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in the 10% of stocks
with the highest (lowest) predicted returns. The table reports information on the Sharpe ratio of the
out-of-sample returns realized by this portfolio. The in-sample R2 is calculated from 1940-1999. R2

values are in percent.

R2 IS R2 OOS PFR-10M1 Sharpe ratio OOS

Median Min Median Max Min Median Max N

Linear
Oracle 0.20 0.18 0.20 0.22 1.01 1.11 1.17 30
OLS 0.22 0.14 0.17 0.19 0.91 1.03 1.12 30

Cubic
Oracle 0.20 0.18 0.20 0.23 1.08 1.15 1.25 30
OLS 0.14 0.08 0.09 0.10 0.73 0.79 0.92 30

Piecewise linear
Oracle 0.20 0.19 0.20 0.22 1.06 1.17 1.28 30
OLS 0.05 -0.01 0.00 0.01 0.23 0.30 0.39 30

Interactions
Oracle 0.20 0.18 0.20 0.22 1.09 1.17 1.30 30
OLS 0.10 0.05 0.06 0.08 0.60 0.67 0.77 30

Sectors
Oracle 0.20 0.18 0.20 0.22 0.99 1.09 1.17 30
OLS 0.04 -0.02 -0.01 0.00 0.14 0.23 0.30 30

Learning
Oracle 0.20 0.17 0.20 0.22 1.00 1.10 1.17 30
OLS 0.08 -0.18 -0.15 -0.13 -0.09 0.00 0.09 30

Pure noise
Oracle 0.00 0.00 0.00 0.00 0.00 0.00 0.00 30
OLS 0.02 -0.04 -0.03 -0.02 -0.05 0.01 0.12 30

in-sample fit beyond the in-sample mean. Columns two through four show the consequence of this overfit in

terms of out-of-sample R2, which is substantially lower than the in-sample R2 and the Oracle R2 for all RGPs.

For the sector-based RGP, the median out-of-sample R2 even turns negative. Comparing the results for the

learnedRGP and the pure noise RGP shows that the median in-sample R2 is substantially higher (0.08% vs.

0.02%) for the learned RGP while the median out-of-sample R2 is substantially lower (-0.15% vs. -0.03%). The

reason is that, on top of the random noise, the learned RGP contains in-sample signals which OLS strongly

adjusts to and which then disappear out of sample. Therefore, OLS makes strong predictions that do not match

actuals out-of-sample. In the pure noise RGP, there are no in-sample signals. Thus, OLS merely picks up

random noise which only leads to relatively weak predictions that do not match actuals out-of-sample.
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Columns five through seven present the (out-of-sample) Sharpe ratio of the decile-based portfolio returns

for the different RGPs. The results show that the wedge between OLS-Sharpe ratios and Oracle-Sharpe ratios

is generally smaller than the wedge between OLS-R2 and Oracle-R2. E.g., for the interactional RGP, the OLS-

Sharpe ratio is 57%
(
= 0.67

1.17

)
of the Oracle-Sharpe ratio, while the OLS-R2 is 30%

(
= 0.06

0.20

)
of the Oracle-R2.

Moreover, the results show that, in contrast to R2, the median Sharpe ratio is never negative. The lowest

it reaches is zero, as for the learned RGP and for the pure noise RGP. The results also show that average

Sharpe ratios can be positive despite R2 being negative. This is, e.g., the case for the sector-based RGP where

the median Sharpe ratio is 0.23 (ranging between 0.14 and 0.3) while the median out-of-sample R2 is -0.01%

(ranging between -0.02% and 0.00%). That means one could make money with the predictions of a model for

which R2 tells us that it performs worse than a simple prediction of zero for each stock. The reason is that

overfit produces random predictions and forming portfolios according to random predictions only leads to zero

average portfolio returns. And if a model’s predictions are not purely driven by random noise but contain some

predictive signals, portfolio returns are positive, on average (albeit possibly close to zero).

Decile-based portfolios vs. prediction-weighted portfolios In Table 4.3, we compare the

results for the decile-based portfolio and the prediction-weighted portfolio in terms of return mean, standard

deviation, and Sharpe ratio.63 The key takeaway is that both types of portfolio give us similar results in the

cases that we simulate. The Sharpe ratios of both are not negative on average, they are of similar magnitude,

and they are strongly correlated with each other (i.e., for RGPs where the decile-based portfolio has a higher

Sharpe ratio, the prediction-weighted portfolio also has a higher Sharpe ratio).

To the extent that the portfolios perform differently, the prediction-weighted portfolio generally performs

better. The results show that this is also the case for the Oracle models which means that the performance

differential is inherent in the mechanics of the portfolio construction. E.g., for the linear RGP, the median

Oracle-based Sharpe ratio is 1.11 for the decile-based portfolio vs. 1.42 for the prediction-weighted portfolio.

The mechanical reasons for the higher performance of the prediction-weighted portfolio vs. the decile-based

portfolio are a) that the noise is diversified among more stocks, b) that the included stocks are not simply

equal-weighted but weighted according to the predictive signals, and c) that there are more predictive signals

included as all data points are considered not just the top and bottom 10% of predictions. In line with c),

the results show that the performance drag of the decile-based portfolio decreases, the more concentrated the

predictability is in the extremes of the predictors. E.g., for the piecewise linear RGP (where predictability is

concentrated in the most extreme 1% of predictor values), the median decile-based Sharpe ratio rises to 1.17 for

63Note that, for mechanical reasons, returns (and thus mean and standard deviation) are on different scales
for the two portfolios. For the decile-based portfolio, the scale follows from Equation 4.6 and remains the
same for all models and RGPs. For the prediction-weighted portfolio, the scale of returns depends on the
magnitude of the predictions, which, in turn, depends on the strength of the model fit (for which in-sample R2

is an indicator). E.g., the median standard deviation of prediction-weighted returns is 0.32 bps for the linear
RGP (median in-sample R2 of 0.22%) vs. 0.15 bps for the sector-based RGP (median in-sample R2 of 0.04%).
Scale differences alone do not contain any economic information about returns. Yet, scale differences impede
the comparison of different models. To ensure comparability, mean and standard deviation have to be viewed
together, e.g., in the form of Sharpe ratios.
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the Oracle model. By contrast, the Sharpe ratio of the prediction-weighted portfolio is approximately the same

(1.40) for all RGPs due to the direct relationship with R2 from Equation 4.9 and all RGPs being calibrated

with an R2 of 0.2%.

While the prediction-weighted portfolio generally performs better than the decile-based portfolio, both

portfolios are affected to a similar extent by a misspecified functional form and overfit. This can be seen from the

performance drag of the OLS models vs. the Oracle models, which are approximately the same for both portfolios.

E.g., for the cubic RGP, the median OLS-based Sharpe ratios of both portfolios are 69%
(
= 0.79

1.15 = 0.98
1.43

)
of

the Oracle-based values. Additionally, despite the decile-based portfolio using fewer information, the impact

of random variation is only a little larger than for the prediction-weighted portfolio. E.g., the minimum and

maximum for the interactional RGP are 90%
(
= 0.60

0.67 = 0.74
0.82

)
and 115%

(
= 0.77

0.67 = 0.94
0.82

)
of the median Sharpe

ratio for both the decile-based portfolio and the prediction-weighted portfolio.
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Table 4.3: Different portfolio returns
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (RGP), 30 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random noise
and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For the linear
RGP, relationships are linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP, relationships are
linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional RGP, relationships are with interactions of the
predictors. For the sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors). For the learned
RGP, relationships are linear but the predictability jumps from one predictor to the next going from in-sample to out-of-sample. For the pure noise RGP,
there is no predictability (the true R2 is 0). The Oracle predictions are based on the true relationships with these predictors. The OLS predictions are
based on regressions which the predictors enter linearly (alongside 100 regressors without predictability). The models are fit three times. The first models
are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit with data from 1940-1979 (1940-1999)
and are used for predictions from 1980-1999 (2000-2019). The predictions are used to form two portfolios. The first portfolio is long (short) in the 10%
of stocks with the highest (lowest) predicted returns. The second portfolio consists of all stocks, weighted by their return prediction. The table reports
information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns realized by these portfolios. Portfolio returns are in basis
points.

PFR-10M1 OOS PFR-pred-weighted OOS

Median
Mean

Median
SD

Min
Sharpe

Median
Sharpe

Max
Sharpe

Median
Mean

Median
SD

Min
Sharpe

Median
Sharpe

Max
Sharpe

N

Linear
Oracle 225.12 204.67 1.01 1.11 1.17 0.42 0.30 1.28 1.42 1.49 30
OLS 210.41 204.42 0.91 1.03 1.12 0.41 0.32 1.19 1.32 1.42 30

Cubic
Oracle 232.77 203.42 1.08 1.15 1.25 0.42 0.29 1.34 1.43 1.57 30
OLS 160.76 203.91 0.73 0.79 0.92 0.25 0.26 0.92 0.98 1.06 30

Piecewise linear
Oracle 234.37 204.03 1.06 1.17 1.28 0.42 0.30 1.33 1.43 1.55 30
OLS 62.47 204.47 0.23 0.30 0.39 0.06 0.16 0.31 0.37 0.45 30

Interactions
Oracle 239.34 205.10 1.09 1.17 1.30 0.42 0.30 1.29 1.38 1.51 30
OLS 137.69 202.97 0.60 0.67 0.77 0.19 0.23 0.74 0.82 0.94 30

Sectors
Oracle 223.48 206.16 0.99 1.09 1.17 0.42 0.30 1.30 1.39 1.49 30
OLS 45.98 205.32 0.14 0.23 0.30 0.04 0.15 0.19 0.29 0.34 30

Learning
Oracle 227.19 205.82 1.00 1.10 1.17 0.41 0.30 1.27 1.40 1.50 30
OLS -0.26 203.82 -0.09 0.00 0.09 0.00 0.26 -0.11 -0.01 0.09 30

Pure noise
Oracle 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 30
OLS 2.20 204.57 -0.05 0.01 0.12 0.00 0.12 -0.08 0.01 0.09 30
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Out-of-sample returns vs. full-sample returns So far, we analyzed results for out-of-sample

portfolio returns. Models are trained in an in-sample window and are used to form portfolios in an out-of-

sample window. Sometimes, asset pricing tests study full-sample portfolio returns. Models are trained with the

complete data set and are used to form portfolios in the same data set (without distinguishing between in-sample

and out-of-sample). Regardless of the statistical properties, an obvious drawback of full-sample portfolios is

that they are not investable as the portfolios are formed based on information that is not available at the time

of portfolio formation.

In Table 4.4, we compare the results for the full-sample returns with those of the out-of-sample returns

that we have studied so far. The results show that full-sample returns are significantly affected by overfit,

similar to the in-sample R2. For the linear RGP, the median full-sample Sharpe ratios are 1.14 and 1.46 for the

OLS-decile-based portfolio and the OLS-prediction-weighted portfolio, respectively, and thus larger than the

corresponding Sharpe ratios for the Oracle portfolios (1.10 and 1.42). For the pure noise RGP, which does not

contain any predictability, the median full-sample Sharpe ratios of the OLS-based portfolios are 0.27 and 0.35

instead of zero.

The results also highlight the difference in economic interpretations between full-sample returns and out-

of-sample returns. For the learned RGP, where the signal-containing predictors change from in-sample to

out-of-sample, the median full-sample Sharpe ratios are 0.77 and 0.60, while the corresponding out-of-sample

values are 0.00 and -0.01. While the full-sample results (correctly) indicate that there was predictability in

the data, they do not indicate whether investors could have profited from this predictability. By contrast, the

out-of-sample results (correctly) indicate that there was no predictability in the data that investors could have

profited from, but they do not indicate whether there was any predictability in the data that investors could

not have profited from.

In theory, full-sample tests have the advantage over out-of-sample tests in that the full-sample tests use a

maximum number of observations for training and a maximum number of observations for testing. For example,

full-sample tests might offer an improved average performance due to better model fits, and full-sample tests

might be more efficient due to greater statistical power. In practice, our results indicate that these two effects

are small. First, the results show that the efficiency gain from full-sample tests is small. E.g., the spread

between the minimum and maximum of the prediction-weighted portfolio’s Sharpe ratio for the cubic RGP is

0.14 (= 1.23− 1.09) full-sample and also 0.14 (= 1.06− 0.92) out-of-sample.

Second, the results indicate that the gain in average performance that is due to better model fits is small,

too, and is outweighed by the costs of overfit. In principle, an average performance differential between full-

sample Sharpe ratios and out-of-sample Sharpe ratios can have two components: a better model fit (towards

signals) and overfit. Results in Table 4.4 alone do not allow us to distinguish between the two components. To

distinguish between the two components, we would need an out-of-sample test for the 1940-2019 full-sample

models. Although this would not be possible in our original simulation window (which only goes from 1940-

2019), the advantage of a simulation is that we can always simulate additional data.
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Table 4.4: Full sample portfolio returns
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (RGP), 30 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random noise
and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For the linear
RGP, relationships are linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP, relationships
are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional RGP, relationships are with interactions
of the predictors. For the sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors). For
the learned RGP, relationships are linear, but the predictability jumps from one predictor to the next, going from in-sample to out-of-sample. For the
pure noise RGP, there is no predictability (the true R2 is 0). The Oracle predictions are based on the true relationships with these predictors. The OLS
predictions are based on regressions, in which the predictors enter linearly (alongside 100 regressors without predictability). The predictions are used to
form two portfolios. The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The second portfolio consists of all
stocks, weighted by their return prediction. The table reports information on the Sharpe ratio of the returns realized by these portfolios. Out-of-sample
models are trained with a growing in-sample window and tested on portfolios formed in a separate out-of-sample window. Full sample, models are trained
in the full sample and also tested on portfolios formed in the full sample.

Out of sample Sharpe ratio Full sample Sharpe ratio

PFR-10M1 PFR-prediction-weighted PFR-10M1 PFR-prediction-weighted

Min Median Max Min Median Max Min Median Max Min Median Max N

Linear
Oracle 1.01 1.11 1.17 1.28 1.42 1.49 1.04 1.10 1.21 1.33 1.42 1.52 30
OLS 0.91 1.03 1.12 1.19 1.32 1.42 1.06 1.14 1.22 1.39 1.46 1.58 30

Cubic
Oracle 1.08 1.15 1.25 1.34 1.43 1.57 1.08 1.14 1.19 1.34 1.41 1.51 30
OLS 0.73 0.79 0.92 0.92 0.98 1.06 0.86 0.92 0.96 1.09 1.15 1.23 30

Piecewise linear
Oracle 1.06 1.17 1.28 1.33 1.43 1.55 1.09 1.17 1.26 1.32 1.43 1.53 30
OLS 0.23 0.30 0.39 0.31 0.37 0.45 0.45 0.51 0.61 0.57 0.65 0.73 30

Interactions
Oracle 1.09 1.17 1.30 1.29 1.38 1.51 1.09 1.18 1.26 1.32 1.41 1.50 30
OLS 0.60 0.67 0.77 0.74 0.82 0.94 0.75 0.83 0.89 0.91 1.00 1.11 30

Sectors
Oracle 0.99 1.09 1.17 1.30 1.39 1.49 1.02 1.09 1.18 1.30 1.40 1.49 30
OLS 0.14 0.23 0.30 0.19 0.29 0.34 0.36 0.44 0.51 0.51 0.57 0.61 30

Learning
Oracle 1.00 1.10 1.17 1.27 1.40 1.50 0.98 1.10 1.18 1.32 1.41 1.50 30
OLS -0.09 0.00 0.09 -0.11 -0.01 0.09 0.53 0.60 0.66 0.71 0.77 0.83 30

Pure noise
Oracle 0.00 0.00 0.00 0.00 0.00 0.00 -0.05 0.01 0.05 0.00 0.00 0.00 30
OLS -0.05 0.01 0.12 -0.08 0.01 0.09 0.23 0.27 0.35 0.32 0.35 0.40 30
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Thus, in Table 4.14 in the Appendix, we report the 2020-2099 out-of-sample performance for models that

are fit with data from 1940-2019. With the help of this table, we can decompose the average performance

differential between full-sample Sharpe ratios and out-of-sample Sharpe ratios in Table 4.4 into better model

fit and overfit. E.g., for the decile-based portfolio and the piecewise linear RGP, Table 4.4 shows that the

median out-of-sample Sharpe ratio in the original window is 0.30. The median full-sample Sharpe ratio for the

1940-2019 model is much larger at 0.51. Yet, Table 4.14 shows that the Sharpe ratio for the 1940-2019 model

is only 0.36 out-of-sample (from 2020-2099). Thus, the total Sharpe ratio difference of 0.21 (= 0.51 − 0.30)

between the full-sample strategy and the out-of-sample strategy in the 1940-2019 sample only has a small part

that is due to better model fit (0.06 = 0.36− 0.30 or 29% = 0.06
0.21 of the total difference). The largest part is due

to overfit (0.15 = 0.51− 0.36 or 71% = 0.15
0.21 of the total difference).

4.4.3 How Can We Make the Most of the Data?

In this subsection, we analyze how the use of different learning methods and different sample splits affects what

we can learn about returns in a given simulated world. For the learning methods, we compare OLS, Ridge, and

LASSO regressions. For the different sample splits, we compare growing windows, rolling windows, and fixed

splits.

Different learning methods Figure 4.4 presents coefficient estimates of OLS, Ridge, and LASSO

regressions (columns) for the three different fits (rows; 1940-1959, 1940-1979, and 1940-1999) for the linear

RGP. For readability, each panel only shows 12 out of the total 124 coefficients (3 positive, 3 negative, and 6

for noise coefficients). The results for OLS in column one are the same as those presented in Figure 4.1 and are

shown here again as a benchmark. The results for Ridge and LASSO in columns two and three illustrate the

bias towards zero that these two methods impose. While the average OLS estimates in column one coincide with

the true coefficient for the 3 positive and the 3 negative predictors, the average Ridge and LASSO estimates

are between the true coefficient and zero. Going through the rows from top to bottom shows that this bias

decreases (i.e., estimates move towards the true coefficient), the larger the sample grows. The bias towards zero

is the cost that Ridge and LASSO pay to achieve a lower variance compared to OLS. For the signal coefficients

(the leftmost six), the plot shows that Ridge has the smallest variance, followed by LASSO, followed by OLS

(as indicated by smaller boxes and shorter whiskers). Yet, the plot also shows that the differences are small,

especially for the 1940-1999 fit in the last row. For the noise coefficients (the rightmost six), the plot underlines

the feature selection capacity of LASSO. LASSO is able to set the noise coefficients to exactly zero in most of

the worlds. E.g., the first noise coefficient (for predictor number 25) in Panel I is exactly zero in 24 out of 30

worlds (there are 6 dots which represent individual outliers that are not zero). By contrast, the variance of the

noise coefficient estimates for Ridge is relatively similar to that of OLS.
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Figure 4.4: Different learning methods - coefficients
This figure plots summary statistics for OLS, Ridge, and LASSO coefficient estimates vs. true coefficients

(Oracle). 30 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated with returns depending

linearly on a set of 24 predictors. The returns are regressed on a set of 124 predictors, of which 24 are the

true predictors (1-3 and 13-15 as examples in the plot) and of which 100 are unrelated to the returns (25-30

as examples in the plot). In each world, each regression model (OLS, Ridge, LASSO) is fit three times with

a growing window. For each coefficient in each fit of each model, a Tukey box plot of the corresponding OLS

estimate is created as a summary of the estimates from the 30 simulated worlds.

Table 4.5 shows the performance differences between OLS, Ridge, and LASSO models.64 Again, the Oracle

and OLS results were already discussed above and are presented as benchmarks. Comparing Ridge with OLS,

64For graphical representations of the Ridge- and LASSO-based portfolio returns, see Figure 4.7 and Fig-
ure 4.8 in the Appendix.
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Table 4.5: Different learning methods
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 30 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors). For
the learned RGP, relationships are linear but the predictability jumps from one predictor to the next
going from in-sample to out-of-sample. For the pure noise RGP, there is no predictability (the true
R2 is 0). The Oracle predictions are based on the true relationships with these predictors. The OLS,
Ridge, and LASSO predictions are based on regressions which the predictors enter linearly (alongside
100 regressors without predictability). The models are fit three times. The first models are fit with
data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit
with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The
predictions are used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in
the 10% of stocks with the highest (lowest) predicted returns. The table reports information on the
Sharpe ratio of the out-of-sample returns realized by this portfolio. The in-sample R2 is calculated
from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-10M1 Sharpe ratio OOS

Median Min Median Max Min Median Max N

Linear
Oracle 0.20 0.18 0.20 0.22 1.01 1.11 1.17 30
OLS 0.22 0.14 0.17 0.19 0.91 1.03 1.12 30
Ridge 0.21 0.15 0.17 0.19 0.90 1.03 1.12 30
LASSO 0.21 0.16 0.18 0.20 0.96 1.07 1.17 30

Cubic
Oracle 0.20 0.18 0.20 0.23 1.08 1.15 1.25 30
OLS 0.14 0.08 0.09 0.10 0.73 0.79 0.92 30
Ridge 0.14 0.09 0.10 0.11 0.73 0.79 0.92 30
LASSO 0.13 0.09 0.11 0.11 0.76 0.83 0.89 30

Piecewise linear
Oracle 0.20 0.19 0.20 0.22 1.06 1.17 1.28 30
OLS 0.05 -0.01 0.00 0.01 0.23 0.30 0.39 30
Ridge 0.04 0.01 0.01 0.02 0.23 0.30 0.39 30
LASSO 0.04 0.01 0.01 0.02 0.25 0.32 0.40 30

Interactions
Oracle 0.20 0.18 0.20 0.22 1.09 1.17 1.30 30
OLS 0.10 0.05 0.06 0.08 0.60 0.67 0.77 30
Ridge 0.10 0.06 0.07 0.09 0.61 0.67 0.77 30
LASSO 0.09 0.07 0.08 0.10 0.64 0.74 0.81 30

Sectors
Oracle 0.20 0.18 0.20 0.22 0.99 1.09 1.17 30
OLS 0.04 -0.02 -0.01 0.00 0.14 0.23 0.30 30
Ridge 0.03 0.00 0.01 0.01 0.14 0.23 0.31 30
LASSO 0.03 0.00 0.01 0.01 0.13 0.21 0.29 30

Learning
Oracle 0.20 0.17 0.20 0.22 1.00 1.10 1.17 30
OLS 0.08 -0.18 -0.15 -0.13 -0.09 0.00 0.09 30
Ridge 0.07 -0.10 -0.09 -0.07 -0.08 0.00 0.09 30
LASSO 0.07 -0.12 -0.10 -0.08 -0.09 0.00 0.07 30

Pure noise
Oracle 0.00 0.00 0.00 0.00 0.00 0.00 0.00 30
OLS 0.02 -0.04 -0.03 -0.02 -0.05 0.01 0.12 30
Ridge 0.00 0.00 0.00 0.00 -0.06 0.00 0.13 30
LASSO 0.00 0.00 0.00 0.00 -0.10 0.00 0.12 30

the table shows that there is little difference between the two performance-wise. To the extent that there are

differences, Ridge has a 0.01 percentage point lower in-sample R2 and a 0.01 percentage point higher out-

of-sample R2. In terms of portfolio returns, there is essentially no difference. For LASSO, the performance

increases are slightly larger, likely due to the improved capacity of LASSO to deal with the 100 noise-only
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Table 4.6: Different sample splits - Oracle
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise.
For the interactional RGP, relationships are with interactions of the predictors. For the sector-based
RGP, relationships are linear with sector-averages of the predictors (stocks are grouped into 100
sectors). The Oracle predictions are based on the true relationships with these predictors. With a
growing window, models are fit, used for twenty years of out-of-sample predictions, refit with twenty
additional years of data, used for twenty years of predictions, etc., resulting in the in-sample windows:
1940-1959, 1940-1979, 1940-1999. With a rolling window, refits only use the most recent twenty years
of data for each refit, resulting in the in-sample windows: 1940-1959, 1960-1979, 1980-1999. With
the fixed splits, models are fit only once per world (before the split is in-sample; after the split is out
of sample). The predictions are used to calculate the out-of-sample R2 and to form a portfolio that
is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The table reports
information on the Sharpe ratio of the out-of-sample returns realized by this portfolio. R2 values are
in percent.

