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Abstract

The proliferation of return predictors has raised concerns about multiple test-
ing, p-hacking, and out-of-sample performance. While most evidence comes
from developed markets, Emerging Markets (EM) provide a demanding out-
of-sample environment, where many factors were not originally proposed and
face harsher inferential conditions. This paper revisits existence, magnitude,
and robustness of asset-pricing discoveries through multiple-testing adjust-
ments and hierarchical modeling.

We examine three questions: whether alphas persist after multiple-testing
correction, whether hierarchical theme-based modeling improves inference,
and whether these approaches enhance out-of-sample portfolio performance.
Using an EM equity panel, we consider frequentist controls and Bayesian
hierarchical models, which are embedded in walk-forward backtests.

Results show that only a limited set of themes delivers robust alphas.
Hierarchical models reveal economically meaningful theme-level effects while
supporting more parsimonious inference. Portfolio-wise, ignoring multiple
testing harms performance, while overly conservative frequentist corrections
raise risk. FDR-based and hierarchical Bayesian approaches provide a more
balanced, economically meaningful framework.
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1. Introduction

Over the past three decades, the empirical asset pricing literature has
documented a vast number of return predictors, commonly referred to as the
factor zoo (Cochrane, 2011). While many of these factors ' are individually
statistically significant, their joint interpretation raises a fundamental infer-
ential challenge: when hundreds of hypotheses are tested in parallel, standard
significance thresholds mechanically generate false discoveries.

A large body of recent research has shown that many documented anoma-
lies exhibit substantial post-publication decay, particularly in developed mar-
kets, suggesting that a non-trivial fraction of reported results may reflect data
mining, specification search, or crowding effects rather than persistent risk
premia (McLean and Pontiff, 2016; Jacobs and Miiller, 2020). Several struc-
tural features of the literature are appointed as reasons for this problem:
strong incentives for publishing new “discoveries” rather than replications,
the combination of expanding computational power with relatively limited
datasets, and the absence of a clear Popperian-style causal framework for
observational empirical research. Collectively, these factors contribute to a
phenomenon often described as p-hacking, undermining the credibility of re-
ported factor premia and motivating a credibility crisis in the asset pricing
literature (Harvey et al., 2016; De Prado, 2023; Jensen et al., 2023). As a
result, controlling for false discoveries has become a central concern in mod-
ern asset pricing, with proposed solutions ranging from frequentist error-rate
control and Bayesian shrinkage to the application of causal methods.

It is important to notice that, although a widely discussed topic, the sever-
ity of the p-hacking problem is an ongoing discussion. Some authors argue
that the factor zoo should be viewed under a hierarchical structure as a col-
lection of themes with a higher concentration of academic effort around those
with strongest evidence and more plausible theoretical foundations. Given
the inherent noise of returns and measurement errors, a partial pooled hier-
archical structure should represent a better description of the factor zoo and
some frequentist multiple testing adjustments might have the consequence of

LA "factor" is often viewed as a common risk source that explain cross-sectional returns
through risk premia, rewarding investors for their exposure, while an "anomaly" offers
higher average returns regardless of risk exposures. In the present paper, we will not be
strict to such definitions, viewing both factors and anomalies more generally as expected
return predictors.



significantly increasing Type II error rate and reducing diversification across
individual signals (Aghassi et al., 2023; Chen, 2022; Jensen et al., 2023).

In this context, Emerging Markets (EM) offer a particularly relevant and
underexplored laboratory for studying the factor zoo. First, most prominent
equity factors were originally proposed and validated in developed markets,
especially the U.S., making EM a natural out-of-sample environment to as-
sess their external validity. Second, EM are characterized by noisier data,
shorter effective samples, higher idiosyncratic volatility, and greater struc-
tural heterogeneity, all of which exacerbate the multiple-testing problem and
raise the cost of false discoveries. Third, recent evidence suggests that fac-
tor crowding and post-publication decay are substantially weaker outside the
U.S., implying that EM may have specific dynamics and preserve econom-
ically meaningful factor premia even when developed-market evidence has
attenuated (Jacobs and Miiller, 2020). Together, these features make EM
an ideal setting for re-assessing the existence, magnitude, and robustness of
factor alphas under disciplined inferential frameworks.

This paper addresses three closely related questions. First, do factor
alphas exist in Emerging Markets, and if so, what is their economically rel-
evant magnitude once multiple testing is properly accounted for? Second,
does a hierarchical view of the factor zoo, recognizing that individual signals
belong to broader thematic groups, improve statistical inference relative to
treating factors as independent hypotheses? Third, can such hierarchical and
multiple-testing-aware frameworks be translated into superior out-of-sample
portfolio performance through disciplined factor selection strategies?

To answer these questions, we develop a framework that considers both
frequentist and Bayesian approaches to multiple testing, while also allow-
ing a hierarchical modeling of CAPM alphas. In this context, we evaluate
both standard no-pooling anomaly-by-anomaly and partial pooled hierarchi-
cal regressions, alongside multiple-testing adjustments that control either the
family-wise error rate (FWER) or the false discovery rate (FDR). On the hi-
erarchical side, we estimate Bayesian and frequentist models in which factor
alphas are partially pooled within economically motivated themes, allowing
information to be shared across related signals while naturally regularizing
extreme estimates. For the Bayesian case, we consider both conservative
and informative prior specifications, the latter designed to reflect external
global factor evidence, especially helpful to stabilize inference in data-scarce
environments such as EM.

A central conceptual contribution of the paper is to explicitly link sta-



tistical inference to economic relevance. Rather than evaluating factor sig-
nificance in isolation, we embed each model’s correspondent selection rule
(frequentist or Bayesian) into a walk-forward, expanding-window backtest-
ing framework. At each rebalancing date, factors are selected based solely
on information available at that time, portfolios are formed using transpar-
ent weighting schemes, and performance is evaluated strictly out-of-sample.
This design allows us to assess not only whether different inferential frame-
works reduce false discoveries, but also whether they lead to economically
meaningful improvements in realized returns, risk, and drawdown behavior.
Additionally, our hierarchical framework is also an important contribution,
as we model theme-specific intercepts and slopes in a specification that is rel-
evant to the notion of factors being depicted as collections of distinct themes,
recognizing that both alpha and market exposures vary across themes, a spec-
ification that is supported by the data. In particular, the Bayesian versions
of this model are especially relevant in an EM data-scarce context.

Our analysis is based on a large-scale panel of equity data covering mul-
tiple EM regions over a long sample period. The dataset spans thousands
of stocks and several hundred factor signals, organized into economically
motivated themes, and is evaluated across four regions: the full aggregated
Emerging Markets universe, the Americas, APAC, and EMEA. This regional
decomposition allows us to assess both the global robustness of factor premia
and meaningful cross-market heterogeneity. By combining breadth across sig-
nals with depth across time and geography, the data provide a demanding
environment to evaluate the existence, stability, and economic relevance of
factor alphas under alternative inferential frameworks.

Our results show that the factor premia that emerge most robustly in
Emerging Markets are precisely those that occupy a central position in the
asset pricing literature and also have a higher number of proposed causal
mechanisms (Aghassi et al., 2023). Across regions, themes related to value,
profitability, quality, profit growth, and momentum consistently display pos-
itive and economically meaningful alphas, while more peripheral themes ex-
hibit weaker and less stable behavior. Organizing the factor zoo around eco-
nomically coherent themes offers a substantially more structured and parsi-
monious framework than suggested by the proliferation of individual signals,
with some theme-level results contradicting factor-level tests. Empirically,
both alphas and market exposures vary systematically across themes, and
hierarchical specifications receive strong support from the data. Finally,
linking inference to out-of-sample portfolio performance shows that ignor-
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ing multiple testing generally leads to inferior outcomes, while excessively
conservative corrections increase risk. Methods that balance false discovery
control and information pooling, such as FDR-based procedures and hierar-
chical Bayesian models with informative priors, offer a middle ground, deliv-
ering more stable inference and superior risk-adjusted performance in several
regions. Overall, out-of-sample improvements are not universal and depend
on both geography and individual preferences.

2. Literature Review

2.1. P-hacking

The asset pricing literature has been going through considerable contro-
versies, given the widespread discovery of hundreds of factors in the context
of the factor zoo (Cochrane, 2011).

The usual methods for testing factors or anomalies consist of running
Fama-MacBeth 2-step regressions or building characteristics-based portfolios
and then running regressions against benchmark factor models. Researchers
then apply single t-tests on risk premiums or alphas in order to evaluate
statistical significance, usually applying a 5% threshold (Goyal, 2012).

Harvey et al. (2016) highlight a central concern in this literature, men-
tioning that the high number of documented factors is caused by a p-hacking
explanation caused by publications biases. Because non-discoveries and repli-
cation studies are often difficult to publish and attract limited attention,
researchers are incentivized to test many specifications until statistically sig-
nificant results emerge. As the number of tests increases, so does the expected
number of Type I errors, causing nonexistent factors to appear statistically
significant and generating false discoveries (Harvey, 2017). In fact, economics
and business are among the fields with the lowest publication rates for non-
significant findings (Fanelli, 2010).

Harvey et al. (2016) support this explanation by showing that, in their
compilation of factor studies, the number of ¢-statistics between 2.0 and 2.57
is nearly identical to those between 2.57 and 3.14, with very few observations
below 2.0, a pattern consistent with selective reporting. Relatedly, Harvey
(2017) notes that, if anomalies were genuine, their discovery rate should
decline over time, as the most obvious anomalies and factors tend to be
discovered early. However, the number of published discoveries has risen
sharply.



Importantly, this phenomenon is not unique to finance. Using hundreds of
thousands of confidence intervals from Medline (PubMed), Barnett and Wren
(2019), as processed into z-values by van Zwet and Cator (2021), document
a similarly distorted distribution. Along the same lines, Ioannidis (2018)
report that over 90% of published p-values are below 0.05, an outcome that
is statistically implausible, with further evidence provided by Head et al.
(2015).

This environment leads to systematic overestimation of effect sizes and
overly narrow confidence intervals, a phenomenon known as the winner’s
curse. The publication-driven “significance filter” biases estimates upward,
with the magnitude of this bias decreasing in statistical power: it is most
severe when true effects are small and standard errors are large, conditions
that are common in asset pricing due to low signal-to-noise ratios (loannidis,
2018; van Zwet and Cator, 2021).

Although only recently mainstream in asset pricing, this scientific problem
is not new. Several decades ago, Rozeboom (1960) argued that statistical
inference had become a procedural tool aimed at achieving a goal through
null-hypothesis testing, creating a "null-hypothesis test" dogma. This dogma
reduces the cognitive process of believing in a hypothesis to a binary decision
based on an arbitrary threshold applied to a single observational design,
thereby undermining the role of criticism in science.

Meehl (1978) expanded this critique, arguing that the dominance of sig-
nificance testing provides little insight into underlying mechanisms or gen-
uine theoretical falsification, a point made in the asset pricing context by
De Prado (2023). Although Meehl (1978) focused on psychology, his argu-
ments readily extend to asset pricing. Financial research has widely adopted
Fisher’s null-hypothesis framework while often neglecting Popper’s view that
scientific progress requires theories with falsifiable predictions. Even worse,
asset pricing theories are frequently built inductively to match observational
evidence (Maiti, 2019).

