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Abstract
This thesis investigates whether stronger performance on environmental, social,
and governance (ESG) criteria is associated with higher profitability, measured
by return on assets (ROA), for firms in the United States and Europe. The
analysis synthesizes evidence from 44 empirical studies published after 2015,
converting their reported results into comparable effect sizes (standardized beta
coefficients and partial correlations). Using state-of-the-art meta-regression
techniques, including multiple methods to detect and correct publication bias
and model averaging to account for study heterogeneity, the meta-analysis
finds that any ESG–ROA relationship is, on average, extremely small. The
best-practice estimate of the mean effect is statistically indistinguishable from
zero, indicating that better ESG ratings do not reliably translate into higher
ROA. While individual studies sometimes report significantly positive or neg-
ative effects, these differences are explained by variations in data. Overall, the
findings suggest that ESG performance has no material impact on account-
ing profitability in advanced economies. This focused meta-analysis provides
timely and robust evidence to inform investors, corporate decision-makers, and
policymakers amid the rapid growth of sustainable investing.

JEL Classification M14, G32, C83, G30, Q56
Keywords ESG, return on assets, financial performance,

meta-analysis, publication bias, heterogeneity

Title How does ESG Performance Affect Earnings? A
Meta-Analysis

Author’s e-mail 15384545@fsv.cuni.cz
Supervisor’s e-mail tomas.havranek@fsv.cuni.cz

https://ideas.repec.org/j/M14.html
https://ideas.repec.org/j/G32.html
https://ideas.repec.org/j/C83.html
https://ideas.repec.org/j/G30.html
https://ideas.repec.org/j/Q56.html
mailto:15384545@fsv.cuni.cz
mailto:tomas.havranek@fsv.cuni.cz


Abstrakt
Tato bakalářská práce zkoumá, zda silnější výkonnost v oblasti environmen-
tálních, sociálních a správních (ESG) kritérií souvisí s vyšší ziskovostí firem,
měřenou návratností aktiv (ROA), ve Spojených státech a Evropě. Analýza
syntetizuje poznatky ze 44 empirických studií publikovaných po roce 2015 a
převádí jejich výsledky na srovnatelné velikosti efektu (standardizované beta
koeficienty a parciální korelace). Meta-analýza využívá nejmodernější meta-
regresní postupy, včetně metod pro detekci a korekci publikačního zkreslení
a modelového zprůměrování zohledňujícího heterogenitu studií, a ukazuje, že
průměrný vztah mezi ESG a ROA je velmi malý. Náš preferovaný odhad
středního efektu je statisticky nerozlišitelný od nuly, což naznačuje, že lepší
ESG skóre není spolehlivě spojeno s vyšší návratností aktiv (ROA). I když jed-
notlivé studie někdy vykazují výrazně kladné nebo záporné efekty, tyto rozdíly
vysvětlují odlišnosti v datech. Celkově výsledky naznačují, že výkonnost ESG
nemá v rozvinutých ekonomikách zásadní dopad na účetní ziskovost. Tato
úzce zaměřená meta-analýza poskytuje aktuální a robustní důkazy, které mo-
hou posloužit investorům, firemním rozhodovacím činitelům a tvůrcům politik
v době rostoucího zájmu o ESG.
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Chapter 1

Introduction

The global market for sustainability-labelled funds has expanded from virtually
zero little more than a decade ago to an estimated USD 3.2 trillion in assets
under management at the end of 2024 (Morningstar 2025), with other trackers
reporting figures as high as USD 3.56 trillion (Morgan Stanley Institute for
Sustainable Investing 2025). Europe leads the trend, supported by a dense
web of statutory disclosure rules such as NFRD (2018), SFDR (2021) and the
Corporate Sustainability Reporting Directive (2024).

Long before the rise of ESG investing, economists debated whether firms
should focus narrowly on shareholder value or consider the broader set of stake-
holders. Friedman (1970) regarded spending beyond profit maximization as a
cost to shareholders, whereas Freeman (1984) argued that long-term value de-
pends on balancing all stakeholders. This tension motivates the empirical ques-
tion of whether stronger ESG performance translates into higher profitability.

Horváthová (2010) conducted a meta-regression analysis to investigate the
heterogeneous effects of environmental performance on financial performance.
Her findings suggest that the relationship is highly context-dependent. Meta-
analyses such as Friede et al. (2015) and Whelan et al. (2021) often report a
positive ESG–performance link, yet they study very broad link between sus-
tainability and financial performance. However, no meta-analysis that focuses
on a clearly defined relationship between ESG and accounting profitability and
employs modern methodology has yet been conducted.

This thesis addresses that gap by estimating the bias-corrected average asso-
ciation between composite third-party ESG ratings and return on assets (ROA)
for firms headquartered in the European Union or the United States, relying
on studies published after 2015. This period marks significant progress in ESG
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data quality and comparability. The final dataset consists of 44 empirical stud-
ies that report a total of 108 effect size estimates based on third-party ESG
ratings. We standardize the effect sizes using partial correlation coefficients
and standardized beta coefficients. Some studies do not report the necessary
standard deviations, which limits the calculation of standardized effects. For
the subset of 38 studies (a total of 92 estimates) that reported the requisite
standard deviations, standardized beta coefficients are computed.

Publication bias is evaluated for both partial correlation coefficients and
standardized beta coefficients to strengthen the robustness of the results. A
comprehensive battery of linear and non-linear tests is applied to detect and
correct for selective reporting. We also use techniques that address poten-
tial endogeneity, most notably the p-uniform* approach and an endogeneity-
robust instrumental-variables meta-regression, together with the newly pro-
posed MAIVE estimator. Across all specifications, publication bias emerges as
a minor issue. Overall, publication bias analysis shows that the pooled mean
effect is statistically and economically insignificant.

The heterogeneity analysis relies exclusively on standardized betas. Bayesian
and Frequentist model averaging indicate which moderators are important in
explaining the variation in reported coefficients. Because some primary stud-
ies may suffer from endogeneity (for example, if higher profitability enables
stronger ESG performance), we flag this issue and test its impact in the het-
erogeneity analysis; the moderator proves insignificant, showing that endogene-
ity does not drive our pooled results. Another important insight is that when
heterogeneity is taken into account, publication bias appears to be relatively
strong.

To approximate the causal effect under methodologically optimal condi-
tions, we derive a best-practice coefficient by setting all quality-related moder-
ators to their preferred levels. The resulting figure shows that a one-standard-
deviation increase in ESG performance is associated with a 0.022-standard-
deviation increase in ROA, and this relationship is not statistically significant.
The finding is therefore consistent with the broader evidence that ESG has, at
best, a small to negligible impact on accounting profitability.

Together, these contributions provide the first meta-analytic estimate of the
ESG–ROA relationship that is both conceptually precise and methodologically
robust, offering reliable evidence to inform investors and regulators in advanced
economies.

Chapter 2 formalizes the key concepts and outlines competing theoretical
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perspectives. Chapter 3 details data collection, effect-size standardization, and
the initial analyses. Chapter 4 assesses publication bias. Chapter 5 investigates
heterogeneity using Bayesian model averaging and Frequentist model averaging.
Chapter 6 presents the best-practice estimate along with the economic relevance
of key heterogeneity drivers. Chapter 7 summarizes the findings.



Chapter 2

Conceptual and theoretical
foundations

2.1 Fundamental concepts

2.1.1 Theoretical framework on ESG and third-party ESG
ratings

Environmental, Social, and Governance (ESG) criteria are non-financial in-
dicators used to assess how firms manage sustainability-related risks and the
broader social and environmental impacts of their activities (European Com-
mission 2024). ESG ratings, which are issued by third-party providers such
as MSCI, Sustainalytics, SP Global, Bloomberg, and LSEG/Refinitiv, serve as
synthesized assessments of a company’s exposure to ESG risks and its potential
or actual externalities (Berg et al. 2022b; London Stock Exchange Group 2025).
These ratings are based on public disclosures, media coverage, and additional
sources, which are evaluated using proprietary methodologies developed by the
rating agencies.

Unlike standardized financial metrics governed by accounting principles,
ESG ratings lack a unified conceptual foundation and methodological consis-
tency. According to Mazzacurati et al. (2021), there is no single accepted
definition of ESG, and the transparency of the data used to generate ratings
varies substantially across providers. Berg et al. (2022b) report that the av-
erage correlation between ESG scores issued by five leading agencies is only
about 60 percent, whereas credit ratings across agencies tend to correlate at
levels exceeding 99 percent. This discrepancy arises largely from the greater
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reliance on qualitative inputs, differing indicator weights, and a lack of harmo-
nized reporting standards. It presents a fundamental challenge for empirical
analyses, which this thesis addresses by explicitly controlling for the identity
of the ESG data provider in the meta-analytic framework.

Regulatory frameworks play a central role in shaping the availability, qual-
ity, and comparability of ESG data. The European Union has established
itself as a global leader in this domain through binding legislation such as the
Non-Financial Reporting Directive (NFRD), the Sustainable Finance Disclo-
sure Regulation (SFDR), the EU Taxonomy, and most recently the Corporate
Sustainability Reporting Directive (CSRD). These frameworks promote stan-
dardized, transparent, and comparable ESG disclosures across EU member
states. In contrast, jurisdictions such as the United States have historically
relied on voluntary mechanisms and market-based incentives. As noted by
Soyombo et al. (2024), the U.S. approach is primarily driven by stakeholder
expectations rather than statutory mandates, resulting in a more fragmented
and heterogeneous reporting environment.

To ensure data consistency and improve comparability, the meta-analysis
is limited to studies published after 2015. This period marks a turning point
in ESG data quality, driven by widespread adoption of structured disclosure
frameworks. In particular, the post-2015 period witnessed an expansion of
mandatory ESG reporting obligations in the EU, as well as a substantial in-
crease in voluntary reporting globally. Since ESG ratings are derived from re-
ported data, improvements in the regulatory landscape have directly enhanced
their informational value.