R2 OOS PFR-10M1 Sharpe ratio OOS

Min Median Max Min Median Max N

Linear
Growing window 0.18 0.20 0.22 1.04 1.10 1.17 10
Rolling window 0.18 0.21 0.22 1.06 1.12 1.19 10
Fixed split 1960 0.19 0.21 0.23 1.07 1.13 1.28 10
Fixed split 1980 0.18 0.20 0.22 1.07 1.10 1.14 10
Fixed split 2000 0.19 0.20 0.22 1.03 1.17 1.28 10

Cubic
Growing window 0.19 0.20 0.22 1.08 1.14 1.21 10
Rolling window 0.18 0.20 0.21 1.10 1.14 1.21 10
Fixed split 1960 0.18 0.20 0.22 1.06 1.14 1.20 10
Fixed split 1980 0.18 0.21 0.22 1.11 1.14 1.25 10
Fixed split 2000 0.18 0.21 0.25 0.99 1.15 1.28 10

Piecewise linear
Growing window 0.19 0.21 0.22 1.09 1.16 1.28 10
Rolling window 0.18 0.20 0.22 1.10 1.17 1.27 10
Fixed split 1960 0.18 0.20 0.21 1.07 1.16 1.30 10
Fixed split 1980 0.18 0.21 0.22 1.08 1.19 1.31 10
Fixed split 2000 0.18 0.19 0.24 1.00 1.13 1.34 10

Interactions
Growing window 0.18 0.19 0.21 1.09 1.15 1.20 10
Rolling window 0.19 0.20 0.21 1.05 1.19 1.23 10
Fixed split 1960 0.18 0.21 0.22 1.11 1.18 1.26 10
Fixed split 1980 0.19 0.20 0.22 1.08 1.16 1.24 10
Fixed split 2000 0.16 0.20 0.23 1.09 1.20 1.31 10

Sectors
Growing window 0.18 0.20 0.22 0.99 1.09 1.17 10
Rolling window 0.19 0.20 0.22 1.02 1.07 1.15 10
Fixed split 1960 0.18 0.19 0.20 0.98 1.08 1.15 10
Fixed split 1980 0.18 0.20 0.21 1.01 1.09 1.18 10
Fixed split 2000 0.17 0.20 0.23 0.97 1.13 1.22 10

predictors. The differences between LASSO and OLS are about 0.02 percentage points in terms of R2 and

up to 0.07 in terms of Sharpe ratio. Yet, overall, the advantage that Ridge and LASSO have over OLS is

comparatively small, especially in terms of portfolio returns.
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Different sample splits Table 4.6 presents results for the different sample splits using the Oracle

model.65 As the Oracle model is given (not estimated) and thus the same for each sample split, the aver-

age performance is independent of the sample split. The only aspect that is influenced by the sample split is the

spread in results. The shorter the out-of-sample period, the more variation is possible for the estimated R2 and

Sharpe ratios. Growing window, rolling window, and fixed split 1960 all have the same out-of-sample window

from 1960-2019, i.e., with 60 years of data. Fixed split 1980 has an out-of-sample window from 1980-2019, i.e.,

with 40 years of data, and fixed split 2000 has an out-of-sample window from 2000-2019, i.e., with 20 years

of data. As the results show, the dispersion in R2 and Sharpe ratios increases as the out-of-sample window

shrinks. E.g., for the cubic RGP, Sharpe ratios are between 1.08 and 1.21 using the growing window sample

split and between 0.99 and 1.28 using the fixed split 2000.

Table 4.7 presents results for different sample splits using OLS models.66 Relative to the growing window

approach (which we use in our baseline specifications), the rolling window approach is associated with R2

decreases by 0.02 percentage points and Sharpe ratio decreases by 0.03 to 0.07. The reason is that the second

and third model fits of the rolling window approach only use 20 years of data vs. the 40 and 60 years of data

that the growing window approach uses. This leads to stronger overfit and a worse average performance. While

the average performance deteriorates, the variation in results (as measured by the spread between minimum

and maximum of the performance measures in the different worlds) remains approximately unchanged. The

reason is that both approaches use 60 years of out-of-sample observations.

The fixed split 1960 is similar to the rolling window approach as models are fit with 20 years of in-sample

data and are tested with 60 years of out-of-sample data. In line with this similarity, the results are essentially

the same. In principle, results might be expected to be more extreme for the fixed split 1960 than for the

rolling window approach as the former fits its models in a given world only once while the latter fits its models

three times with independent data (meaning that results depend on the average of three fits and not just a

single fit). The fixed split 1980 fits its models with 40 years of in-sample data and tests them with 40 years

of out-of-sample data. Compared with the growing window approach, which fits models in a given world with

a 20-year model, a 40-year model, and a 60-year model, R2 and Sharpe ratios are generally slightly higher for

the fixed split 1980. E.g., for the linear RGP, the median R2 and Sharpe ratio are 0.17% and 1.02 for the

growing window approach vs. 0.18% and 1.06 for the fixed split 1980. This indicates that the negative impact

of fitting a model with 20 years less data (20 years vs. 40 years) is larger than the positive impact of fitting a

model with 20 years more data (60 years vs. 40 years). Still, a drawback of the fixed split 1980 is that it uses

a smaller out-of-sample window which leads to a larger impact of random variation and thus a larger spread in

65For computational reasons, we only simulate 10 worlds for each specification that is not the baseline (for
the baseline specifications, discussed until now, we simulated 30 worlds each). When baseline specifications are
presented alongside non-baseline specifications (e.g., the growing window results alongside the rolling window
results), we randomly sample 10 from the 30 worlds for the baseline specifications to maintain comparability
(e.g., in terms of minimum and maximum, which are expected to become more extreme the more worlds are
simulated).

66Ridge and LASSO results are presented in Table 4.15 and Table 4.16 in the Appendix and are affected
similarly by the different sample splits.
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Table 4.7: Different sample splits - OLS
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors).
The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors
without predictability). With a growing window, models are fit, used for twenty years of out-of-
sample predictions, refit with twenty additional years of data, used for twenty years of predictions,
etc., resulting in the in-sample windows: 1940-1959, 1940-1979, 1940-1999. With a rolling window,
refits only use the most recent twenty years of data for each refit, resulting in the in-sample windows:
1940-1959, 1960-1979, 1980-1999. With the fixed splits, models are fit only once per world (before
the split is in-sample; after the split is out of sample). The predictions are used to calculate the
out-of-sample R2 and to form a portfolio that is long (short) in the 10% of stocks with the highest
(lowest) predicted returns. The table reports information on the Sharpe ratio of the out-of-sample
returns realized by this portfolio. R2 values are in percent.

R2 OOS PFR-10M1 Sharpe ratio OOS

Min Median Max Min Median Max N

Linear
Growing window 0.16 0.17 0.18 0.96 1.02 1.09 10
Rolling window 0.13 0.15 0.17 0.92 0.99 1.07 10
Fixed split 1960 0.14 0.16 0.18 0.94 1.02 1.08 10
Fixed split 1980 0.14 0.18 0.20 0.98 1.06 1.10 10
Fixed split 2000 0.14 0.18 0.21 0.93 1.06 1.23 10

Cubic
Growing window 0.09 0.09 0.10 0.74 0.79 0.92 10
Rolling window 0.05 0.07 0.08 0.66 0.72 0.78 10
Fixed split 1960 0.05 0.07 0.08 0.69 0.73 0.81 10
Fixed split 1980 0.08 0.10 0.11 0.72 0.77 0.82 10
Fixed split 2000 0.08 0.11 0.14 0.67 0.82 0.95 10

Piecewise linear
Growing window -0.01 0.00 0.01 0.23 0.31 0.36 10
Rolling window -0.04 -0.02 -0.02 0.17 0.27 0.32 10
Fixed split 1960 -0.05 -0.03 0.00 0.13 0.25 0.35 10
Fixed split 1980 0.00 0.00 0.01 0.18 0.32 0.39 10
Fixed split 2000 0.00 0.01 0.03 0.26 0.34 0.49 10

Interactions
Growing window 0.05 0.06 0.08 0.60 0.69 0.77 10
Rolling window 0.03 0.05 0.06 0.53 0.62 0.71 10
Fixed split 1960 0.03 0.05 0.06 0.50 0.63 0.74 10
Fixed split 1980 0.05 0.07 0.09 0.61 0.69 0.79 10
Fixed split 2000 0.04 0.09 0.10 0.57 0.73 0.81 10

Sectors
Growing window -0.02 -0.01 -0.01 0.14 0.23 0.29 10
Rolling window -0.04 -0.03 -0.02 0.11 0.19 0.28 10
Fixed split 1960 -0.05 -0.04 -0.02 0.11 0.15 0.27 10
Fixed split 1980 -0.02 -0.01 0.01 0.13 0.21 0.30 10
Fixed split 2000 -0.01 0.00 0.01 0.17 0.22 0.28 10

possible results. E.g., for the piecewise linear RGP, Sharpe ratios are between 0.23 and 0.36 for the growing

window approach and between 0.18 and 0.39 for the fixed split 1980. In line with these considerations regarding

performance averages and variation, the fixed split 2000 shows the best average performance (model training

with 60 years of data) but also the largest variation in results (only 20 years of out-of-sample testing). E.g.,

for the cubic RGP, the median R2 and Sharpe ratio are 0.09% and 0.79 for the growing window approach vs.

0.11% and 0.82 for the fixed split 2000. The variations are between 0.09% and 0.10% and 0.72 and 0.92 for the

growing window approach vs. 0.08% and 0.14% and 0.67 and 0.95 for the fixed split 2000.
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4.5 Sensitivity Analyses

In this section, we perform sensitivity analyses with respect to differently sized stock universes, different true

signal-to-noise ratios, and different concentrations of signals among the predictors. Although variations in

these three dimensions have a significant impact on individual aspects of the results (which we discuss in detail

below), they do not change the key result that Sharpe ratios of portfolio returns are a more informative measure

regarding return predictability than R2. Instead, variations in the three dimensions underline the robustness of

Sharpe ratios and highlight the vulnerability of R2.

4.5.1 Stock Universe

Generally, a larger stock universe should always improve the ability to learn about the RGP. The more obser-

vations a model is trained on, the closer its coefficient estimates are expected to be to the true coefficients. The

more observations a model is tested with, the closer its estimated predictive performance is expected to be to its

true predictive performance. Nonetheless, in the real world, empirical asset pricing studies may choose not to

include all possible stocks in their data sets due to a variety of reasons, e.g., data quality concerns, transaction

costs, or a research question that focuses on a specific subset of stocks such as the stocks of a specific country.

As a benchmark, Table 4.8 presents results for our analyses using the Oracle model with 500, 1,000 (baseline),

and 1,500 stocks, respectively. On the one hand, the results show that (using the true coefficients), median

R2 and portfolio return means are independent of the number of stocks. On the other hand, the results show

that the standard deviation of portfolio returns decreases with the square root of the number of stocks (in line

with Equation 4.6 for the decile-based portfolio returns). For the decile-based (prediction-weighted) portfolio

returns, the standard deviation decreases from 290 bps to 167 bps (from 0.42 bps to 0.24 bps) when tripling

the number of stocks from 500 to 1,500, corresponding to a shrinkage by a factor of
√
3 for both portfolios.

The Sharpe ratio consequently grows with the square root of the number of stocks, i.e., also by a factor of
√
3

from 0.80 to 1.39 (from 1.00 to 1.73) when tripling the number of stocks from 500 to 1,500. Although these

relationships are mechanical and may be obvious to some readers, keeping them in mind as a benchmark may

make it easier to judge the actual improvement in learning due to a larger stock universe that goes beyond

simple mechanics.

Table 4.9 presents results for our analyses using OLS models with 500, 1,000, and 1,500 stocks, respectively.67

First, the results show that the average R2 strongly increases and that the spread in R2 strongly decreases with

the number of stocks. E.g., for the interactional RGP, the median R2 increases from -0.01% with 500 stocks to

0.07% with 1,500 stocks. The spread between minimum and maximum decreases from values between -0.09%

and 0.04% to values between 0.04% and 0.09%.

67Analyses using Ridge and LASSO are in Table 4.17 and Table 4.18 in the Appendix and give similar results.
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Table 4.8: Different stock universes - Oracle
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (RGP), 10 worlds of monthly returns for 1,000 (500; 1,500) stocks from 1940-2019 are simulated. Returns are composed of normally distributed
random noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors.
For the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional RGP, relationships are with
interactions of the predictors. The Oracle predictions are based on the true relationships with these predictors. The models are fit three times. The first
models are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit with data from 1940-1979 (1940-
1999) and are used for predictions from 1980-1999 (2000-2019). The predictions are used to calculate the out-of-sample R2 and to form two portfolios.
The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The second portfolio consists of all stocks, weighted by
their return prediction. The table reports information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns realized by these
portfolios. NObs is the total number of observations in each world. R2 values are in percent. Portfolio returns are in basis points.

R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

NObs Min Median Max Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
500 stocks 480,000 0.16 0.18 0.24 222.04 288.52 0.78 0.41 0.41 0.99 10
1,000 stocks 960,000 0.16 0.21 0.23 226.50 202.90 1.11 0.42 0.30 1.41 10
1,500 stocks 1,440,000 0.17 0.20 0.21 225.78 169.54 1.34 0.42 0.24 1.72 10

Cubic
500 stocks 480,000 0.17 0.21 0.24 235.52 294.14 0.81 0.42 0.42 0.98 10
1,000 stocks 960,000 0.16 0.19 0.23 233.35 201.06 1.16 0.42 0.29 1.42 10
1,500 stocks 1,440,000 0.19 0.20 0.21 232.48 164.70 1.40 0.42 0.24 1.74 10

Piecewise linear
500 stocks 480,000 0.15 0.20 0.25 241.95 288.93 0.83 0.43 0.42 0.99 10
1,000 stocks 960,000 0.17 0.19 0.24 232.42 202.67 1.14 0.41 0.30 1.40 10
1,500 stocks 1,440,000 0.17 0.20 0.21 239.01 164.99 1.44 0.42 0.24 1.73 10

Interactions
500 stocks 480,000 0.17 0.21 0.24 241.78 291.18 0.82 0.42 0.42 1.01 10
1,000 stocks 960,000 0.16 0.21 0.24 241.77 206.41 1.17 0.42 0.30 1.40 10
1,500 stocks 1,440,000 0.19 0.20 0.22 241.21 164.20 1.48 0.42 0.24 1.75 10
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Table 4.9: Different stock universes - OLS
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (RGP), 10 worlds of monthly returns for 1,000 (500; 1,500) stocks from 1940-2019 are simulated. Returns are composed of normally distributed
random noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors.
For the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise linear
RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional RGP, relationships
are with interactions of the predictors. The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors without
predictability). The models are fit three times. The first models are fit with data from 1940-1959 and are used for predictions from 1960-1979. The
second (third) models are fit with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The predictions are used
to calculate the out-of-sample R2 and to form two portfolios. The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted
returns. The second portfolio consists of all stocks, weighted by their return prediction. The table reports information on the mean, standard deviation,
and Sharpe ratio of the out-of-sample returns realized by these portfolios. NObs is the total number of observations in each world. R2 values are in
percent. Portfolio returns are in basis points.

R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

NObs Min Median Max Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
500 stocks 480,000 0.04 0.09 0.18 195.30 292.33 0.69 0.40 0.46 0.85 10
1,000 stocks 960,000 0.11 0.14 0.20 208.22 206.02 1.01 0.42 0.32 1.29 10
1,500 stocks 1,440,000 0.13 0.16 0.17 210.40 167.02 1.26 0.42 0.26 1.63 10

Cubic
500 stocks 480,000 -0.01 0.03 0.07 147.72 289.53 0.51 0.26 0.40 0.63 10
1,000 stocks 960,000 0.04 0.08 0.13 160.11 205.92 0.79 0.25 0.26 1.00 10
1,500 stocks 1,440,000 0.07 0.09 0.10 162.03 166.00 0.99 0.25 0.20 1.24 10

Piecewise linear
500 stocks 480,000 -0.13 -0.07 -0.05 54.68 295.26 0.18 0.06 0.29 0.22 10
1,000 stocks 960,000 -0.04 -0.02 -0.01 62.95 203.99 0.30 0.06 0.17 0.37 10
1,500 stocks 1,440,000 -0.02 -0.01 0.00 69.73 166.98 0.41 0.06 0.12 0.48 10

Interactions
500 stocks 480,000 -0.09 -0.01 0.04 125.68 286.25 0.44 0.19 0.36 0.54 10
1,000 stocks 960,000 0.01 0.04 0.07 136.32 201.54 0.67 0.19 0.22 0.83 10
1,500 stocks 1,440,000 0.04 0.07 0.09 141.65 168.84 0.84 0.19 0.18 1.09 10

148



Second, the results show that portfolio Sharpe ratios also increase with the number of stocks but that the

increase is relatively small after accounting for the mechanical increase in Sharpe ratios that is merely due to

increased diversification. E.g., for the interactional RGP, the total increase in the decile-based Sharpe ratio

going from 500 stocks to 1,500 stocks is 91% (= 0.84
0.44 − 1). Yet, relative to the Sharpe ratio that would have

been realized from increased diversification alone (without any improvement of the model fit), the increase is

only 10% (= 0.84
0.44

√
3
− 1).

Third, the results show that a worse model fit is associated with a larger potential for performance im-

provements from additional observations. On the one hand, this can be seen within each RGP from the fact

that performance improvements are larger from 500 to 1,000 than from 1,000 to 1,500 stocks. E.g., for the

interactional RGP, the median R2 (decile-based return mean) first increases from -0.01% to 0.04% (from 125.68

bps to 136.32 bps) and then from 0.04% to 0.07% (from 136.32 bps to 141.65 bps). On the other hand, a larger

potential for improvements can be seen between the RGPs, where the return mean increases by approximately

15 bps for every RGP moving from 500 to 1,500 stocks. Thus, the relative performance improvement is much

larger for RGPs that have a low performance to begin with. E.g., for the linear RGP, a 15 bps increase in

mean returns corresponds to a growth by 8% (= 15
195.30 − 1). For the piecewise linear RGP, a 15 bps increases

corresponds to a growth by 27% (= 15
54.68 − 1).

Fourth, the results show that the composition of Sharpe ratio improvements in terms of increases in the

mean vs. decreases in the standard deviation is different for decile-based and prediction-weighted portfolios.

For the decile-based portfolio, the improved performance net of diversification benefits can easily be seen from

the increase in the mean return because diversification only affects the standard deviation, and the standard

deviation is approximately independent of the model fit (see Equation 4.7). E.g., when moving from 500 stocks to

1,500 stocks for the interactional RGP, the return mean increases (just like the Sharpe ratio net of diversification

benefits) by 10% (= 141.65
125.68 − 1) and the standard deviation shrinks with a factor of 1√

3
(≈ 168.84

286.25 ). For the

prediction-weighted portfolio returns, the results show an opposite pattern: Mean returns remain unchanged,

but the standard deviation decreases by more than the square root of the number of stocks. E.g., when moving

from 500 stocks to 1,500 stocks for the interactional RGP, the return mean stays at 0.19 bps and the return

standard deviation shrinks with a factor of 0.5 (= 0.18
0.36 < 0.58 ≈ 1√

3
).

4.5.2 Signal-to-Noise Ratio

The true signal-to-noise ratio in the real world is limited by basic arbitrage conditions. If it was too easy

to predict returns, too many market participants would trade on the predictability, thereby eliminating the

predictability. In our simulation, we thus keep the magnitude of the true R2 at a few tenths of a percentage

point. Given this magnitude, we still vary the true R2 to a sizeable extent, halving it (0.1%) or doubling it

(0.4%) relative to the baseline value of 0.2%.

As a benchmark, Table 4.10 presents the results for the Oracle model. The results show that the portfolio

Sharpe ratios grow with the square root of R2. E.g., quadrupling R2 from 0.1% to 0.4% is associated with a

doubling in Sharpe ratios from 0.80 to 1.60 for the decile-based portfolio and from 1.00 to 2.00 for the prediction-
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weighted portfolio. For the decile-based portfolio, the Sharpe ratio growth is solely based on the growth of the

mean return. The standard deviation stays constant. For the prediction-weighted portfolio, the mean return

grows proportionally to R2 and the standard deviation grows with the square root of R2 (causing the Sharpe

ratio to grow with the square root of R2).

Table 4.10: Different signal-to-noise ratios - Oracle
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.1% (0.2%; 0.4%). The predictability is based
on different forms of relationships with a set of predictors. For the linear RGP, relationships are
linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise
linear RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors and zero
otherwise. For the interactional RGP, relationships are with interactions of the predictors. For the
sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are grouped
into 100 sectors). The Oracle predictions are based on the true relationships with these predictors.
The models are fit three times. The first models are fit with data from 1940-1959 and are used for
predictions from 1960-1979. The second (third) models are fit with data from 1940-1979 (1940-1999)
and are used for predictions from 1980-1999 (2000-2019). The predictions are used to calculate the
out-of-sample R2 and to form two portfolios. The first portfolio is long (short) in the 10% of stocks
with the highest (lowest) predicted returns. The second portfolio consists of all stocks, weighted by
their return prediction. The table reports information on the mean, standard deviation, and Sharpe
ratio of the out-of-sample returns realized by these portfolios. The in-sample R2 is calculated from
1940-1999. R2 values are in percent. Portfolio returns are in basis points.