A central point in Meehl (1978) is that the null hypothesis is almost al-
ways false in practice. Outcomes depend on many small causal inputs that
are never perfectly balanced between groups, making a zero-difference null
rarely realistic (Cohen, 1994). With enough data, even tiny effects with no
economic meaning will eventually reject the null, offering little in terms of
Popperian refutation. Moreover, measurement error and model misspecifica-
tion can easily generate statistically significant results with limited substan-
tive meaning (Meehl, 1978; Berkson, 1942).
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In an asset pricing context, consider long-short portfolios formed on a
characteristic, such as book-to-market. High and low portfolios almost in-
evitably differ in a variety of distinct secondary risk exposures. When theories
are vague, lacking specification of structural mechanisms, proper treatment
of confounders and colliders, presence of falsifiable auxiliary assumptions in
the Lakatosian sense (eg. trading frictions, liquidity, sample choice), or clear
quantitative predictions (e.g., precise horizons, expected signs across regimes,
or magnitudes), a small effect combined with sufficient data is frequently in-
terpreted as evidence against the null of zero alpha. In addition to that,
the very way we measure a factor alpha, i.e. a backtest, can in itself be full
of possible measurement errors, such as survivorship and look-ahead biases,
poorly estimated transaction costs and accounting restatements (De Prado,
2023; Bailey et al., 2014; Asness and Frazzini, 2013; Harvey, 2017).

Selection bias can occur at many different stages during research, with
many trail-and-error attempts that go undocumented generating a "garden
of forking paths" (Toannidis, 2018; Gelman, 2015). In asset pricing, this
translates to cherry-picking the time period, liquidity thresholds, factors def-
initions, models specifications, portfolio construction methods, data prepro-
cessing choices and other decisions.

This gets worse with big data, which expands the number of possible anal-
yses and the potential for false positives. Given advances in computational
power, running thousands of backtests became a trivial task. Therefore, the
number of reported factors is likely an under-representation of the total num-
ber of strategies tested, with authors picking the one with smallest p-value
(Harvey et al., 2016; Harvey, 2017; Chordia et al., 2020). For this reason,
Bailey and Lopez de Prado (2014) argue that all trials related to a back-
tested strategy should be disclosed to allow estimation of its false discovery
probability and propose the deflated Sharpe ratio to account for multiple
testing.

In this setting, inference based on single-test procedures is invalid, as
conventional significance thresholds can generate high false discovery rates
(Harvey and Liu, 2019). In a single-test framework, the significance level
a controls the probability of incorrectly rejecting a true null hypothesis for
an individual strategy, but it fails to do so when many strategies are tested
simultaneously. As a result, p-value adjustments that account for the joint
occurrence of Type I errors are required.

The problem of multiple testing has been studied since the mid-twentieth
century, with a variety of methods developed to control the Family Wise

7



Error Rate (FWER), the False Discovery Proportion (FDP), and the False
Discovery Rate (FDR). Some procedures aim to control FWER, defined as
the probability of at least one false discovery, including Bonferroni, Holm
(1979), Hommel (1988), Hochberg (1988), and Romano and Wolf (2005).
Other approaches focus on controlling the FDP or, more commonly, the
FDR, defined as the expected proportion of Type I errors among rejected
hypotheses, such as Benjamini and Hochberg (1995) (BH) and Benjamini
and Yekutieli (2001) (BY). FDR-based methods are less conservative and
therefore allow more strategies to be declared profitable as the number of
tests increases, though all procedures rely on specific assumptions regarding
dependence across hypotheses (Chordia et al., 2020).

Harvey et al. (2016) apply Bonferroni, Holm, and BY adjustments to a
set of 316 factor t-statistics, using significance levels of 5 percent for Holm
and 1 percent for BY. Because Bonferroni and Holm thresholds increase with
the number of tests, the implied critical ¢-statistics range from about 2.0 to
nearly 4.0. In contrast, BY-adjusted thresholds are stationary and converge
to approximately 3.4, or 2.8 when using a 5 percent level, which the authors
propose as a minimum significance threshold for asset pricing. Correspond-
ingly, under Bonferroni and Holm FWER-focused methods, rejection rates
fall below 0.1 percent, while, under BH and BY, they rise to 8.1 percent
and 0.9 percent, respectively, highlighting the low power of FWER-based
procedures.

Relatedly, Chordia et al. (2020) generates more than two million strate-
gies with zero-mean alphas, varying signal informativeness and signal-to-
noise ratios. Under classical hypothesis testing, between 12 and 35 percent
of strategies appear significant depending on portfolio construction and factor
benchmarks. FWER-based adjustments are again shown to be overly con-
servative, particularly when signal-to-noise ratios are low. FDR and FDP
methods yield higher rejection rates, with BH being the least conservative,
BY the most conservative, and Romano-Wolf intermediate.

The authors further show that BH can exhibit high variability in the
false discovery proportion, especially when signals are correlated, whereas
BY keeps FDP variability low at the cost of very low power. Overall, power
increases with the signal-to-noise ratio, while a larger number of tested strate-
gies mainly reduces FDP variability rather than raising rejection thresholds.

Not all authors view p-hacking as sufficient to explain the factor zoo.
Chen (2021) shows that implausibly many search attempts would be required
to generate the largest reported t-statistics, suggesting that very high values
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(above 4.0) are likely true discoveries, a conclusion actually shared by Harvey
et al. (2016) and Chordia et al. (2020). At the same time, Chen (2022) argues
that mechanically raising significance thresholds is difficult to justify and may
rely on overly conservative assumptions about false discoveries.

Bayesian approaches offer an alternative by incorporating prior informa-
tion, inducing shrinkage that mitigates the winner’s curse, and allowing the-
ory to influence inference (van Zwet and Cator, 2021; Harvey, 2017). Harvey
(2017) emphasizes the relevance of Bayesian methods in asset pricing. He
argues that mechanically raising t-statistic thresholds through frequentist
multiple-testing adjustments may unintentionally increase publication bias
and data snooping, thereby exacerbating p-hacking, consistent with Good-
hart’s law. Moreover, when true effects are rare, even high-powered tests can
yield a high probability of false discoveries.

Finally, null hypothesis testing suffers from structural limitations. Ex-
act zero effects are rarely realistic, and conventional significance thresholds
such as 0.05 are inherently arbitrary, with little practical distinction be-
tween results just above or below the cutoff. Bayesian practice explicitly
acknowledges this arbitrariness, for example by reporting credible intervals
at unconventional levels such as 89 percent (McElreath, 2018).

Jensen et al. (2023) apply both frequentist (BY') and Bayesian approaches
to multiple testing in a dataset of 153 factors across 93 countries. Their Em-
pirical Bayes framework clusters factors into 13 themes, rather than as inde-
pendent signals, a view also emphasized by Aghassi et al. (2023). Factor al-
phas are decomposed into global, theme-level, signal-level, and idiosyncratic
components, with dispersion in CAPM alphas used to calibrate empirical
Bayes priors at each level. Using this approach, the authors report replica-
tion rates of 75.6 percent under BY and 82.4 percent under the empirical
Bayes framework, suggesting favorable evidence for factor robustness.

To quantify publication bias, Chen and Zimmermann (2020) model the
observed t-statistic as the sum of a standardized true expected return and a
standardized sampling error, assuming a zero-mean normal prior for the true
effect with variance 3.02. Using an empirical Bayes framework, they obtain
an average shrinkage correction of about 10 percent, consistent with related
estimates ranging from 8 to 17 percent in Harvey et al. (2016), Chen and
Zimmermann (2020), and Jensen et al. (2023).

A recurring conclusion in this literature is that factors grounded in scien-
tific theory should exhibit lower false discovery rates, as their prior probabil-
ity of being true is higher (Aghassi et al., 2023; Harvey, 2017; Harvey et al.,
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2016). As the asset pricing literature matures and genuine anomalies become
rarer, theory plays an increasingly important role in guarding against false
discoveries (Aghassi et al., 2023; Chordia et al., 2020). Bayesian frameworks
naturally accommodate this distinction by allowing theory-backed factors to
receive higher prior probabilities. In contrast, reliance on inductive pattern
discovery without falsifiable mechanisms contributes to the credibility con-
cerns surrounding the factor zoo (De Prado, 2023).

2.2. Emerging Markets

EM can be characterized by economies with high volatility, a transitional
character, occurring in multiple spheres in the society, and smaller size, lig-
uidity and market accessibility, covering countries in Latin America, Eastern
Europe, Africa, Asia-Pacific and Middle East (Mody, 2004; MSCI, 2023).

Despite expected to account for around 60% of global GDP by 2026,
such countries are underrepresented in literature, which highlights a home
bias effect (Karolyi, 2016; Guimaraes and Kimura, 2025). Regarding asset
pricing, they display several other challenges. First of all, effective samples
sizes in EM are much smaller, with many of those countries only starting to
have modernized exchanges in late 1990s to beginning of the 2000s, and even
so with narrow breadth. Additionally, such return series usually have more
structural breaks and regime changes, more synchronous movements, lower
signal-to-noise, lower convergence with international accounting standards,
periods of hyperinflation, more cross-sectional concentration and possible
more survivorship bias (Harvey, 1994; Morck et al., 2000). Those factors can
possibly lead to biased estimates of risk premiums, especially for character-
istics that are not available throughout the entire EM sample.

In this data-scarce context, hierarchical models that allow for partial
pooling are of great importance, because, when estimating group-level pa-
rameters, one can better explore the data, borrowing strength across groups,
helping with variance and overfitting reduction. In this context, Bayesian
models can be even more relevant, given shrinkage effects with introduction
of priors, that can allow better handling of high dimensionality (Gelman,
2015).

A branch of the finance literature studies the degree of international mar-
ket integration using diverse methods and research designs. For example,
Bekaert and Harvey (1997) show that world factors explain an increasing
share of national return volatility, consistent with rising integration. Rapach
et al. (2013) document strong lead-lag effects from US to other developed
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markets, but not in the reverse direction. Using the December 2000 redefi-
nition of the MSCI All Country World Index as a natural experiment, Hau
(2011) further find evidence in favor of globally integrated risk pricing.

In fact, some studies replicate anomalies and factor models in EM and
compare global versus local versions of asset pricing models. Zaremba and
Czapkiewicz (2017) replicate 100 anomaly-based long-short portfolios in East-
ern Europe, grouped into 16 categories. Hanauer and Linhart (2015) docu-
ment strong size, value, and momentum premiums across four EM regions
and show that local factor models outperform global ones. Similarly, Cak-
izi et al. (2013) find robust value effects in EM and momentum everywhere
except Eastern Europe, with local models again delivering superior perfor-
mance, consistent with market segmentation.