At the same time, the financial relevance of ESG has expanded considerably.
ESG-related assets under management grew from 6 billion US dollars in 2015
to over 150 billion in 2020 in the ETF segment alone (LLC 2021). Bloomberg
Intelligence estimates that global ESG assets exceeded 30 trillion US dollars
in 2022, with projections suggesting this number could surpass 40 trillion by
2030. This would represent more than 25 percent of all assets under manage-
ment worldwide (Bloomberg Intelligence 2024). Regulatory initiatives such as
the SFDR, the CSRD, and recent SEC disclosure rules further reinforce the
centrality of ESG in both capital markets and corporate strategy.

These developments have transformed ESG from a reputational considera-
tion into a factor with potential implications for financial performance. How-
ever, it remains an open question whether ESG scores assigned by third-party
providers are systematically associated with traditional measures of firm prof-
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itability, such as return on assets (ROA). This thesis investigates that question
through a systematic meta-analysis of existing empirical studies, explicitly ac-
counting for both regional regulatory differences and methodological variation
among ESG data providers.

2.1.2 Return on assets (ROA)

Return on Assets (ROA) is a widely employed accounting measure of prof-
itability that evaluates how efficiently a firm converts its asset base into net
earnings.

Following Ross et al. (2022), ROA is expressed as

ROA = Net Income
Total Assets .

This specification captures the return earned by all providers of capital. In
contrast to Return on Equity (ROE), the effect of leverage enters only through
the denominator rather than through an amplified numerator, which reduces
the sensitivity of ROA to capital-structure choices. A firm can artificially inflate
its ROE through increased leverage, even if its operational performance remains
unchanged. This sensitivity to financial engineering limits ROE’s reliability as
a standalone measure of efficiency (Hagel et al. 2010).

Within the empirical ESG literature, the net-income version predominates.
Most primary studies related to ESG-ROA relationship report ROA as net
income divided by total assets. In general, ROA indicates how many dollars of
profit are generated for each dollar of assets employed. For instance, a ROA of
5 % suggests that the firm generates $0.05 in net income for every $1 invested
in assets. Higher ROA values are typically interpreted as evidence of greater
efficiency in asset utilization, signaling the firm’s ability to convert investments
into profits. This makes ROA a useful indicator of operational effectiveness
(Damodaran 2014). As argued by Hagel et al. (2013), it synthesizes profitability
and asset efficiency into a single metric and is less affected by short-term market
fluctuations compared to market-based indicators such as stock returns.

Nonetheless, ROA has limitations. Its formulation can differ across studies,
depending on whether net income or EBIT is used in the numerator (Singh
et al. 2024). If net income is used, ROA incorporates interest and tax effects,
partially reintroducing capital structure considerations and raising conceptual
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concerns (Singh et al. 2024). Moreover, the interpretation of ROA is also
dependent on the industry context.

Despite these limitations, ROA remains one of the most widely employed
measures of corporate profitability. Singh et al. (2024) note that empirical
studies use heterogeneous numerators (e.g., net income, operating income, or
EBIT), yet only a single critical review scrutinises this methodological inconsis-
tency in depth; consequently, the prevailing assumption is that such variation
does not introduce a material bias. In line with this practice, and due to the
rarity of clear differentiation in published studies, our meta-analysis does not
distinguish between ROA definitions based on numerator selection. We ac-
knowledge that this may increase measurement heterogeneity but consider it a
pragmatic choice in line with prevailing empirical conventions.

While we do not differentiate between ROA definitions based on numer-
ator choice, we explicitly address the importance of industry context. ROA
levels vary substantially across sectors due to differences in asset structure and
business models, with the financial sector being particularly distinctive. To
account for this, we standardize all effect size estimates (see Section 3.2) and
include several dummy variables capturing sector-specific effects, including the
exclusion of financial firms.

2.2 Theoretical background
The stakeholder theory is often used to explain the relationship between En-
vironmental, Social, and Governance (ESG) criteria and corporate financial
performance. First introduced by R. Edward Freeman (Freeman 1984), the
theory argues that long-term business success depends not only on meeting
the expectations of shareholders but also on considering the interests of all
groups affected by the firm’s activities. These stakeholders include employees,
customers, suppliers, and others who can influence or are influenced by the
company (Freeman & McVea 2001). According to Freeman & McVea (2001),
stakeholder theory offers a strategic framework that helps firms balance com-
peting interests and adapt more effectively to environmental and operational
challenges. At the same time, as pointed out by Miles (2012), the term "stake-
holder" remains vaguely defined and its use varies across the literature. Despite
this ambiguity, many studies treat ESG activities as a way of responding to
stakeholder demands, which supports the idea that better ESG performance
may lead to improved profitability (Omran & Ramdhony 2015).
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This approach stands in contrast to shareholder theory (particularly in its
agency theory form), as famously presented by Milton Friedman in his 1970
article in the New York Times Magazine (Friedman 1970). According to Share-
holder theory, corporate investments in social or environmental objectives be-
yond immediate profit are a misuse of resources that impose “opportunity costs”
on owners. Agency theory further refines this perspective by considering the
conflict of interest between managers (agents) and shareholders (principals).
Managers may pursue ESG initiatives to advance their personal image, fulfill
moral preferences, or appease other stakeholders even when those initiatives
do not directly improve shareholder value. This represents a form of “overin-
vestment” or agency cost (Barnea & Rubin 2010). However, researchers differ
in how they apply Friedman’s theory to the ESG–performance link. Some
interpret it as suggesting a negative relationship, where ESG efforts reduce
profitability. Others argue that ESG practices can still be consistent with
shareholder interests if they help reduce risk, protect reputation, or support
long-term value creation. The debate between these two perspectives remains
central to how ESG is evaluated in corporate finance.

Another theoretical framework that seeks to explain the relationship be-
tween ESG performance and profitability is the Resource-Based View (RBV).
The RBV gained prominence following the work of Barney (1991), who argued
that a firm’s competitive advantage is primarily derived from its firm-specific
resources and its capacity to effectively utilize them. More recently, scholars
such as Barney (2018) and Freeman et al. (2021) have emphasized the need for
greater alignment between the Resource-Based View and Stakeholder Theory.
They contend that ESG considerations are not merely ancillary factors but are
essential for achieving long-term, sustainable competitive advantage. This per-
spective is further reinforced by empirical findings from Bhandari et al. (2022),
who highlight the necessity of integrating ESG principles within a firm’s strate-
gic resource allocation. Legitimacy theory, also referenced in several studies,
focuses on the firm’s need to align with social norms and expectations. ESG
engagement helps maintain a company’s “license to operate” and avoid repu-
tational or regulatory risks that could undermine financial stability (Deegan
et al. 2002).
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2.3 Literature overview and contribution
Existing meta-analyses broadly agree that stronger sustainability performance
is associated with better financial outcomes, but they differ markedly in scope,
methodology, and definitional clarity. Influential reviews by Friede et al. (2015)
and Busch & Friede (2018) aggregate a wide array of ESG and CSR proxies,
ranging from self-reported disclosures to composite indices, and evaluate them
against heterogeneous financial metrics. More recent meta-analyses, such as
Whelan et al. (2021), follow a similar approach, while Atz et al. (2022) examine
ESG investing. In contrast, Bai & Kim (2024) identify substantial regional dif-
ferences in ESG–CFP relationships, with positive effects in Chinese and Korean
samples but a null average in English-language studies. Similarly, Pathan &
Mohanty (2024) conduct a bibliometric analysis on Environmental, Social, and
Governance (ESG) practices and their impact on firm financial performance.
Narrower meta-analysis focused on disclosure by Mustaffa et al. (2023), even
report a weak negative relationship with profitability, emphasizing that not all
ESG constructs are financially relevant. Kim et al. (2023) examine the rela-
tionship between ESG and financial indicators such as ROA, ROE, and Tobin’s
Q, but limit their analysis to domestic evidence from Korea and do not apply
modern meta-analytical techniques.

Among the existing literature, only Hirsch et al. (2023) apply contemporary
statistical tools including bias correction and model averaging, as recommended
in the methodological framework of Irsova et al. (2024). However, their research
addresses a very broad and global CSR–CFP relationship using partial corre-
lation coefficients, which are typically considered a last-resort proxy for effect
size. The only study partially comparable to ours, Gregory (2022), considers
third-party ESG scores and ROA but lacks methodological transparency, omits
effect-size standardisation, and does not address publication bias.

This thesis makes three key contributions. First, it investigates one clearly
defined relationship: the effect of third-party ESG performance ratings on
Return on Assets. Excluding disclosure metrics and alternative profitability
measures eliminates conceptual noise. Second, the study employs a compre-
hensive set of contemporary techniques to address publication bias, p-hacking,
and model uncertainty, following best-practice guidelines (Irsova et al. 2024).
Third, it focuses on post-2015 research on firms headquartered in the United
States and Europe, two mature markets with comparable reporting standards
but different regulatory attitudes toward sustainability.
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Together, these choices yield the first meta-analytic estimate of the ESG–ROA
relationship that is conceptually precise, methodologically current, and con-
textually bounded, offering bias-robust evidence for investors and regulators in
advanced economies.



Chapter 3

Data collection and assembly

3.1 Literature search
Following established methodological standards for meta-analyses in the so-
cial sciences (Yang et al. 2024; Bortnikova et al. 2024; Ehrenbergerova et al.
2023), we used Google Scholar as the primary search tool. The search query,
detailed below, initially returned approximately 11,000 results. We systemat-
ically screened the first 500 entries based on predefined inclusion criteria. To
ensure adequate temporal coverage, we replicated the search for the most re-
cent three-year period, which yielded three additional primary studies that met
our selection standards.

To further strengthen the comprehensiveness of the dataset, we employed
backward snowballing by reviewing reference lists of the included studies. We
also incorporated studies featured in the earlier meta-analysis by Gregory
(2022), provided they satisfied our inclusion criteria.