R2 IS R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

Median Median Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
0.1% target R2 0.10 0.10 158.87 201.35 0.79 0.21 0.21 1.00 10
0.2% target R2 0.20 0.20 229.74 206.14 1.12 0.42 0.30 1.42 10
0.4% target R2 0.40 0.41 323.53 207.71 1.59 0.84 0.42 2.03 10

Cubic
0.1% target R2 0.11 0.10 166.27 203.90 0.81 0.21 0.21 1.02 10
0.2% target R2 0.20 0.21 233.36 203.78 1.14 0.42 0.30 1.43 10
0.4% target R2 0.41 0.39 328.75 204.93 1.59 0.82 0.42 1.99 10

Piecewise linear
0.1% target R2 0.11 0.10 166.03 204.36 0.81 0.21 0.21 1.00 10
0.2% target R2 0.21 0.20 235.43 202.92 1.19 0.42 0.30 1.41 10
0.4% target R2 0.40 0.40 337.47 203.08 1.67 0.84 0.43 1.99 10

Interactions
0.1% target R2 0.09 0.10 168.43 203.16 0.83 0.21 0.21 0.99 10
0.2% target R2 0.21 0.20 239.99 203.88 1.16 0.42 0.30 1.38 10
0.4% target R2 0.38 0.39 335.37 203.96 1.63 0.82 0.41 1.98 10

Sectors
0.1% target R2 0.10 0.10 152.25 205.25 0.75 0.20 0.21 0.98 10
0.2% target R2 0.21 0.21 223.68 202.05 1.10 0.42 0.30 1.41 10
0.4% target R2 0.40 0.39 308.78 203.90 1.50 0.82 0.43 1.92 10

Table 4.11 presents the results for the OLS models.68 First, the results show that the OLS model’s in-sample

R2 shrinks while the out-of-sample R2 grows relative to the true R2 if the true R2 increases. E.g., for the cubic

RGP, the OLS in-sample R2 is 120%
(
= 0.12

0.10

)
of the true R2 for a true R2 of 0.1% and it is only 75%

(
= 0.30

0.40

)
of the true R2 for a true R2 of 0.4%. Conversely, the OLS out-of-sample R2 is only 20%

(
= 0.02

0.10

)
of the true

68Analyses using Ridge and LASSO are in Table 4.19 and Table 4.20 in the Appendix and give similar results.
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R2 for a true R2 of 0.1% and it is 50%
(
= 0.20

0.40

)
of the true R2 for a true R2 of 0.4%. This can be explained by

models suffering less from overfit at a higher signal-to-noise ratio in the data.

Second, the results also show an improved model performance (relative to the Oracle) in terms of Sharpe

ratios, which grow by more than the square root of the true R2. E.g., for the piecewise linear RGP, the

quadrupling in R2 from 0.1% to 0.4% is associated with a tripling (not just a doubling) in the Sharpe ratio of

the decile-based portfolio from 0.17 to 0.51.

Table 4.11: Different signal-to-noise ratios - OLS
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.1% (0.2%; 0.4%). The predictability is
based on different forms of relationships with a set of predictors. For the linear RGP, relationships
are linear. For the cubic RGP, relationships are with the third power of the predictors. For the
piecewise linear RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors
and zero otherwise. For the interactional RGP, relationships are with interactions of the predictors.
For the sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are
grouped into 100 sectors). The predictions are based on regressions which the predictors enter linearly
(alongside 100 regressors without predictability). The models are fit three times. The first models
are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third)
models are fit with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999
(2000-2019). The predictions are used to calculate the out-of-sample R2 and to form two portfolios.
The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns.
The second portfolio consists of all stocks, weighted by their return prediction. The table reports
information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns realized
by these portfolios. The in-sample R2 is calculated from 1940-1999. R2 values are in percent. Portfolio
returns are in basis points.

R2 IS R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

Median Median Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
0.1% target R2 0.16 0.06 136.27 206.63 0.68 0.21 0.24 0.86 10
0.2% target R2 0.24 0.17 212.43 203.17 1.06 0.41 0.32 1.33 10
0.4% target R2 0.44 0.38 314.55 204.68 1.54 0.84 0.44 1.96 10

Cubic
0.1% target R2 0.12 0.02 99.68 201.71 0.50 0.13 0.21 0.63 10
0.2% target R2 0.17 0.09 161.70 205.78 0.79 0.26 0.26 0.98 10
0.4% target R2 0.30 0.20 234.79 202.02 1.16 0.50 0.35 1.45 10

Piecewise linear
0.1% target R2 0.07 -0.02 36.20 202.98 0.17 0.03 0.14 0.23 10
0.2% target R2 0.08 0.00 63.38 205.03 0.31 0.06 0.16 0.37 10
0.4% target R2 0.11 0.03 105.98 204.85 0.51 0.13 0.20 0.65 10

Interactions
0.1% target R2 0.08 0.02 82.95 201.83 0.41 0.09 0.17 0.52 10
0.2% target R2 0.13 0.06 137.66 203.04 0.67 0.18 0.22 0.82 10
0.4% target R2 0.22 0.15 205.37 202.43 1.01 0.37 0.29 1.24 10

Sectors
0.1% target R2 0.06 -0.02 27.48 204.47 0.13 0.02 0.13 0.14 10
0.2% target R2 0.08 -0.01 47.10 205.25 0.23 0.04 0.15 0.30 10
0.4% target R2 0.09 0.00 69.38 206.67 0.34 0.08 0.17 0.43 10

Third, the results show that the improvement in model performance is larger, the stronger the misspecifi-

cation of the functional form is (i.e., the smaller the OLS-R2 and Sharpe ratios are). Quadrupling the R2 from

0.1% to 0.4%, the prediction-weighted Sharpe ratio increases by 127% from 0.86 to 1.96 for the linear RGP and
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thus only by a little more than the square root-benchmark of 100%. By contrast, the analogous Sharpe ratio

increase for the sector-based RGP is much larger at 207% from 0.14 to 0.43. With linear signals that are easy

to isolate, the model already fits well at a low signal strength and has little room for improvement when the

signal strength increases. With signals that are more convoluted, the signal strength becomes more critical for

the ability of a model to isolate the signals from the noise.

Fourth, the results show that the Sharpe ratio increases for the decile-based and the prediction-weighted

portfolio have a different composition in terms of mean and standard deviation changes. For the decile-based

portfolio, the Sharpe ratio growth is solely based on a growth in the mean return. The standard deviation stays

constant. For the prediction-weighted portfolio, the return means always (approximately) grow proportionally

to the true R2, e.g., quadrupling from 0.21 bps to 0.84 bps as the true R2 quadruples for the linear RGP. Thus,

any model improvement comes from the standard deviation growing by less than the square root of the true

R2. E.g., for the linear RGP, the standard deviation does not double but only grows by 83%
(
= 0.44

0.24 − 1
)
as

the true R2 quadruples.

4.5.3 Signal Concentration

While the signal-to-noise ratio determines the total sum of signals contained in all of the predictors combined,

it does not determine the concentration of signals among the predictors. The signals could be concentrated in

a few predictors or they could be shared among a large set of predictors. The investor might be able to identify

the signal-containing predictors ex-ante or the investor might have to use a larger set of predictors, some of

which contain signals and some of which contain only noise. In our baseline, the investor is faced with 124

predictors, 24 of which contain signals and 100 of which merely contain noise (the investor cannot identify the

signal-containing predictors ex-ante). In our sensitivity analyses, we vary the number of predictors with signals

between 6 and 96 and the number of predictors without signals between 0 and 200.

Figure 4.5 plots examples of coefficients estimated by OLS for the linear RGP. Moving through Panels

A, B, and C, we add noise by raising the number predictors with no signals from 0, to 100, to 200 (while

keeping the number of signal-containing predictors unchanged at 24). The increasing size of the boxes and the

increasing length of the whiskers shows that the addition of noise strongly increases the variation in coefficient

estimates. Moving through Panels D, B, and E, we disperse the signals by raising the number of predictors

with signals from 6, to 24, to 96 (while keeping the number of noise-only predictors unchanged at 100).69 The

increasing size of the boxes and the increasing length of the whiskers shows that the dispersion of signals among

more predictors also increases the variation in coefficient estimates. Panel F combines the two effects and plots

estimates for worlds with a large dispersion of signals (96 signal-containing predictors) and a lot of noise (200

noise-only predictor). In line with the isolated effects, the results show large variation in coefficient estimates.

69There is a decrease in true coefficients (red dots) when increasing the number of signal-containing predictors
(while keeping the signal-to-noise ratio unchanged) because the same sum of signals now has to be shared among
more predictors (see also, e.g., Equation 4.17).
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Figure 4.5: Different signal concentrations - OLS coefficients
This figure plots summary statistics for OLS coefficient estimates vs. true coefficients (Oracle). 10 worlds of

monthly returns for 1,000 stocks from 1940-2019 are simulated with returns depending linearly on a set of 24

(6; 196) predictors. The returns are regressed on a set of predictors, of which 24 (6; 196) are the true predictors

(the leftmost six coefficients as examples in the plot) and of which 0 (100; 200) are unrelated to the returns (the

rightmost six coefficients as examples in the plot). For each coefficient in the 1940-1959 fit, a Tukey box plot of

the corresponding OLS estimate is created as a summary of the estimates from the 30 simulated worlds.
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Figure 4.6: Different signal concentrations - LASSO coefficients
This figure plots summary statistics for LASSO coefficient estimates vs. true coefficients (Oracle). 10 worlds of

monthly returns for 1,000 stocks from 1940-2019 are simulated with returns depending linearly on a set of 24

(6; 196) predictors. The returns are regressed on a set of predictors, of which 24 (6; 196) are the true predictors

(the leftmost six coefficients as examples in the plot) and of which 0 (100; 200) are unrelated to the returns (the

rightmost six coefficients as examples in the plot). For each coefficient in the 1940-1959 fit, a Tukey box plot of

the corresponding LASSO estimate is created as a summary of the estimates from the 30 simulated worlds.
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For these sensitivity analyses, it is worthwhile to take a closer look at LASSO results. After all, the main

selling point of LASSO regressions is feature selection, for which introducing additional noise-only predictors

is the ideal testing ground. Figure 4.6 plots LASSO coefficient estimates for the linear RGP.70 Adding noise-

only predictors while moving through Panels A, B, and C, the results show that LASSO holds up well in the

face of many noise-only coefficients with the corresponding coefficient estimates being generally exactly equal

to zero. Dispersing signals while moving through Panels D, B, and E, the results show that the variation in

estimates increases and that (relative to the true coefficient) the average estimate moves further away from

the true coefficient towards zero. This can be explained as increased dispersion drives the signal strength of

an individual predictor towards zero and as LASSO has the imperative of biasing predictors with weak signals

towards zero.

Table 4.12 presents OLS models’ performance statistics for the different signal concentrations. Adding noise-

only predictors while moving through Panels A, B, and C, the results show that the models are increasingly

impacted by overfit. E.g., with the addition of 200 noise-only predictors for the sector-based RGP, the median

in-sample R2 quadruples from 0.03% to 0.12% while the median out-of-sample R2 drops from 0.01% to -0.04%

and the median Sharpe ratio drops from 0.40 to 0.20. Dispersing signals while moving through Panels D, B,

and E, the performance is also increasingly impacted by overfit but to a lesser extent than by the addition of

noise-only predictors. E.g., raising the number of signal-containing predictors from 6 to 96 for the sector-based

RGP, the median in-sample R2 grows from 0.07% to 0.10%, the median out-of-sample R2 drops from -0.01% to

-0.03%, and the median Sharpe ratio only drops from 0.27 to 0.24.

Table 4.13 presents LASSO models’ performance statistics for the different signal concentrations.71 In

terms of R2, the LASSO models are much more robust than the OLS models in the face of additional noise-only

predictors and greater signal dispersion. E.g., for the piecewise linear RGP, the median in-sample R2 only

varies between 0.01% and 0.04% (compared with 0.04% and 0.16% for OLS) and the median out-of-sample R2

only varies between 0.00% and 0.02% (compared with -0.05% and 0.02% for OLS). In terms of portfolio Sharpe

ratios, neither OLS nor LASSO is generally better than the other. On the one hand, LASSO performs better in

the face of a large number of noise-only predictors. E.g., comparing Panels C (with 200 noise-only predictors)

of Table 4.12 and Table 4.13 for the linear RGP, the median Sharpe ratio is 1.25 for OLS and 1.35 for LASSO.

On the other hand, OLS performs better in the face of greater signal dispersion. E.g., comparing Panels E

(with a signal dispersion among 96 predictors) of the OLS results and the LASSO results for the sector-based

RGP, the median Sharpe ratio is 0.24 for OLS and 0.18 for LASSO. The stronger the misspecification of the

functional form is, the more the second effect outweighs the first. E.g., comparing Panels F (with many noise-

only predictors and great signal dispersion) of the OLS results and the LASSO results for the linear RGP, the

median Sharpe ratio is slightly higher for LASSO (1.22) than for OLS (1.21). By contrast, comparing Panels

F of the OLS results and the LASSO results for the piecewise linear RGP, the median Sharpe ratio is higher

70Ridge results are in Figure 4.9 in the Appendix and are generally more similar to OLS results than to
LASSO results.

71Table 4.21 and Table 4.22 in the Appendix present analogous results for the Oracle and Ridge models.
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Table 4.12: Different signal concentrations - OLS
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. 10 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated.
Returns are composed of normally distributed random noise and a predictable component, s.t. the true
R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For
the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power
of the predictors. For the piecewise linear RGP, relationships are linear below (above) the 1st (99th)
percentile of the predictors and zero otherwise. For the sector-based RGP, relationships are linear
with sector-averages of the predictors (stocks are grouped into 100 sectors). The predictions are based
on regressions of returns on a set of predictors, of which 24 (6; 96) are the true predictors and of which
0 (100; 200) are unrelated to the returns. The models are fit three times. The first models are fit with
data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit
with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The
predictions are used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in
the 10% of stocks with the highest (lowest) predicted returns. The table reports information on the
Sharpe ratio of the out-of-sample returns realized by this portfolio. The in-sample R2 is calculated
from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-pred-wgt Sharpe OOS

Median Min Median Max Min Median Max N

Linear
A: 24/24 regressors have predictability 0.21 0.17 0.20 0.22 1.29 1.40 1.47 10
B: 24/124 regressors have predictability 0.26 0.15 0.17 0.18 1.25 1.32 1.42 10
C: 24/224 regressors have predictability 0.30 0.13 0.14 0.16 1.21 1.25 1.32 10
D: 6/106 regressors have predictability 0.25 0.16 0.17 0.18 1.23 1.33 1.41 10
E: 96/196 regressors have predictability 0.27 0.13 0.15 0.16 1.20 1.27 1.32 10
F: 96/296 regressors have predictability 0.31 0.11 0.13 0.15 1.13 1.21 1.28 10

Cubic
A: 24/24 regressors have predictability 0.13 0.10 0.12 0.12 1.00 1.07 1.12 10
B: 24/124 regressors have predictability 0.18 0.08 0.09 0.10 0.96 1.00 1.06 10
C: 24/224 regressors have predictability 0.22 0.04 0.07 0.08 0.85 0.91 0.98 10
D: 6/106 regressors have predictability 0.17 0.07 0.09 0.10 0.90 0.98 1.03 10
E: 96/196 regressors have predictability 0.20 0.06 0.08 0.09 0.86 0.95 1.03 10
F: 96/296 regressors have predictability 0.24 0.03 0.04 0.06 0.80 0.87 0.90 10

Piecewise linear
A: 24/24 regressors have predictability 0.04 0.02 0.02 0.03 0.44 0.51 0.56 10
B: 24/124 regressors have predictability 0.08 -0.01 0.00 0.00 0.31 0.37 0.42 10
C: 24/224 regressors have predictability 0.12 -0.04 -0.03 -0.01 0.27 0.33 0.40 10
D: 6/106 regressors have predictability 0.07 -0.01 0.00 0.01 0.30 0.39 0.46 10
E: 96/196 regressors have predictability 0.11 -0.04 -0.02 -0.02 0.24 0.33 0.38 10
F: 96/296 regressors have predictability 0.16 -0.06 -0.05 -0.04 0.23 0.29 0.33 10

Sectors
A: 24/24 regressors have predictability 0.03 0.01 0.01 0.02 0.35 0.40 0.45 10
B: 24/124 regressors have predictability 0.07 -0.02 -0.01 0.00 0.24 0.29 0.34 10
C: 24/224 regressors have predictability 0.12 -0.05 -0.04 -0.02 0.13 0.20 0.32 10
D: 6/106 regressors have predictability 0.07 -0.02 -0.01 0.00 0.20 0.27 0.34 10
E: 96/196 regressors have predictability 0.10 -0.04 -0.03 -0.02 0.18 0.24 0.29 10
F: 96/296 regressors have predictability 0.14 -0.07 -0.06 -0.04 0.09 0.17 0.28 10

for OLS (0.29) than for LASSO (0.23). When there are many predictors with individually weak signals that

are hard to detect due to a misspecified functional form, the bias towards zero imposed by LASSO impacts the

signal-containing predictors too strongly.
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Table 4.13: Different signal concentrations - LASSO
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. 10 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated.
Returns are composed of normally distributed random noise and a predictable component, s.t. the true
R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For
the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power
of the predictors. For the piecewise linear RGP, relationships are linear below (above) the 1st (99th)
percentile of the predictors and zero otherwise. For the sector-based RGP, relationships are linear
with sector-averages of the predictors (stocks are grouped into 100 sectors). The predictions are based
on regressions of returns on a set of predictors, of which 24 (6; 96) are the true predictors and of which
0 (100; 200) are unrelated to the returns. The models are fit three times. The first models are fit with
data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit
with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The
predictions are used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in
the 10% of stocks with the highest (lowest) predicted returns. The table reports information on the
Sharpe ratio of the out-of-sample returns realized by this portfolio. The in-sample R2 is calculated
from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-pred-wgt Sharpe OOS

Median Min Median Max Min Median Max N

Linear
A: 24/24 regressors have predictability 0.21 0.17 0.20 0.21 1.29 1.40 1.47 10
B: 24/124 regressors have predictability 0.22 0.17 0.18 0.19 1.28 1.37 1.45 10
C: 24/224 regressors have predictability 0.23 0.17 0.18 0.19 1.30 1.35 1.42 10
D: 6/106 regressors have predictability 0.22 0.18 0.19 0.21 1.31 1.42 1.49 10
E: 96/196 regressors have predictability 0.25 0.14 0.16 0.17 1.20 1.26 1.31 10
F: 96/296 regressors have predictability 0.25 0.14 0.15 0.17 1.16 1.22 1.28 10

Cubic
A: 24/24 regressors have predictability 0.13 0.10 0.12 0.12 1.00 1.07 1.12 10
B: 24/124 regressors have predictability 0.13 0.10 0.11 0.11 0.98 1.04 1.09 10
C: 24/224 regressors have predictability 0.15 0.09 0.10 0.12 0.97 1.00 1.07 10
D: 6/106 regressors have predictability 0.13 0.09 0.11 0.12 1.00 1.03 1.10 10
E: 96/196 regressors have predictability 0.17 0.07 0.09 0.10 0.84 0.94 0.98 10
F: 96/296 regressors have predictability 0.17 0.06 0.07 0.08 0.78 0.86 0.90 10

Piecewise linear
A: 24/24 regressors have predictability 0.04 0.02 0.02 0.03 0.43 0.50 0.56 10
B: 24/124 regressors have predictability 0.04 0.01 0.02 0.02 0.31 0.39 0.46 10
C: 24/224 regressors have predictability 0.02 0.01 0.01 0.02 0.25 0.32 0.41 10
D: 6/106 regressors have predictability 0.04 0.02 0.02 0.03 0.40 0.48 0.54 10
E: 96/196 regressors have predictability 0.01 0.00 0.01 0.01 0.17 0.27 0.33 10
F: 96/296 regressors have predictability 0.04 0.00 0.00 0.01 0.16 0.23 0.27 10

Sectors
A: 24/24 regressors have predictability 0.03 0.01 0.01 0.02 0.35 0.38 0.45 10
B: 24/124 regressors have predictability 0.02 0.00 0.01 0.01 0.16 0.32 0.34 10
C: 24/224 regressors have predictability 0.00 0.00 0.00 0.01 0.11 0.21 0.28 10
D: 6/106 regressors have predictability 0.03 0.01 0.01 0.02 0.28 0.33 0.42 10
E: 96/196 regressors have predictability 0.00 0.00 0.00 0.00 0.10 0.18 0.23 10
F: 96/296 regressors have predictability 0.01 0.00 0.00 0.00 0.00 0.11 0.18 10

4.6 Conclusion

Identifying return predictability to test the efficient market hypothesis is one of the central pursuits of empirical

finance research. With this paper, we hope to provide researchers with some benchmarks for the values that

they can expect to find with standard measures of predictive performance under different assumptions about

true return predictability. We also try to support researchers in their methodological choices by comparing the

information content of different performance measures and empirical strategies.
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Using a thought experiment and a simulation study, we develop several key takeaways. While we find that

a large and positive out-of-sample R2 indicates that there is return predictability, a zero (or even negative)

out-of-sample R2 does not indicate that there is no predictability. By contrast, in the cases that we simulate,

large and positive portfolio returns indicate that there is return predictability, and portfolio returns close to

zero indicate that there is no predictability. In the cases that we simulate, we find that realistically sized stock

universes provide enough observations such that out-of-sample tests are able to detect even very weak return

predictability. By contrast, in-sample tests suffer significantly from overfit, meaning that we cannot tell whether

large positive in-sample test results are due to actual return predictability or simply due to overfit. The biggest

problem with identifying return predictability is posed by a misspecified functional form. Even relatively simple

misspecifications (e.g., piecewise linear vs. linear) can have a devastating impact on the measured predictability.

This might motivate researchers to carefully contemplate their feature engineering and to use machine-learning

methods that automatically allow for complex functional transformations of predictors.
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4.7 Appendix

4.7.1 Additional Figures
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Figure 4.7: Different RGPs - Ridge portfolio returns
This figure plots returns of a Ridge-prediction based portfolio. For each return generating process (RGP), 30

worlds of monthly, predictable returns for 1,000 stocks from 1940-2019 are simulated. In each world, a Ridge

model is fit using data from 1940-1959 to make predictions from 1960-1979, then refit using data from 1940-1979

to make predictions from 1980-1999, and refit using data from 1940-1999 to make predictions from 2000-2019.

The predictions are used to form a portfolio that is long (short) in the 10% of stocks with the highest (lowest)

predicted returns. The figure plots the annualized returns of this portfolio, averaged over the 30 worlds for

each RGP (with standard deviation bounds). As a benchmark, the figure also plots the returns of a long-short

portfolio formed on the basis of predictions using the true coefficients (Oracle).
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Figure 4.8: Different RGPs - LASSO portfolio returns
This figure plots returns of a LASSO-prediction based portfolio. For each return generating process (RGP), 30

worlds of monthly, predictable returns for 1,000 stocks from 1940-2019 are simulated. In each world, a LASSO

model is fit using data from 1940-1959 to make predictions from 1960-1979, then refit using data from 1940-1979

to make predictions from 1980-1999, and refit using data from 1940-1999 to make predictions from 2000-2019.