EM offer a particularly informative setting for studying multiple test-
ing and factor inference. Smaller effective sample sizes, higher volatility,
frequent structural breaks, and lower signal-to-noise ratios make statistical
inference more fragile, amplifying the risks of false discoveries and overfit-
ting, and thus the importance of partial pooling and Bayesian shrinkage,
which are core pillars of our current framework. In particular, partial market
segmentation implies that international evidence may provide useful prior
information without fully determining local outcomes, motivating the use of
global data to inform priors.

At the same time, a growing body of evidence documents the existence
of factor premiums in EM, while also showing that their behavior differs
from developed markets, with local factor models often outperforming global
ones. This combination makes EM a demanding out-of-sample environment
to assess asset pricing credibility.

3. Methods and Data

This study proposes a factor selection framework to address p-hacking
concerns in the factor zoo. The framework combines (i) classical no-pooling,
anomaly-by-anomaly tests with explicit frequentist control for multiple com-
parisons, and (ii) hierarchical, partially pooled models estimated under either
frequentist or Bayesian paradigms, which introduce shrinkage across related
factors. Therefore, the framework provides an approach to select character-
istics for (multi-)factor portfolios. The partially pooled specification, par-
ticularly under Bayesian estimation, is especially well suited to EM, where
samples are shorter and noisier.
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We organize factor portfolios into economically interpretable themes, fol-
lowing common conventions in the literature. Even though the average cor-
relation among factors has been documented to be low by some studies,
there is both a semantic and quantitative hierarchical structure in the fac-
tor space, with a within-cluster pairwise correlation often above 0.5 (Jensen
et al., 2023; Zaremba and Czapkiewicz, 2017; Aghassi et al., 2023; Chen,
2022; Green et al., 2013).

To answer our research questions, we first consider traditional frequentist
no-pooled CAPM specifications in which parameters are estimated separately
for each factor portfolio, applying a range of FWER and FDR frequentist
multiple-comparisons adjustments, while also computing the no-adjustment
case as a benchmark. Moreover, we consider hierarhical CAPM-style speci-
fications in which returns are decomposed into theme-level components and
factor-specific random deviations, allowing intercepts and market factor ex-
posures to vary across themes. Under the Bayesian specification, both a
conservative and an informative prior regimes are implemented, providing
two distinct views.

Finally, to evaluate economic relevance of the competing selection rules,
we embed each approach in a walk-foward expanding out-of-sample back-
test: after an initial buffer period, models are fit and factors are selected,
then selected factors are combined using either equal-weights or weights pro-
portional to (posterior) information ratios, and then out-of-sample perfor-
mance is tracked over the subsequent year, after which the entire procedure
is re-estimated on an expanding window and repeated.

While our framework has conceptual links with Jensen et al. (2023), it
differs in the multilevel specifications explored, the Bayesian framework and
priors regimes employed, the variety of multiple testing controls tested, the
EM focus, and the backtest strategy implementation.

3.1. Frequentist Multiple Comparisons Adjustments

3.1.1. Family-Wise Error Rate Control
In multiple hypothesis testing, the Family-Wise Error Rate (FWER) con-
sists of the probability of making at least one False Discovery (FD):

FWER = P(FD > 1) (1)
and FWER control at level « requires P(FD > 1) < a.
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Bonferroni Correction

Bonferroni one-step procedure rejects hypothesis H;, for « = 1,..., N
tests whenever associated p-value p;:

o
i<_ 2
Pi=7 @)

By the Bonferroni inequality, this guarantees strong FWER control under
arbitrary dependence among tests (Holm, 1979; Hochberg and Tamhane,
1987). While simple and robust, Bonferroni is well known to be conservative.

Holm’s Procedure

The Holm (Bonferroni-Holm) method is an uniformly more powerful step-
down procedure. Ordering the p-values: p) < pey < --- < pov), hypothesis
are sequentially rejected as long as:

(%
S T 3
PO ="N¥1-i ®)

Rejection stops at the first failure, and all remaining hypotheses are re-
tained. Holm’s method can be interpreted as the closed-testing procedure
obtained by applying Bonferroni tests to all intersection hypotheses, which

explains its strong FWER control without dependence assumptions (Holm,
1979; Hommel, 1988).

Hochberg and Hommel procedures

Building on Simes’ inequality (Simes, 1986), Hochberg (Hochberg, 1988)
proposes a step-up FWER-controlling procedure that is more powerful than
Holm under independence or certain positive dependence structures.

Given ordered p(;y < - -+ < p(n), the Hochberg procedure rejects hypothe-
Ses H(l), ce ,H(k), where:

k = max{ie{l,...,N}Ip(i)Sﬁ}'

If no such ¢ exists, no hypothesis is rejected. Unlike step-down procedures,
Hochberg’s method starts from the largest p-values and moves upward, yield-
ing greater power when its dependence assumptions hold.

Hommel’s procedure (Hommel, 1988) further exploits the closure principle
by using the full family of Simes-type intersection tests. Let p) < -+ < pw)
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denote the ordered p-values. Define

k
jt = max{jE{l,...,N}:p(N_jJrk)>£ forallkzl,...,j}.
J

If no such j* exists, all hypotheses are rejected. Otherwise, the final rejection
rule is o
reject all H; such that pg) < F

Both procedures control the FWER under independence and dominate
Holm in power, while remaining conservative in low signal-to-noise settings
with many hypotheses (Chordia et al., 2020). Hommel’s method uniformly
dominates Hochberg in power, additionally retaining strong control under a
wider range of dependence structures, but is computationally more demand-
ing.

Overall, FWER-controlling procedures provide strong error guarantees
but typically suffer from low power when the number of tests is large.

3.1.2. False Discovery Rate Control
False Discovery Rate (FDR) control targets the expected proportion of
false rejections among all rejections. Let F'D and T'D denote the number of

false and true discoveries, respectively, and define the false discovery propor-
tion (FDP) as

FD
— i FD+TD >0,
FDP = { FD+TD' ' (4)

0, if FD+TD =0.
The false discovery rate (FDR) is the expectation of the FDP:
FDR = E[FDP]. (5)

The FDR is E[F'DP]. Controlling FDR is less stringent than FWER control
and typically yields substantially higher power when many hypotheses are
tested (Benjamini and Yekutieli, 2001).

Benjamini-Hochberg Procedure

The BH step-up procedure (Benjamini and Hochberg, 1995) orders p-
values and rejects all hypothesis with:
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Py < yo (6)

for the largest such 7. Under independence, BH controls the FDR at level
«, and it remains valid under a broad class of positive dependence structures
(Benjamini and Yekutieli, 2001). Compared to FWER methods, BH rejects
more hypotheses and exhibits substantially higher power.

Benjamini- Yekutieli Procedure

To ensure FDR control under arbitrary dependence, Benjamini and Yeku-
tieli (2001) propose a conservative modification of BH by replacing o with
where ¢(N) is the harmonic correction:

=35 @

and satisfies ¢(N) > 1 for N > 2 (¢(N) &~ log N 4 7 + 5%, where v is the
Euler-Mascheroni constant). The resulting thresholds:

c(N)

i
Py < m o’ (8)
guarantee FDR control under any dependence structure but can be sub-

stantially conservative for large N. When positive dependence (e.g., PRDS
or MTP2) is plausible, the original BH procedure is preferred for power.

3.2. Hierarchical Models

Hierarchical (multilevel or mixed-effects) models interpolate between two
extremes: complete pooling and no pooling. Complete pooling ignores clus-
tering and treats all observations as independent, while no pooling estimates
separate models for each factor, risking overfitting, particularly for short
samples, and implicitly assuming that related factors contain no shared in-
formation. This assumption is implausible in asset pricing, as factors within
the same theme (e.g., valuation multiples or momentum signals) often share
constituents and exhibit substantial within-theme correlation (Aghassi et al.,
2023).

Partial pooling relaxes both extremes by allowing factor-level heterogene-
ity while borrowing strength across related factors within the same theme.
This structure captures semantic and statistical dependencies across factors
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and avoids discarding informative cross-factor variation, improving estima-
tion efficiency and robustness (Johnson et al., 2022). Accordingly, we adopt
a nested structure with monthly factor returns grouped within themes.

3.2.1. Model Specification
Let ¢ index factors, ¢ index themes, and ¢ index time, with factor ¢z be-
longing to theme c(7). We estimate the hierarchical return model

it = Qe(iy + Begy mrkty + a; + bymrkt, + &4, 9)

where 7;, denotes excess factor returns and mrkt; is the market factor.
The parameters o,y and () are theme-level fixed effects for average abnor-
mal returns and market exposure given each theme.

Factor-level deviations are modeled as random effects:

((ZZZ) ~ N(O, E) ) Eit ™~ N(O, 02), (10)

where a; and b; represent factor-specific deviations in intercepts and slopes.
The covariance matrix ¥ allows for intercept-slope correlation, and €;; cap-
tures idiosyncratic noise.

This structure implies that factor alphas decompose into a theme-level
component plus a factor-specific deviation, while allowing heterogeneous
market exposures across factors?. Estimation therefore borrows information
across factors within themes while preserving idiosyncratic variation.

We assess robustness using two reduced specifications. First, we impose
a common theme-invariant market loading,

Tit = Q) + Bmrkty + a; + by mrkt, + €4, (11)
and second, a fully factor-level fixed-effects model,

riv = o+ Bmrkt, + a; + by mrkt, + €. (12)

2while our data consists of long-short zero-net-investment portfolios, they are not zero-
beta (Jensen et al., 2023)
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3.2.2. Estimation

We estimate the model using both Bayesian and frequentist approaches.
Bayesian estimation is conducted via full posterior inference and naturally
induces partial pooling, shrinking noisy factor-level estimates toward theme-
level means and stabilizing inference in short and volatile EM samples. Fre-
quentist estimates, which are additionally used to inform prior construction,
are produced by a Gaussian linear mixed-effects model via restricted maxi-
mum likelihood (REML), which yields less biased variance component esti-
mates in finite samples. Fixed effects are inferred using Wald-type statistics
with Satterthwaite-approximated degrees of freedom to account for uncer-
tainty in estimated variance components (Kuznetsova et al., 2017).

Prior regimes

We consider two prior strategies.

(i) Weakly informative (skeptical) shrinkage priors.

Theme-level alphas and market loadings follow zero-mean normal priors,
while variance components follow half-¢ distributions,

% NN(O,Si), 6 NN(ONS%)a (13>
sd(a;) ~ half-t(v, 0, s,), sd(b;) ~ half-t(v,0, sp), (14)
o ~ half-t(v, 0, s,), Cor(a;, b;) ~ LKJ(n), (15)

with scales calibrated to monthly returns of long-short factor portfolios. 3

(i) Informative priors derived from global data.