The final search was completed on March 30, 2025. A total of 44 studies
met all eligibility conditions. Most excluded studies were removed because they
focused exclusively on one ESG component, typically corporate social respon-
sibility (the “S”), were limited to Chinese or broader Asian samples, examined
ESG disclosure rather than third-party ESG scores, did not use return on assets
(ROA) as the measure of financial performance, or failed to report disaggre-
gated results for the United States and Europe in the case of international
data.

In order to ensure consistency, comparability, and methodological rigor
across the primary studies, we established the following inclusion criteria:
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1. Studies must report standard errors, t-statistics, or other information
sufficient to compute standard errors.

2. To be included, studies must explicitly estimate the effect of actual ESG
performance on Return on Assets (ROA), using ESG scores provided by
recognized third-party rating agencies. Studies that examine only ESG
disclosure, such as self-reported data, voluntary sustainability reports, or
measures of reporting frequency or transparency, are excluded.

3. Studies must report the overall effect of ESG as a composite indicator.
Analyses reporting only separate effects of the Environmental (E), Social
(S), or Governance (G) components are not eligible.

4. The sample must consist of firms headquartered in the United States or
Europe. Studies using global data are eligible only if they report separate
results for subsamples from the United States or Europe.

5. Return on Assets (ROA) must be the financial outcome variable.

6. Studies must present quantitative estimates of the relationship between
third-party ESG scores and firm financial performance.

7. Only studies published in 2015 or later are considered.

We used the following Google Search query:
"ESG performance" OR "ESG rating" OR "third-party ESG rating" OR

"ESG score" AND "ROA" OR "return on assets" AND "empirical" OR "em-
pirical study" OR "empirical evidence" OR "empirical analysis" AND "United
States" OR "U.S." OR "US" OR "European Union" OR "EU" OR "Europe" OR
"European"

The period was set from 2015 to 2025.

3.2 Standardization and comparability of effect sizes
Ensuring the standardization and comparability of effect sizes is a fundamen-
tal requirement in any meta-analysis. Previous meta-analysis does not address
standardization of the effects at all which raises significant concerns (Gregory
2022). In the context of our research, such standardization is particularly criti-
cal due to the substantial heterogeneity across primary studies. First, although
most studies estimate linear regressions of ROA on ESG scores, the meaning of



3. Data collection and assembly 13

a one-point change in ESG varies depending on the specific scoring methodol-
ogy and scale used by the data providers (e.g., Refinitiv, MSCI, Sustainalytics).
A one-point increase may represent a relatively small change in one scoring sys-
tem and a substantial shift in another. This makes direct comparison of raw
regression coefficients across studies inherently problematic.

Second, there is considerable variation in the dispersion (standard devia-
tions) of both ESG and ROA across studies. As a result, identical absolute
effects in ROA can correspond to vastly different relative impacts, depending
on the mean and variability of ROA in a given sample. For instance, a +0.01
increase in ROA may be economically negligible in a study where firms have
an average ROA of 10%, but highly significant in a study where the average
ROA is only 0.1%.

Third, the primary studies differ in terms of sample composition (industry
sectors, firm size, geographical focus), further complicating any aggregation of
raw coefficients.

We prioritize the use of standardized beta coefficients (βstd) over elastici-
ties to ensure comparability across primary studies. While elasticities provide a
more intuitive economic interpretation, their calculation requires consistent and
accurate information on the mean values of both ESG scores and ROA. How-
ever, in our dataset, these means are often missing or reported inconsistently.
Furthermore, ROA is expressed in different units (percentages vs. decimals),
and ESG scores are measured on varying scales depending on the data provider,
which makes the elasticities highly sensitive to scaling differences.

Standardized beta coefficients, by contrast, rely on standard deviations and
offer a more robust and statistically comparable measure of effect size across
studies. Given the heterogeneity in data sources, industries, and geographic
scopes covered by the primary studies, βstd provides a more stable basis for
synthesis. Therefore, despite the limited economic interpretability of standard-
ized effects, we adopt them as our main effect size metric.

To further improve robustness, especially in detecting publication bias, we
also include partial correlation coefficients (PCCs) as a secondary effect size
metric. PCCs measure the direct association between ESG and ROA using t-
statistic and degrees of freedom (Stanley & Doucouliagos 2012). This decision
allowed us to include six additional primary studies that would otherwise have
been excluded. These studies did not report the standard deviations required
for calculating standardized coefficients, and the authors did not respond to
data requests.
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To address these comparability concerns, we chose to express the effect sizes
in a standardized format using two approaches:

1. Standardized regression coefficients (βstd), which reflect the change
in ROA (in standard deviations) associated with a one-standard-deviation
change in ESG;

2. Partial correlation coefficients (PCCs), used in cases where stan-
dardized coefficients could not be computed due to missing summary
statistics.

3.3 Initial analysis
Before conducting the main meta-regression analyses, we examined the dataset
to ensure the reliability of the variables used. We focused on reviewing the
distributions and summary statistics of key variables. Particular attention
was paid to the presence of outliers and extreme values, which may have
resulted from data entry errors or inaccuracies in the original studies. In
several cases, we cross-checked suspicious values with the primary sources to
verify whether they were caused by misreporting, such as misplaced decimal
points or transcription errors. We also considered including a dummy variable
global_study, intended to capture whether a given estimate originated from
a globally scoped study. However, as stated in the inclusion criteria, global
studies were only included if they reported separate estimates for the United
States or Europe. Since the vast majority of such studies failed to provide
disaggregated results, they were excluded during the screening process. As a
result, only a small number of observations were coded as global_study, and
the variable’s mean was below 0.03. Due to its lack of variation and limited
relevance to our research focus on the United States and Europe, we chose not
to include this variable in the final regression specification. We also initially
considered a dummy variable excludes_energy_sector, but only one study
in our dataset fulfilled this condition so we did not include it.

As a result of this data-cleaning process, we chose not to winsorize the par-
tial correlation coefficients (PCCs). Although a few extreme PCC values were
identified, visual inspection of the funnel plot suggested that their influence on
the overall results was limited. In contrast, the distribution of standardized
beta coefficients exhibited more pronounced outliers, raising concerns about
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their potential to distort the meta-analytic estimates. Based on this observa-
tion and supported by the shape of the corresponding funnel plots, we imple-
mented a 5% winsorization procedure for standardized beta coefficients. This
approach allowed us to reduce the influence of extreme values while retaining
the integrity of the dataset.

To provide an overview of the empirical distribution of the estimated effects
linking ESG scores to Return on Assets (ROA), we present summary plots of
both partial correlation coefficients (PCC) and standardized beta coefficients
(βstd).

Figure 3.1 displays a box plot of the partial correlation coefficient (PCC) es-
timates by study. The estimates vary across studies but remain predominantly
clustered within the interval [-0.1, 0.2]. Only a limited number of studies report
negative PCCs below -0.1 or positive values exceeding 0.2. The overall pattern
suggests the average effect to be very close to zero of slightly positive. Most in-
terquartile ranges remain narrow, indicating low within-study dispersion, while
a few outliers signal the presence of more extreme estimates.

This distribution is further illustrated in the histogram in Figure 3.2, which
confirms that the most frequent PCC values lie between -0.1 and 0.2. The
density declines symmetrically in both directions, with relatively few studies
reporting negative correlations. The overall shape is unimodal and slightly
right-skewed, suggesting that a positive association between ESG and ROA is
more commonly reported, but typically modest in magnitude.
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Figure 3.1: PCC estimates by study
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Figure 3.2: Histogram of PCC estimates

Additionally, we examine standardized beta coefficients. The correspond-
ing box plot (Figure 3.3) exhibits greater dispersion than the PCC plot, with
estimates ranging approximately from -0.5 to 1.4. Despite this wider range,
the majority of observations are clustered in the interval between 0 and 0.2,
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indicating low within-study variance and suggesting that most effect sizes re-
main modest in magnitude. The overall distribution exhibits a slight skewness
toward positive estimates; however, the average effect remains very close to
zero.

Figure 3.4 presents the histogram of standardized effects, which exhibits
a similar concentration around values slightly above zero. The distribution is
again unimodal but more dispersed than the PCC histogram.

Taken together, the four figures indicate that most studies report a weak
to moderate positive effect of ESG performance on ROA. However, consider-
able variation across studies suggests the need to account for potential sources
of heterogeneity and publication bias, which are addressed in the following
sections.

Figure 3.3: Standardized beta coefficients by study
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Figure 3.4: Histogram of standardized beta coefficients

Table 3.1: Mean partial correlations by subgroup

Subgroup Unweighted N Weighted

Mean CI Low CI High Mean CI Low CI High

All studies 0.033 0.015 0.051 108 0.042 0.027 0.058
Published 0.047 0.021 0.072 54 0.053 0.032 0.074
Quadratic 0.014 −0.004 0.031 7 0.012 −0.001 0.025
Interaction 0.039 −0.004 0.082 15 0.035 −0.004 0.075
Lagged 0.031 −0.005 0.067 37 0.044 0.012 0.077
Other method 0.025 −0.047 0.097 11 −0.003 −0.052 0.045
OLS 0.049 0.019 0.079 40 0.069 0.043 0.096
Fixed Effects 0.004 −0.022 0.030 46 0.002 −0.017 0.021
Random Effects 0.077 0.028 0.126 12 0.055 0.026 0.084
Sector-specific 0.056 0.023 0.090 30 0.077 0.049 0.106
Financial 0.090 0.021 0.159 8 0.150 0.110 0.190
Excl. Financial 0.033 0.003 0.064 46 0.030 0.007 0.052
Refinitiv 0.017 −0.012 0.045 39 0.003 −0.018 0.024
Bloomberg 0.048 −0.017 0.114 7 0.066 0.015 0.118
Th. Reuters 0.011 −0.027 0.049 31 0.037 0.003 0.071
Other (Provider) 0.070 0.042 0.099 32 0.068 0.044 0.092
Europe 0.013 −0.007 0.034 78 0.016 0.001 0.031
USA 0.084 0.050 0.117 29 0.096 0.069 0.124
Country-Specific −0.002 −0.057 0.052 15 −0.002 −0.042 0.038
Multi-Country 0.017 −0.004 0.039 63 0.018 0.002 0.034
Scandinavia 0.010 −0.023 0.043 17 0.016 0.007 0.026
Endogeneity 0.045 0.018 0.072 40 0.034 0.012 0.055
Controls incl. 0.039 0.021 0.058 100 0.046 0.030 0.061
FE controls 0.019 −0.002 0.040 75 0.014 −0.003 0.030
ESG redundant 0.061 0.031 0.091 25 0.053 0.026 0.080