The predictions are used to form a portfolio that is long (short) in the 10% of stocks with the highest (lowest)

predicted returns. The figure plots the annualized returns of this portfolio, averaged over the 30 worlds for

each RGP (with standard deviation bounds). As a benchmark, the figure also plots the returns of a long-short

portfolio formed on the basis of predictions using the true coefficients (Oracle).
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Panel B: 24/124 regressors have predictability
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Panel C: 24/224 regressors have predictability
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Panel D: 6/106 regressors have predictability
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Figure 4.9: Different signal concentrations - Ridge coefficients
This figure plots summary statistics for Ridge coefficient estimates vs. true coefficients (Oracle). 10 worlds of

monthly returns for 1,000 stocks from 1940-2019 are simulated with returns depending linearly on a set of 24

(6; 196) predictors. The returns are regressed on a set of predictors, of which 24 (6; 196) are the true predictors

(the leftmost six coefficients as examples in the plot) and of which 0 (100; 200) are unrelated to the returns (the

rightmost six coefficients as examples in the plot). For each coefficient in the 1940-1959 fit, a Tukey box plot of

the corresponding Ridge estimate is created as a summary of the estimates from the 30 simulated worlds.
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4.7.2 Additional Tables

Table 4.14: IS 1940-2019, OOS 2020-2099
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 30 worlds of monthly returns for
1,000 stocks from 1940-2099 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors). For
the learned RGP, relationships are linear but the predictability jumps from one predictor to the next
going from in-sample to out-of-sample. For the pure noise RGP, there is no predictability (the true
R2 is 0). The OLS predictions are based on regressions which the predictors enter linearly (alongside
100 regressors without predictability). The regressions are estimated with data from 1940-2019. The
predictions are used to form two portfolios. The first portfolio is long (short) in the 10% of stocks
with the highest (lowest) predicted returns. The second portfolio consists of all stocks, weighted by
their return prediction. The table reports information on the out-of-sample Sharpe ratio of the returns
realized by these portfolios from 2020-2099.

PFR-10M1 Sharpe OOS PFR-pred-wgt Sharpe OOS

Min Median Max Min Median Max N

OLS
Linear 0.96 1.06 1.13 1.26 1.35 1.45 30
Cubic 0.75 0.82 0.90 0.94 1.04 1.13 30
Piecewise linear 0.31 0.36 0.44 0.40 0.44 0.52 30
Interactions 0.67 0.72 0.79 0.82 0.89 0.99 30
Sectors 0.20 0.28 0.35 0.28 0.34 0.42 30
Learning -0.09 -0.01 0.06 -0.10 0.00 0.08 30
Pure noise -0.05 -0.01 0.06 -0.05 -0.01 0.08 30
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Table 4.15: Different sample splits - Ridge
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors).
The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors
without predictability). With a growing window, models are fit, used for twenty years of out-of-
sample predictions, refit with twenty additional years of data, used for twenty years of predictions,
etc., resulting in the in-sample windows: 1940-1959, 1940-1979, 1940-1999. With a rolling window,
refits only use the most recent twenty years of data for each refit, resulting in the in-sample windows:
1940-1959, 1960-1979, 1980-1999. With the fixed splits, models are fit only once per world (before
the split is in-sample; after the split is out of sample). The predictions are used to calculate the
out-of-sample R2 and to form a portfolio that is long (short) in the 10% of stocks with the highest
(lowest) predicted returns. The table reports information on the Sharpe ratio of the out-of-sample
returns realized by this portfolio. R2 values are in percent.

R2 OOS PFR-10M1 Sharpe ratio OOS

Min Median Max Min Median Max N

Linear
Growing window 0.15 0.17 0.18 0.90 1.04 1.09 10
Rolling window 0.14 0.16 0.18 0.92 0.99 1.07 10
Fixed split 1960 0.15 0.17 0.19 0.94 1.02 1.08 10
Fixed split 1980 0.15 0.18 0.20 0.98 1.06 1.10 10
Fixed split 2000 0.17 0.18 0.20 0.92 1.09 1.22 10

Cubic
Growing window 0.09 0.10 0.11 0.74 0.79 0.82 10
Rolling window 0.07 0.08 0.09 0.67 0.72 0.78 10
Fixed split 1960 0.08 0.08 0.09 0.69 0.73 0.80 10
Fixed split 1980 0.09 0.10 0.11 0.72 0.77 0.83 10
Fixed split 2000 0.08 0.11 0.12 0.75 0.82 0.88 10

Piecewise linear
Growing window 0.01 0.01 0.02 0.27 0.31 0.39 10
Rolling window 0.00 0.01 0.01 0.16 0.27 0.31 10
Fixed split 1960 0.00 0.01 0.02 0.13 0.25 0.35 10
Fixed split 1980 0.01 0.01 0.02 0.19 0.32 0.38 10
Fixed split 2000 0.01 0.02 0.03 0.28 0.37 0.45 10

Interactions
Growing window 0.06 0.07 0.08 0.61 0.67 0.71 10
Rolling window 0.05 0.06 0.07 0.53 0.62 0.71 10
Fixed split 1960 0.04 0.06 0.07 0.51 0.63 0.74 10
Fixed split 1980 0.06 0.07 0.09 0.61 0.69 0.78 10
Fixed split 2000 0.06 0.08 0.10 0.60 0.74 0.79 10

Sectors
Growing window 0.00 0.01 0.01 0.14 0.24 0.25 10
Rolling window 0.00 0.00 0.01 0.11 0.19 0.27 10
Fixed split 1960 0.00 0.00 0.01 0.10 0.16 0.27 10
Fixed split 1980 0.00 0.01 0.01 0.14 0.20 0.30 10
Fixed split 2000 0.00 0.01 0.02 0.18 0.28 0.40 10
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Table 4.16: Different sample splits - LASSO
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different
forms of relationships with a set of predictors. For the linear RGP, relationships are linear. For the
cubic RGP, relationships are with the third power of the predictors. For the piecewise linear RGP,
relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For
the interactional RGP, relationships are with interactions of the predictors. For the sector-based RGP,
relationships are linear with sector-averages of the predictors (stocks are grouped into 100 sectors).
The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors
without predictability). With a growing window, models are fit, used for twenty years of out-of-
sample predictions, refit with twenty additional years of data, used for twenty years of predictions,
etc., resulting in the in-sample windows: 1940-1959, 1940-1979, 1940-1999. With a rolling window,
refits only use the most recent twenty years of data for each refit, resulting in the in-sample windows:
1940-1959, 1960-1979, 1980-1999. With the fixed splits, models are fit only once per world (before
the split is in-sample; after the split is out of sample). The predictions are used to calculate the
out-of-sample R2 and to form a portfolio that is long (short) in the 10% of stocks with the highest
(lowest) predicted returns. The table reports information on the Sharpe ratio of the out-of-sample
returns realized by this portfolio. R2 values are in percent.

R2 OOS PFR-10M1 Sharpe ratio OOS

Min Median Max Min Median Max N

Linear
Growing window 0.17 0.19 0.20 1.00 1.08 1.15 10
Rolling window 0.15 0.18 0.19 0.93 1.06 1.12 10
Fixed split 1960 0.16 0.18 0.20 1.00 1.04 1.15 10
Fixed split 1980 0.16 0.19 0.20 1.00 1.06 1.15 10
Fixed split 2000 0.17 0.18 0.21 0.95 1.06 1.14 10

Cubic
Growing window 0.10 0.11 0.11 0.76 0.83 0.89 10
Rolling window 0.08 0.09 0.10 0.71 0.76 0.84 10
Fixed split 1960 0.08 0.09 0.10 0.73 0.77 0.85 10
Fixed split 1980 0.10 0.11 0.12 0.74 0.81 0.84 10
Fixed split 2000 0.09 0.11 0.14 0.71 0.83 0.96 10

Piecewise linear
Growing window 0.01 0.02 0.02 0.28 0.34 0.40 10
Rolling window 0.00 0.01 0.01 0.09 0.22 0.29 10
Fixed split 1960 0.00 0.00 0.02 0.17 0.22 0.35 10
Fixed split 1980 0.01 0.02 0.02 0.23 0.35 0.40 10
Fixed split 2000 0.01 0.02 0.03 0.28 0.41 0.49 10

Interactions
Growing window 0.07 0.08 0.09 0.70 0.75 0.81 10
Rolling window 0.07 0.08 0.09 0.66 0.71 0.78 10
Fixed split 1960 0.06 0.08 0.09 0.65 0.73 0.82 10
Fixed split 1980 0.07 0.09 0.10 0.66 0.77 0.85 10
Fixed split 2000 0.06 0.09 0.11 0.56 0.72 0.81 10

Sectors
Growing window 0.00 0.01 0.01 0.13 0.24 0.29 10
Rolling window 0.00 0.00 0.00 -0.01 0.11 0.18 10
Fixed split 1960 -0.01 0.00 0.01 0.00 0.16 0.25 10
Fixed split 1980 0.00 0.01 0.01 0.13 0.22 0.31 10
Fixed split 2000 0.00 0.01 0.02 0.18 0.31 0.39 10
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Table 4.17: Different stock universes - Ridge
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (RGP), 10 worlds of monthly returns for 1,000 (500; 1,500) stocks from 1940-2019 are simulated. Returns are composed of normally distributed
random noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors.
For the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power of the predictors. For the piecewise linear
RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional RGP, relationships
are with interactions of the predictors. The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors without
predictability). The models are fit three times. The first models are fit with data from 1940-1959 and are used for predictions from 1960-1979. The
second (third) models are fit with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The predictions are used
to calculate the out-of-sample R2 and to form two portfolios. The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted
returns. The second portfolio consists of all stocks, weighted by their return prediction. The table reports information on the mean, standard deviation,
and Sharpe ratio of the out-of-sample returns realized by these portfolios. NObs is the total number of observations in each world. R2 values are in
percent. Portfolio returns are in basis points.

R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

NObs Min Median Max Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
500 stocks 480,000 0.09 0.12 0.19 194.82 290.98 0.67 0.29 0.34 0.85 10
1,000 stocks 960,000 0.15 0.16 0.19 208.68 203.73 1.02 0.37 0.28 1.32 10
1,500 stocks 1,440,000 0.14 0.17 0.19 210.62 166.38 1.27 0.38 0.23 1.65 10

Cubic
500 stocks 480,000 0.05 0.07 0.09 147.21 289.62 0.51 0.16 0.26 0.63 10
1,000 stocks 960,000 0.07 0.09 0.12 160.19 202.47 0.79 0.20 0.20 0.99 10
1,500 stocks 1,440,000 0.08 0.10 0.10 164.06 167.15 0.98 0.21 0.17 1.24 10

Piecewise linear
500 stocks 480,000 -0.02 0.00 0.02 54.51 294.22 0.18 0.02 0.09 0.22 10
1,000 stocks 960,000 0.00 0.01 0.01 58.58 202.39 0.30 0.03 0.09 0.37 10
1,500 stocks 1,440,000 0.01 0.01 0.02 68.81 166.80 0.41 0.03 0.07 0.49 10

Interactions
500 stocks 480,000 0.00 0.04 0.07 128.04 287.84 0.45 0.13 0.23 0.55 10
1,000 stocks 960,000 0.04 0.05 0.07 132.86 203.24 0.65 0.14 0.17 0.80 10
1,500 stocks 1,440,000 0.06 0.07 0.08 140.90 168.56 0.84 0.16 0.15 1.07 10
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Table 4.18: Different stock universes - LASSO
This table presents summary statistics for the performance with which machine learning models predict simulated stock returns. For each return generating
process (), 10 worlds of monthly returns for 1,000 (500; 1,500) stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For the
linear , relationships are linear. For the cubic , relationships are with the third power of the predictors. For the piecewise linear , relationships are linear
below (above) the 1st (99th) percentile of the predictors and zero otherwise. For the interactional , relationships are with interactions of the predictors.
The predictions are based on regressions which the predictors enter linearly (alongside 100 regressors without predictability). The models are fit three
times. The first models are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit with data from
1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The predictions are used to calculate the out-of-sample R2 and to form
two portfolios. The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The second portfolio consists of all
stocks, weighted by their return prediction. The table reports information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns
realized by these portfolios. NObs is the total number of observations in each world. R2 values are in percent. Portfolio returns are in basis points.

R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

NObs Min Median Max Median
Mean

Median
SD

Median
Sharpe

Median
Mean

Median
SD

Median
Sharpe

N

Linear
500 stocks 480,000 0.09 0.14 0.21 201.90 289.20 0.71 0.30 0.33 0.90 10
1,000 stocks 960,000 0.14 0.17 0.21 219.27 205.02 1.08 0.35 0.26 1.37 10
1,500 stocks 1,440,000 0.16 0.18 0.20 218.16 167.67 1.28 0.37 0.22 1.68 10

Cubic
500 stocks 480,000 0.04 0.06 0.10 152.47 292.11 0.52 0.17 0.26 0.66 10
1,000 stocks 960,000 0.08 0.10 0.11 173.97 203.75 0.84 0.20 0.20 1.03 10
1,500 stocks 1,440,000 0.08 0.11 0.11 170.30 166.60 1.03 0.21 0.16 1.29 10

Piecewise linear
500 stocks 480,000 -0.03 0.00 0.02 48.56 288.85 0.16 0.02 0.10 0.21 10
1,000 stocks 960,000 0.00 0.00 0.01 61.63 203.86 0.30 0.03 0.08 0.37 10
1,500 stocks 1,440,000 0.01 0.01 0.02 69.85 167.84 0.41 0.04 0.07 0.54 10

Interactions
500 stocks 480,000 0.03 0.07 0.10 148.23 286.48 0.51 0.15 0.23 0.66 10
1,000 stocks 960,000 0.07 0.08 0.10 144.50 205.62 0.72 0.15 0.17 0.90 10
1,500 stocks 1,440,000 0.08 0.09 0.10 154.61 168.27 0.94 0.17 0.15 1.13 10
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Table 4.19: Different signal-to-noise ratios - Ridge
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.1% (0.2%; 0.4%). The predictability is
based on different forms of relationships with a set of predictors. For the linear RGP, relationships
are linear. For the cubic RGP, relationships are with the third power of the predictors. For the
piecewise linear RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors
and zero otherwise. For the interactional RGP, relationships are with interactions of the predictors.
For the sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are
grouped into 100 sectors). The predictions are based on regressions which the predictors enter linearly
(alongside 100 regressors without predictability). The models are fit three times. The first models
are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third)
models are fit with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999
(2000-2019). The predictions are used to calculate the out-of-sample R2 and to form two portfolios.
The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns.
The second portfolio consists of all stocks, weighted by their return prediction. The table reports
information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns realized
by these portfolios. The in-sample R2 is calculated from 1940-1999. R2 values are in percent. Portfolio
returns are in basis points.

R2 IS R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

Median Median Median

Mean

Median

SD

Median

Sharpe

Median

Mean

Median

SD

Median

Sharpe

N

Linear
0.1% target R2 0.14 0.07 136.33 207.63 0.68 0.16 0.18 0.86 10
0.2% target R2 0.23 0.17 209.62 203.73 1.03 0.36 0.27 1.33 10
0.4% target R2 0.43 0.38 314.06 204.81 1.54 0.78 0.40 1.95 10

Cubic
0.1% target R2 0.09 0.04 100.01 201.06 0.50 0.09 0.14 0.64 10
0.2% target R2 0.16 0.10 160.90 208.53 0.78 0.20 0.21 0.97 10
0.4% target R2 0.29 0.21 234.25 201.69 1.15 0.44 0.31 1.44 10

Piecewise linear
0.1% target R2 0.02 0.00 35.84 203.64 0.18 0.01 0.05 0.22 10
0.2% target R2 0.05 0.01 56.71 204.73 0.28 0.03 0.09 0.34 10
0.4% target R2 0.08 0.04 106.27 204.92 0.51 0.09 0.13 0.65 10

Interactions
0.1% target R2 0.05 0.03 82.83 202.36 0.41 0.06 0.11 0.52 10
0.2% target R2 0.12 0.07 134.84 204.42 0.66 0.14 0.18 0.81 10
0.4% target R2 0.21 0.15 205.00 202.90 1.01 0.32 0.26 1.24 10

Sectors
0.1% target R2 0.02 0.00 24.60 202.98 0.13 0.00 0.03 0.13 10
0.2% target R2 0.03 0.01 45.21 204.72 0.22 0.01 0.05 0.26 10
0.4% target R2 0.06 0.02 70.40 206.87 0.34 0.04 0.09 0.44 10
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Table 4.20: Different signal-to-noise ratios - LASSO
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. For each return generating process (RGP), 10 worlds of monthly returns for
1,000 stocks from 1940-2019 are simulated. Returns are composed of normally distributed random
noise and a predictable component, s.t. the true R2 is 0.1% (0.2%; 0.4%). The predictability is
based on different forms of relationships with a set of predictors. For the linear RGP, relationships
are linear. For the cubic RGP, relationships are with the third power of the predictors. For the
piecewise linear RGP, relationships are linear below (above) the 1st (99th) percentile of the predictors
and zero otherwise. For the interactional RGP, relationships are with interactions of the predictors.
For the sector-based RGP, relationships are linear with sector-averages of the predictors (stocks are
grouped into 100 sectors). The predictions are based on regressions which the predictors enter linearly
(alongside 100 regressors without predictability). The models are fit three times. The first models
are fit with data from 1940-1959 and are used for predictions from 1960-1979. The second (third)
models are fit with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999
(2000-2019). The predictions are used to calculate the out-of-sample R2 and to form two portfolios.
The first portfolio is long (short) in the 10% of stocks with the highest (lowest) predicted returns.
The second portfolio consists of all stocks, weighted by their return prediction. The table reports
information on the mean, standard deviation, and Sharpe ratio of the out-of-sample returns realized
by these portfolios. The in-sample R2 is calculated from 1940-1999. R2 values are in percent. Portfolio
returns are in basis points.

R2 IS R2 OOS PFR-10M1 OOS PFR-pred-weighted OOS

Median Median Median

Mean

Median

SD

Median

Sharpe

Median

Mean

Median

SD

Median

Sharpe

N

Linear
0.1% target R2 0.13 0.08 143.55 205.58 0.70 0.16 0.18 0.90 10
0.2% target R2 0.23 0.18 219.88 206.19 1.08 0.35 0.26 1.37 10
0.4% target R2 0.42 0.39 319.62 207.03 1.57 0.75 0.38 2.00 10

Cubic
0.1% target R2 0.08 0.04 108.57 202.58 0.54 0.09 0.14 0.67 10
0.2% target R2 0.14 0.11 170.72 204.69 0.85 0.20 0.20 1.05 10
0.4% target R2 0.28 0.22 242.08 203.50 1.18 0.44 0.30 1.48 10

Piecewise linear
0.1% target R2 0.03 0.00 31.73 200.95 0.16 0.01 0.06 0.21 10
0.2% target R2 0.03 0.02 66.93 202.92 0.33 0.04 0.09 0.40 10
0.4% target R2 0.08 0.05 110.88 204.37 0.54 0.09 0.13 0.68 10

Interactions
0.1% target R2 0.04 0.04 103.71 203.82 0.51 0.07 0.11 0.63 10
0.2% target R2 0.10 0.08 145.07 202.98 0.73 0.16 0.17 0.91 10
0.4% target R2 0.19 0.17 216.64 205.04 1.06 0.33 0.25 1.32 10

Sectors
0.1% target R2 0.00 0.00 17.77 198.05 0.10 0.00 0.03 0.11 10
0.2% target R2 0.02 0.01 43.53 205.51 0.21 0.02 0.06 0.28 10
0.4% target R2 0.04 0.02 71.45 203.21 0.36 0.04 0.09 0.46 10
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Table 4.21: Different signal concentrations - Oracle
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. 10 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated.
Returns are composed of normally distributed random noise and a predictable component, s.t. the
true R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors.
For the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third
power of the predictors. For the piecewise linear RGP, relationships are linear below (above) the
1st (99th) percentile of the predictors and zero otherwise. For the sector-based RGP, relationships
are linear with sector-averages of the predictors (stocks are grouped into 100 sectors). The Oracle
predictions are based on the true relationships with these predictors. The models are fit three times.
The first models are fit with data from 1940-1959 and are used for predictions from 1960-1979. The
second (third) models are fit with data from 1940-1979 (1940-1999) and are used for predictions from
1980-1999 (2000-2019). The predictions are used to calculate the out-of-sample R2 and to form a
portfolio that is long (short) in the 10% of stocks with the highest (lowest) predicted returns. The
table reports information on the Sharpe ratio of the out-of-sample returns realized by this portfolio.
The in-sample R2 is calculated from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-pred-wgt Sharpe OOS

Median Min Median Max Min Median Max N

Linear
A: 24/24 regressors have predictability 0.20 0.17 0.20 0.23 1.31 1.41 1.50 10
B: 24/124 regressors have predictability 0.19 0.18 0.20 0.22 1.33 1.40 1.49 10
C: 24/224 regressors have predictability 0.20 0.18 0.20 0.22 1.33 1.40 1.48 10
D: 6/106 regressors have predictability 0.21 0.18 0.20 0.21 1.32 1.43 1.50 10
E: 96/196 regressors have predictability 0.19 0.18 0.20 0.21 1.34 1.44 1.49 10
F: 96/296 regressors have predictability 0.19 0.20 0.20 0.22 1.33 1.41 1.48 10

Cubic
A: 24/24 regressors have predictability 0.19 0.19 0.21 0.22 1.33 1.42 1.46 10
B: 24/124 regressors have predictability 0.19 0.18 0.20 0.23 1.35 1.43 1.57 10
C: 24/224 regressors have predictability 0.20 0.19 0.20 0.23 1.34 1.42 1.50 10
D: 6/106 regressors have predictability 0.20 0.18 0.20 0.22 1.33 1.38 1.48 10
E: 96/196 regressors have predictability 0.21 0.19 0.20 0.21 1.36 1.42 1.51 10
F: 96/296 regressors have predictability 0.20 0.18 0.20 0.21 1.36 1.41 1.46 10

Piecewise linear
A: 24/24 regressors have predictability 0.19 0.18 0.20 0.22 1.37 1.44 1.52 10
B: 24/124 regressors have predictability 0.21 0.19 0.20 0.21 1.33 1.41 1.46 10
C: 24/224 regressors have predictability 0.21 0.18 0.21 0.23 1.31 1.44 1.50 10
D: 6/106 regressors have predictability 0.21 0.18 0.20 0.21 1.34 1.40 1.47 10
E: 96/196 regressors have predictability 0.20 0.19 0.19 0.22 1.33 1.36 1.46 10
F: 96/296 regressors have predictability 0.19 0.19 0.20 0.21 1.27 1.42 1.49 10

Sectors
A: 24/24 regressors have predictability 0.21 0.18 0.21 0.22 1.32 1.39 1.49 10
B: 24/124 regressors have predictability 0.21 0.18 0.20 0.21 1.31 1.36 1.43 10
C: 24/224 regressors have predictability 0.20 0.19 0.20 0.21 1.31 1.39 1.42 10
D: 6/106 regressors have predictability 0.20 0.18 0.20 0.21 1.29 1.39 1.53 10
E: 96/196 regressors have predictability 0.19 0.18 0.21 0.22 1.32 1.42 1.51 10
F: 96/296 regressors have predictability 0.20 0.18 0.20 0.21 1.33 1.38 1.43 10
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Table 4.22: Different signal concentrations - Ridge
This table presents summary statistics for the performance with which machine learning models predict
simulated stock returns. 10 worlds of monthly returns for 1,000 stocks from 1940-2019 are simulated.
Returns are composed of normally distributed random noise and a predictable component, s.t. the true
R2 is 0.2%. The predictability is based on different forms of relationships with a set of predictors. For
the linear RGP, relationships are linear. For the cubic RGP, relationships are with the third power
of the predictors. For the piecewise linear RGP, relationships are linear below (above) the 1st (99th)
percentile of the predictors and zero otherwise. For the sector-based RGP, relationships are linear
with sector-averages of the predictors (stocks are grouped into 100 sectors). The predictions are based
on regressions of returns on a set of predictors, of which 24 (6; 96) are the true predictors and of which
0 (100; 200) are unrelated to the returns. The models are fit three times. The first models are fit with
data from 1940-1959 and are used for predictions from 1960-1979. The second (third) models are fit
with data from 1940-1979 (1940-1999) and are used for predictions from 1980-1999 (2000-2019). The
predictions are used to calculate the out-of-sample R2 and to form a portfolio that is long (short) in
the 10% of stocks with the highest (lowest) predicted returns. The table reports information on the
Sharpe ratio of the out-of-sample returns realized by this portfolio. The in-sample R2 is calculated
from 1940-1999. R2 values are in percent.