A growing literature documents that several factor anomalies exhibit pos-
itive and persistent alphas across regions, periods, and even asset classes
(Ilmanen et al., 2021; Aghassi et al., 2023), while also emphasizing the pres-
ence of regional idiosyncrasies driven by differences in risk exposures, mar-
ket structure, and behavioral mechanisms (Zaremba and Czapkiewicz, 2017;
Asness, 2011; Jacobs and Miiller, 2020), as well as partial integration be-
tween local and global factor markets (Fama and French, 2017; Hanauer and
Lauterbach, 2019). Taken together, this evidence suggests that global factor
premia provide informative anchors for EM, but should be allowed to ad-
just to region-specific dynamics, particularly given shorter samples, higher

3We set s, = 0.075 (monthly), sg = 0.05, v =5, s = 0.10, s = 0.05, s, = 3.0, and
n = 2 for the LKJ prior. These values are weakly informative relative to the empirical
dispersion of factor returns.
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concentration, and greater macroeconomic volatility in EM (Harvey, 1995).

Accordingly, we first estimate the hierarchical model in (9) on a large
global dataset and map the resulting estimates into informative priors for
the EM analysis. Concretely,

with variance priors scaled to global dispersion estimates.

Posterior summarization and inference

Posterior draws {#®)}5_, are summarized by medians and 89% credible
intervals. Factor-level parameters are constructed as

QES) _ ((:(l) +a(5) /3 ﬁ( b(S

We report posterior probabilities of positive effects,
pd = Pr(a; > 0 | data),

alongside posterior means, standard deviations, and signal-to-noise ratios.
Bayesian inference complements frequentist t-statistics by quantifying un-
certainty through full posterior distributions.
We additionally compute Bayes factors,

P(D | M)

BFi= ———F—+—+<

to compare models with and without non-zero alphas. Posterior probabil-
ities, Bayes factors, and frequentist statistics together provide a nuanced
assessment of economic and statistical significance (Harvey, 2019).

3.8. Walk-Forward Expanding Backtests

To assess the economic implications of alternative factor-selection method-
ologies, we implement expanding walk-forward backtests that map statistical
selection rules into portfolio choices and evaluate their out-of-sample perfor-
mance.
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3.83.1. Backtest Scheme

We employ an expanding-window walk-forward design that preserves the
time ordering of returns (Tashman, 2000; Schnaubelt, 2019; Bergmeir et al.,
2018). Let t = 1,...,T index monthly observations and let R = {t1,...,tx}
denote refit dates. The first refit date ¢; is chosen such that an initial training
window of Ny = 120 months is available.

At each refit date t, € R, model parameters are re-estimated using all
information available up to tj, including external data used to construct
informative priors. For Bayesian specifications, posterior draws are obtained
and factor eligibility is re-evaluated under the corresponding selection rule.

Formally, the training sample at refit k is

T(k) - {1, e ,tk},

train

while the out-of-sample holding period is
TH = (e, .ty — 1),

During 7;,(3];), the set of selected factors is held fixed and portfolio returns
are recorded monthly. Refits occur only at a subset of calendar months (e.g.,
annually), generating a holding period of H months between refits. This
approach substantially reduces computational cost (Gu et al., 2020).

All decisions at t;, are based exclusively on ﬁigfm ensuring a strictly out-

of-sample evaluation and eliminating forward-looking bias.

3.3.2. Selection Strategies

We consider two classes of factor-selection strategies.

(i) No-pooled frequentist strategies. Let f € {1,...,6} index the frequen-
tist multiple-testing adjustments described in Section 3.1, including the un-
adjusted case. Under strategy f, a factor ¢ is selected at refit k£ to the set
F fk) if its associated p-value is both statistically significant and positive,

i€ ff(k) = p—valuegk) < 0.05. (17)

(i1) Partial-pooled Bayesian strategies. Let b € {1,2} index Bayesian hi-
erarchical specifications under alternative prior regimes. A factor 7 is selected
at refit k if its posterior probability of a positive alpha exceeds 95%,

ieB = pdX >0.95. (18)
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3.3.3. Portfolio Construction

Selected factors are combined into multi-factor portfolios using a portfolio-
blending approach, in which factor portfolios are treated as individual assets.
This design promotes diversification at the expense of attenuated signal ex-
posure.

We consider three weighting schemes.

(i) Equal weights:

ew,(k) 1
where || denotes the number of selected factors of a generic selection set
S This scheme treats signal existence as sufficient, abstracting from effect
magnitude.

(i) Weights proportional to no-pooled t-statistics:
) _ _ ftai (20)
7 Y iert ta;
which assigns larger weights to factors with higher signal-to-noise ratios under
frequentist estimation.

(1i1) Weights proportional to partial-pooled Bayesian t-statistics:

(k) 0
W, p = ==, (21)
B Y s 2,
where Bayesian shrinkage moderates extreme weights through hierarchical
pooling.

3.4. Dataset

We use the Global Factor Data of Jensen et al. (2023), which covers 406
characteristics aggregated into 153 factors, providing broad coverage of the
factor zoo. For each characteristic, country, and month, stocks are sorted into
terciles using country-specific breakpoints based on non-micro stocks. Factor
portfolios are constructed as capped value-weighted returns, with weights
proportional to market equity and winsorized at the NYSE 80th percentile.
Excess factor returns are defined as high-minus-low tercile returns. Portfolio
construction requires at least five stocks per tercile and a minimum of 60
monthly observations per country—factor, with accounting variables updated
using the most recent available information.
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We focus on the EM region for estimation and backtesting, while the
World sample is used exclusively to construct informative priors. From the
Global Factor Data, we import a country-level panel covering all available
countries and the EM regional panel provided by Jensen et al. (2023). Using
MSCI market classifications (MSCI Inc., 2025), we restrict the country-level
panel to EM countries and define three custom EM regions: Americas, APAC,
and EMEA. Country-level factor returns are aggregated into regional panels
via equal-weighted averages across countries, preserving the original within-
country value-weighting and capping rules.

Regional factor panels are merged with market and risk-free proxies. For
EM regions, we use the MSCI EM index as the market proxy, while for the
global sample we use the MSCI ACWI index, extending its history with the
S&P 500 when necessary. Excess market returns are computed using the
U.S. Treasury bill rate. All series are merged at a monthly frequency and
expressed in percentage terms.

We impose minimum data-coverage requirements at the factor-region
level by tracking start dates, end dates, and available observations. Only
factors with at least 240 monthly observations are retained, ensuring suffi-
cient time-series depth for estimation and backtesting. This filter removes
17 region—factor combinations in the custom regions, primarily due to late-
starting factors. An analogous summary is constructed for the JKP EM
region.

Finally, we convert both the JKP EM region and each custom region
into balanced factor panels. For each custom region, we restrict attention
to factors passing the coverage filter and define a common sample window
by intersecting factor-specific start and end dates. Remaining missing values
are imputed using the cross-sectional median across factors at each date.
Imputation is minimal, affecting less than 0.06% of observations. The same
procedure is applied to the JKP EM region, where no imputation is required.

4. Results

Table 1 summarizes the time span and overall panel length for each of
the three custom regions.
In the following subsections, we provide results framed in topics.
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Table 1: Time span and length of emerging market factor panels

Sample period

Region Start date  End date  Total months
APAC 2003-02-28 2024-12-31 263
Americas 2004-09-30 2024-12-31 244
EMEA 2004-08-31 2024-12-31 245
All emerging countries 2004-09-30 2024-12-31 244

This table reports the sample period and total number of monthly
observations used to construct the regional factor panels for emerging
markets. “All emerging countries” refers to the JKP emerging region
aggregated across all emerging economies.

4.1. Existence and Magnitude of Alpha

4.1.1. Frequentist View

Table 2 reports the share of factors significant at the 5% level. Without
multiple-testing correction, significance rates are high, although lower than
figures for developed markets: about 51% for all EM, 52% for APAC, 24%
for Americas, and 40% for EMEA. These figures are mechanically inflated by
the large number of tests and the accumulation of Type I errors. The result
for all EM is close to the replication rate reported by (Jensen et al., 2023).

Controlling FWER, through Bonferroni, Holm, Hochberg, or Hommel
sharply reduces significance to roughly 13-17% for all EM and APAC, 4%
for Americas, and 9% for EMEA. These procedures are intentionally conser-
vative, as they limit the probability of any false discovery across the full set
of tests.

False discovery rate (FDR) methods lie between the unadjusted and
FWER-corrected cases. BH identifies about 39% of factors as significant in
all EM, 47% in APAC, 10% in Americas, and 27% in EMEA, while the more
conservative BY yields 24%, 26%, 4%, and 14%, respectively. By controlling
the expected share of false rejections, FDR methods allow more discoveries
at the cost of tolerating some false positives.

Across all corrections, the Americas, which is the region with fewest coun-
tries, consistently display fewer significant factors, with APAC being the re-
gion with most significant factors.

Theme-level results by region, reported in Appendix A, point to a com-
mon pattern across EM. While several themes exhibit high raw discovery
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Table 2: Proportion of significant factors under multiple-testing adjustments

Adjustment method All emerging countries APAC Americas EMEA

None 0.510 0.523 0.238 0.397
Bonferroni 0.150 0.134 0.041 0.089
Holm 0.163 0.154 0.041 0.089
Hochberg 0.163 0.154 0.041 0.089
Hommel 0.170 0.168 0.041 0.089
BH 0.388 0.470 0.095 0.274
BY 0.238 0.260 0.041 0.144

This table reports the fraction of characteristics classified as eligible (significant) under
different multiple-testing correction procedures. “All emerging countries” refers to the
JKP emerging markets panel.

rates, multiple-testing adjustments sharply reduce significance, indicating
that some of the apparent factor richness reflects multiplicity rather than ro-
bust economic effects. Across regions, persistent evidence concentrates in a
narrow set of themes, most notably momentum and value, followed by prof-
itability, quality and profit growth, and to a lesser extent size, whereas the
majority of themes prove highly sensitive to correction choice.

Regional heterogeneity is nonetheless present. APAC displays the richest
and most resilient factor structure, with value, momentum, profitability, and
profit growth retaining non-trivial shares of significant signals even under
stringent corrections. The Americas cluster is markedly weaker, with robust
evidence largely confined to momentum and value after adjustment. EMEA
occupies an intermediate position, where momentum, value, profitability, and
profit growth remain comparatively resilient, while most other themes lose
significance once multiplicity is controlled.

Figure 1 shows that the choice of multiple-testing correction has a much
larger impact on inference than geography itself. Unadjusted p-values clus-
ter near zero across all regions, whereas FWER procedures (Bonferroni and
Holm) shift most adjusted p-values toward one, effectively eliminating dis-
coveries. Hochberg and Hommel yield intermediate outcomes, while the BH
FDR procedure remains substantially less conservative, preserving a sizable
lower tail of significant signals. BY lies between BH and FWER. Overall,
statistical conclusions are highly sensitive to the correction method, with
regional differences playing a secondary role.