Notes: Table shows means and 95% confidence intervals for the partial correlation coefficient across
subgroups. Unweighted uses raw estimates; weighted uses inverse-variance weighting.
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Table 3.2: Mean standardized effect by subgroup

Subgroup Unweighted N Weighted

Mean CI Low CI High Mean CI Low CI High

All Studies 0.085 0.010 0.160 92 0.076 0.033 0.119
Published 0.173 0.020 0.330 40 0.090 0.003 0.176
Quadratic 0.099 −0.030 0.230 7 0.090 −0.012 0.192
Interaction 0.110 −0.070 0.290 15 0.102 −0.033 0.238
Lagged 0.129 −0.010 0.270 36 0.103 0.012 0.194
Other method 0.143 −0.260 0.550 7 0.052 −0.148 0.252
OLS 0.091 −0.020 0.210 34 0.091 0.016 0.165
Fixed Effects 0.014 −0.070 0.100 40 0.031 −0.020 0.082
Random Effects 0.249 −0.020 0.520 12 0.127 −0.002 0.255
Sector-specific 0.175 0.020 0.330 26 0.104 0.019 0.189
Financial 0.093 0.040 0.140 7 0.135 0.109 0.161
Excl. Financial 0.049 −0.020 0.120 42 0.084 0.050 0.118
Refinitiv 0.035 0.000 0.070 32 0.061 0.019 0.103
Bloomberg 0.321 −0.160 0.800 5 0.244 0.006 0.482
Th. Reuters −0.042 −0.180 0.090 27 0.031 −0.088 0.150
Other (Provider) 0.215 0.060 0.370 29 0.099 0.027 0.172
Europe 0.052 −0.032 0.136 68 0.067 0.008 0.127
USA 0.181 0.038 0.325 23 0.094 0.061 0.127
Country-Specific 0.023 −0.031 0.077 14 0.042 0.006 0.078
Multi-Country 0.060 −0.045 0.165 54 0.071 0.000 0.141
Scandinavia −0.009 −0.130 0.110 17 0.115 0.050 0.180
Endogeneity 0.069 −0.050 0.190 35 0.087 0.006 0.168
Controls incl. 0.094 0.020 0.170 89 0.079 0.034 0.123
FE controls 0.044 −0.040 0.120 65 0.052 −0.003 0.107
ESG redundant 0.277 0.100 0.450 25 0.156 0.064 0.249

Notes: Table shows means and 95% confidence intervals for the standardized effect across subgroups.
Unweighted uses raw estimates; weighted uses inverse-variance weighting.



Chapter 4

Publication bias

The concept of publication bias lacks one universally accepted definition. In its
broadest interpretation, it refers to a discrepancy between the results initially
obtained during an analysis and those eventually reported. A more specific and
widely cited definition characterizes publication bias as the tendency among re-
searchers to disseminate findings only when they achieve statistical significance,
results deemed “interesting” by conventional academic standards (Irsova et al.
2024; Rothstein et al. 2005). This phenomenon is often referred to as the “file-
drawer problem” (Stanley 2005). Closely related to publication bias is the issue
of p-hacking, the practice whereby researchers iteratively modify their empir-
ical strategy until statistically significant results are achieved (Opatrny et al.
2025).

In this meta-analysis, we adopt a comprehensive suite of methods designed
to detect and mitigate the influence of both publication bias and p-hacking.
These procedures are applied to two distinct effect size metrics: standardized
effect sizes (standardized beta estimates) and partial correlation coefficients
(PCCs). This dual approach enhances the robustness and credibility of our
findings.

To initiate our investigation, we construct funnel plots based on both stan-
dardized effect sizes and partial correlation coefficients. Funnel plots are among
the most widely used visual diagnostics for detecting publication bias (Egger
et al. 1997). In the absence of bias, they should form a symmetrical inverted
funnel around the average effect, with higher-precision estimates clustering
tightly near the center and lower-precision estimates dispersed more widely
(Gechert et al. 2022).

Figure 4.1 displays the funnel plot for standardized effect sizes, with pre-
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cision (1/SE) plotted on the vertical axis. The distribution is approximately
symmetrical around the pooled estimate, and there is no visual indication of
systematic missing studies on either side of the funnel. However, highly pre-
cise estimates (top part of the plot) are concentrated near zero, whereas the
slightly positive pooled estimate is influenced primarily by less precise esti-
mates reporting positive effects. This difference implies that the average effect
is driven by estimates from studies with lower precision (typically smaller sam-
ple sizes), while more precise studies do not find a comparable association. The
funnel plot alone does not provide strong evidence of publication bias, but the
discrepancy between less and more precise studies warrants formal testing.

Figure 4.2 presents the funnel plot for partial correlation coefficients (PCCs),
again with precision on the vertical axis. This figure suggests a largely sym-
metric distribution of estimates around the mean effect. While there appears
to be a slight clustering of positive effects among lower-precision studies, the
asymmetry is minor and insufficient to indicate systematic omission of negative
or null estimates. Both tails of the funnel are reasonably populated, and no
clear gaps or hollow regions are observed, further supporting the conclusion
that strong publication bias is unlikely to be present.

Taken together, the visual evidence provided by Figures 4.1 and 4.2 does
not point to substantial publication bias in our dataset. However, funnel plots
remain inherently subjective and may fail to detect more subtle forms of se-
lection. To address this limitation, we proceed in the following sections with
formal statistical tests and bias-correction models that allow for a more robust
assessment.
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Figure 4.1: Funnel plot of standardized beta coefficients
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Notes: The figure presents a funnel plot in accordance with the method proposed
by Egger et al. (1997), where symmetry around the mean effect is expected in the
absence of publication bias.
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Figure 4.2: Funnel plot of partial correlation coefficients
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Notes: The figure presents a funnel plot in accordance with the method proposed
by Egger et al. (1997), where symmetry around the mean effect is expected in the
absence of publication bias.
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4.1 Linear techniques for publication bias
Publication bias is assessed by evaluating the dependence of effect sizes on
their standard errors using multiple linear regression techniques. The under-
lying assumption of this method is that, in the absence of publication bias,
effect estimates should not systematically vary with their standard errors. A
statistically significant association may suggest that results with greater preci-
sion (i.e., lower standard errors) are more likely to be published (Stanley 2005;
2008; Moreno et al. 2009).

The regression models used to detect potential bias are specified as follows:

PCCij = β0 + β1 · SEP CCij
+ uij, (4.1)

StdEffij = γ0 + γ1 · SEStdEffij
+ νij, (4.2)

where PCCij denotes the partial correlation coefficient reported in the j-th
estimate of the i-th study, and SEP CCij

is its corresponding standard error.
Similarly, StdEffij refers to the standardized effect size, and SEStdEffij

its
standard error. The intercepts β0 and γ0 represent the estimated effect sizes
adjusted for publication bias (referred to as the ‘effect beyond bias’ or ‘true
effect’), while β1 and γ1 capture the extent of potential publication bias. The
error terms uij and νij represent random disturbances (Stanley 2005).

This method relies on the premise that publication bias can be approx-
imated as a linear function of the standard error, assuming a homogeneous
distribution of true effect sizes across studies. Under these conditions, the in-
tercept of the regression provides an estimate of the underlying effect that is
less likely to be inflated by selective reporting. As originally argued by Stan-
ley (2005), this intercept may serve as a proxy for the true underlying effect.
However, this interpretation requires caution.

To assess the presence of publication bias, we estimate five linear regres-
sion models commonly used in meta-analysis: ordinary least squares (OLS),
study-level fixed effects (FE), random effects (RE). To address heteroskedas-
ticity and improve the efficiency of the estimates, the meta-regression employs
inverse-variance weights, i.e., the reciprocal of the squared standard error of
each estimate (wij = 1/SE2

ij). This approach is widely recommended in the
meta-analysis literature and provides consistent and unbiased results under
general conditions (Stanley & Doucouliagos 2017; Ioannidis et al. 2017). Fur-
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thermore, to prevent studies with a larger number of estimates from dispropor-
tionately influencing the results, we additionally weight each observation by
the inverse of the number of estimates provided by the corresponding study.

Table 4.1: Linear techniques for publication bias – PCC

OLS FE RE Precision Study

Publication bias 0.900* 0.346 0.881 0.346 1.488***

(Standard error) (0.497) (0.663) (0.558) (0.517) (0.555)
Effect beyond bias 0.003 0.017 0.003 0.017 –0.001
(Constant) (0.015) (0.019) (0.018) (0.014) (0.014)

Notes: The table reports estimates from five linear regressions testing for publication bias.
OLS = ordinary least squares with clustered standard errors; FE = study-level fixed effects;
RE = study-level random effects; Precision = inverse standard error weights; Study = inverse
number of estimates per study. *, **, and *** indicate statistical significance at the 10%, 5%,
and 1% level. Clustered standard errors in parentheses.

Table 4.2: Linear techniques for publication bias – standardized beta
coefficients

OLS FE RE Precision Study

Publication bias 0.812 0.456 0.390 0.456* 0.511*

(Standard error) (0.393) (0.295) (0.334) (0.260) (0.299)
Effect beyond bias –0.026 0.008 0.012 0.008 –0.001
(Constant) (0.029) (0.015) (0.020) (0.010) (0.023)

Notes: The table reports estimates from five linear regressions testing for publication bias.
OLS = ordinary least squares with clustered standard errors; FE = study-level fixed effects;
RE = study-level random effects; Precision = inverse standard error weights; Study = inverse
number of estimates per study. *, **, and *** indicate statistical significance at the 10%, 5%,
and 1% level. Clustered standard errors in parentheses.