R2 IS R2 OOS PFR-pred-wgt Sharpe OOS

Median Min Median Max Min Median Max N

Linear
A: 24/24 regressors have predictability 0.21 0.17 0.20 0.22 1.29 1.40 1.47 10
B: 24/124 regressors have predictability 0.24 0.16 0.17 0.18 1.20 1.30 1.36 10
C: 24/224 regressors have predictability 0.27 0.15 0.16 0.17 1.21 1.24 1.30 10
D: 6/106 regressors have predictability 0.24 0.16 0.18 0.19 1.24 1.33 1.41 10
E: 96/196 regressors have predictability 0.24 0.14 0.16 0.17 1.19 1.25 1.31 10
F: 96/296 regressors have predictability 0.26 0.14 0.15 0.17 1.14 1.21 1.27 10

Cubic
A: 24/24 regressors have predictability 0.13 0.11 0.12 0.12 1.00 1.07 1.12 10
B: 24/124 regressors have predictability 0.14 0.09 0.09 0.10 0.93 0.96 1.03 10
C: 24/224 regressors have predictability 0.17 0.07 0.09 0.10 0.87 0.91 0.98 10
D: 6/106 regressors have predictability 0.15 0.08 0.09 0.11 0.91 0.97 1.03 10
E: 96/196 regressors have predictability 0.17 0.08 0.09 0.09 0.86 0.95 0.99 10
F: 96/296 regressors have predictability 0.18 0.06 0.07 0.08 0.81 0.87 0.89 10

Piecewise linear
A: 24/24 regressors have predictability 0.03 0.02 0.03 0.03 0.44 0.51 0.56 10
B: 24/124 regressors have predictability 0.05 0.01 0.01 0.02 0.31 0.38 0.45 10
C: 24/224 regressors have predictability 0.04 0.01 0.01 0.01 0.26 0.30 0.37 10
D: 6/106 regressors have predictability 0.04 0.01 0.02 0.02 0.30 0.40 0.42 10
E: 96/196 regressors have predictability 0.04 0.01 0.01 0.02 0.25 0.33 0.39 10
F: 96/296 regressors have predictability 0.06 0.01 0.01 0.01 0.25 0.29 0.31 10

Sectors
A: 24/24 regressors have predictability 0.03 0.01 0.02 0.02 0.35 0.39 0.45 10
B: 24/124 regressors have predictability 0.02 0.00 0.01 0.01 0.19 0.29 0.34 10
C: 24/224 regressors have predictability 0.04 0.00 0.00 0.01 0.15 0.20 0.32 10
D: 6/106 regressors have predictability 0.03 0.00 0.01 0.01 0.22 0.27 0.32 10
E: 96/196 regressors have predictability 0.04 0.00 0.01 0.01 0.20 0.25 0.28 10
F: 96/296 regressors have predictability 0.04 0.00 0.00 0.01 0.08 0.17 0.27 10
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5 Supplementary Appendix: Preparing Eikon International Equity Data for Em-

pirical Research
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5.1 Introduction

In this last chapter, I discuss how to prepare international equity data from Eikon, formerly known as Thomson

Reuters Datastream (TDS), for empirical research in asset pricing. Data on 107 international markets was used

in two essays in the prior chapters of this doctoral thesis. I outline appropriate filter rules by which the quality

and reliability of the data could be significantly raised. Based on the international equity data, I calculate

country-specific market returns in the local currency. I also validate my data set with Landis and Skouras’s

(2021) recent work on international equity data from TDS.

Given that empirical research requires the evidence of US market findings to also be underpinned in interna-

tional markets, the insights from this chapter show that working with international data is not straightforward.

The detailed information on the pre-processing of a comprehensive data set that includes 107 international mar-

kets is helpful for international research focused on wide coverage, countries with a limited number of stocks,

and for researchers who aim to analyze US market anomalies with international data. Furthermore, this chapter

is essential for establishing the methodological contributions of this doctoral thesis.

5.2 Data Preparation with Eikon

In the following section, I discuss the challenges faced during the data extraction and while building the com-

prehensive data set of 107 international equity markets. These include issues related to sample construction,

stock market selection, and the sample period.

5.2.1 Sample Construction

Access to Eikon’s two data packages – Datastream and Worldscope – is important for researchers who conduct

empirical studies of global markets. Datastream provides market data on global equities and equity indices,

while Worldscope provides fundamental accounting data. The integration of Datastream and Worldscope into

the Eikon platform saves researchers the time and effort involved in cumbersome data collection and data

preparation processes. The most common method of data collection on Eikon is the merging of constituent lists.

Researchers build the sample using research lists, including active and inactive stocks from a country. They

also use Eikon’s Worldscope lists, which include listed and delisted companies in a country and are constantly

updated. According to the “Worldscope Datatype Definitions Guide” from Thomson Reuters (2013), these

lists provide full market coverage for developed markets and a selection of emerging markets. In addition, pre-

defined lists can significantly speed up the data retrieval process. The use of a predefined list helps to ensure

that research is conducted with a standardized data set, which enhances research reproducibility. Table 5.1

classifies the literature on international asset pricing and shows that the use of pre-defined lists is a common

practice.

To my knowledge, Schmidt et al. (2019) are the first to employ both methods, starting with a pre-defined

list and then further customizing it. However, the use of constituent lists has some shortcomings. First, Bekaert

et al. (2007) report that “the total number of firms in the Datastream constituent lists they use is about 90% of
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the number of firms reported as domestic listed firms in the World Bank’s Development Indicator”. Therefore,

markets are unlikely to be entirely represented. Second, Landis and Skouras (2021) argue that constituent lists

include instruments that are not incorporated (but traded) in the country of interest, as well as instruments

that are not shares (e.g., ETFs, unit trusts, depository receipts, among others). Additionally, these lists are

not universally available and cover only 70 countries. Furthermore, the market capitalization requirement of

at least USD 100 million (Thomson Reuters 2013) means that many small stocks are not covered. Conversely,

creating a custom stock universe allows for greater flexibility and adaptability. Researchers can quickly update

or modify their universe as their research evolves or as they refine their models. For these reasons, I follow

Landis and Skouras’s (2021) pre-processing approach, as described in their online Appendix. I construct the

sample by collecting raw data directly from all international stock exchanges via Datastream Navigator. This

enables me to validate my sample for 107 countries against Landis and Skouras (2021), as shown in Table 5.5

in the Appendix.

Table 5.1: Literature classification
The table categorizes the vast and diverse literature on international asset pricing using Eikon. Most
researchers use pre-defined lists from Eikon and focus on data analysis rather than data collection.

Author Own stock universe Research Lists/Worldscope Lists

Ince and Porter (2006) x
Griffin et al. (2010) x
Hou et al. (2011) x
Karolyi et al. (2012) x
Jacobs (2016) x
Schmidt et al. (2019) x x
Hanauer (2020) x
Jacobs and Müller (2020) x
LS (2021) x
Hanauer and Windmüller (2023) x

5.2.2 Stock Market Choice

The selection of the appropriate equity markets for international asset pricing research is a critical step that can

have a significant impact on the findings, insights, and implications of a study. To quantify market maturity,

researchers use information provided by MSCI, the leading index provider. They mostly consider markets that

MSCI classifies as developed or emerging equity markets, at least at some point during the sample period. By

focusing on developed and emerging markets, researchers can maintain data quality and a level of analytical

robustness while ensuring that their findings have broad economic implications. Conversely, frontier markets

might face data unreliability and regulatory risks that complicate research design and the interpretability of

results. However, excluding them carries the risk of missing out on potentially unique asset pricing dynamics

that may be present in frontier markets.

This study aims to ensure complete coverage of international asset markets and to provide high-quality

data on smaller markets for further analysis. Therefore, I select all countries for which market and fundamental
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data are available, regardless of how they are classified at the beginning of the sample.72 The raw sample

of international stock markets consists of 107 countries: 23 developed (DM), 24 emerging (EM), 21 frontiers

(FM), 12 stand-alone markets (SA), and 26 non-classified (NA) markets. Table 5.5 in the Appendix provides

an overview of the classification of markets, stock exchanges, start dates, and the number of stocks for each

country. The start date in the third column of 5.5 is according to the availability of pricing data. The fourth

column lists the stock exchanges of the respective countries. The number of firms in the fifth column is roughly

the same as the number of firms in Landis and Skouras (2021), except for countries such as Bolivia, Panama,

and Germany. The large number of firms reported for Germany in Landis and Skouras (2021) may be a typing

error because there were only 7,644 stocks in total when I processed the data for Germany in Mai 2022.

The countries are only part of the final sample for the main analysis if they successfully passed the static

and dynamic filters described in Section 5.3 and accounting data are available.

5.2.3 Sample Period

The choice of sample period is a crucial step in international asset pricing research to ensure that reliable and

comprehensive data is available for the entire sample period and for all countries in the study. Most researchers

use a sample period that starts in January 1980 because data for earlier periods may be missing or less reliable

for many international equity markets. In particular, emerging markets are widely considered to have integrated

into world markets by 1994 (Griffin et al. 2010). For instance, Walkshäusl (2014) chose July 1990 as the starting

date when studying the “maximum daily return” effect in the European stock market, although earlier return

data was available. Thus, the starting date in many studies is, to some extent, an arbitrary result of optimizing

the trade-off between the length of the sample period and the available number of stocks in the cross-section.

Landis and Skouras (2021) report sample starting dates that depend on the available return index data,

fundamental data, and dividend data for each country. For the starting date, they recommend the most recent

date after applying all of the filters while accounting for survivorship biases in pricing and accounting data. I

mostly followed their recommendations and obtained an unbalanced panel with different starting dates across

countries. The starting dates for each country are shown in Column 5 of Table 5.8. To reflect the issues discussed

with regard to emerging markets, I adjusted the start dates for Latin American countries. For instance, rather

than using December 1987 for Argentina, as recommended by Landis and Skouras (2021), I decided to start the

sample on January 1, 1994. Other researchers, including those of earlier studies (see, e.g., Griffin et al. 2010,

Karolyi and Wu 2012) and more recent ones (see, e.g., Jacobs 2016, Hanauer 2020, Hanauer and Windmüller

2023), also chose not to use a starting date before 1994.73 Landis and Skouras (2021) do not report starting

dates for countries that were completely filtered out.74 To include all of these countries in the raw sample, I set

72See https://www.msci.com/our-solutions/indexes/market-classification for details.
73Starting date in Hanauer (2020) is 1994-07-29, in Karolyi et al. (2012) is 1995-01, while Griffin et al. (2010)

recommends for all emerging markets not to start before 1994 because more emerging markets have integrated
with world markets by the mid-1990s. Furthermore, Jacobs (2016) and Hanauer and Windmüller (2023) started
in 2000 because of market reclassification and the requirement of no missing values for some specific variables.

74The dates for all countries with a total number of raw stocks lower than 20 are not reported, as these
countries are completely filtered out by filter 6 (see Table 5.3.) Similarly, no dates are included for Namibia
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a uniform start date of January 1, 2000, and apply filters that determine whether they will be part of the final

sample.

5.3 Details on Filter Implementation

In the following section, I provide an overview of the typical filters used in the literature, which I applied to

prepare the international data set on which the two papers in Chapters 2 and 3 are based. The screening

process includes static filters, applied country-by-country, and dynamic filters based on a stock’s market data.

The approach regarding static filters is standardized in the literature. In the case of dynamic filters, there are

many variations, which are discussed in detail below.

5.3.1 Standard Filters in the Literature

When studying international asset pricing, researchers use different data frequencies. The number of dynamic

filters used increases with data frequency. For monthly data, there are fewer filters in the literature since

the aggregated nature of monthly data smooths out daily fluctuations but at the cost of potentially missing

short-term dynamics. Daily data can capture short-term volatility and is useful for frequently updating trading

strategies. However, it introduces noise, including non-trading days, which reduces accuracy.

Table 5.2 shows different filter frequencies depending on data frequency. First, the most straightforward

method of preparing data involves using monthly stock data, applying monthly filters, and calculating either

equal-weighted or value-weighted risk factor returns as in Hou et al. (2011) and Hanauer (2020). Second,

although most papers use daily data, few of them apply filters at the daily level. Rather, they create a monthly

data set from daily observations and apply the standard monthly filters (see, e.g., Ince and Porter 2006, Jacobs

2016, Jacobs and Müller 2020, Schmidt et al. 2019) which control for survivorship bias75, identify delisted

firms76, remove “penny-stocks”77, set any return above 300% that is reversed within one month as missing78,

screen stocks based on a minimum market capitalization to exclude illiquid or very small companies79, and

winsorize return and market capitalization data at the 0.1% and the 99.9% level. Third, two (i.e., Karolyi et al.

2012, Hanauer and Windmüller 2023) out of the last four remaining papers use daily and monthly filters. Griffin

et al. (2010) are the first to use the daily return filters.80 On the other hand, Karolyi et al. (2012) are the first

to correct for non-trading days and too many zero observations in a stock’s history.81 Despite the extensive

and Azerbaijan, as dynamic filters thoroughly filter them out. Iraq, Mongolia, and Syria are not considered for
building risk factors as no book data on equity is available.

75Use the “dead lists” of companies that cease to exist.
76Delete all firm-level return observations from the end of the sample period to the first nonzero return and

by additionally checking the Worldscope “inactive date”.
77Drop all observations when the end-of-previous-month price is less than USD 1 or USD 5 .
78If Rt or Rt−1 is greater than 300% and (1+Rt)(1+Rt−1)−1 is less than 50%, set Rt and Rt−1 to missing.
79Jacobs (2016) and Jacobs and Müller (2020) require stocks to have a one-month lagged market capitalization

of at least ten million USD.
80For daily returns, if rt or rt−1 > 100% and (1 + rt)(1 + rt−1)− 1 < 20%, then both rt andrt−1 are set to

missing. Additionally, any daily return greater than 200% is set to missing.
81Define days on which 90% or more of the stocks listed on a given exchange have a return equal to zero as

non-trading days.
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literature on standard filters, Landis and Skouras (2021) are the first to comprehensively define an extensive

number of daily filters and errors in daily market data.

Table 5.2: Literature review on filters
The table categorizes the literature on international asset pricing using Eikon. The papers are sorted
by data frequency and filtering frequency. Market data is daily or monthly while accounting data
is sometimes annual. Note that filters are applied to market data. Filters on accounting data are
only applied when constructing portfolios for risk strategies and are not part of the data preparation
process.

Author
Data Filter Factors

Daily Monthly Yearly Daily Monthly Daily Monthly

Ince and Porter (2006) x x x
Griffin et al. (2010) x x x
Hou et al. (2011) x x x
Karolyi et al. (2012) x x x x x
Jacobs (2016) x x x x
Schmidt et al. (2019) x x x x
Hanauer (2020) x x x x
Jacobs and Müller (2020) x x x
Landis and Skouras (2021) x x x x
Hanauer and Windmüller
(2023)

x x x x x

5.3.2 Static Filters

In this subsection, I discuss static filters used in the international asset pricing literature. An overview is provided

in Panel A of Table 5.3. The focus is on identifying the nature of equities as common stocks or other financial

instruments – a crucial step when working with Eikon data for international asset pricing. While this distinction

may seem straightforward in the context of the CRSP database, in which stocks corresponding to stock codes

10 and 11 are considered common stocks, the complexity arises from the variety of financial instruments in

international markets. These include preferred shares, convertible securities, and various derivative products.

Eikon has also introduced a data type code (TRAC) that indicates whether a stock is common. However,

as Landis and Skouras (2021) explain, “the majority of international stocks either do not have this datatype

populated, or it is populated with a value that means it is unknown (this often happens with delisted stocks,

which can lead an unaware user to filter delisted stocks instead of non-common stocks, biasing the filtered

sample)”. Thus, many researchers restrict their requests by searching only by stock type (TYPE=EQ). However,

this method also has a drawback. Ince and Porter (2006) conduct a comparison of market coverage for the US

using CRSP and Eikon stocks from 1975 to 2002, restricting TYPE=EQ for Eikon and share codes 10 and 11

for CRSP. In their Panel B of Table 2, they report 21,848 unique identifiers in the CRSP sample across all

exchanges and 20,520 unique identifiers in the Eikon sample. This means that the restriction on the Type=EQ

identifies fewer stocks than the same restriction in CRSP.

The F1 filter rule in Table 5.3 shows that stocks are first excluded based on the datatype TRAC. Next,

keywords in a stock’s extended name (datatype ENAME) are searched to determine whether the share is a
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common stock. In addition to country-specific abbreviations, I also screen for global abbreviations in stock

names. The next static filter rules are mostly handled similarly to those in the literature. The F2 filter rule is

used to identify cross-listed stocks by analyzing the names of stocks and removing those that indicate that they

are mainly traded in another country. The F3 filter rule is used to identify the non-common stocks if several TDS

stocks could have the same local code (datatype LOC), which is based on the code assigned to an instrument

by the exchange on which it is traded. TDS flags a particular stock as primary (datatype ISINID=P), such

that all other stocks with the same local code are non-common stocks. The F4 filter rule excludes stocks for

which the geographical classification (datatype GEOGN) differs from the identifier for the analyzed country.

The F5 filter rule excludes stocks traded in currencies other than the national currency of the country. Then,

after running these filters, some countries had few stocks in the sample. To avoid smaller countries, I adapted

filter F6 by excluding countries with less than 30 stocks. Other researchers, e.g., Hollstein (2022) and Titman

et al. (2013), require at least 30 stocks with valid observations on sorting variables in each country. Since the

variables had not yet been loaded, the only question so far was which stocks and countries would survive the

static filters.

5.3.3 Dynamic Filters

Next, several dynamic screens from the literature were performed to account for data errors. First, the total

return index (datatype RI) data is loaded for the stocks that pass the static filters. Then, stock day filters

to screen out certain days based on a parameter recommended in the literature. Landis and Skouras (2021)

postulate that the order in which the filters are applied is important and apply their filters after removing all

stocks for which there is no return index data (filter 11 in their study). However, after performing the six static

filters, they skip to filter 11 and return to filter 7. To have a comprehensible order for running the filters, I

renamed their filter 11 to F7. The next filter to be performed immediately is F8 (their filter 13). This filter

controls for the shortcoming that delisting dates in Datastream tend to occur much later than the last date for

which return index data is available. Thus, stocks in the data set continue to be listed even after being delisted

from the stock exchange. This results in many stocks having constant return indexes toward the end of their

data series, even when they should have ended at their actual delisting dates. Therefore, these two filters are

important for removing stocks that are no longer traded or whose return index data is unavailable.

Then, market and accounting data are sequentially loaded for those stocks that have passed the filters. The

following filters are applied independently to the daily return, calculated from the total return index (datatype

RI). Filter F9 removes stocks for which more than 98% of non-zero daily returns are either non-negative or non-

positive. Therefore, it removes stocks with an extremely high percentage of days with returns that consistently

move in one direction (either all positive or all negative). Filter F10 removes stocks for which the daily return

is zero in more than 95% of their sample. This is often used in the literature when filtering monthly data, as

shown in the third column of Table 5.3. Filter F11 excludes extremely volatile stocks with a daily standard

deviation that exceeds 40% and stocks with a daily standard deviation of less than 0.01%. The high volatility

often results from missing data, errors in adjustments for corporate events, or extreme illiquidity. Filter F12
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is performed to the datatype Date and aims to exclude stocks with limited history or insufficient data. A

requirement of at least 120 valid daily observations is imposed, and an exception is made for stocks whose first

available observation falls within the last 120 days of the sample.

Price (P) data are loaded to perform the following filter, F13. This filter is important to follow a CRSP-like

convention for calculating daily returns.82 Because Datastream has padded prices, monthly returns calculated

from these prices will not match the cumulated daily returns. Therefore, if 30 consecutive prices are identical,

all subsequent price observations would be eliminated until the next price change. Filter F14 is a common

filter in the literature that controls for extreme returns and is mostly applied to monthly data since extreme

reversals in daily data are less likely than in monthly data. However, Landis and Skouras (2021) found that

applying the filter to monthly data can sometimes remove observations that would not have been removed if

the filter was applied to daily data. Therefore, if the return on date t is greater than 100% (respectively lower

than -50%) and the return on the day t+1 is lower than -50% (respectively greater than 100%), then both

returns are eliminated. The F15 filter is often discussed. Researchers continue to develop mechanisms to detect

non-trading days. The filter that I chose here is an original filter from Landis and Skouras (2021) and was run

on a country basis. The holiday filter works very well in the US, but it does not even detect Christmas holidays

in other countries, such as Germany.

The following filters F16 to F19 are stock day filters for which start date, price, unadjusted price (UP),

and adjustment factor (AF) data are needed. Filter F16 addresses survivorship bias and incomplete dividend

data when analyzing financial data from the Datastream and Worldscope databases and suggests a strategy

for handling these issues by using country-specific start dates for analysis. These start dates were determined

according to when delisting rates became non-zero in Datastream and when ex-dividend data was available.

Landis and Skouras (2021) provide specific start dates for global, US, Japan, and UK analyses and suggest

that global portfolios can incorporate additional countries after each country’s start date is reached. They are

shown in Column of Table 5.8 in the Appendix. In countries for which start dates were not defined by Landis

and Skouras (2021), I define my own start date. To identify errors in daily returns calculated from changes

in the total return index, these daily returns are compared to those calculated from price changes. Ince and

Porter (2006) note that this comparison is only valid in the absence of stock splits. Thus, they compare the

two returns only in months in which the ratio of adjusted price (P) to unadjusted price (UP) is the same as

the previous month. This means that there is inconsistency in the UP. Therefore, F17 is used to remove stock

days for which the UP is more than 5% different from the price (P) times adjustment factor (AF). Filter F18

excludes all stock days for which UP contains zero or negative values. Hanauer (2020) also applies a filter that

excludes stock days with nonsense UP values. Filter F19 is a known filter and is mostly used in the literature

to exclude “penny stocks” with a price lower than e.g., USD 5 or USD 1. As Landis and Skouras (2021) note,

these thresholds can be problematic in certain countries where the usual price ranges are very different from

what is normal in the US, and the application of such filters can eliminate all of the data over some periods.

82In CRSP, daily returns are calculated for the most recent available price, as long as this price is not more
than 9 days old and cumulated daily returns match monthly returns exactly (Landis and Skouras (2021)).
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Therefore, the filter from Landis and Skouras (2021) is adequate, as it removes stocks from the investment

universe of month t when their UP in month t-1 was in the lowest quartile of stocks available that month.

The last two filters are used on daily returns since the abovementioned filters could not exclude perfectly

abnormal returns. Therefore, following Griffin et al. (2010) and Hanauer and Windmüller (2023), the return

spikes are removed using filter F20.
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Table 5.3: Generic filter rules
The table is a comprehensive overview of the methodological steps, data sources, and references used for the filtering process. The first column describes
the filter performed, while the second column specifies the data type on which the filter is performed. The third column shows the source of the filter,
while the last one describes how these filters are implemented in the international asset pricing literature. Panel A is divided into six categories, each
representing a filter applied to all stocks in a country.