Figure 2 complements these findings by showing that only a small subset
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Adjusted p-values by region and multiple-testing correction
Distribution of adjusted p-values across All Emerging, Americas, EMEA and APAC regions and muttiple-testing correction methods: Mone, Benferroni, Holm, Hochberg, Hommel, BH and BY
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Figure 1: Adjusted p-values by correction method and region. The figure reports boxplots
of adjusted p-values for all signals, grouped on the horizontal axis by multiple-testing ad-
justment method (None, Bonferroni, Holm, Hommel, Hochberg, BH, BY). Within each
method, separate boxplots are shown for Emerging, Americas, EMEA and APAC in differ-
ent colours, summarising the cross-sectional distribution of adjusted p-values across signals
in each region.
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of themes delivers consistently positive abnormal performance. Momentum
and value stand out across all regions, with positive mean and median alpha ¢-
statistics, often exceeding conventional significance thresholds, particularly in
APAC and EMEA. Profitability and profit growth also perform well outside
the Americas, while most remaining themes cluster around zero or exhibit
strong regional dependence. Taken together, the evidence indicates that
economically meaningful factor premia are concentrated in a few core themes,
and that their apparent breadth in raw tests largely disappears once multiple
testing is properly accounted for.

Alpha t-stat by theme and region
Distribution of alpha t-stat across All Emerging, Americas, EMEA and APAC across different JKP themes

Region Bl Emerging BE Americas BE Emes B3 arac
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Figure 2: Alpha t-statistics by theme and region. The figure shows boxplots of the alpha

t-statistic for all factors, grouped by investment theme on the horizontal axis and by
region (Emerging, Americas, EMEA, APAC) in different colours. The horizontal dashed
line marks zero.
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4.1.2. Bayesian view

When applying the Bayesian models in (9), the analysis focuses on the
posterior distributions of the model parameters. Posterior draws are obtained
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using Hamiltonian Monte Carlo with 4 parallel chains and 2,000 iterations
per chain, discarding the first 1,000 iterations of each chain as warm-up, with
no thinning applied. Resulting Markov chain Monte Carlo output is reshaped
into a single data set, with each row representing one posterior draw and each
column a model parameter. Convergence is satisfactory across models, with
most parameters displaying R~ 1.00 and large effective sample sizes.
Unlike the frequentist approach, which relies on p-values to declare "no"
versus "some" effect, inference is based on the probability of direction. Using
pdgi > 0.95 as the selection criterion, Table 3 reports the proportion of
factors for which more than 95% of posterior draws imply a positive ;.

Table 3: Proportion of factors with Pr(a > 0| data) > 0.95

Prior specification = All emerging countries APAC Americas EMEA

Conservative 0.551 0.530 0.299 0.390
Informative 0.626 0.557 0.524 0.466

This table reports the fraction of characteristics classified as eligible based on their
posterior alpha, using a probability of direction threshold of 95%, that is,
Pr(o; > 0| data) > 0.95.

Under informative priors, substantially more factors are selected than
under any frequentist adjustment, which is expected, but also relative to
the no-adjustment case, particularly in the Americas and EMEA. Under
conservative priors, selection rates are broadly comparable to the unadjusted
no-pooling frequentist case and remain higher than under FWER or FDR
corrections. This contrast is especially pronounced in the Americas.

Figure 3 displays the distribution of the posterior alpha signal-to-noise
ratio, tEi, defined as the posterior mean of individual alpha divided by its
posterior standard deviation. Results are grouped by theme and region, with
the dashed horizontal line at zero indicating the sign of the posterior mass.

Even under the conservative prior regime, which strongly shrinks alphas
toward zero, a clear ranking of themes emerges. Value and momentum are the
themes whose factors show the strongest and most stable positive ¢7 across
all regions, while profitability, profit growth and quality factors also remain
clearly positive, particularly in APAC and EMEA. Size and low risk have
mildly positive factors, especially for All EM, whereas accruals, investment,
debt issuance, seasonality and skewness have higher concentration near zero
and show greater regional sensitivity. Low leverage stands out as the only
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theme whose factors show consistently negative tgi across regions.

Posterior alpha t-stat by theme and region - Conservative Priors
Digtribution of posterior alpha t-stat (Conservative Priors) across AllEmerging, Americas, EMEA and APAC across different JKP themes
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Figure 3: Distribution of posterior t][i, by JKP theme and region under the conservative
prior regime. Boxplots show, for each theme (horizontal axis) and region (Emerging,
Americas, EMEA, APAC), the distribution of characteristic-level t2 (posterior mean alpha
divided by its posterior standard deviation). The horizontal dashed line marks t2 = 0.

Figure 4 shows that informative priors strongly reinforce the role of the
classical value and momentum themes across regions. In the full EM panel,
mean posterior tgi values are around 4 for value and 4.2 for momentum, with
medians above 4 and tight interquartile ranges. Similar patterns hold region-
ally, with mean tgi between roughly 3.3 and 4.7 in all regions. Profitability,
profit growth and quality display uniformly positive posterior tgl_ across re-
gions, with medians between 2 and 3, indicating robust but weaker premia
than value and momentum.

Size and accruals also becomes clearly positive, notably in All EM and
APAC. In fact, for All EM, skewness, debt issuance, seasonality and, in
special, low risk, have posterior distributions that lie entirely in positive
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territory.

Investment, accruals, debt issuance and skewness shift closer to the prof-
itable side under informative priors. In All EM and APAC, these themes
reach mean tgi close to or above 1, and, even in the Americas, several exceed
1.5. Relative to conservative priors, informative priors shift many posterior
tgi upward and slightly reduce dispersion, implying a more diversified factor
selection.

Low leverage remains negative or near zero in all regions, while low risk,
with the exception of All EM, shows only modest positive values.

Posterior alpha t-stat by theme and region - Informative Priors
Distribution of posterior alpha t-stat (Informative Priers) across All Emerging, Americas, EMEA and APAC across different JKP themes
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Figure 4: Distribution of posterior t}i by JKP theme and region under the informative
prior regime. Boxplots show, for each theme (horizontal axis) and region (Emerging,
Americas, EMEA, APAC), the distribution of characteristic-level posterior t2  (posterior

mean alpha divided by its posterior standard deviation). The horizontal dashed line marks
t8 =0.

Additional Bayesian diagnostics are reported in Appendix B, that also
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report theme-level posterior alphas. Those largely confirm the individual-
level patterns shown in Figures 3-4 for momentum, value, profitability, profit
growth and quality, which remain the most robust themes, with strong pos-
terior support after aggregation.

In contrast, some themes, such as accruals, debt issuance, investment, low
risk, size, skewness and seasonality, exhibit discrepancies between individual-
and theme-level inference, where pooling and shrinkage generally reveal a
modest positive average effect despite weak individual signals. Low leverage
remains uniformly weak, with no evidence of a positive theme-level alpha
across regions or prior regimes.

4.2. Hierarchical Structure

The second question is: "do long-short factors really have a theme-based
hierarchical structure with distinct parameters?". In other words, is (9) the
right theoretical framework to think about asset pricing anomalies in EM?

4.2.1. Frequentist view

Figure 5 decomposes average theme returns into alpha, the market com-
ponent 8 x E[R),], and the idiosyncratic residual, for all emerging markets
and by region.

Across all EM, most, but not all, themes exhibit positive alphas, with
momentum, value, size, quality, profitability and profit growth having the
largest average alphas, while low leverage is the only theme with a clearly
negative alpha. Albeit with some particularities, patterns are broadly con-
sistent across regions.

Being dollar-neutral long-short factors, market components are smaller
than the alpha and residual terms. However, betas differ markedly across
themes, and, in special, low-risk, quality, momentum, profitability and low
leverage tend to be defensive, often with betas in the range —0.05 to —0.20,
while others are closer to market-neutral or mildly pro-cyclical. Although
statistical significance cannot be assessed from means alone, the heterogene-
ity suggests modelling theme-specific betas rather than imposing a common
market exposure.
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Figure 5: Return decomposition of theme portfolios into alpha, systematic market component (5 x E[Rj,]) and idiosyncratic
residuals. The four panels report results for all emerging markets, APAC, Americas and EMEA, respectively.



By fitting a frequentist version of the hierarchical model in (9), we esti-
mate theme-level alphas dCF(i) and betas 351) for each region*. Figure 6 shows
that the resulting alpha ¢-statistics display remarkably similar patterns across
regions.

Momentum and value consistently deliver the largest and most precisely
estimated alphas, with ¢-statistics around 6-10, followed by quality, prof-
itability and profit growth, with ¢-statistics typically between 3 and 6. It
is noticeable how quality and profit growth are weaker in Americas when
compared with other regions.

In contrast, remaining theme alpha t-statistics are broadly smaller than
the 2.0 threshold among all regions, albeit size, low risk and investment
show stronger effects for the consolidated EM cluster and APAC. Notably,
low leverage displays significant negative theme alphas in all regions.

As for Bf;i), Figure 7 reports that the low-risk theme exhibits strongly neg-
ative and highly significant loadings on the market proxy (t¢-stat approx. -10
to -12), confirming that it captures portfolios with substantially lower market
exposure than the universe. Investment, momentum and quality also display
negative and statistically significant betas in most regions. In contrast, the
beta estimates for accruals, debt issuance, skewness and seasonality are gen-
erally small and statistically indistinguishable from zero. Taken together,
these results suggest that CAPM loadings do vary across themes.

Table 4 reports BH adjusted p-values for theme-specific intercepts and
market factor loadings from the frequentist hierarchical CAPM across re-
gions. Underlined entries indicate significance at the 5% level using raw (un-
adjusted) p-values, while bold entries denote p-values that remain significant
after BH correction.

Across regions, most conclusions persist after multiple correction, with
intercepts providing strong evidence of abnormal returns in the momentum,
profitability, profit growth, quality and value themes. Market-factor loadings
are significant for only a small subset of themes, most notably low risk,
momentum, quality and, in some cases, profitability, which exhibit significant
negative and countercyclical market factor exposure estimates.

To assess model specification choice, we test whether allowing for theme-
specific alphas and theme-specific market betas improves the fit of the hier-

“Note that, differently from the last section, in which we focused on estimating alpha
for individual factors, we are now interested in theme-level parameters.
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Theme-level alpha t-statistics by region
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Figure 6: Theme-level alpha {-statistics ¢, across regions based on the frequentist hi-
erarchical specification in Eq. 9. Bars report Satterthwaite-adjusted t-statistics for the
fixed effects associated with each theme-level intercept (alphas), estimated separately for
All Emerging Markets, Americas, EMEA, and APAC. The horizontal dashed lines denote
the two-sided 5% critical values (¢t = £1.96). Colours follow the regional grouping used in
the analysis.
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Theme-level market beta t-statistics by region
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Figure 7: Theme-level beta t-statistics g, across regions based on the frequentist hi-
erarchical specification in Eq. 9. Bars report Satterthwaite-adjusted t-statistics for the
fixed effects associated with each theme-level intercept (beta), estimated separately for All
Emerging Markets, Americas, EMEA, and APAC. The horizontal dashed lines denote the
two-sided 5% critical values (t = £1.96). Colours follow the regional grouping used in the
analysis.
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archical CAPM in a frequentist framework. In addition to specification 9, we
estimate 11 and 12 by maximum likelihood. REML is not used, as it is in-
appropriate for comparing models with different fixed-effects structures. All
specifications share the same random-effects structure, and the comparison
is conducted only on the aggregated EM sample.