The results are summarized in Table 4.1 and Table 4.2. Across various
model specifications, a consistent pattern emerges: the publication bias coef-
ficient on the standard error is positive for both PCCs and standardized beta
estimates, indicating that less precise estimates tend to be associated with
larger reported effects. However, the statistical significance of this asymmetry
is generally weak. For instance, using ordinary least squares with study-level
clustering, the publication bias coefficient is approximately 0.900 for PCCs and
0.812 for standardized betas, reaching only marginal significance. Other esti-
mators (e.g., random-effects or study fixed-effects meta-regressions) similarly
produce positive but statistically insignificant coefficients.
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The most robust evidence of selective reporting is found in the “Study”
specification for PCCs, yielding a highly significant publication bias coefficient
of 1.488 (p < 0.01). This suggests that, when accounting for the number of es-
timates per study, imprecise results tend to report systematically larger effects.
This aligns with the notion that researchers or journals may preferentially pub-
lish imprecise estimates that are large enough to meet conventional significance
thresholds.

Crucially, the PET estimates (bias-adjusted intercepts) indicate that the
underlying mean effect is close to zero for both metrics. The intercepts in the
FAT-PET regressions are small and statistically indistinguishable from zero
across datasets. Specifically, for PCCs, intercepts range from –0.001 (“Study”)
to 0.003 (OLS), while for standardized effects, they range from –0.026 (OLS)
to 0.012 (“Precision”). None of these are statistically significant, reinforcing
the conclusion from funnel plots that the true effect size is negligible.

Taken together, the FAT–PET regression results provide evidence of selec-
tive reporting, although the strength varies by model specification. Publication
bias coefficients are generally positive, reaching significance primarily in the
“Study” specification for PCCs (β = 1.488, p < 0.01), and to a lesser degree
for standardized effects under “Precision” and “Study” weighting (p < 0.1).
This indicates that studies with more imprecise estimates tend to report larger
effects.

Nevertheless, all bias-adjusted intercepts remain small and statistically in-
distinguishable from zero. Considering that the average reported effect sizes
are modest (unweighted mean PCC = 0.033; standardized beta = 0.085), the
evidence supports the conclusion that the true association between ESG per-
formance and ROA is negligible. Therefore, while selective reporting seems to
exist, it does not substantially affect the overall conclusions in the literature.

4.2 Non-linear techniques for publication bias
A key limitation of the linear regression techniques employed above is their
restrictive assumption of a linear relationship between effect sizes and their
standard errors. This structural constraint may obscure more complex patterns
present in the data. When the true underlying effect is not zero, FAT-PET-type
methods have been found to systematically produce lower estimates. In our
case, the average effect appears to be zero or very close to zero, which reduces
concern about this downward bias. Nonetheless, the assumption of linearity
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remains problematic and motivates the implementation of several non-linear
tests (Stanley & Doucouliagos 2014). Therefore, we incorporate a range of
non-linear methods, each supported by established methodological literature.
All tests are applied to both standardized effect sizes and partial correlation
coefficients (PCCs), maintaining consistency with the broader analytical frame-
work.

The first method we apply is the WAAP estimator, originally developed
by Ioannidis et al. (2017), which addresses the risk that statistically significant
results from underpowered studies may systematically overstate the true effect.
To mitigate this bias, the WAAP procedure includes only those estimates that
meet a minimum power criterion. Specifically, it retains estimates with t-
statistics greater than 2.8, a threshold derived as the sum of two critical values:
1.96, corresponding to the conventional 5% level of statistical significance, and
0.84, which follows from the definition of adequate statistical power (typically
set at 80%). The method tests this adequacy condition by comparing each
estimate’s observed standard error to this threshold; only those with sufficiently
low standard errors (i.e., sufficiently high precision) are included in the analysis.
An unrestricted weighted least squares (WLS) regression is then applied to this
subset, yielding an estimate of the underlying effect that is less affected by the
distortions introduced by underpowered studies.

Table 4.3: Non-linear techniques for publication bias – PCC

WAAP Top10 Stem SM HBM

Publication bias – – – – 1.434
(Standard error) – – – – (0.939)
Effect beyond bias 0.040*** 0.026 0.048* –0.016 –0.018
(Standard error) (0.002) (0.017) (0.025) (0.027) (0.089)

Notes: The table presents results from five non-linear techniques designed to detect and
adjust for publication bias. Top10 = top 10% most precise estimates (Stanley et al., 2010).
WAAP = weighted average of adequately powered estimates (Ioannidis et al., 2017). Stem
= Furukawa (2019). SM = selection model by Andrews & Kasy (2019). HBM = hierarchical
bayes model (Allenby & Rossi, 2006). *, **, and *** indicate statistical significance at the
10%, 5%, and 1% levels. Clustered standard errors are reported in parentheses.
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Table 4.4: Non-linear techniques for publication bias – standardized
beta coefficients

WAAP Top10 Stem SM HBM

Publication bias – – – – 0.437
(Standard error) – – – – (0.340)
Effect beyond bias 0.016* 0.007 0.002* –0.012 0.011
(Standard error) (0.008) (0.012) (0.027) (0.020) (0.110)

Notes: The table presents results from five non-linear techniques designed to detect and
adjust for publication bias. Top10 = top 10% most precise estimates (Stanley et al., 2010).
WAAP = weighted average of adequately powered estimates (Ioannidis et al., 2017). Stem
= Furukawa (2019). SM = selection model by Andrews & Kasy (2019). HBM = hierarchical
bayes model (Allenby & Rossi, 2006). *, **, and *** indicate statistical significance at the
10%, 5%, and 1% levels. Clustered standard errors are reported in parentheses.

We next apply the “Top 10%” method, which retains only the 10% most
precise estimates in the sample (Stanley et al. 2010). The rationale behind
this approach is that the majority of estimates are based on low-precision data
and therefore contribute little meaningful information. Discarding them allows
the analysis to focus on the most informative observations. However, this
approach conflicts with the assumptions of the Central Limit Theorem, as it
breaks random sampling and introduces selection based on precision. Despite
this theoretical limitation, the method offers a simple and intuitive way to test
whether the most robust estimates support the main findings.

To account for publication bias in a more theoretically rigorous manner, we
apply the stem-based approach developed by Furukawa (2019), which explic-
itly models the inherent trade-off between bias and variance. The goal is to
minimize the total mean squared error (MSE), as given by:

MSE(θ̂S) =
(︂
E[θ̂S] − θ

)︂2
+ Var(θ̂S)

This bias-variance decomposition offers a framework for including as many
estimates as possible that are unlikely to be substantially biased, thereby al-
lowing for a reduction in variance without compromising the overall reliability
of the results.

We also employ the selection model proposed by Andrews & Kasy (2019),
which is based on the concept of "conditional publication probability", meaning
the probability that a study is published conditional on the magnitude of its
estimated effect. This approach allows for the correction of publication bias
by explicitly modeling the selection process and adjusting for the overrepre-
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sentation of statistically significant results in the published literature. While
the model is theoretically defined in nonparametric terms, in practice we follow
standard implementation using a t-distribution, a 5% significance level, and a
symmetric selection rule. This procedure yields bias-corrected estimates that
better reflect the full distribution of results, including those less likely to be
published.

Finally, we use the Hierarchical Bayes model proposed by Allenby & Rossi
(2006) as an additional robustness check. This method models both within-
study and between-study heterogeneity using a hierarchical Bayesian frame-
work. Individual estimates are weighted based on their internal consistency
and precision, and these weights are aggregated at the study level. Compared
to traditional meta-analytic techniques, the hierarchical Bayes model produces
a more nuanced and reliable estimate of the underlying effect, particularly when
studies vary widely in structure, sample size, or quality.

The nonlinear tests for publication bias, presented in Table 4.3 and Ta-
ble 4.4, generally align with the linear analyses but reveal some nuanced dif-
ferences.

Notably, the WAAP method estimates a small yet statistically significant
positive bias-corrected effect for standardized beta coefficients (+0.016, p <

0.1). The WAAP method also produces a statistically significant positive bias-
corrected effect for partial correlation coefficients (+0.040, p < 0.01). Similarly,
the Stem model detects modest positive bias-corrected effects for standardized
betas (+0.002, p < 0.05) and PCCs (+0.048, p < 0.1). These findings suggest
that, according to some nonlinear correction methods, the true ESG–ROA
effect may be slightly positive after adjusting for publication bias.

In contrast, other nonlinear approaches, such as Top10, selection models
(SM), and the hierarchical Bayesian model (HBM), produce bias-corrected es-
timates near zero that are statistically insignificant. For example, the An-
drews–Kasy selection model estimates an adjusted effect of approximately –0.016
for PCCs, and the HBM yields estimates close to zero (–0.018 for PCCs and
+0.011 for standardized betas), none of which reach conventional significance
levels.

Furthermore, the only method in this set that explicitly estimates a “pub-
lication bias” parameter is the hierarchical Bayes model. It detects asymmetry
coefficients of approximately 1.434 for PCCs and 0.437 for standardized betas.
However, both estimates are associated with substantial uncertainty and fall
short of statistical significance.
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Taken together, these results suggest that although some advanced non-
linear methods indicate a slightly positive effect of ESG on ROA after bias
correction, this effect remains very small. The majority of methods rather
point to an effect that is close to zero or negligible, which is consistent with
the broader evidence presented earlier.

4.3 Techniques that allow for endogeneity in SE
A key concern in modeling the relationship between reported effect sizes and
their standard errors is the potential endogeneity of the standard error term.
Specifically, estimation choices in primary studies, such as sample selection,
model specification, and treatment of heteroskedasticity, may simultaneously
influence the estimated effect as well as its reported precision. This violates
the exogeneity assumption and can lead to biased inference in conventional
FAT-PET regressions. To address this issue, recent literature recommends the
use of instrumental variables for the standard error, which allows consistent
estimation even in the presence of such endogeneity. As emphasized by Irsova
et al. (2024), “the instrumental approach is especially suitable if you suspect
that some method choices in primary studies can jointly affect both the es-
timated effect size and the standard error,” and can “control for unobserved
heterogeneity that might otherwise contaminate the analysis of publication bias
and p-hacking.”