Nr. Short Description Datatype Source Literature

Panel A: Static Filters

F1 Non-common stocks

1. Exclude all stocks with security type code
taking any other value than: ”ORD”, ORDSUBR”,
”FULLPAID”, ”UKNOWN”, ”UNKNOW”, ”KNOW”.

TRAC LS (2021)

The type of security must be equity
(TYPE=EQ)
Ince and Porter (2006),Griffin et al. (2010)
Hanauer (2020),Schmidt et al. (2019)

2. Remove stocks when their expanded Name
includes any country-specific strings
(see column 2 in table 5.8).
I have added keywords from Hanauer (2020)
to the list of abbreviations.

ENAME LS (2021)
Ince and Porter (2006),Schmidt et al. (2019),
Hanauer (2020)

3. Delete stocks by worldwide abbreviations.
There is a list of keywords that are searched
for in the names of all stocks of all countries
(see table 5.9).

ENAME
Griffin et al. (2010)
Hanauer (2020)
Hanauer and Windmüller (2023)

F2 Cross-listed stocks
Use country-specific identifiers displayed in
column 3 of table 5.8 to identify stocks that
are listed in another country.
Germany is a special casea.

ENAME LS (2021)

Securities with ISIN country code
different from the one of the
associated country are disregarded
Hanauer (2020)

F3 Duplicate local codes
Consider only the primary quotations of
a security and remove all stocks which
have a non-unique LOC.

ISINID=P
LOC LS (2021) Hanauer (2020), Schmidt et al. (2019)

F4 Domestic headquarters
Domestic country and the country in which
the security is traded must be the same. GEOGN LS (2021) The literature handles it similarly.

F5 Domestic currency
Remove securities traded in a currency
different from the one of the domestic
currency of each country. For eurozone

PCUR LS (2021) The literature handles it similarly.

countries, pre-euro currencies
and the euro are domestic currencies.

F6 Small countries

Continued on next page
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Table 5.3: Generic filter rules

Nr. Short Description Datatype Source Literature

As all the markets available in Datastream
are taken into account, only a small number
of stocks remained after the static filters
were run in a number of frontier markets
and other countries. Therefore, countries
with less than 30 stocks in the sample
are removed.

LS (2021)
use 20 stocks
threshold

Panel B: Dynamic Filters

F7 Return index data unavailable
Remove all stocks for which there is
no return index data available at any date. RI

LS (2021)
Schmidt et al. (2019).

F8 No longer traded stocks
Remove the tenth and subsequent
padded daily observation, when stocks
have been truncated at their delisting dates.

RI LS (2021)
Remove the second and subsequent
padded monthly observation
Ince and Porter (2006), Schmidt et al. (2019)

F9 Implausibility
Remove stocks when more than 98%
of their non-zero daily returns are either
non-negative or non-positive.

Daily
return LS (2021)

F10 Few zero observations

Securities for which the daily return
is zero in more than 95% of the sample
will be excluded.

Daily
return LS (2021)

Ince and Porter (2006),Hanauer (2020),
Hanauer and Windmüller (2023) delete
monthly observations from the end of the
sample period to the first nonzero return.
Karolyi et al. (2012) exclude stocks
if the number of zero return days
is more than 80% in a given month.

F11 High and Low volatility
Exclude stocks with a daily standard
deviation of more than 40% and less
than 0.01%.

Daily
return LS (2021)

F12 Few daily observations of a stock
Securities which have less than 120 valid
daily observations, will be excluded unless
the stock’s first available observation is
within the last 120 days of the sample.

Date LS (2021)

F13 Staleness

Continued on next page
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Table 5.3: Generic filter rules

Nr. Short Description Datatype Source Literature

If 30 consecutive prices are identical,
all subsequent price observations are
eliminated until the next price change.

P LS (2021)

F14 Outlier errors
If the return on date t is greater than
100% (respectively lower than -50%)
and the return on day t+1 is lower than
-50% (respectively greater than 100%)
then both returns are eliminated.

Daily
return LS (2021)

Ince and Porter (2006),Griffin et al. (2010),
Schmidt et al. (2019),Jacobs (2016),Hanauer (2020),
Hou et al. (2011) set to missing/zero
or delete any return above 300% that
is reversed within one month.

F15 Non trading days

Remove days on which non-missing
or non-zero returns account for less than
0.5% of the total number of stocks
available for each country across all days.

Daily
return LS (2021)

Schmidt et al. (2019) define holidays for each
country when more than 95% of the stocks
in the sample have no daily price change.
Karolyi et al. (2012) define non-trading days as
days on which 90% or more of the stocks listed
on a given exchange have e return equal to zero.

F16 Exclusion of early periods where TDS has survivorship bias or dividend data is incomplete

Country-specific start dates
Start
Date LS (2021)

F17 Adjustment inconsistencies
Remove stock days for which unadjusted
price is more than 5% different to the price
times adjustment factor.

UP
P
AF

LS (2021)

F18 Nonsense values
Remove all stock days for which unadjusted
prices contain zero or negative values. UP LS (2021) Hanauer (2020) delete UP>1000000.

F19 Low prices

Remove stocks from the investment
universe of month t when their UP in
month t-1 is in the lowest quartile of
stocks available on that month.

P LS (2021)

Most researchers exclude “penny stocks”.
Ince and Porter (2006), Hou et al. (2011) drop
observations when the price of the previous
month is less than 1$. Schmidt et al. (2019)
delete stocks for which either the MV is below
the 5% percentile or its UP is below 5%
percentile and the MV is below the 10% percentile
for each month and country.

F20 Abnormal returns
Remove daily returns and the associated
market capitalizations in case of return
spikes (returns >200%).

Daily
return

Hanauer and Windmüller (2023)
Griffin et al. (2010)

Continued on next page
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Table 5.3: Generic filter rules

Nr. Short Description Datatype Source Literature

F21 Return Index has nonsense values
I set daily returns to missing if the
value of the return index in the
previous day is less than 0.000001.

Daily
return
RI

Original filter
Karolyi et al. (2012) set daily/monthly returns
to missing if the RI for either the previous
day or the current day is below 0.01.
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5.4 Reproducibility of Landis and Skouras’s (2021) Filters

In this section, I compare my filtered data set with Landis and Skouras’s (2021) sample. First, I update the

static filters from the literature and extend the list of country-specific keywords to include those from Hanauer

(2020) as described in Table 5.3. Second, I implement a list of global keywords applied across all countries, as

in Griffin et al. (2010) and Hanauer (2020). This list of abbreviations is shown in Table 5.9 in the Appendix.

Third, I update filter F6. Therefore, instead of filtering out countries with less than 20 available stocks after

running the static filter, I exclude countries with less than 30 stocks since some firms are established after the

publication of Landis and Skouras’s (2021) work. Furthermore, if accounting variables are missing for any of

the countries, they are also filtered out.

I create a sample of the stock market of individual countries while manually collecting data on Datastream.

Countries such as the United Arab Emirates, Azerbaijan, Bahamas, Barbados, Bermuda, Cayman Islands, Costa

Rica, Laos, Lebanon, Malawi, Mongolia, Namibia, Panama, Rwanda, Syria, Trinidad and Tobago, Uganda, and

Zambia did not pass F6 (small countries). African countries such as Ghana, Ivory Coast, Tanzania, and

Zimbabwe passed filter F6 in my sample but were not included in Landis and Skouras (2021), except for Ivory

Coast, for which they report 25 firms and the market return for a single day (October 21, 2015). Ivory Coast

passed filter F6 in their sample because it has more than 20 firms, although the time series was too short.

For countries in which a comparison is possible, Figure 5.1 in the Appendix shows the two market returns in

local currency. For countries with a sufficient number of companies listed, the time series of market returns

was strongly correlated, e.g., South Africa in the African sample. For the smaller countries, however, there

were differences in the time series, partly due to discontinuities or other adjustments in the time series that

Landis and Skouras (2021) do not describe in detail. I include a detailed description of the country-specific

inconsistencies in Table 5.4.

It is important to note that after all filters from Landis and Skouras (2021) were applied, they were unable

to remove daily return spikes such as 12,55% (DSCD 131103 ) in Brazil, 799900% (DSCD 130045 ) in the US,

or 2300% (DSCD 149113 ) in Pakistan. E.g., in the US sample, there are 11,460 observations with daily returns

above 200%. Comparing the market return time series with those of Landis and Skouras (2021) and Fama

and French (2012), the correlation coefficient is 0.997, and the cumulative return is shown in Figure 5.2 in the

Appendix. Figures 5.1 to 5.5 in the Appendix show country-specific markets return comparisons to Landis

and Skouras (2021). Although filter F15 controls for extreme returns, which are typically due to errors such

as incorrect stock split adjustments, it does not remove return spikes. Therefore, in the case of return spikes

(returns >200%), I drop returns according to Griffin et al. (2010) and Hanauer and Windmüller (2023). This

filter is most effective for large countries.
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Table 5.4: Inconsistencies with Landis and Skouras’s (2021) data set
The table summarises the anomalies of the country samples after the application of the filters and
discusses the inconsistency with the Landis and Skouras’s (2021) sample (hereafter referred to as LS
(2021)). It also describes the original filters applied where necessary on a country-by-country basis.

Country Comments on the procedure

Panel A: Africa

Mauritius (1) From 2004 to 2008, the sample includes only two firms per month. (2) (LS (2021)) do
not report market returns between 2006-07-10 and 2008-07-25. Therefore, I restrict the
sample starting from 2008-07-25.

Morocco (1) On 15 December 2004, the daily return for the stock with the identifier DSCD 29931D
jumped to almost 17%, while the returns on the days immediately before and after this
date were close to zero. Consequently, this stock’s return for this day is missing.

(2) Daily returns above 50% are also considered as missing.

Tunisia (1) At the beginning of the sample, there are only two firms per month, so the sample
period is limited to December 2005.

(2) Daily returns above 10% are also marked as missing.

Panel B: Americas

Argentina (1) In the early 1990s, returns are abnormal due to the monetary crisis in Latin America.a

Therefore, instead of December 1987, as recommended by LS (2021), I choose to start the
sample on 1994-01-01. Other authors, including earlier (Griffin et al. 2010, Karolyi and
Wu 2012) and more recent studies (Jacobs 2016, Hanauer 2020, Hanauer and Windmüller
2023), also chose not to start before 1994.b

(2) The time series correlate at 0.978 level before adjusting the following two discrepancies.
Two adjustments are made for the stock YPF Sociedad Anonima (ISIN ARP9897X1319,
DSCD 322833 )

(2.1) On 2002-05-06 our market return is −8.32%, while the one from LS (2021) is 0.48%.
There are 42 stocks traded on this day, and YPF Sociedad Anonima has a return of about
−21.2%.

(2.2) On 2009-02-23 our market return is −13.44%, while the one from LS (2021)) is
−0.75%. There are 49 stocks traded on this day, and YPF Sociedad Anonima has a
return of about −21.7%. Therefore, the YPF Sociedad Anonima’s (ISIN ARP9897X1319,
DSCD 322833 ) return and the associated market value are considered as missing on those
days. The correlation coefficient now is 0.986.

(3) The most important discrepancy appears on 2002-01-17 in the USD denominated time
series. I report a market return of about 12.22% while the market return from LS (2021)
is about −42.48%. The returns a day before and a day after are similar. In the time
series from LS (2021) this is the lowest return after 1994. This is due to the monetary
crisis Wessolly and Wienert (2002). So I set daily (USD) returns as missing on that day
and have a correlation coefficient of about 0.987.

Brazil (1) Market value of the stock Marcopolo ON (ISIN BRPOMOACNOR0, DSCD 130209 )
on 1998-06-01 is not correct. The price was divided by 100 and the number of shares by
10, so I scaled the market value by 1/1000. The correlation coefficient between the two
series is 0.963.
(2) From 2005-01-01, the correlation between the two series was 0.998. The correlation was
lower at the sample’s start because of a discrepancy between 1996-12-26. Own market
return is −17.57%, while LS (2021) report 0.23%. The stock Saraiva On with (ISIN
BRSLEDACNOR0, DSCD 883402 ) has at the sample’s start always a total return index
of about 100, and on 1996-12-26 it falls to 0.29 although the number of shares remains
the same. Therefore, I do not perform any other specific filters for Brazil.

Chile On 1995-12-20 market return is −15.63% while the one reported in LS (2021) is about
0.03%. There are 100 stocks on that day available, and the stock with DSCD 322005
has a daily return of −99.14%. Therefore, I set the daily return of the stock and the
associated market return on this day to be missing.

Continued on next page
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Table 5.4: Inconsistencies with Landis and Skouras’s (2021) data set

Country Comments on the procedure

Mexico Similar to Argentina, I restrict the sample’s start to early 1994. In the late 90s and early
2000s, large negative daily returns between −20% and −99% are common because of the
monetary crisis. Therefore, I set daily returns lower than −20% in this period. The
correlation coefficient is 0.97.

US Negative return spikes above -95% are removed, and also, the price for DSCD 867023 is set
equal to the unadjusted price (UP) as it has error values around 172125299999999983626.
The UP series is accurate because multiplying by the number of shares (NOSH) equals
the company’s market value. The correlation coefficient between my market return time
series and the time series from LS (2021) is about 0.997. The filter F20, which removes
returns > 200%, leads to discrepancies between the portfolio value of LS (2021) and my
portfolio values. Therefore, the Figure in 5.2 for US shows the cumulated market return
after applying all the filters in Table 5.3 and the corrections discussed above.

Panel C: Asia

Bahrain It has two official currencies, the Bahrain Dinar and the USD. After running the filters,
I converted all variables to USD. The cumulated market return displayed in Figure 5.3
is only for the stocks traded in USD. The correlation coefficient when all stocks are
considered is 0.62%, whereas only for the stocks in USD, it is 0.97%.

Hong Kong (1) On 1987-10-26, I calculated a market return of -0.34% as a result of the stock market
crash “Black Monday 1987” whereas LS (2021) report -0.018%. The worst decline among
world markets on “Black Monday 1987” was in Hong Kong, with a drop of 45.8%.

(2) The next stock crash was in June 1989, during the Tiananmen Square protests. There-
fore, I eliminated on both these days, 1987-10-26 and 1989-06-05, returns lower than
-0.1%.

Israel During the financial crisis, daily returns are very often over -50%, which leads to more
negative market returns than the one reported from LS (2021). Therefore, all daily returns
lower than -50% from 2010-03-09 are set to missing.

Kuwait (1) The stock with DSCD 68651L has market values that were too large at the beginning
of the time series. From 2009-03-23 to 2009-03-27, the market value was 17,800 million
dollars, whereas after 2009-03-30 market value is about 15,799,990. From 2009-03-23 to
2009-03-27, the total return index is about 100, and after 30/03/2009 is 0.08. Therefore,
the daily return on 2009-03-30 is -0.99%. So, I set market values to missing 2009-03-30 for
the stock with DSCD 68651L. Also, other stocks with DSCD 67989K and DSCD 68093K
have daily returns of -0.99%. Therefore, all returns lower than -0.09% after 2009-03-30
are set to missing.

Oman The stock with DSCD 26932L has on 2009-02-04 a daily return of about -92%. Therefore,
its daily return is set to missing.

Palestine Similar to Bahrain, in Palestine, stocks are traded in local currency and in USD. Therefore,
I convert all variables in USD, and the correlation to the time series from LS (2021) is
approximately 0.83. Given the market time series by LS (2021) is too short, almost two
years, I will not visually compare the cumulated market return in Figure 5.3.

Pakistan The correlation coefficient for both series is 0.99. Although there was a drop on 2008-12-15
in my market return time series, I have a market return of -4.93%, while LS (2021) report
-0.77%. The drop persists after applying the filter from Hanauer (2020) that removes
stocks with higher daily returns than 200%. This continues for 2008-12-22, 2008-12-24,
and 2008-12-29, where returns are mostly negative. Therefore, on these days, daily returns
lower than -1% are set to missing.

Saudi Arabia The correlation coefficient is 0.98. The problem is that I have lower market returns at
the beginning of the time series than LS (2021) because of the smaller number of firms
available. Therefore, all daily returns till 2009-01-01 lower than -1% are set to missing.

Thailand (1) In the late 90s, I report higher market returns than LS (2021). Therefore, I set daily
returns that are higher than 50% till 1999-01-01 as missing.

Continued on next page

186



Table 5.4: Inconsistencies with Landis and Skouras’s (2021) data set

Country Comments on the procedure

(2) Moreover, there is a drop in my market time series of -45% on 2003-10-14 while LS
(2021) report a market return of -1.75%. This is caused by the stock with DSCD 316651,
which has the highest market capitalization and a daily return of -98%. This is caused
by the time series of this stock (DSCD 316651 ), which is interrupted after running the
filters, with only 37 observations in 1993, 2002, and 2003. Therefore, I set the daily return
of DSCD 316651 on 2003-10-14 as missing. The correlation coefficient increases from 0.90
to 0.95. See Figure 5.6 in Appendix to compare to the original time series.

Panel D: Europe

Bosnia and
Herzegovina

The correlation coefficient is 0.97. From 2013, it is 0.95. On 2013-05-15, the difference in
the time series of market returns is 1.85%. The stock with DSCD 77863H has a return
of -21% on that day. Furthermore, 14 stocks have daily returns lower than -50% during
the financial crisis. So, if returns are lower than -50%, they are set to missing.

Bulgaria Figure 5.6 shows this country’s original cumulated market return.

(1) My market return has a drop on 2009-02-06 by -30.17%, whereas the market return
from LS (2021) is -0.6% on this day. This is caused due to the stock with DSCD 30226E,
which has a daily return of -87.06%.

(2) Second drop happened in 2012-06-22 by -21.50%, whereas the market return from LS
(2021) is 0.42%. DSCD 67584C has a daily return of -79.69%, and the next drop was
caused by this stock again on 2012-06-19. These are the two stocks with the highest market
capitalization in the country. Hence, fluctuations in these stocks during the financial crisis
affect mostly the market return. As a result, I set their returns as missing on these days
and also all returns lower than -50% for DSCD 67584C.

Estonia The market return is higher than that of LS (2021) on 2010-01-21 and 2010-01-28. My
daily returns are frequently above 1% for companies with small market caps. Therefore,
daily returns over 1% are adjusted to be missing on these days. See Figure 5.6 in the
Appendix for the original cumulated market return.

Iceland On 2008-12-09, the calculated market return has a drop of about -40.24% whereas LS
(2021) report a market return of -1.23%. The correlation between the time series is about
0.79, and 6 observations in the sample have a daily return lower than -50%. The original
time series is shown in the appendix. I employed here again the filter that removes
negative return spikes lower than -50%. The correlation is now 0.96.

Ireland On 2002-02-04, there is a drop in my calculated market return (-6.29%), and the market
return from LS (2021) is about 6.95% higher. This is caused due to the stock with DSCD
974839, which has very often negative returns lower than -20%. Therefore, returns below
-20% are considered missing for this stock, as are returns below -10% since 01 January
2010.

Lithuania The correlation coefficient is about 0.92. On 2009-01-15, my market return is about
11.96% while the one from LS (2021) is about -0.64%. This is caused due to the stock
with DSCD 685109, which has a daily return of 39.02%, that I set to missing. The
correlation of both series increased from 0.92 to 0.95.

Luxembourg (1) It is the country with the lowest correlation (0.28). The correlation was 0.83 from the
beginning of the series 1994-12-05 to 2000-01-01 and 0.31 from 2000-01-01 to the end of
2015-10-21. On 2000-04-07, the market return is 9.71% while the market from LS (2021)
is -0.06%. This is due to the stock with DSCD 143381, which has a daily return of 24.17%
and is the company with the highest market cap in the country. The market value of this
company will be divided by 100.

(2) Another case occurred on 2002-02-13 when I calculated a market return of -76.47%,
while LS (2021) reported 1.19%. The stock with a daily return of -99.75% on that day,
DSCD 885344, is responsible for the decline. The stock has a short time series with only
27 observations where 99% of these observations are zero daily returns. Therefore, I set
to missing all returns lower than -90% and over 90%. See Figure 5.6 for the original
cumulated time series before these filters were applied. The correlation afterward is 0.86.

Continued on next page
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Table 5.4: Inconsistencies with Landis and Skouras’s (2021) data set

Country Comments on the procedure

Russia In Russia, USD is also accepted as currency, besides the local currency “UR.” Therefore,
the cumulated market return is illustrated after converting all variables into the local
currency first. Later, variables are denominated in USD for the analysis.

Serbia The correlation coefficient between the two series is 0.93. My calculated market return
time series average is 0.036% daily, whereas in LS (2021) is 0.016%. The market return
on 2011-05-18 is 2.89% whereas the market from LS (2021) is -1.07%. Moreover, in April
2010 and Mai 2011, my market return is almost over 1% per day, whereas in LS (2021),
it is negative between -0.2% and -0.9%. The number of stocks in both samples did not
differ significantly during that time. The market return is almost driven by the stock
with DSCD 70005F, which has the country’s highest market cap and a daily mean return
of 0.029%. Since I cannot check which stocks in LS (2021) are used to build the market
return each day, I removed the stock DSCD 70005F for comparison and showed this in
Figure 5.6. Other corrections do not make any significant changes in the correlation and
would lead to more missing observations and fewer stocks available each day. Therefore,
I will not make corrections in the case of Serbia.

Slovakia LS (2021) have not reported the market return for this country, as it did not pass the
static filter. Consequently, the graph in Figure 5.4 only displays the red line, representing
my calculated market return.

Ukraine The correlation coefficient of the two series is 0.60. The calculated market return has
a drop on 2009-01-23 by -66.28% whereas the market return in LS (2021) on this day
is -0.09%. This is caused by the many stocks that have negative returns on this day.
Therefore, I set to missing all daily returns higher than 50% and lower than -50%. The
correlation coefficient of the time series increases to 0.85.

a Figure 5.6 in Appendix shows the market return from LS (2021) and our market return (red line) for Argentina since
December 1987. The huge returns in the late 80s and early 90s are responsible for the abnormal cumulative return.

b Starting date in Hanauer (2020) is 1994-07-29, in Karolyi et al. (2012) 1995-01, while Griffin et al. (2010) recommends
for all emerging markets not to start before 1994 because more emerging markets are thought to have integrated with
world markets by the mid-1990s. On the other hand, Jacobs (2016) and Hanauer and Windmüller (2023) started in
2000 because of the reclassification of the market and the requirement of no missing values for some specific variables.