Models are compared using likelihood ratio tests (LRT) and information
criteria and results are summarized in Appendix C. The LRT strongly re-
jects the null of common alphas or common betas across themes, indicating
substantial heterogeneity in both abnormal returns and market exposures.
Consistent with this result, AIC favors the most flexible specification, 9,
which achieves the highest log-likelihood. In contrast, BIC favors the most
parsimonious model due to its stronger penalty for model complexity. These
results are reported in Tables A6 and A7.

4.2.2. Bayesian View

From the joint posterior draws, we compute marginal posterior summaries
for the theme-level parameters. Figure 8 displays the posterior distributions
of theme-specific alphas a.(;) from Eq. (9) under informative global priors.
We also report Bayesian 89% credible intervals, defined as the range con-
taining 89% of posterior draws. Unlike frequentist confidence intervals, cred-
ible intervals admit a direct probabilistic interpretation (McElreath, 2018;
Makowski et al., 2019).

Figure 8 shows that the posterior credible intervals for most theme-level
alphas are entirely positive, with low leverage being the clear exception.
Dispersion varies across themes: debt issuance, skewness, size, accruals and
momentum exhibit wider posterior distributions, while value, investment and
quality are comparatively more tightly concentrated.

Table A9 in Appendix D compares frequentist estimates with informa-
tive Bayesian posterior medians under informative global priors. Bayesian
updating largely preserves the frequentist cross-sectional ranking of themes
while shrinking extreme alphas and smoothing regional heterogeneity. Mo-
mentum and value remain the strongest and most stable sources of abnormal
returns across regions, with Bayesian estimates close to or slightly above
their frequentist counterparts. Profitability, profit growth, and quality are
similarly reinforced, particularly in APAC and EMEA, whereas low leverage
remains weak and is pulled toward zero. More marginal themes, such as
size, skewness, investment, seasonality, and debt issuance, are substantially
affected by shrinkage, with global information moderating extreme estimates
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Posterior Distributions of Theme-Level Alphas by Region
Posterior medians and 88% credible intervals by theme and region
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Figure 8: Posterior distribution for theme alphas across regions under informative priors
derived from (Jensen et al., 2023) long-short factors aggregate global dataset . All EM and
specific regions distributions are represented each with a different color and 89% credible
intervals are also displayed.
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and yielding more homogeneous regional patterns.

For market betas, the Bayesian hierarchy acts primarily as a shrinkage
mechanism toward market neutrality. Themes with defensive exposures,
most notably low risk, quality, and momentum, exhibit negative frequen-
tist betas in some regions, which are pulled closer to zero in the posterior
while preserving their relative ordering.

Figure 9 shows a markedly different pattern under conservative priors. In
contrast to the informative case, most posterior theme-level alphas are shrunk
toward zero. Except for profitability, quality, profit growth, momentum and
value, the credible intervals of other themes extend substantially into negative
territory in at least one region. Notably, these surviving themes coincide with
those most extensively studied in the academic literature (Aghassi et al.,
2023).

The conservative prior also induces greater dispersion and flatter posterior
distributions, reflecting the relatively loose scale assumptions. Relative to the
informative prior regime, this specification therefore leads to a more selective
and concentrated set of themes, implying a narrower factor selection strategy.

To formally compare the evidence for the three hierarchical model spec-
ifications under the Bayesian perspective, we used the Bayes Factor ap-
proach on models defined by equations 9, 11 and 12, which share an identical
random-effects structure, but differ in their fixed effects. The Bayes Factor
quantifies the relative evidence provided by the data in favor of one model
over another, with a value greater than 1 indicating support for the numer-
ator model.

The analysis involved two primary tests, addressing the necessity of theme-
specific fixed effects for slopes and intercepts. To save space, we report results
only with the aggregated EM dataset, using the conservative prior regime.
Table A8 of Appendix C reports Bayes Factors computed via bridge sam-
pling, using the model 9 as the denominator. The strength of evidence is in-
terpreted based on Jeffreys’ scale (e.g., BF < 1/10 is Strong evidence against
the numerator model).

Results provide decisive evidence in favor of the most flexible fixed-effects
specification. In particular, the model that restricts market betas to be
common across themes is overwhelmingly rejected, with a Bayes Factor of
4.53 x 107, indicating essentially zero posterior support for this restriction.
Similarly, the model that constrains both intercepts and market betas to be
common across themes is even more strongly rejected, with a Bayes Factor
of 3.23 x 10715,
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Posterior Distributions of Theme-Level Alphas by Region
Posterior medians and 89% credible intervals by theme and region
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Figure 9: Posterior distribution for theme alphas across regions under conservative priors
centered around 0 for a,(;). All EM and specific regions distributions are represented each
with a different color and 89% credible intervals are also displayed.
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4.3. Selection Strategies Backtests

The final question is: "can we use the hierarchical framework to improve
factor selection strategies and associated out-of-sample performance and if
so, what s the best way to select factors as to improve investment suc-
cess?". Using the expanding-window backtest described in Section 3.3, the
following subsections summarize risk and performance metrics for emerging-
market portfolios under alternative multiple-testing adjustments and weight-
ing schemes.

4.8.1. Aggregated EM

Figure 10 illustrate the cumulative returns of all backtested strategies
in Aggregated EM. To facilitate visual inspection, selection strategies were
grouped by colours into 4 distinct themes: "None", "FWER", "FDR" and
"Bayesian". In the Aggregated EM case, Bayesian strategies clearly outper-
form the remaining selection strategies, followed by FDR and FWER, with
all multiple testing adjustment strategies beating the baseline no-adjustment
case. Among Bayesian strategies, both prior regimes are practically equiva-
lent.

Table 5 highlights several regularities. First, multiple-testing correction
materially affects both risk and return. Although the unadjusted benchmark
delivers the worst cumulative returns, it is among the least risky strate-
gies in terms of volatility, expected shortfall and drawdowns. A natural
explanation is diversification: the no-adjustment strategy selects many more
factors than FWER or FDR methods (see Table 2), spreading risk across
themes. However, Bayesian strategies, particularly under informative pri-
ors, are also relatively diversified yet exhibit higher risk, leading to broadly
similar risk-adjusted performance across the unadjusted, FDR and Bayesian
cases, with FWER methods underperforming. This pattern supports the
view that FWER corrections may be overly conservative in the presence of
factor multiplicity (Chen, 2021, 2022).

Among frequentist approaches, BH stands out. The BH-adjusted equal-
weight portfolio achieves the best overall risk-adjusted profile, combining the
highest Sharpe and Sortino ratios, the highest alpha t-statistic, the lowest
downside deviation and ulcer index, and the highest Martin ratio. BH si-
multaneously reduces both total and downside risk while preserving strong
geometric returns. In contrast, FWER methods exhibit higher volatility
and drawdowns, resulting in uniformly weaker risk-adjusted metrics despite
slightly higher raw returns than the unadjusted benchmark.
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Cumulative Returns of Selection Strategies - Aggregated Emerging Markets
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Figure 10: Cumulative returns of factor selection strategies in aggregated Emerging Mar-
kets. The figure reports the cumulative performance of portfolios constructed using
different multiple-testing and Bayesian selection procedures, under equal-weight (EW)
and alpha-weighted (t-statistic) schemes. Strategies are grouped by statistical ap-
proach: no adjustment (None), family-wise error rate control (FWER: Bonferroni, Holm,
Hommel, Hochberg), false discovery rate control (FDR: Benjamini-Hochberg and Ben-
jamini—Yekutieli), and Bayesian selection. Returns are compounded over time, allowing a
direct comparison of long-run performance and the dynamic trade-offs between conserva-

tiveness and factor inclusion across methodologies.
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Bayesian strategies display a distinct trade-off. The conservative prior
delivers the highest geometric mean return and alpha, but at the cost of
elevated volatility and downside risk, which weakens risk-adjusted measures.
The informative global prior offers a more balanced profile, with somewhat
lower raw returns but improved drawdown control, competitive Sharpe and
Martin ratios, and a higher alpha t-statistic.

Finally, across both frequentist and Bayesian specifications, weighting
schemes based on t,, or posterior tgi do not systematically dominate equal
weighting and sometimes worsen risk-adjusted performance. This suggests
that, under mild false-discovery control, factor selection is more important
than factor weighting for investment outcomes.

4.8.2. Americas

Figure 11 display the cumulative returns of all backtested strategies in
Americas. Selection strategies were grouped by colours as before, but BY is
not displayed since it does not select any factor given the initial buffer period,
so its backtest effectively starts later than others. As before, the baseline no-
adjustment case is among the selection strategies with worst out-of-sample
performance, but now, Bayesian methods show the complete opposite behav-
ior when comparing with Aggregated EM, going from best outperformance to
worst outperformance. This time, we have FWER methods outperforming,
followed by FDR.

Table A10 in Appendix E brings more nuances to the discussion, con-
firming some of the regularities documented earlier, albeit with important
regional nuances. As in the All EM case, multiple-testing correction materi-
ally shapes both the risk and return profile of multifactor portfolios. How-
ever, Americas sit in a different extreme, as we have way fewer selected factor
strategies on average, driving backtests’ volatility considerably higher.

The unadjusted benchmark delivers low profitability and alpha but also
lower risk, so do Bayesian methods, while frequentist ones show higher risk
and higher returns. This time, factor diversification seems to play a more
prominent role: the more permissive the selection rule is, the lower the risk
and the return. While FWER methods load heavily on value and momentum
with strong out-of-sample performance and 3x to 4x the alpha of the baseline
case, this concentration pays a price in volatility and expected shortfall, while
the selection of themes by Bayesian Informative that are completely ignored
by other methods seem to help in a significant way to reduce risk, but also
diminishing returns and associated alpha.
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Cumulative Returns of Selection Strategies - Americas
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Figure 11: Cumulative returns of factor selection strategies in Americas. The figure reports
the cumulative performance of portfolios constructed using different multiple-testing and
Bayesian selection procedures, under equal-weight (EW) and alpha-weighted (t-statistic)
schemes. Strategies are grouped by statistical approach: no adjustment (None), family-
wise error rate control (FWER: Bonferroni, Holm, Hommel, Hochberg), false discovery
rate control (FDR: Benjamini-Hochberg and Benjamini—Yekutieli), and Bayesian selec-
tion. Returns are compounded over time, allowing a direct comparison of long-run per-
formance and the dynamic trade-offs between conservativeness and factor inclusion across

methodologies.
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All in all, BY is the selection strategy with highest alpha t-stat. Among
frequentist procedures, BH again emerges as a strong compromise between
signal retention and risk control, but with less dominance than in the ag-
gregate EM results. Even so, BH displays roughly double the alpha and a
higher alpha t-stat than baseline. On average, FDR methods have similar
results as FWER, with BY having higher average returns and alpha than
BH and FWER, but also higher risk, and BH showing smaller alpha than
FWER, but also way less risk.

In terms of risk, Bayesian methods dominate, especially for the infor-
mative regime, but with a cost of average returns erosion. On average, the
conservative regime display a better risk-adjusted performance than baseline,
but are dominated by frequentist methods.

Finally, consistent with the ALL EM results, differences between EW and
t-based weighting are second order relative to the impact of the selection rule
itself.