We therefore apply an instrumental variable regression. Drawing on per-
formance tests and findings in the existing literature, we use the inverse of the
study size as the instrument for PCC values, and the inverse of the square root
of the study size as the instrument for standardized effect sizes. The instrument
is quite strong and statistically significant for PCC but not for standardized
effects, despite being the best-performing candidate according to weak instru-
ment diagnostics.

Furthermore, we apply the p-uniform* method introduced by Van Aert &
Van Assen (2021), which tests for selective reporting. In the absence of pub-
lication bias, p-values from valid studies testing the same effect should follow
a uniform distribution. If publication bias is present, p-values tend to cluster
just below 0.05, while larger p-values are underrepresented. The p-uniform*

method exploits this pattern in reverse: it estimates the true effect size that
would make the observed distribution of p-values resemble a uniform one, using
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maximum likelihood estimation. It also tests whether the observed distribution
significantly deviates from uniformity.

Table 4.5: Techniques that allow for endogeneity in SE – PCC

IV p-uniform*

Publication bias test 0.754 L = 92.880
(Standard error / p-value) (1.531) (p < .001)
(AR 95% CI) [−3.375, 4.648]
Effect beyond bias 0.007 0.073***

(Standard error) (0.052) (0.0043)

Note: IV = Instrumental Variable Regression; standard errors in parentheses are clustered
at the study level. Anderson–Rubin (AR) 95% confidence interval remains valid even with
weak instruments. P-uniform*, following Van Aert & Van Assen (2021), reports test statistic
L for publication bias with its p-value in parentheses. Significance: *** p < 0.001.

Table 4.6: Techniques that allow for endogeneity in SE – standardized beta
coefficients

IV p-uniform*

Publication bias test 3.636 L = 68.684
(Standard error / p-value) (13.821) (p < .001)
(AR 95% CI) unbounded
Effect beyond bias –0.412 0.069***

(Standard error) (1.889) (0.0061)

Note: IV = Instrumental Variable Regression; the standard error is instrumented using the
inverse of the square root of study size. Standard errors (reported in parentheses) are clus-
tered at the study level. The Anderson–Rubin (AR) 95% confidence interval is unbounded
in this case, indicating weak instrument identification. P-uniform*, following Van Aert &
Van Assen (2021), presents the test statistic L for assessing publication bias, with the corre-
sponding p-value in parentheses. Significance: *** p < 0.001.

The results are summarized in Table 4.5 and Table 4.6. The IV regressions
yield no statistically significant evidence of publication bias for either effect size
metric. For partial correlation coefficients (PCCs), the estimated bias term is
0.754 (SE = 1.531), and the effect beyond bias is near zero (0.007, SE = 0.052).
For standardized beta coefficients, the bias estimate is 3.636 (SE = 13.821),
and the adjusted effect is –0.412 (SE = 1.889). Both results are imprecise
and statistically insignificant, reinforcing the findings of earlier linear models
that publication bias, if present, is limited and does not materially distort the
estimated ESG–ROA relationship.

In contrast, the p-uniform* method detects statistically significant publi-
cation bias in both datasets (L = 92.880, p < 0.01 for PCCs; L = 68.684,
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p < 0.01 for standardized effects). The bias-adjusted effect for PCCs is esti-
mated at 0.073 (SE = 0.0043), and for standardized beta coefficients at 0.069
(SE = 0.006). While these estimates are highly statistically significant, their
magnitudes remain small in absolute terms.

Importantly, these results align closely with those produced by other non-
linear correction techniques. For PCCs, both the WAAP (0.040, p < 0.01) and
STEM (0.048, p < 0.1) estimators report comparably small but statistically
significant effects. Likewise, for standardized effects, WAAP (0.016, p < 0.1)
and STEM (0.002, p < 0.05) produce similarly modest estimates.

To conclude, the results of methods that account for endogeneity confirm
the broader pattern observed across earlier analyses. The average effect of
ESG performance on ROA remains either statistically indistinguishable from
zero or, when statistically significant, substantively small. The convergence of
results across linear, non-linear, and endogeneity-robust estimators supports
the conclusion that ESG performance is at most weakly associated with return
on assets.

We initially planned to apply the Caliper test of Gerber et al. (2008) to
check for clustering of test statistics near conventional significance thresholds,
but decided not to include it in the meta-analysis. The primary reason is
the limited number of estimates, which would leave the test with insufficient
statistical power; in addition, a visual inspection did not reveal discontinuities
at the relevant thresholds. Under these conditions, the Caliper test would add
little further insight.

To address the problem of spurious precision in observational meta-analyses,
we apply the MAIVE method (Meta-Analysis Instrumental Variable Estimator)
proposed by Irsova et al. (2025). Unlike conventional estimators that rely
directly on reported standard errors, MAIVE corrects for potential endogeneity
by using the inverse of the sample size as an instrument for the standard error.

The intuition behind the method is that sample size is typically fixed and
not subject to researcher manipulation, whereas reported precision may be
influenced by p-hacking or methodological choices. MAIVE first models the
expected relationship between standard error and sample size and then uses this
relationship to adjust the meta-analytic regression. This two-stage procedure
allows for more reliable estimation of the underlying effect by removing bias
introduced through endogenous precision.
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Table 4.7: MAIVE estimator by Irsova et al. (2025)

MAIVE coefficient - PCC F-test
Coefficient 0.001 11591.458
Standard Error (0.019)

In the case of standardized beta coefficients, all tested instruments proved
to be extremely weak, with first-stage F-statistics falling far below conventional
thresholds. As a result, instrumental variable estimation is unreliable in this
context, and it is not meaningful to report the corresponding results. There-
fore, we present estimates only for partial correlation coefficients, where the
instruments exhibit sufficient strength for identification.

The results of the MAIVE estimation for PCCs are presented in Table 4.7.
The corrected meta-analytic effect is small and statistically insignificant (β̂ =
0.001, SE = 0.019), indicating no robust evidence of a genuine effect once en-
dogeneity is addressed. The first-stage regression confirms the strength of the
instrument, with an F-statistic exceeding 11500, which rules out weak instru-
ment concerns.

Taken together, these results provide no evidence of a statistically significant
average effect, and suggest that prior estimates may have been driven, at least
in part, by endogenous precision rather than true underlying effects.

4.4 Overall assessment of publication bias
Through a systematic examination of published estimates that combines visual
funnel plots, linear FAT–PET, nonlinear WAAP, Top 10 percent, STEM, SM
and HBM, endogeneity-robust techniques such as IV and p-uniform∗, and the
instrumentally corrective MAIVE, the evidence indicates only minimal publi-
cation bias. Although selective reporting can be detected, it acts on effects
that are already intrinsically small; therefore, it has only a limited ability to
affect the substantive conclusion.

Across all methods the bias-adjusted association between ESG and ROA
converges on a magnitude that is either negligible or, at most, weakly posi-
tive. Publication bias therefore cannot be regarded as a material threat in this
literature, and the overarching conclusion remains that ESG considerations,
while perhaps directionally favourable, do not meaningfully influence return on
assets.



Chapter 5

Heterogeneity

5.1 Introduction
The purpose of heterogeneity analysis is to account for the variation in effect-
size estimates observed across primary studies. Such variation typically stems
from differences in estimation strategies, sample characteristics, and empiri-
cal model specifications (Higgins et al. 2022). By disentangling these sources
of heterogeneity, researchers can identify the most relevant moderators to be
included in the final meta-regression model.

5.2 Variable overview
To analyze heterogeneity in the reported ESG–ROA effects, we construct a
set of moderator variables that capture systematic differences across studies.
These variables were selected based on theoretical relevance and the character-
istics of the primary studies included in our dataset and the reasoning followed
guidelines by Havranek et al. (2020). Each variable reflects either a method-
ological choice, data feature, or publication characteristic that could influence
the magnitude or direction of the reported estimates. To the best of our knowl-
edge, no previous meta-analysis on the ESG–ROA relationship has conducted
a comprehensive analysis of heterogeneity.

To prevent multicollinearity issues and avoid the dummy variable trap, not
all variables were included simultaneously in the meta-regression models. In
line with standard practice in meta-analytical research, covariates exhibiting a
variance inflation factor (VIF) exceeding 10 were excluded.
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5.2.1 Model specification / Estimation approach

The inclusion of variables related to model specification is motivated by the
need to account for heterogeneity in study design across the literature (Stanley
et al. 2013). We include indicator variables for the three predominant esti-
mation methods in our sample: Ordinary Least Squares (OLS), Fixed Effects
(FE), and Random Effects (RE), while treating all other methods as the refer-
ence category to ensure comprehensive coverage of estimation strategies. Many
primary studies explicitly test alternative specifications. For example, Bahadır
& Akarsu (2022) employ panel regressions with fixed effects to control for un-
observed heterogeneity. They use a Hausman test to confirm the preference for
fixed over random effects, illustrating a typical model selection process. Such
methodological choices can influence the reported results.

To account for methodological rigor, we include a variable to determine
whether the study explicitly addresses endogeneity. Although we also collected
information on whether a study claimed to identify causality, this variable
was highly collinear with the endogeneity indicator. To avoid redundancy and
multicollinearity issues, we retained only the endogeneity measure.

We further include a control for whether the study accounts for firm- or
industry-level fixed effects. The reasoning behind this is consistent with the
motivation for including sector-related variables, as explained below. Addition-
ally, we account for the number of control variables included in each study’s
empirical specification, and we add a binary variable that indicates whether
any controls were included. This allows us to partially assess the completeness
of the model and the potential for omitted variable bias.