5.5 Conclusion

Eikon is a widely used database for research on international asset pricing. However, working

with Eikon (Datastream) is not straightforward because there are many issues with international

data that are not necessarily sensible in all countries. Therefore, I thoroughly analyze the

extensive literature on the data preparation process for Datastream data. This paper first

provides an overview of the decisions made in the extraction process concerning stock markets,

stock exchanges, and the time period. Second, I discuss and summarise all the static and

dynamic filters used to improve data quality. Finally, to ensure that the equity data in each

country was properly prepared, I construct the market return from the Fama and French (1993)

three-factor model and compare it to the market return series by Landis and Skouras (2021),

a contemporaneous work on asset pricing research using Datastream.
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5.6 Appendix

5.6.1 Market Factor as Data Screening Benchmark
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Figure 5.1: Africa - market return in local currency
This figure shows the cumulative performance of the daily country-specific market return. The red
line is the market return time series calculated with my Eikon sample. The blue line is the one from
Landis and Skouras (2021). The time period ranges from December 1984 to December 2015.
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Figure 5.2: America - market return in local currency
This figure shows the cumulative performance of the daily country-specific market return. The red
line is the market return time series calculated with my Eikon sample. The blue line is the one from
Landis and Skouras (2021). The black line in Graph h) represents the market return for US from
Kenneth R. French’s website. The time period ranges from December 1984 to December 2015.
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Figure 5.3: Asia - market return in local currency
This figure shows the cumulative performance of the daily country-specific market return. The red
line is the market return time series calculated with my Eikon sample. The blue line is the one from
Landis and Skouras (2021). The time period ranges from December 1984 to December 2015.
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Figure 5.5: Europe - market return in local currency

This figure shows the cumulative performance of the daily country-specific market return. The red
line is the market return calculated with my Eikon sample. The blue line is the one from Landis and
Skouras (2021). The time period ranges from December 1984 to December 2015.
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Figure 5.6: Market return in local currency before adjustments
This figure shows the cumulative performance of the daily country-specific market return. The red
line is the market return calculated with my Eikon sample. The blue line is the one from Landis and
Skouras (2021). The time period ranges from December 1984 to December 2015.
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5.6.2 Eikon Raw Data

Table 5.5: Raw data descriptive statistics
The table shows the raw data of each country from Datastream via Eikon. For each country, I report
the market classification according to MSCI (column 2) at the end of December 2021, the time of
my data processing process, or NA if a country is not part of the MSCI Index. Column 3 shows
the sample start for which Datastream provides return index data as reported in Landis and Skouras
(2021) (hereafter: LS (2021)). Column 4 shows all available stock exchanges. The exchange names
follow the Datastream naming conventions. The stock exchanges in bold are the main stock exchanges
in the country. In the case of the Arab Emirates and China, the major stock exchange is the union of
both highlighted stock exchanges. For Germany, the main exchange is based on a merger of Frankfurt
and Xetra. Columns 5 and 6 report the total number of stocks in my raw sample and in the raw
sample from LS (2021). In Panels A to D, the countries are grouped by region.

Country MSCI
Start
year

Exchange
EXMNEM

No. of
firms

No. of firms
LS (2021)

Panel A - Africa

Botswana SA Feb98 Botswana (BOT) 35 44
Egypt EM Oct94 Cairo (CAI) 1420 1408
Ghana NA Jun00 Ghana (GHA) 52 47
Ivory Coast FM Jan07 Abidjan BRVM (ABJ) 49 42
Kenya FM Jan91 Nairobi (NAI) 95 85
Malawi NA NA Malawi (MQ) 18 15
Mauritius FM Jan98 Mauritius (MAU) 158 111
Morocco FM Jul93 Casablanca (CAS) 196 183
Namibia NA NA Namibia (NAM) 3 75
Nigeria FM Jun00 Nigeria (NSA) 338 307
Rwanda NA NA Rwanda (RW) 7 5
South Africa EM Jan73 Johannesburg (JSE) 1833 1523
Tanzania NA NA Dar El Salaam (ZZ) 23 18
Tunisia FM Jun00 Tunis (TUN) 166 129
Uganda NA NA Uganda (UG) 11 16
Zambia NA Jan11 Lusaka (LUS) 25 24
Zimbabwe SA Apr88 Zimbabwe (ZIM) 144 137

Panel B - Americas

Argentina SA Jan80 Buenos Aires (BUE) 335 311
Bahamas NA NA Nassau (BAA) 3 4
Barbados NA NA Barbados (BAB) 15 10
Bermuda NA NA Bermuda (BDA) 4 6
Bolivia NA NA Bolivian (BOL) 86 1
Brasil EM Jan88 Sao Paolo (BSP), 2818 1142

Rio De Janeiro (RIO)
Canada DM Jan73 TSX Ventures (TSX), Canadian, 18331 12582

National (CN), Alberta (ALB),
Toronto (TSE), Montreal (MON)

Cayman Islands NA NA Cayman Islands (CAY), 4 4
Jersey (JE)

Chile EM Jan88 Santiago (SGO) 678 690
Colombia EM Jan92 Bogota (BOG), Cali Occidente

(XOC),

333 318

Medellin (MED)
Costa Rica NA NA San Jose (BNV) 28 12
Ecuador NA Jan93 Guayaquil (GUA), Quito (QUI) 148 133
Jamaica SA Jun00 Jamaica (JAM) 138 83
Mexico EM Jun82 Mexico (MEX) 864 801
Panama SA NA Panama (PTY) 108 1
Peru EM Jan91 Lima (LIM) 641 627
Trinidad and Tobago SA NA Trinidad (TRN) 28 2
US DM Dec84 NYSE (NYS), NYSE MKT (ASE),

NYSE

61362 51127

Continued on next page
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Table 5.5: Raw data descriptive statistics

Country MSCI
Start
year

Exchange
EXMNEM

No.
of firms

No. of firms
LS (2021)

ARCA (XC), NASDAQ (NAS),
NASDAQ/NMS (NMS), OTC Bulletin
(XBQ), Non-Nasdaq OTC (OTC),

Boston
(BOS), Chicago (MID), Pacific (PSE),
Philadelphia (PHL), BATS (E1)

Venezuela NA Jan90 Caracas (CAR) 166 133

Panel C - Asia Pacific

Arab Emirates EM Jan01 Abu Dhabi (AD), Dubai (DU), 171 168
Nasdaq Dubai (DIF)

Australia DM Jan73 Australia (ASX), 6511 6097
National Stock Exchange
of Australia (NEC)

Bahrain FM Jun98 Bahrain (BAH) 54 56
Bangladesh FM Jan92 Dhaka (DHA) 522 423
China EM Jan91 Shanghai (SHG), Shenzhen (SHE) 6546 3357
Hong Kong DM Jan73 Hong Kong (HKG) 3692 2294
India EM Jan81 BSE (BOM), National India (NSE) 9365 7717
Indonesia EM Apr90 Indonesia (IDX), Tashkent (STE) 1367 988
Iraq NA Jul12 Iraq SE (IQS) 114 88
Israel DM Jan86 Tel Aviv (TAE) 1901 1058
Japan DM Jan73 Tokyo (TKS), Osaka SE (OSE), 6739 5806

Japan OTC (JAS), Sapporo (SAP),
Nagoya (NGO), Fukuoka (FKA)

Jordan FM Jul94 Amman (AMM) 314 306
Kuwait EM Jun00 Kuwait City (KUW) 258 263
Laos NA NA Lao Securities (LO) 12 4
Lebanon SA NA Beirut (BEY) 48 16
Malaysia EM Jan73 Kuala Lumpur (KLS), Kuala

Lumpur 2nd

1873 1561

Board (XKS), MESDAQ (XKM)
Mongolia NA Apr14 Mongolia (UB) 204 142
New Zealand DM Jan86 New Zealand (NZE) 624 599
Oman FM Jun00 Muscat (MUS) 198 173
Pakistan FM Jan88 Karachi (KAR) 1005 874
Palestine SA Nov00 Palestine (PAE) 58 54
Philippines EM Nov76 Philippines (PHS) 596 446
Qatar EM Jan04 Doha (DSM) 59 48
Saudi Arabia EM Dec93 Riyadh (XRY) 294 188
Singapore DM Jan73 Singapore (SES), Singapore Catalist 1623 160

(XSS), Singapore OTC (XCO)
South Korea EM Jan80 Korean SE (KRX), KOSDAQ

(KOS),

5832 3235

Korea New Exchange (KON)
Sri Lanka FM Jan87 Colombo (COL) 487 424
Syria NA Mar11 Damascus (DSE) 27 25
Taiwan EM Sep87 Taiwan (TAI), Taiwan OTC (XTO) 3283 2506
Thailand EM Jan87 Thailand (BKF), Bangkok (BKK) 3018 1632
Vietnam FM Dec06 Hanoi OTC (HNX), Hanoi STC (HST), 1863 996

Ho Chi Minh (XHC)

Panel D - Europe

Austria DM Jan73 Vienna (WBO) 454 431
Azerbaijan NA NA Baku (AJ) 638 171
Belgium DM Jan73 Euronext Brussels (BRU), Antwerp 1060 1147

(ANT), Brussels Terme (XBT)
Bosnia and Herzegovina SA Aug09 Sarajevo (SSE), Banja Luka (BLB) 1051 874
Bulgaria SA Jan97 Sofia (BUL) 717 666
Croatia FM Sep93 Zagreb (ZAG) 623 564
Cyprus NA Dec92 Cyprus (CYS) 275 187

Continued on next page
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Table 5.5: Raw data descriptive statistics

Country MSCI
Start
year

Exchange
EXMNEM

No.
of firms

No. of firms
LS (2021)

Czech Republic EM Jun93 Prague (PRA) 408 395
Denmark DM Jan73 Copenhagen (CSE) 886 807
Estonia FM Jun96 Tallinn (TAL) 68 50
Finland DM Jan87 Helsinki (HEL) 673 561
France DM Jan73 Euronext Paris (PAR), 3684 3521

Bordeaux (BOR), Lyon (LYO),
Marseilles (MAR), Nancy (NAY),
Nantes (NAN), Lille (LIL)

Germany DM Jan73 Frankfurt (FRA), Stuttgart (STU), 7644 48733
Bremen (BRE), Dusseldorf (DUS),
Hamburg (HAM), Hannover (HAN),
Berlin (BER), Munich (MUN),
XETRA (XET)

Greece EM Jan88 Athens (ATH) 637 566
Hungary EM Jan91 Budapest (BUD) 282 217
Iceland FM Jun00 Iceland (ICE) 123 101
Ireland DM Dec64 Dublin (DUB) 352 229
Italy DM Jan73 Milan (MIL) 1293 1092
Kazakhstan FM Jan12 Kazakhstan (KAZ) 193 121
Latvia NA Nov97 Riga (RIS) 129 172
Lithuania FM Apr98 Lithuania (LIT) 239 223
Luxembourg NA Nov76 Luxembourg (LUX) 430 248
Malta SAM Jan01 Malta (MAL) 40 26
Montenegro NA Feb11 Montenegro (MNX) 343 284
Netherlands DM Jan73 Euronext Amsterdam (AMS), 755 975

London OTC (B5),
Amsterdam Unlisted (XAO)

North Macedonia NA Aug09 Macedonia (MAE) 279 189
Norway DM Jan73 Oslo (OSL), Norwegian OTC (NOT) 1147 917
Poland EM Apr91 Warsaw (WAR), 1827 1612

Warsaw Continuous (XWC)
Portugal DM Jan88 Euronext Lisbon (LIS) 376 401
Romania FM Nov95 Bucharest (BSE), RASDAQ (RAS) 1272 1215
Russia EM Sep95 Russian Trading System (RTS), 1950 1352

MICEX (MIS), Moscow (MOS)
Serbia FM Apr09 Belgrade (BEL) 2033 1962
Slovakia NA Dec97 Bratislava (BRA) 1030 1002
Slovenia FM Jan96 Ljubljana (LJU) 452 270
Spain DM Mar73 Madrid (MAD), Barcelona (BAR), 1045 864

Mercado Continuo Espanol (SOE),
Bilbao (BIL), Valencia (VAL)
Madrid SIBE (MC)

Sweden DM Jan73 Stockholm (OME), Aktie Torget 3383 2737
(AK)

Switzerland DM Jan73 Six Swiss (SWX), Basel (BSL), 1586 1877
Geneva (GVA), Berne (BRN)

Turkey EM Jan88 Istanbul (IST) 1006 840
UK DM Dec64 London (LON), NEX Exchange 9510 10860

(NEX)
Ukraine SA Mar06 Kiev (PFT), Ukrainian Exchanges

(UKE),

967 1086

Perspectiva (SEP)
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Table 5.6: Variable definitions
This table describes the variables used throughout the thesis. It shows the abbreviations and descrip-
tions of the Datastream and Worldscope variables via Eikon. These variables are used to construct
the country equity markets and the international Fama and French (1993) three-factor model. The
descriptions of the static and time series variables in panels A and B are based on Thomson Reuters
(2013).

Variable Name Mnemonic Description

Panel A - Static

Base Date BDATE The date from which information on the stock is avail-
able.

Datastream Code DSCD Unique six digit identifier for every stock.

Expanded Security Name ENAME The name of the security or firm.

Datastream Exchange EXMNEM Exchange Mnemonic.

Geographical grouping GEOG Code identifying the home country of the firm.

ISIN code ISIN International Security Identification Number.

Primary Indicator Flag ISINID Indicates if a security is primary (P) or secondary (S)
for the company.

Local Code LOC Identification code based on the official local exchange
code.

Currency PCUR The currency of the price of the underlying security.

Security Type Code TRAC Provides the type of share for each security as defined
by the Thomson Reuters classification system.

Type of Instrument TYPE Indicates the type of instrument.

Panel B - Time Series

Adjustment Factor AF The latest value is always 1 and historic adjustment fac-
tors are accumulated in reverse to stock base date.

Market Book to Value MTBV The market value of the ordinary (common) equity di-
vided by the balance sheet value of the ordinary (com-
mon) equity in the company.

Market value MV Product of closing price and number of shares in issue.
(Displayed in millions of units of local currency.)

Number of Shares NOSH The total number (in thousands) of ordinary shares that
represent the capital of the company.

Opening Price PO The opening price on the day.

Price (Unadjusted), P (UP) Official closing price adjusted (unadjusted) for capital
actions.

Total Return Index RI Shows a growth in value of a share holding using the
annualised dividend yield. Dividends are re-invested
to purchase additional units of an equity at the closing
price applicable on the ex-dividend date.

Turnover by volume VO Number of shares in thousands traded for a stock in a
particular day.

Dividend: Unadjusted Rate
(EX Date)

UDDE The unadjusted individual cash income dividend pay-
ment.

Common Equity WC03501 Represents common shareholders’ investment in a com-
pany.

Date of fiscal year end WC05350 It represents the year, month, and day the company
closes its books at the end of its fiscal period.

Deferred Taxes WC03263 It represents the accumulation of taxes that are deferred
as a result of timing differences between reporting sales
and expenses for tax and financial reporting purposes.

Panel C - Factors

Continued on next page
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Table 5.6: Variable definitions

Variable Name Mnemonic Description

Book-to-market BM Book equity for the fiscal year ending in calendar year
t-1 divided by market equity at the end of December of
t-1.

HML HML High minus low factor return according to Fama and
French (1993).

Market MktRF The value-weighted market portfolio return minus the
risk-free rate (one month U.S. T-bill rate).

Max MAX A stock’s maximum daily return last month, according
to Bali et al. (2011).

Never-Both NMB Factor return of a portfolio containing stocks that were
both daily winners and daily losers last month, accord-
ing to Kumar (2009).

SMB SMB Small minus big factor return according to Fama and
French (1993).
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Table 5.7: Currency Data Series
The table displays exchange rates for 107 currencies provided by WMR/Reuters (WMR) and Barclays
Bank International (BBI), available via Eikon. The first column shows the local currency. Columns
2 and 3 show the DSCD code of the exchange rates against USD and the starting date for each time
series. The last column shows the exchange rate against the Euro. From December 1983 to November
1993, I used the BBI dollar rates. From December 1993 onwards, I use the WMR dollar rates as soon
as they are available. The WMR time series is supplemented by the BBI time series going back to
1994 (Kroencke et al. 2014). Note that since BBI dollar rates are not available for every currency and
the panel of rates covering the period from January 1984 to December 2022 is unbalanced, I decided
to start the analysis after 12/1993.

Currency WMR Dollar BBI Dollar Start Date Euro rate

Panel A - Africa

Botswana Pula BOTSWPI$ 12/1993
Egyptian Pound EGYPTN$ 12/1994
Ghanaian Cedi GHANCE$ 05/1997
Ivory Coast CDIVCF$ 01/2004
Kenyan Schilling KENSHI$ 05/1997
Malawi-Kwacha MALAKW$ 12/1998
Mauritius Rupee MAURRU$ 02/1997
Moroccan Dirham MOROCD$ 12/1994
Namibian Dollar NAMIBI$ 12/1993
Nigerian Naira NIGNAI$ 12/1993
Rwandan Franc RWANDA$ 01/2004
South African Rand COMRAN$ BBZARSP 12/1996 ; 12/1983
Tanzanian Shilling TANSHL$ 12/1998
Tunisian Dinar TUNISD$ 05/1997
Ugandan Shilling UGANSH$ 12/1998
Zambian Kwacha ZAMKWA$ 05/1997
Zimbabwean Dollar ZIMBDO$ 12/2008

Panel B - Americas

Argentine Peso ARGPES$ 12/1993
Bahamian Dollar BAHAMAD 01/2004
Barbadian Dollar BARBADD 01/2004
Bermudan Dollar BERMDO$ 12/1993
Bolivian Boliviano BOLIPE$ 12/1993
Brazilian Real BRACRU$ 06/1994
Canadian Dollar CNDOLL$ BBCADSP 12/1993 ; 12/1984
Chilean Peso CHILPE$ 12/1993
Colombian Peso COLUPE$ 12/1993
Costa Rican Colon CRICAC$ 01/2004
Ecuadorian Sucre ECUASR$ 12/1994
Jamaican Dollar JAMDOL$ 01/2004
Mexican Peso MEXPES$ 12/1993
Panamanian Balboa PANAMA$ 01/2004
Peruvian Sol PERUSO$ 12/1993
Trinidad-Tobago Dollar TTOBDO$ 01/2004
Venezuelan Bolivar Soberano VENEBO$ 12/1993

Panel C - Asia Pacific

Arab Emirates Dirham UAEDIR$ 12/1994
Australian Dollar AUSTDO$ BBAUDSP 12/1993 ; 12/1984
Bahraini Dinar BAHRDI$ 12/1993
Bangladeshi Taka BANTAK$ 12/1993
Chinese Yuan Renminbi CHIYUA$ 12/1993
Hong Kong Dollar HKDOLL$ 12/1993
Indian Rupee INDRUP$ 12/1993
Indonesian Rupiah INDORU$ 12/1993
Iraqi Dinar
Israeli Shekel ISRSHE$ 12/1993
Japanese Yen JAPAYE$ BBJPSP 12/1993 ; 12/1983
Jordanian Dinar JORDIN$ 12/1993
Kuwaiti Dinar KUWADI$ 12/1993
Laotian Kip
Lebanese Pound LEBANE$ 12/1993
Malaysian Ringgit MALADL$ BBMYRSP 12/1993 ; 12/1984
Mongolian Tugrik MONGOT$ 01/2004
New Zealand Dollar NZDOLL$ BBNZDSP 12/1993 ; 12/1984
Omani Rial OMANRI$ 12/1993

Continued on next page
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Table 5.7: Currency Data Series

Currency WMR Dollar BBI Dollar Start Date Euro rate

Pakistani Rupee PAKRUP$ 12/1993
Palestine (Jordanian Dinar) JORDIN$ 12/1993
Philippine Piso PHILPE$ 12/1993
Qatari Riyal QATARL$ 12/1998
Saudi Arabian Riyal SAUDRI$ 12/1993
Singapore Dollar SINGDO$ BBSGDSP 12/1993 ; 12/1984
South Korean Won KORSWO$ 12/1993
Sri Lankan Rupee SRIRUP$ 12/1993
Syrian Pound
Taiwan Dollar TAIWDO$ 12/1993
Thai Baht THABAH$ 12/1993
Vietnamese Dong VIETDN$ 12/1998

Panel D - Europe

Austrian Schilling AUSTSC$ 12/1993 EMATSFR
Azerbaijanian Manat AZERMA$ 01/2004 AZEURSP
Belgian Franc BELGLU$ 12/1993 EMBEFFR
Bosnia-Herzegovina Mark BOSHER$ 01/2004 BOEURSP
British Pound UKDOLLR BBGBPSP 12/1993 ; 12/1983 UKEURSP
Bulgarian Lev BULGLV$ 12/1998 BLEURSP
Croatian Kunaa CROATK$ 05/1997 CTEURSP
Cyprus Poundb USEURSP$ 01/2008
Czech Koruna CZECHC$ 11/1994 CZEURSP
Danish Krone DANISH$ BBDKSP 12/1993 ; 12/1984 DKEURSP
Estonian Kroon ESTOKR$ 05/1997 EOEURSP
Euro USEURSP 12/1998
Finnish Markka FINMAR$ 12/1993 EMFIMFR
French Franc FRENFR$ BBFRFSP 12/1993 ; 12/1983 EMFRFFR
German Mark DMARKE$ BBDEMSP 12/1993 ; 12/1983 DMEURSN
Greek Drachma GREDRA$ 12/1993 GREURSP
Hungarian Forint HUNFOR$ 12/1993 HNEURSP
Icelandic Krona ICEKRO$ 05/1997 ICEURSP
Irish Punt IPUNTEI BBIEPSP 12/1993 ; 12/1984 EMIEPFR
Italian Lira ITALIR$ BBITLSP 12/1993 ; 12/1983 EMITLFR
Kazakh Tenge KAZAKT$ 12/1998 KZEURSP
Latvian Lat LATVLA$ 05/1997 LVEURSP
Lithuanian Lita LITITA$ 05/1997 LNEURSP
Luxembourg Franc LUXFRN$ 12/1993 EMLUFFR
Maltese Lira MALTES$ 12/1998 MAEURSP
Montenegroc USEURSP$ 01/1999 ; 01/2002
Netherlands Guilder GUILDE$ BBNLGSP 12/1993 ANEURSP
North Macedonian Denar MACEDE$ 01/2004 MKEURSP
Norwegian Krone NORKRO$ BBNOKSP 12/1993 ; 12/1984 NWEURSP
Polish Zloti POLZLO$ 01/1995 POEURSP
Portuguese Escudo PORTES$ 12/1993 EMPTEFR
Romanian Leu ROMALE$ 05/1997 RMEURSP
Russian Rouble CISRUB$ 03/1996 RSEURSP
Serbian Dinar SERBDN$ 01/2004 SBEURSP
Slovak Koruna SLOVKO$ 02/1997 SXEURSP
Slovenian Tolar SLOVTO$ 05/1997 SJEURSP
Spanish Peseta SPANPE$ 12/1996 EMESPFR
Swedish Krona SWEKRO$ BBSEKSP 12/1993 ; 12/1984 SDEURSP
Swiss Franc SWISSF$ BBCHFSP 12/1993 ; 12/1983 SWEURSP
Turkey TURKLI$ 12/1993 TKEURSP
Ukraine Hryvnia UKRAHY$ 12/1998 UREURSP

a Croatia adopted the euro as its national currency on January 1, 2023. The local currency
in Eikon was the Croatian Kuna, as data was collected before January 2023.

b On January 1, 2008, the euro became the official currency in Cyprus, replacing the Cyprus
pound (CYP) at the fixed rate of 1 = 0.58527 CYP.

c Montenegro has been using the Euro as its currency since the introduction of the Euro
in 2002.
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5.6.3 Cross-Country and Global Filters

Table 5.8: Country-specific keywords
The table presents the country-specific keywords from the international asset pricing literature (i.e., Ince and Porter 2006, Griffin et al. 2010, Hanauer
2020, Landis and Skouras 2021) that are used to apply static filters. The first column shows the geographical headquarters for each stock market. The
second column lists the keywords in the stock names to identify and exclude non-common stocks by the F1 filter. The keywords in column 3 are used to
identify cross-listed stocks in filter F2, while the fourth column shows the currency string that must appear in a stock’s currency identifier to be included
in the sample for each country. The last column shows the starting date of the stock data for each country as recommended by Landis and Skouras
(2021) in their online Appendix in Table B.4. For those countries where the start date from Landis and Skouras (2021) is missing, I choose a start date
of 2000-01-01.