4.3.3. APAC

Figure 12 shows backtest results in APAC, with selection strategies grouped
by colours as before. As before, the baseline no-adjustment case is among
the selection strategies with worst out-of-sample performance, but this time,
FDR were also among the less performatic, with Bayesian and FWER show-
ing the strongest performance.

As before, multiple-testing adjustment materially affects both profitabil-
ity, alpha and drawdown behavior, and, again, unadjusted benchmark deliv-
ers weak returns and alpha, but also lower risk. Once more, despite offering
higher returns and alpha, FWER procedures have higher risk due to over-
pruning behavior, negatively impacting risk-adjusted metrics. As a result,
performance ratios and alpha t-stat remain inferior.

Offering better risk control, FDR shows improvements in risk-adjusted
returns, with BY being in line with baseline. This time, Bayesian approaches
stand out clearly, with the informative prior dominating the risk-adjusted
landscape, achieving lowest volatility and downside risk, and also the highest
performance ratios and alpha ¢-stat across all strategies. Conservative Bayes
showed risk-adjusted metrics in line with baseline and BY. Consistent with
earlier findings, weighting by frequentist or Bayesian t¢-statistics does not
systematically outperform equal weighting.

44
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Figure 12: Cumulative returns of factor selection strategies in APAC. The figure reports
the cumulative performance of portfolios constructed using different multiple-testing and
Bayesian selection procedures, under equal-weight (EW) and alpha-weighted (t-statistic)
schemes. Strategies are grouped by statistical approach: no adjustment (None), family-
wise error rate control (FWER: Bonferroni, Holm, Hommel, Hochberg), false discovery
rate control (FDR: Benjamini-Hochberg and Benjamini—Yekutieli), and Bayesian selec-
tion. Returns are compounded over time, allowing a direct comparison of long-run per-
formance and the dynamic trade-offs between conservativeness and factor inclusion across

methodologies.
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4.5.4. EMEA

Figure 13 shows cumulative returns of all backtested strategies in EMEA.
This time, frequentist adjustment methods clearly outperform baseline and
Bayesian strategies.

Cumulative Returns of Selection Strategies - EMEA
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Figure 13: Cumulative returns of factor selection strategies in EMEA. The figure reports
the cumulative performance of portfolios constructed using different multiple-testing and
Bayesian selection procedures, under equal-weight (EW) and alpha-weighted (t-statistic)
schemes. Strategies are grouped by statistical approach: no adjustment (None), family-
wise error rate control (FWER: Bonferroni, Holm, Hommel, Hochberg), false discovery
rate control (FDR: Benjamini-Hochberg and Benjamini—Yekutieli), and Bayesian selec-
tion. Returns are compounded over time, allowing a direct comparison of long-run per-
formance and the dynamic trade-offs between conservativeness and factor inclusion across
methodologies.

EMEA results complete the regional picture and reinforce the main cross-
market conclusions: the unadjusted benchmark delivers the weakest perfor-
mance and alpha, while multiple-testing adjustment generally increases risk,
but leads to better risk-adjusted returns and alpha t-statistics.
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FWER strategies again exhibit the highest risk. In EMEA, however, the
rise in volatility and downside risk is not sufficient to offset their higher re-
turns in Sharpe and Sortino terms, although the Martin ratio deteriorates due
to higher ulcer indices. Alpha levels and alpha t-statistics are also materially
stronger under FWER corrections.

On average, FDR improves clearly over the unadjusted benchmark in
terms of risk-adjusted performance and alpha, though its dominance is less
pronounced than in the All Emerging sample. BY generates best alpha t-
statistic, but BH is actually wrose than no adjustment case.

Bayesian approaches again display a distinct profile, with informative
prior delivering the strongest risk-adjusted performance and higher alpha
t-statistic than baseline.

4.8.5. Consolidated findings

Taken together, the results across Aggregated EM, Americas, APAC, and
EMEA provide a clear and coherent answer to the central question of this
subsection: hierarchical factor selection frameworks materially impacts out-
of-sample performance, but the optimal selection rule is region-dependent
and also depends on individual investor risk preferences.

Figure 14 plots CAPM alpha (y-axis) against specific risk (x-axis) for each
out-of-sample backtest portfolio and Table 6 averages out-of-sample metrics
across regions and weighting schemes.

A first conclusion is that the baseline no-adjustment strategy out-of-
sample alpha can usually be improved by applying adjustments. However,
this comes with a clear cost of higher risk, although risk-adjusted ratios are
usually higher for the adjustment case, especially in Americas and EMEA.
The trade-off was more extreme at the Americas regions, with the choice of
adjustment method providing material shift across risk-return spectrum and
number of selected factors.

Regarding the choice of multiple adjustment method, FWER controls
consistently yield strategies with highest alphas. However, most of the time,
this makes FWER adjustments have worse risk-adjusted return metrics than
benchmark and other strategies, but improved alpha t-stat compared to the
former. On the other hand, FDR produce more nuanced outcomes and,
on average, outperform all others in risk-adjusted returns and alpha t-stats.
As for Bayesian adjustments, while the conservative priors shows, on aver-
age, similar out-of-sample behavior as baseline, the informative prior regime
can offer risk-adjusted improvements, usually through risk reduction, as this
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Alpha vs Specific Risk (size = [t-stat])
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Figure 14: Alpha vs specific-risk across selection rules and regions. Scatter plot of
out-of-sample strategy CAPM alphas versus CAPM specific risk. Each point corresponds
to one backtested selection strategy. Marker size is proportional to the absolute alpha
t-statistic, marker shape identifies the region (All Emerging, Americas, APAC, EMEA),
and marker color denotes the selection/adjustment family: none (no adjustment), FDR
control (BH/BY), FWER control (Bonferroni/Holm/Hochberg/Hommel), and Bayesian
rules. The black line is a nonlinear GAM fit of & on specific risk with a 95% confidence
band.
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method consistently shows the lowest risk overall.

This picture leads to a second conclusion: while adjusting p-values is usu-
ally a good idea, the exact adjustment depends on both the region, without
an obvious best method that always outperform, and on individual utility
function. When choosing high alpha and returns, FWER is the way to go,
while, for much risk averse investors, Bayesian shrinkage with global priors
is a better move and, finally, FDR methods can offer the best risk-adjusted
metrics.

Finally, our last conclusion is that weighting schemes play a secondary
role. Across all regions and methodologies, weighting portfolios by frequentist
or Bayesian t-statistics does not systematically outperform equal weighting.
Differences between EW and t-based schemes are small relative to the impact
of the selection rule itself, reinforcing the conclusion that getting the set of
signals right matters more than fine-tuning their weights.

Table 6: Consolidated performance across factor-selection paradigms

Metric None FWER FDR Bayes Cons. Bayes Info.
Geom. Mean 0.245 0.357 0.341 0.258 0.231
Std. Dev. 0.661  1.020  0.900 0.705 0.603
Down Dev. 0.367 0.552  0.473 0.388 0.329
Ann. Sharpe 1.31 1.25 1.35 1.29 1.34
Sortino 0.678 0.651 0.721 0.675 0.707
Exp. Short 1.36 1.91 1.68 1.42 1.19
Ulcer 1.26 1.99 1.47 1.29 0.98
Martin 2.54 2.35 2.97 2.58 3.02
Alpha 0.197 0.340 0.321 0.210 0.187
Alpha t-stat  3.54 3.66 3.77 3.50 3.68

Values are averages across all regions (All EM, APAC, Americas, EMEA) and weighting
schemes. Bold values indicate best performance per metric (return, risk, or
risk-adjusted).

5. Conclusion

This paper reexamines the factor zoo through the lens of multiple testing
and hierarchical modeling, motivated by concerns over p-hacking, false dis-
coveries, and post-publication decay. Using Emerging Markets as a demand-
ing and economically relevant out-of-sample laboratory, given their relative

49



insulation from factor crowding and data-mining, combined with harsher
inferential conditions, we study factor alphas existence and magnitude, how
they should be modeled statistically, and whether disciplined selection frame-
works can be translated into superior out-of-sample portfolio performance.

Our first set of results addresses the existence and magnitude of factor al-
phas. Using no-pooled and hierarhical CAPM regressions, we document that
a small subset of themes, most notably value, profitability, quality, profit
growth, and momentum, concentrates the most persistent and economically
meaningful alphas across regions. At the same time, several commonly cited
themes display weak abnormal returns, and, notably, factors in the low lever-
age theme presented frequent significant negative alphas.

Region-wise, the Americas showed the smallest number of significant fac-
tors and themes, with a concentration on value and momentum, and, on the
other hand APAC and the aggregated dataset displayed the highest, favor-
ing themes such as size, accruals, low risk, debt issuance, seasonality and
investment. As for choice of inference method, FWER methods naturally
provided the most conservative selection rule, with significant alphas more
concentrated under more prominent themes. At the same time, evaluating
alphas under Bayesian inference with informative global priors resulted in
more support for factors in other themes, except for low leverage, having a
larger impact in the Americas.

The absence of robust premia for some commonly cited themes admits at
least three non-mutually exclusive explanations. First, these signals may re-
flect data mining or p-hacking in developed-market samples, failing to survive
out-of-sample tests in EM. Second, EM may differ fundamentally in market
structure, investor composition, regulation, or firm characteristics, such that
certain mechanisms underlying factor premia in developed markets are atten-
uated or absent. Third, some themes may be subject to long cycles or regime
dependence and could re-emerge in EM with larger samples. Distinguishing
among these channels is a recommendation for future studies.

Our second contribution concerns the role of hierarchical structure in fac-
tor inference. Modeling factors as nested within broader economic themes
result in a more realistic and parsimonious framework than a no-pooled in-
dependent representation. In special, Bayesian inference, which is receiving
a growing amount of support as a possible solution for the loss in credibility
of some findings in given fields, including asset pricing, provides an increased
advantage in EM, because of their more volatile, data-scarce and shallower
markets. As for specification, there is evidence of varying fixed effects for
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both alpha and market factor exposures across themes, with similar conclu-
sions in terms of which themes dominate the cross-sectional alpha generation
in EM. In addition, we document significant negative market factor exposure
for themes such as low risk, quality, momentum, and investment and neutral-
ity for the rest. Future research may extend our specification with dynamic
parameters and priors. Finally, we point out that hierarchical lens provide
support for an additional number of themes when compared to the no-pooled
perspective.

The third and most economically relevant set of findings links statisti-
cal inference to out-of-sample portfolio performance. Across all regions and,
especially in Americas and EMEA, ignoring multiple testing leads to infe-
rior out-of-sample risk-adjusted outcomes. Although unadjusted strategies
often appear diversified and low risk, they deliver weak returns and alpha,
and applying multiple testing adjustments in selecting factors can materially
change both risk and return, with evidence of improvements in risk-adjusted
ratios and alpha t-stats.