Another important aspect is whether the study uses lagged ESG variables.
Several scholars argue that lagged ESG measures reduce the risk of reverse
causality and better capture the temporal structure of the ESG–performance
relationship (Sund & Forsman 2023; Qureshi et al. 2021). To account for
potential non-linearities and interaction effects, we also include variables for
quadratic ESG terms and ESG interaction terms. The variable capturing ESG
redundancy is defined as the inclusion of both an aggregate ESG score and
overlapping sustainability-related variables (for example, board diversity as in
the study by Tamminen (2016)) within the same regression model.

Overall, the aim of incorporating these model specification and estimation
approach variables is to account for differences in empirical quality, research
design, and robustness across studies, and to reduce the risk of misspecification
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bias (Havranek et al. 2020). This helps ensure that the observed variation in
effect sizes is not simply the result of inconsistent modelling choices.

5.2.2 Sector

To account for heterogeneity arising from differences across industries, we in-
clude three sector-related moderator variables. First, we control for whether
the primary study is sector-specific. ESG performance and its financial im-
plications can vary across industries due to differences in regulatory context,
stakeholder structure, and operational exposure. Studies that focus on a single
sector may yield systematically different results, and failure to control for this
could bias the average effect.

Second, we include a dummy for studies focusing exclusively on the financial
sector. These firms differ substantially in terms of capital structure and balance
sheet composition, which directly affects the construction and interpretation of
ROA. Without this control, comparisons with non-financial firms would con-
flate structurally distinct metrics and potentially distort the estimated effect.

Finally, we add an indicator for whether a study explicitly excludes financial
firms. Many studies justify this choice using the same reasoning that motivates
our variable selection (Tamminen 2016; Sund & Forsman 2023; da Costa 2024).
We interpret this as a valid methodological decision aimed at improving internal
consistency. Including this moderator thus serves both as a control for sample
composition and as a proxy for study quality, similar in logic to the estimation
approach controls.

5.2.3 Region

To account for institutional heterogeneity across geographical contexts, we in-
clude regional moderator variables that reflect the geographic focus of each
primary study. Since our meta-analysis exclusively examines studies based in
either the United States or Europe, it is both methodologically and substan-
tively appropriate to focus on the distinction between these two regions. We
use a dummy variable for Europe, with studies based in the United States serv-
ing as the reference category. This coding choice reflects the binary nature of
the regional distribution in our dataset.

In addition, to the Europe–U.S. distinction, we include two supplementary
regional indicators. First, we add a dummy variable for studies focusing exclu-
sively on Nordic countries. This decision is based on the empirical structure
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of our dataset: several primary studies in the sample restrict their analysis to
Nordic economies such as Sweden, Denmark, Norway, or Finland (Langeland
& Ugland 2019; Sund & Forsman 2023; Kammen & Wikan 2021). Including
this variable allows us to test whether these countries, which are often viewed
as forerunners in ESG integration at both corporate and societal levels, exhibit
systematically different ESG–performance dynamics.

Second, we include a binary variable for studies that focus on a single Eu-
ropean country rather than a multi-country European sample (Silva & Siddig
2023; Velte 2017; 2020). Controlling for this scope of geographic aggregation al-
lows us to test whether national specificity correlates with different ESG–ROA
effect sizes.

5.2.4 ESG data providers

As previously discussed, ESG scores are not standardized across providers.
Different rating agencies rely on distinct methodologies, weighting schemes,
and sources of information, often leading to substantial discrepancies in the
ESG evaluations of the same firm (Berg et al. 2022b). To account for this
source of heterogeneity, we include a set of dummy variables that indicate
which ESG data provider was used in each primary study.

This category captures the potential influence of measurement variance in-
duced by the choice of ESG source. In our sample, Refinitiv Eikon is the
most frequently used ESG data source. A number of studies also report us-
ing Thomson Reuters ESG scores, which were later integrated into Refinitiv
following the company’s acquisition. Although the two are methodologically
related, the ESG scoring framework has evolved over time after the acquisi-
tion, which may introduce temporal or structural differences even within this
subgroup (Berg et al. 2022a). For this reason, we maintain separate dummies
for Refinitiv and Thomson Reuters to allow the data to reveal whether any
residual divergence remains.

We further include a separate dummy variable for Bloomberg, which ap-
pears as another distinct and relatively frequent ESG provider in our sample.
Other ESG providers, such as MSCI, Sustainalytics, or proprietary in-house in-
dices, appear in the dataset less frequently and are grouped into the reference
category. By setting them as the omitted group, the coefficients on the major
providers reflect the average difference in ESG–ROA estimates compared to
studies using alternative or mixed ESG data sources.
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5.2.5 Sample and publication characteristics

We include several variables describing the sample and publication context of
each primary study. These comprise the number of observations, the time span
covered by the data, and the publication year. Given the rapid evolution of
ESG-related regulation and societal relevance, temporal factors may influence
reported ESG–ROA relationships.

We also control for whether the study was published in a peer-reviewed jour-
nal and the number of Google Scholar citations. These factors serve as proxies
for academic visibility and potential methodological quality, which could in
turn affect reported effect sizes.

To mitigate the influence of outliers and correct for skewed distributions, we
apply a logarithmic transformation to both the publication year and citation
count, in line with the standard practice in meta-analyses suggested by Irsova
et al. (2024).

Specifically, the publication year is transformed using the following expres-
sion, where the minimum year in the dataset is 2015:

Transformed Yeari = ln(Publication Yeari − 2015 + 1) (5.1)

This approach ensures strictly positive values, reduces skewness, and allows
for more stable estimation in the presence of time-related heterogeneity across
studies.
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Table 5.1: Definition and summary statistics of regression variables

Variable Description Mean SD

Effect size variables

Standardized effect Standardized beta coefficient 0.085 0.354
SE Standard error of the standardized effect 0.137 0.187
PCC Partial correlation coefficient 0.033 0.096
PCC_SE Standard error of the partial correlation coefficient 0.033 0.021

Model Specification / Estimation approach

OLS =1 if OLS is used as the baseline estimation method 0.370 0.485
Fixed Effects =1 if fixed effects estimator is used as the baseline method 0.426 0.497
Random Effects =1 if random effects estimator is used as the baseline method 0.111 0.316
Endogeneity =1 if study addresses endogeneity (e.g., IV, DiD) 0.370 0.485
Quadratic =1 if quadratic ESG term is included 0.065 0.247
Interaction =1 if model includes interaction with ESG 0.139 0.347
Lagged =1 if ESG variable is lagged 0.343 0.477
Controls incl. =1 if firm-level controls are included 0.926 0.263
FE controls =1 if industry or firm fixed effects are included in regression 0.694 0.463
# of controls Number of control variables used 4.120 2.509
ESG redundant =1 if regression includes components already present in ESG score 0.231 0.424

Sector

Sector-specific =1 if study focuses on a single industry or sector, 0 otherwise 0.278 0.450
Financial =1 if study includes only financial firms or sectors 0.074 0.263
Excl. Financial =1 if financial sector was excluded 0.426 0.497

Region

Europe =1 if study uses European data (ref.: USA) 0.722 0.450
Country-specific =1 if only one European country is included 0.139 0.347
Scandinavia =1 if study focuses only on Scandinavian countries 0.159 0.367

ESG Provider

Refinitiv =1 if ESG provider is Refinitiv 0.361 0.483
Bloomberg =1 if ESG provider is Bloomberg 0.065 0.247
Th. Reuters =1 if ESG provider is Thomson Reuters (pre-merger) 0.287 0.454

Sample

# of obs (sqrt) Square root of number of observations 47.454 33.604
Time span Number of years in the estimation sample 9.296 4.727

Publication characteristics

Published year (log) Log-transformed year of publication 1.790 0.615
Citations (log) Log of total Google Scholar citations 2.401 1.882
Published =1 if the study was published in a journal 0.500 0.502

5.3 Model averaging: Theoretical background and
implementation

To address heterogeneity, we employ both Bayesian model averaging (BMA)
and Frequentist model averaging (FMA) (Hoeting et al. 1999; Amini & Parme-
ter 2012; Havranek et al. 2017; 2018). We favour model averaging over subset
analysis because the literature contains a large number of candidate modera-
tor variables, many of which are likely redundant. Especially in contexts with
a limited number of studies and a relatively large set of potential modera-
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tor variables, multiple meta-regression methods such as BMA and FMA are
advantageous: By integrating all relevant information, these techniques sup-
port estimation in a consistent framework and help avoid omitted variable bias
(Havranek et al. 2020; Amini & Parmeter 2012; Steel 2020).

Bayesian Model Averaging (BMA) evaluates a large set of plausible models,
each including a different combination of explanatory variables, and averages
the results across all of them. Each model receives a weight based on its pos-
terior probability, which reflects how well it fits the data under the chosen
priors. As a result, the estimated coefficients and their standard errors account
for model uncertainty by construction. In technical terms, the analysis is con-
ducted using the bms package, which implements Bayesian Model Averaging
through the Markov Chain Monte Carlo Model Composition (MC3) algorithm
(Hoeting et al. 1999).

To support our modelling choices, we first assess the correlation structure
among moderators. As shown in Figure 5.1, the pairwise correlations are
generally low, indicating limited multicollinearity. Based on this, we adopt
a uniform-g prior combined with a uniform model prior, which assigns equal
prior probabilities to all model specifications (Eicher et al. 2011; Havránek &
Rusnák 2013). While recent literature often recommends dilution priors to
account for redundancy in model space caused by correlated covariates, such
concerns are not central in our case (George 2010; Havranek et al. 2020). This
is further supported by variance inflation factor (VIF) diagnostics, which sug-
gest that multicollinearity among variables is negligible. Accordingly, we treat
the uniform model prior as our main specification and employ the dilution prior
as a robustness check.