Country Identifier
(GEOGN)

Keywords
(ENAME)

Cross-listing
Keywords
(ENAME)

Currency
Identifier
(PCUR)

Start Date

Panel A - Africa

BOTSWANA REDEEMABLE (BOT),(BTW) PU 2008-12-01
EGYPT REIT, EDR, NIL PAID (EGYPT),(CAI) E£ 2005-12-01
GHANA DEPOSITORY SHARES (GHA) CT 2010-07-01
COTE D IVORE CX 2010-06-01
KENYA NIL PAID (KENYA),(NAI) KS 2007-12-01
MALAWI (MSW) MK 2000-01-01
MAURITIUS REAL ESTATE INVESTMENT (MAURITIUS),(MAU) MR 2004-06-01
MOROCCO NIL PAID, RDF MD 2002-12-01
NAMIBIA, SOUTH AFRICA FUND (NAM) NR 2000-01-01
NIGERIA REIT, FUND (NSA) NG 2008-12-01
RWANDA (RSE) RF 2000-01-01
SOUTH AFRICA PREFERENCE, CUMULATIVE, FUND, DUPLICATE, RFD, CPF, (JSE) R 1985-12-01

NIL PAID, ETF, N’, OPTS\\., CPF\\., CUMULATIVE PREFERENCE
TANZANIA (DAR) TS 2000-01-01
TUNIS BONUS RIGHTS, FULLY PAID, NIL PAID UD 2005-05-01
UGANDA (UGA) UG 2000-01-01
ZAMBIA DRC (ZAM) K 2011-01-01
ZIMBABWE ZDR, FUND, BOND (ZIM) U, R 1999-12-01

Panel B - Americas

ARGENTINA CFI (BUE) AP 1994-01-01
BAHAMAS U$ 2000-01-01
BARBADOS (BARBADOS) $B 2000-01-01
BERMUDA BBD 2000-01-01
BOLIVIA BP 2000-01-01
BRAZIL UNT, BDR, BRAZIL UNITS, PARTICIPATIONS UNITS, DR3, UNITS, (BSP) C 1994-07-01

DEPOSITORY SHARES, DEP SER, DEP SR, NIL PAID, DR2, CL,
PARTICIPACOES UNITS, PNE, PNG, UNT N2, ON NP, ON NM, NIL PAID,
REPRESENT, PN, PNA, PNB, PNC, PND, PNE, PNF, PNG, RCSA, RCTB

CANADA SUBSCRIPTION RIGHTS, FUND SHARES, INVESTMENT TRUST, (TSX), (VSE), (MON), C$ 1983-12-01
UNIT, EXPD, PROPERTY TRUST, NL(TSX), N L, NL, INCOME TRUST (TSE), (TOR)
UNITS, INCOME COMMERCE, EXPIRY, NL ORDINARY, COMMERCE
PAR, DEFERRED, EXPIRED, CDN, INCOME FUND, SUBSCRIPTION

Continued on next page
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Table 5.8: Country-specific keywords

Country Identifier
(GEOGN)

Keywords
(ENAME)

Cross-listing
Keywords
(ENAME)

Currency
Identifier
(PCUR)

Start Date

RECEIPTS, RECEIPT, RIGHTS, SUB VOTING, TRUST UNIT,
TRUST UNITS, MBS TRUST, BOND FUND, PARTNERSHIP UNIT,
PARTNER UNIT, REIT, FUND UNITS, INCOME FUND, LOAN FUND,
RIGHTS, CONVERTIBLE FUND, PREFERENCE SHARES, COMBINED UNITS,
”IDS”” UNITS”, ” SPLIT”, REDEEMABLE, DIVIDEND FUND, TOTAL RETURN,
DEBENTURE, WARRANT, CREDIT FUND, “ ETF”, STAPLE, INDEX NOTES,
“ TR UNIT”, “NOTES”, “ LINKED”, CUMULATIVE, EXCHANGE CERTIFICATE,
APPRECIATION FUND, INCOME TRUST, REAL ESTATE INVESTMENT TRUST,
MORTGAGE INCOME FUND, REAL ESTATE FUND, HIGH INCOME MORTGAGE
FUND, “NOTES”, PRIN PROTECTED, PRESERVATION LISTED FUCOMMERCIAL
REIT, REDEEMABLE UNITS, REAL ESTATE UNITS, INFRASTRUCTURE
FUND TRUST UNIT, STRATEGY FUND, INCOME REIT, FINANCIAL TRUST,
“ SERIES”, REAL ESTATE INVESTMENT, ALLOCATION TRUST, “ BACKED”,
ADVANTAGED, RECOVERY FUND, LOAN FUND, SENIOR LOAD FUND,
PROPERTY SERIES, OFFERED SHARES, “ CDA”, “ CNQ”, PROPERTY TRUST,
“ EQUITIES”, FAMILY CORE FUND, FAMILY CORE CLASS, SUBSCRIPTION
RECEIPTS, MBS TRUST, UNIT PARTNERSHIP, “ REIT LP”, PARTICIPATING
SECURITIES, CANADIAN FUND, EQUITY FUND, CONVERTIBLE FUND,
DEBANTURE, “ CONVERTIBLE”, FOCUS FUND, SPLIT PRIORITY SHARES,
“ SPLIT”, NIL PAID, TOTAL RETURN TRUST, BALANCED FUND,
CREDIT FUND, VOTING RIGHTS, VOTING SHARES, “ UNT ”, EXCHANGEABLE,
SPLITSHARE, VTG\\., SBVTG\\., VOTING, SUB VTG

CAYMAN ISLANDS CD 2000-01-01
CHILE RTS , RIGHTS, OSA, EXPIRED (SGO) CE 1994-01-01
COLOMBIA PRNC, PREFERENCIAL, ESP (BOG) CP 1996-12-01
COSTA RICA CC 2000-01-01
ECUADOR NRFD, PREFERIDAS, SUCRE, SERIE SU, U$ 2009-12-01
JAMAICA INVESTMENT TRUST (JAM) J$ 2008-05-01
MEXICO REIT, DE CV, DE C V, EXPD, ETF, NPV, BCP, SERIES, ENR, NIL PAID, ’L’, ’C’ (MEX) MP 1994-01-01
PANAMA £ 2000-01-01
PERU EXPIRED,RIGHTS,NIL PAID, SERIES, XXXX (LIM) PS 1994-01-01
TRINIDAD + TOBAGO T$ 2000-01-01
UNITED STATES TRUST, REPR , RIGHT, SERIES, NV, IV TST, REAL ESTATE INVESTMENT, (NYS),(NAS),(ASE), U$ 1984-12-01

REALTY, RLTY, ROYALTY INVESTMENT, ASSET INVESTMENT, CAPITAL (OTC),(XSQ),(XQB)
INVESTMENT, ASSET MANAGEMENT, CAPITAL MANAGEMENT, INVESTMENT
MANAGEMENT, VENTURE CAPITAL, FINANCIAL SHBI, PROPERTY INVESTORS,
INCOME PROPERTY, UNITS, UNIT, LIMITED PARTENERSHIP, FUND, EQUITY
PARTNERS, LIMITED VOTING, SUB VOTING, TIER ONE SUB,VARIABLE VOTING,
NON VOTING, REIT, RESIDENTIAL,R E I T, BENEFICIAL, BENEFICIARY,BENEFIT
INTEREST, BEN INTEREST, SH BEN INT, WARRANT,WRTS, L P, L P INTEREST,
LP UT , HOLDINGS LP, PARTENERS UNIT, PART INT, UNIT PARTENERSHIP,
UNIT LIMITED, MORTGAGE, REAL ESTATE, CERTIFICATE, NO PAR VALUE,
HOLDING UNIT, BACKED, STD MIN, CORTS, TORPS, TOPRS, SECURITIES
TRUPS, QUIPS, STRATS, HIGH YIELD, TOTAL RETURN, DIVERSIFIED HOLDINGS,
(SICAV), DEPOSITARY, DEPOSITOR, RECEIPT, REP & SHARES, GLOBAL SHARES,
ADR, GDR, EXPD., EXPIRED, DUPLICATE, CONVERTIBLE, CNVRT., CONVRT.,
EXCH., DEBANTURE, (DEB), NIL PAID, STRUCTURED ASSET, CALLABLE,
FLOATING RATE, ADJUSTABLE, REDEEMABLE, PAIRED CTF, CONSOLIDATED,
INSURED, CAPITAL SHARES, DEBT STRATEGIES, LIQUIDATING, LIQUID UNIT,
L UNIT, - LASD, ACQUISITION, CAP UNIT, INCOME UNIT, PREFERRED

VENEZUELA OPTC (CAR) VO, VB 1994-12-01

Continued on next page
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Table 5.8: Country-specific keywords

Country Identifier
(GEOGN)

Keywords
(ENAME)

Cross-listing
Keywords
(ENAME)

Currency
Identifier
(PCUR)

Start Date

Panel C - Asia

ABU DHABI NIL PAID, ADS (DIF),(DFM),(ADH) ED,U$ 2006-12-01

AUSTRALIA STAPLED, FULLY PAID, INDUSTRIAL FUND, SECURITIES FUND, DEFERRED, (ASX) A$ 1987-12-01
CHESS, DEPOSITORY INTEREST, RESTRICTED, PARTLY PAID, ABSOLUTE
RETURN FUND, INCOME TRUST, PROPERTY TRUST, OPT DEF, PROPERTY
GROUP, TRUST, REIT, SHARE FUND, PROPERTY FUND, DELAWARE, INDUSTRIAL
TRUST, OFFICE TRUST, RENTS TRUST, RETAIL TRUST, DUPLICATE, % CN, DEF,
CDI, DEMERGED, SHAREHOLDERS FUND, RTS, YIELD FUND, EXPIRED, FUND,
PARTLY PAID, TRUST INCOME, RESETTABLE, PREFERRED, FLOATING RATE
FUND, OPPORTUNITIES FUND, RECEIPTS, TOTAL RETURN FUND, STAPLED,
PREFERENCE SHARE, EQUITY FUND, NIL PAID, UNIT TRUST, DIVERSIFIED,
SHARE FUND, PAID, RECEIPTS, CVR, PART PAID, RTS DEF, DEF SETT, CDI

BAHRAIN (BAH) BH, U$ 2009-12-01
BANGLADESH MUTUAL FUND, CF,MUTUAL FD, MF (BD) TK 2004-12-01
CHINA OAO, ’B’ (SHG),(SHZ),(HAN) CH 1999-12-01
HONG KONG NIL PAID, LEGAL SHARES, DEPOSITORY RECEIPTS, INVESTMENT TRUST, (HKG) K$ 1984-12-01

DEFERRED, H SHARES, HDR

INDIA IDR, DUPLICATE, DVR, PREFERENCE SHARES, FB DEAD, FOREIGN BOARD (NSE) IR 1997-12-01
INDONESIA DUPLICATE, FB, TBK, TBL (JKT) RI 1993-12-01
IRAQ ID 2012-07-01
ISRAEL DUPLICATE, PARTNERSHIP, L LIMITED, TRUSTS INVESTMENTS LIMITED, (TAE) I£ 1997-12-01

NIL PAID, REIT, P1, 1, 5

JAPAN REIT, DUPLICATE, REAL ESTATE INVESTMENT, FUND, NIL PAID, RIGHTS, (TKS) Y 1990-12-01
EXPIRED, PREFERENCE

JORDAN NIL PAID, REIT JD 2006-12-01
KUWAIT FUND, REAL ESTATE KD 2007-12-01
LAOS LK 2000-01-01
LEBANON PR U$ 2000-01-01
MALAYSIA REIT, REAL ESTATE INVESTMENT TRUST, PREFERENCE SHARE, RESTRICTED, (KLS) M$ 1995-12-01

NIL PAID, PREFERENCE SHARES, DUPLICATE, CUMULATIVE, ’A’

MONGOLIA MT 2014-04-01
NEW ZEALAND RIGHTS, INCOME FUND, SERIES, SHAREHOLDERS FUND, PROPERTY TRUST, (NZE) Z$ 1987-12-01

STAPLED, RTS, RECEIPT, NIL PAID, CONVERTIBLE, PREFERRED, RTS, RIGHTS

OMAN NIL PAID, FUND UNSUPPORTED OR 2005-12-01
PAKISTAN MUTUAL FUND, NIL PAID, FUND, MUTUAL (PAK.),(PAKISTAN) PR 1994-12-01
PALESTINE JD, U$ 2013-12-01
PHILIPPINES PDR, UNIT= (PHS) PP 1990-12-01
QATAR REIT Q 2007-12-01
SAUDI ARABIA RTS, NIL PAID SR 2005-12-01
SINGAPORE REAL ESTATE INVESTMENT, FUND, TRUST, NCPS, NCCPS, SGD, INVTRUST, (SES) S$ 1987-12-01

SDS, DEPOSITORY, DUPLICATE, NIL PAID, FULLY PAID, REIT

SOUTH KOREA ( 2P ), 1PB , 2PB, 3PB , 1P, REIT, PF2, FUND, REAL ESTATE INVESTMENT, 1PF, KW 1994-12-01
1PFD, KDR, NIL PAID, (DETACHED)

SRI LANKA NIL PAID , NON VOTING (LANKA) CR 2010-12-01
SYRIAN ARAB REPUBLIC Y£ 2011-03-01

Continued on next page
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Table 5.8: Country-specific keywords

Country Identifier
(GEOGN)

Keywords
(ENAME)

Cross-listing
Keywords
(ENAME)

Currency
Identifier
(PCUR)

Start Date

TAIWAN TDR, REAL ESTATE INVESTMENT, REIT, ETF, (DETACHED), CONV. (TW.),(TAIWAN) TW 1996-12-01
THAILAND FB, PROPERTY FUND, DR1:1, FUND, REAL ESTATE INVESTMENT, NVDR, (THAILAND),(THAI.), TB 1988-12-01

NIL PAID, DUPLICATE, UNITS (BANGKOK)
VIETNAM VD 2007-01-01

Panel D - Europe

AUSTRIA CERTIFICATE, ZT , NK5 , DUPLICATE, PARTICIPATION CERTIFICATE, CERT, (WBO) AS, E 1991-12-01
VI , REIT , % S , NIL PAID, PC, PARTICIPATION CERTIFICATE, GENUSSSCHEINE,
GENUSSCHEINE

AZERBAIJAN AM 2000-01-01
BELGIUM STR , STR VV , STRIP, STRIPS, VVPR, CERTIFICATE, CERT, PC , CNP , IDR, UNITS, (BRU) BF, E 1991-12-01

DELAWARE, ST VV, CS 1, STRIP VV PR, FULLY, CVA, RNC, RIGHTS, REIT, VVPR,
CONVERSION, STRIP

BOSNIA AND BO 2009-12-01
HERZEGOVINA
BULGARIA FUND, REIT, NIL PAID BL 2005-12-01
CROATIA PREFERENCE SHARES, PIF KA 2005-12-01
CZECH REPUBLIC (PRA) CK 1995-12-01
CYPRUS NIL PAID, RTS (CYP) CY, E 2009-12-01
DENMARK NIL PAID, REGD CERT, \\)CSE\\) (CSE) DK 1987-12-01
ESTONIA ADDITIONAL SHARE, NRFD, TUIENDAV AKTSIA EK, E 2009-12-01
FINLAND FDR, SUBSCRIPTION RECEIPT, SALES RIGHTS, USE (HEL) M, E 1987-12-01
FRANCE CERTIFICATE, DELAWARE, LIMITED DATA, BONUS RIGHTS, BDR, (PAR) FF, E 1981-12-01

SPA, PREFERRED, STOCK DIVIDEND, SPA RP, AFV , NIL PAID,
NV , NRFD , NR , CVA , DROIT DE VOTE, PS , NIL PAID, ADP, FDR,
CI, SICAV, \\)SICAV\\), SICAV

GERMANY REIT, SWAP, GENUSSSCHEINE, PREFERENCE, NPV, NIL PAID, BONUS RIGHTS, (FRA), (STU), (HAM), DM, E 1988-12-01
GS, PF, SUB RIGHTS, CDI, RSP, DEPOSITORY RECEIPTS, UNIT, CHESS DEPOSITORY (DUS), (MUN), (XET)
INTEREST, DEFERRED, PARTICIPATE CERTIFICATE, LIMITED PARTENERSHIP,
GDRS, TRUST, REFINERY, GENUSSCHEINE , STAFFSHARES , DUPLICATE

GREECE PR ,UNITS, PREFERENCE (ATH) DR, E 1995-12-01
HUNGARY UNITS, TRUST (BUD) HF 1999-12-01
ICELAND (ICE) IK 2005-12-01
IRELAND DUPLICATE, FUND, UNITS, REIT (DUB), (IEX), (ESM) I£, E 1989-12-01
ITALY RSP, CONV RTS, NIL PAID, SUB RIGHTS, BONUS RIGHTS, RIGHTS, RP, RCV, (MIL) L, E 1988-12-01

NRFD, FULLY PIAD, ETN, RNC, PRIVILEGIES
KAZAKHSTAN PREFERENCE LIMITED, PREFERENCE SHARES (KAZ) KT 2013-12-01
LATVIA FB LV, E 2009-12-01
LITHUANIA LT, E 2007-12-01
LUXEMBOURG IDR , DEPOSITARY RECEIPT, DEPOSITARY, EDR, VVPR, DELAWARE, EDR, (LUX) MC 1994-12-01

CDR, FDR, CERT, GDR, BDR
MALTA (MALTA), (MAL.) M£, E 2004-03-01
MONTENEGRO E 2012-12-01
NETHERLANDS CERTIFICATE, DUPLICATE, DEPOSITARY, BONUS RIGHTS, % STOCK , CERT, (AMS), (FL) FL, E 1986-12-01

CERTS, TRUST INCOME, STRIP, CT, DUPL, UNITS, SPA, STRIP VVPR, PREFERENCE,
CERTIFICATE, CERTIFICATES, CERTIFICATES\\), STK\\.

NORTH MACEDONIA MC 2009-12-01
NORWAY DUPLI, NEW SHARES, NIL PAID (OSL) NK 1986-12-01
POLAND NIL PAID (WAR) PZ 1995-12-01

Continued on next page
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Table 5.8: Country-specific keywords

Country Identifier
(GEOGN)

Keywords
(ENAME)

Cross-listing
Keywords
(ENAME)

Currency
Identifier
(PCUR)

Start Date

PORTUGAL BONUS RIGHTS, NIL PAID (LIS) PE, E 1991-12-01
ROMANIA (BSE) RL 2008-12-01
RUSSIAN FEDERATION PREF, TRAST, RDP, PREFERENCE, PREF. UR, U$ 2004-12-01
SERBIA CF YD 2009-12-01
SLOVAKIA FOND, VP, POV P, PP, LINKV, ZSP KK, E 2007-12-01
SLOVENIA TO, E 2005-12-01
SPAIN NIL PAID, BONUS RIGHTS, BONUS RIGHT, BUNUS RIGHTS, SHARES, (MAD) EP, E 1992-12-01

LIMITED DATA, CPO
SWEDEN SDB, UNIT, NIL PAID REDEMPTION, REDEMP, SDR, FULLY PAID, RFD, (OME), (XSQ) SK 1986-12-01

INTERIM SHARE, RIGHTS, DEPOSITARY, RECEIPTS, SR 1, RFD, CONVERTED
INTO, USE, CONVERTED-, CONVERTED - SEE

SWITZERLAND WHEN ISSUED, CERTIFICATE, DELAWARE, SERIES, REAL ESTATE FUND, (SWX), (BRN) SF 1982-12-01
CERT, DUPLICATE, UNITS, BOND, BONUS RIGHTS, REAL ESTATE IFCA,
PROPERTY FUND, MIXED, REIT, COMMERCIAL FUND, DRC, CONVERTED INTO,
CONVERSION, CONVERSION SEE

TURKEY CERT, NRFD, NIL PAID, FULLY PAID (IST) TL 1994-12-01

UNITED KINGDOM FUND, TRUST, NIL PAID, STOCK UNIT, ANNUITY UNIT, UNIT £, UNIT TRUST, (LON), £ 1984-12-01
UNITS, ZDP, REIT, POST RED, DEPOSITARY, RECEIPT, INTERIM SHARES, (UNITED KINGDOM)
REEDEMABLE, PREFERENCE, INVESTMENT TRUST, ADR, FULLY PAID, PARTLY
PAID, BDR, NRDF, DEFERRED, PAID, CONVERSION TO, NON VOTING,CONVERSION ’A’

UKRAINE CF , FUND, CLOSED FUND KB 2006-12-01210



Table 5.9: Global filter keywords
The table reports the global keywords, mainly following Griffin et al. (2010), Hanauer (2020), and Ince
and Porter (2006), which are searched for in the names of all stocks of all countries. These strings are
screened in stock names in all countries. The stock is removed from the sample if a string is found in
the stock name.

Non common-equity Keywords

Duplicates DUPLICATE, DUPL, DUP, DUPE, DULP, DUPLI,
1000DUPL, XSQ, XETa

Depository Receipts ADR, GDR, AMERICAN DEPOSITARY RECEI

Preferred Stock PREFERRED, PF, PFD, PREF, ’PF’, PRF

Warrants WARRANT, WARRANTS, WTS, WTS2, WARRT, WARR

Debt DEB, DB, DCB, DEBT, DEBENTURES, DEBENTURE ,

Unit Trusts RLST IT, INVESTMENT TRUST, INV TST, UNIT TRUST,
UNT TST, UNITS, TST UNITS, TRUST UNIT, TST UNIT,
.IT, .ITb, TST, RLST IT, TRUST, UNIT, UNT, UT, TRUST
UNITS, TST UNITS

ETFs AMUNDI, ETF, INAV, ISHARES, JUNGE, LYXOR, X-TR

Expired securities EXPD, EXPIRED, EXPIRY, EXPY

Miscellaneous (from
Ince and Porter (2006)) ADS, BOND, CAP.SHS, CONV, DEFER, DEP, DEPY,

ELKS, FD, FUND, GW.FD, HI.YIELD, HIGH INCOME,
IDX, INC.&GROWTH, INC.&GW, INDEX, LP, MIPS,
MITS, MITT, MPS, NIKKEI, NOTE, OPCVM, ORTF,
PARTNER, PERQS, PFC, PFCL, PINES, PRTF, PTNS,
PTSHP, QUIBS, QUIDS, RATE, RCPTS, REAL EST, RE-
CEIPTS, REIT, RESPT, RETUR, RIGHTS, RST, RTN.INC,
RTS, SBVTG, SCORE, SPDR, STRYPES, TOPRS, UTS,
VCT, VTG.SAS, XXXXX, YIELD, YLD
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und die Quellen nach den mir angegebenen Richtlinien zitiert.

Ort, Datum Unterschrift

219