However, the choice of multiple control method itself depends more on
region and risk preferences. At one extreme, family-wise error rate (FWER)
controls generate the highest raw returns and alphas, but entail high risk and
aggressively concentrating portfolios, resulting in often worse risk-adjusted
out-of-sample performance. On the other hand, Bayesian methods, especially
with informative priors, can offer more diversification and less risk, especially
in APAC and EMEA, improving risk-adjusted results. Finally, false discovery
rate (FDR) control offered the best ratios and alpha t-stats overall. We
conclude that there is not a "one-size-fits-all" approach. Finally, we find little
systematic advantage to weighting schemes based on frequentist or Bayesian
t-statistics relative to equal weighting. Therefore, differences in sizing are
second-order compared to controlling false discoveries.

Ultimately, we point out, albeit more concentrated in fewer themes, fac-
tors do exhibit statistical significant alphas in EM, with some themes showing
robust performance regardless of multiple correction or specification choice.
A hierarchical view can serve as a more coherent and parsimonious frame-
work to the factor zoo and there is evidence that both abnormal returns and
market exposures vary across themes. In fact, diversifying across factors lead
to improvements in risk reduction. Finally, disciplined inference is not a con-
straint on asset pricing, but a prerequisite for extracting its true economic
value and shaping portfolio risk-return to individual preferences.
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Appendix

Appendix A. Additional Frequentist Results

Appendix A.1. Theme-Level Selection Rates by Region

This section reports theme-level proportions of selected factors across re-
gions and multiple-testing adjustments, complementing the aggregate results
discussed in the main text.

Table Al: Proportion of significant factors by theme in the JKP emerging markets cluster

Theme None Bonferroni Holm Hochberg Hommel BH BY
Accruals 0.600 0.400 0.600 0.600 0.600  0.600 0.600
Debt issuance 0.429 0.143 0.143 0.143 0.143  0.286 0.143
Investment 0.455 0.046 0.046 0.046 0.091 0.318 0.136
Low leverage  0.200 0.000 0.000 0.000 0.000  0.100 0.000
Low risk 0.294 0.059 0.059 0.059 0.059  0.235 0.235
Momentum 0.750 0.125 0.125 0.125 0.125  0.625 0.250
Profitability 0.545 0.182 0.182 0.182 0.182  0.364 0.182
Profit growth  0.727 0.455 0.455 0.455 0.455  0.545 0.455
Quality 0.562 0.000 0.063 0.063 0.063  0.375 0.125
Seasonality 0.364 0.182 0.182 0.182 0.182  0.273 0.182
Size 0.800 0.200 0.200 0.200 0.200  0.800 0.600
Skewness 0.167 0.000 0.000 0.000 0.000  0.000 0.000
Value 0.778 0.333 0.333 0.333 0.333  0.667 0.444

This table reports, for the JKP emerging markets cluster, the share of characteristics
within each economic theme that are significant at the 5% level under alternative
multiple-testing adjustments. "None" refers to unadjusted p-values; Bonferroni, Holm,
Hochberg and Hommel control the family-wise error rate (FWER); BH and BY denote
the Benjamini-Hochberg and Benjamini-Yekutieli false discovery rate (FDR) procedures.

Appendix B. Additional Bayesian Results

Appendix B.1. Theme-Level Posterior Probabilities

This section reports posterior probabilities of positive alphas by theme
under alternative prior regimes.
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Table A2: Proportion of significant factors by theme in the JKP APAC emerging markets

cluster
Theme None Bonferroni Holm Hochberg Hommel BH BY
Accruals 0.600 0.000 0.000 0.000 0.400  0.600 0.400
Debt issuance 0.571 0.143 0.143 0.143 0.143  0.571 0.286
Investment 0.409 0.091 0.091 0.091 0.091 0.409 0.136
Low leverage 0.091 0.000 0.000 0.000 0.000  0.091 0.000
Low risk 0.059 0.059 0.059 0.059 0.059  0.059 0.059
Momentum 1.000 0.125 0.125 0.125 0.125  0.875 0.375
Profitability 0.636 0.182 0.182 0.182 0.182  0.455 0.182
Profit growth  0.727 0.364 0.364 0.364 0.364  0.727 0.545
Quality 0.706 0.059 0.118 0.118 0.118  0.588 0.294
Seasonality 0.455 0.000 0.091 0.091 0.091 0.364 0.182
Size 0.800 0.000 0.000 0.000 0.000  0.400 0.000
Skewness 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Value 0.889 0.444 0.500 0.500 0.500  0.889 0.667

Notes: This table reports, for the JKP APAC emerging markets cluster, the proportion
of characteristics within each economic theme that are classified as significant at the 5%
level under different multiple-testing adjustment procedures. “None” denotes unadjusted

p-values; Bonferroni, Holm, Hochberg and Hommel control the family-wise error rate
(FWER); BH and BY correspond to the Benjamini-Hochberg and Benjamini-Yekutieli
false discovery rate (FDR) procedures, respectively.
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Table A3: Proportion of significant factors by theme in the JKP Americas emerging

markets cluster

Theme None Bonferroni Holm Hochberg Hommel BH BY
Accruals 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Debt issuance 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Investment 0.046 0.000 0.000 0.000 0.000  0.000 0.000
Low leverage 0.111 0.000 0.000 0.000 0.000  0.000 0.000
Low risk 0.059 0.000 0.000 0.000 0.000  0.000 0.000
Momentum 0.875 0.250 0.250 0.250 0.250  0.375 0.250
Profitability 0.364 0.000 0.000 0.000 0.000  0.182 0.000
Profit growth  0.250 0.000 0.000 0.000 0.000  0.083 0.000
Quality 0.235 0.000 0.000 0.000 0.000  0.059 0.000
Seasonality 0.091 0.000 0.000 0.000 0.000  0.000 0.000
Size 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Skewness 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Value 0.722 0.222 0.222 0.222 0.222  0.389 0.222

Notes: This table reports, for the JKP Americas emerging markets cluster, the
proportion of characteristics within each economic theme that are classified as significant
at the 5% level under different multiple-testing adjustment procedures. "None" denotes
unadjusted p-values; Bonferroni, Holm, Hochberg and Hommel control the family-wise

error rate (FWER); BH and BY correspond to the Benjamini-Hochberg and

Benjamini-Yekutieli false discovery rate (FDR) procedures, respectively.
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Table A4: Proportion of significant factors by theme in the JKP EMEA emerging markets

cluster
Theme None Bonferroni Holm Hochberg Hommel BH BY
Accruals 0.200 0.000 0.000 0.000 0.000  0.200 0.000
Debt issuance 0.286 0.000 0.000 0.000 0.000  0.000 0.000
Investment 0.091 0.000 0.000 0.000 0.000  0.000 0.000
Low leverage  0.100 0.100 0.100 0.100 0.100  0.100 0.100
Low risk 0.250 0.000 0.000 0.000 0.000  0.250 0.000
Momentum 1.000 0.000 0.000 0.000 0.000 1.000 0.375
Profitability 0.727 0.273 0.273 0.273 0.273  0.545 0.273
Profit growth  0.583 0.250 0.250 0.250 0.250  0.417 0.250
Quality 0.688 0.063 0.063 0.063 0.063  0.375 0.312
Seasonality 0.091 0.000 0.000 0.000 0.000  0.000 0.000
Size 0.000 0.000 0.000 0.000 0.000  0.000 0.000
Skewness 0.200 0.000 0.000 0.000 0.000  0.000 0.000
Value 0.667 0.278 0.278 0.278 0.278  0.500 0.333

Notes: This table reports, for the JKP EMEA emerging markets cluster, the proportion
of characteristics within each economic theme that are classified as significant at the 5%
level under different multiple-testing adjustment procedures. “None” denotes unadjusted

p-values; Bonferroni, Holm, Hochberg and Hommel control the family-wise error rate
(FWER); BH and BY correspond to the Benjamini-Hochberg and Benjamini—Yekutieli
false discovery rate (FDR) procedures, respectively.
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Table A5: Posterior evidence of positive alphas by theme

All emerging Americas APAC EMEA
Theme Conservative Informative Conservative Informative Conservative Informative Conservative Informative
accruals 0.600 0.600 0.000 0.400 0.600 0.600 0.200 0.200
debtissuance 0.143 0.143 0.000 0.000 0.286 0.429 0.000 0.286
investment 0.227 0.455 0.000 0.273 0.409 0.409 0.000 0.091
lowleverage 0.000 0.000 0.000 0.000 0.091 0.091 0.100 0.100
lowrisk 0.706 0.706 0.000 0.059 0.059 0.059 0.250 0.250
momentum 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
profitability 0.545 0.545 0.909 0.909 0.636 0.636 0.727 0.818
profitgrowth 0.636 0.818 0.417 0.750 0.818 0.818 0.667 0.750
quality 0.750 0.938 0.176 0.941 0.824 0.882 0.750 0.812
seasonality 0.273 0.273 0.000 0.091 0.273 0.455 0.000 0.091
size 1.000 1.000 0.000 0.500 0.800 0.800 0.000 0.200
skewness 0.167 0.333 0.000 0.667 0.000 0.000 0.000 0.200
value 1.000 1.000 1.000 1.000 1.000 1.000 0.833 0.889

Entries are the proportion of individual factor alphas with pg > 0.95 within each theme and region. Bold values indicate that
the corresponding theme-level alpha also has pg > 0.95.



Appendix C. Model Comparison and Specification Tests

Appendiz C.1. Frequentist Specifications Comparison

This section reports likelihood-ratio tests and information criteria used
to compare alternative frequentist hierarchical specifications.

Table A6: Likelihood ratio tests for hierarchical CAPM specifications

Comparison k1 ko X2 df p-value
@i, Bi (eq. 12) vs. (), Begsy (eq. 9) 6 30 17529 24 <22x10716
Oéc(i),ﬁi (eq. 11) VS. ac(i),ﬂc(i) (eq. 9) 18 30 99.24 12 7.85 x 10716

k1 and ko denote the number of estimated parameters in the restricted and unrestricted
models, respectively.

Table A7: Model comparison via likelihood and information criteria

Model Log-likelihood Deviance AIC BIC
i, Bi (eq. 9) —66184.23  132368.5 132380.5 132431.2
Qi) Bi (eq. 11) —66146.15 132292.3 132328.3 132480.6

Qefi)s Be(sy (ea. 12)  —66096.53 1321931 1322531 132506.9

Lower values of AIC and BIC indicate better model fit after penalizing for model
complexity. Bold values denote the minimum criterion.

Appendiz C.2. Bayesian Specifications Comparison

This section displays Bayes Factor comparisons for alternative hierarchi-
cal specifications.

Table A8: Bayes Factor Comparison for Fixed Effects Structure

Num. Denom. Bayes Factor FEvidence for Denom.

ey, Bi (€q. 11) sy, Bewy (eq. 9)  4.53 x 107 Decisive
i, Bi (eq. 12) ey, Bey (eq. 9) 3.23 x 107 Decisive
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Appendix D. Comparison of Frequentist and (Informative) Bayesian
theme-leval CAPM alphas and betas by region

Table A9 compares frequentist and Bayesian theme-level CAPM alphas
and betas across regions under informative global priors.
Appendix E. Region-Specific Backtest Performance

This section reports detailed backtest performance metrics by region and
selection strategy.
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