We now turn to the implementation of Frequentist Model Averaging (FMA).
Contemporary methodological guidelines suggest excluding variables with a
Variance Inflation Factor (VIF) exceeding 10, as FMA performs well in ad-
dressing model uncertainty but is sensitive to issues of collinearity (Irsova
et al. 2024). As previously discussed, we do not consider collinearity to pose
a substantial problem in our meta-analysis, which justifies the application of
FMA in this context. The technical implementation follows established prac-
tices from recent high-quality meta-analyses that employ FMA as a robustness
check in the analysis of heterogeneity (Gechert et al. 2022; Havranek et al.
2024; Kroupova et al. 2024). Specifically, we determine model weights using
Mallows’ criterion, as proposed by Hansen (2007), and apply orthogonalization
of the covariate space in line with Amini & Parmeter (2012).
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In estimating meta-regression coefficients, we rely on standardized beta co-
efficients. These convey conditional information from multivariate models and
enable more precise differentiation between relevant and irrelevant moderators
(Stanley & Doucouliagos 2012; 2023; Roth et al. 2018). In our implementation,
BMA assigns substantially higher posterior inclusion probabilities to standard-
ized betas compared to partial correlation coefficients. This is theoretically ex-
pected, as standardized betas are tightly bound to the model structure, while
partial correlations typically carry less model-specific information (Stanley &
Doucouliagos 2012).
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Figure 5.1: Correlation matrix of moderator variables
Notes: The figure shows pairwise Pearson correlation coefficients among all

moderator variables used in the meta-regression framework. Blue indicates a
positive correlation, while red denotes a negative one. The color intensity reflects
the strength of the correlation. Overall, most pairwise correlations are weak to

moderate, and no pair exceeds conventional multicollinearity thresholds (typically
|r| > 0.8), supporting the use of a uniform model prior in our baseline Bayesian

model averaging.
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Figure 5.2: BMA model - Uniform-g prior with uniform model prior
Notes: The figure illustrates the inclusion patterns of explanatory variables across
Bayesian Model Averaging (BMA) specifications, estimated using the Uniform-g
prior combined with a Uniform model prior, following Eicher et al. (2011). Each

row corresponds to a covariate (sorted by its posterior inclusion probability, PIP),
and each column represents one model from the evaluated model space. Colored

cells indicate inclusion in the respective model: blue denotes a positive association
with the outcome, red a negative one, and white indicates non-inclusion. For a

complete overview of all included moderators and their statistical relevance, refer to
Table 5.2.
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Variable Bayesian model averaging Frequentist model averaging
Post. mean Post. SD PIP Coef. SE p-value

Model Specification / Estimation approach
OLS -0.002 0.020 0.075 -0.012 0.080 0.882
Fixed Effects -0.003 0.020 0.077 -0.029 0.105 0.779
Random Effects 0.011 0.042 0.118 0.010 0.121 0.934
Endogeneity -0.012 0.046 0.130 -0.079 0.113 0.484
Quadratic -0.006 0.040 0.083 -0.010 0.068 0.885
Interaction 0.003 0.027 0.076 0.012 0.063 0.851
Lagged 0.029 0.056 0.279 0.080 0.077 0.295

Controls
Controls included 0.026 0.091 0.134 0.103 0.178 0.561
FE controls -0.002 0.022 0.074 0.023 0.081 0.779
# controls 0.001 0.007 0.099 0.015 0.020 0.463
ESG redundant 0.237 0.078 0.981 0.265 0.083 0.001

Sector
Sector-specific 0.000 0.021 0.073 0.022 0.091 0.806
Financial sector 0.004 0.041 0.082 -0.004 0.070 0.957
Excl. financial 0.005 0.028 0.099 0.054 0.090 0.548

Region
Europe -0.053 0.086 0.359 -0.157 0.102 0.125
Country-specific 0.004 0.031 0.083 -0.012 0.070 0.866
Scandinavia -0.164 0.112 0.781 -0.149 0.098 0.126

ESG Provider
Refinitiv -0.048 0.082 0.333 -0.070 0.089 0.430
Bloomberg -0.002 0.036 0.067 0.000 0.019 0.000
Th. Reuters -0.225 0.098 0.941 -0.237 0.101 0.019

Sample√
# obs 0.000 0.000 0.088 0.000 0.001 0.000

Time span -0.016 0.008 0.910 -0.017 0.007 0.017

Publication characteristics
Pub. year (log) 0.028 0.052 0.306 0.117 0.068 0.086
Citations (log) 0.008 0.016 0.287 0.010 0.025 0.681
Published 0.065 0.087 0.445 0.107 0.124 0.385

Standard error
Standard error (SE) 0.777 0.178 1.000 0.738 0.192 0.000

Intercept 0.076 NA 1.000 -0.169 0.278 0.544

Table 5.2: Comparison of Bayesian and Frequentist model averaging
results. Variables are shown in bold when their posterior
inclusion probability (PIP) is ≥ 0.5 or their p-value is ≤ 0.05.

Several moderator variables emerge as robust sources of heterogeneity in
reported ESG effects on ROA across both Bayesian and Frequentist model
averaging approaches. The most consistent signals concern the standard error,
the ESG redundancy indicator, the time span of the study, and the use of
Thomson Reuters as the ESG data provider. These variables receive strong
and converging support across both estimation frameworks.
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The standard error of the ESG estimate is the single most robust driver
of variation. In Bayesian Model Averaging (BMA), it reaches a posterior in-
clusion probability (PIP) of 1.000, and the corresponding coefficient in Fre-
quentist Model Averaging (FMA) is large (0.7375) and statistically significant
at the 1% level (p < 0.001). While the publication bias analysis did not in-
dicate strong evidence of selective reporting, the inclusion of heterogeneity in
the meta-regression framework reveals a more substantial bias. In particular,
once methodological and contextual differences across studies are accounted
for, the relationship between standard error and reported effect size becomes
more pronounced.

The ESG redundancy variable also displays a strong and stable effect. In
BMA, its PIP reaches 0.981, and its posterior mean is positive (0.2368). The
FMA coefficient is similarly positive (0.2648) and statistically significant at the
1% level (p = 0.001). This result contradicts theoretical expectations. Includ-
ing both aggregate ESG scores and their subcomponents should reduce the
reported ESG coefficient due to overcontrol or multicollinearity. The positive
association may reflect model misspecification or unobserved study character-
istics. Another possible explanation is that the studies included may be of
lower methodological quality, potentially leading to an overestimation of the
effect. However, since this remains a hypothesis and cannot be verified with
certainty, we adopt a more conservative approach and do not treat it as a core
explanatory variable.

The time span of the study is another important moderator. It achieves a
PIP of 0.910 in BMA and a statistically significant FMA coefficient of −0.0172
(p = 0.017). This implies that studies covering longer periods tend to report
weaker ESG- ROA effects. One possible explanation is that shorter panels may
exaggerate transitory relationships or be more exposed to selective reporting.

The use of Thomson Reuters ESG data shows a strong negative influence on
reported effects. In BMA, its PIP is 0.941, with a posterior mean of −0.2253.
In FMA, the coefficient is also negative (−0.2365) and statistically significant
(p = 0.019). This finding suggests that the choice of ESG data provider system-
atically affects estimated impacts. Specifically, studies using Thomson Reuters
scores tend to report smaller or more conservative ESG effects. Bloomberg and
Refinitiv do not receive strong support in either framework.

Several variables do not satisfy the dual criterion of statistical relevance.
The regional dummy for Europe shows a PIP of only 0.359, and the corre-
sponding FMA coefficient is not statistically significant (p = 0.125). Similarly,
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country-specific dummies, sector-specific indicators, financial sector flags, and
interaction or quadratic terms show low inclusion probabilities and statistically
insignificant estimates.

Some variables receive one-sided support but do not meet the robustness
criterion. The Scandinavia dummy attains a high PIP (0.781) in BMA but
is statistically insignificant in FMA (p = 0.126). Conversely, the Bloomberg
dummy is highly significant in FMA (p < 0.001) but has negligible effect size
and very low PIP (0.067). The square root of the number of observations is sta-
tistically significant in FMA but shows weak support in BMA (PIP = 0.088).
The publication status variable receives moderate support in BMA (PIP =
0.445) but its FMA coefficient is not statistically significant (p = 0.385). Pub-
lication year (log) and log citations also display weak or ambiguous patterns,
with moderate PIP values and p-values above conventional thresholds.

Taken together, the most robust moderators, identified based on the dual
criterion of posterior inclusion probability (PIP) ≥ 0.5 and p-value ≤ 0.05,
include the standard error, ESG redundancy, study time span, and the use of
Thomson Reuters data. The consistent significance of the standard error is
particularly noteworthy, as it suggests that publication bias may be more pro-
nounced once study heterogeneity is accounted for. The redundancy indicator,
while statistically robust, remains theoretically ambiguous and is therefore not
included among the core explanatory variables.

Importantly, the consistency of these findings is not limited to a single
model setup. As illustrated in Figure 5.3, we conduct robustness checks using
alternative BMA specifications that vary the model priors. The observed in-
clusion patterns remain relatively stable across these settings, reinforcing the
credibility of the results.
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Figure 5.3: BMA model - robustness checks
Notes: This figure presents all variables included in the Bayesian Model Averaging
(BMA) framework, plotted against their respective Posterior Inclusion Probabilities
(PIP). The abbreviations used correspond to specific prior and model assumptions:
PIP = Posterior Inclusion Probability, UIP = Uniform g-prior, Uniform = Uniform

Model Prior, Dilut = Dilution Prior, BRIC = Benchmark g-prior, Random =
Random Model Prior, HQ = Hannan–Quinn Criterion.



Chapter 6

The best-practice estimate and
economic interpretation

6.1 The best practice estimate
The selection of the best-practice estimate (BPE) inherently involves a degree
of subjectivity. In line with established approaches in the meta-analysis lit-
erature, we construct our BPE by combining theoretical reasoning with the
empirical results obtained from Bayesian Model Averaging (BMA) (Havranek
et al. 2020; Irsova et al. 2024). The overarching purpose of the best-practice
estimate is to prioritize causal identification over mere statistical association.
In this spirit, the specification is constructed to emphasize methodological fea-
tures that enhance internal validity and mitigate confounding, such as explicit
controls for endogeneity. Rather than reflecting the central tendency of the lit-
erature, the BPE isolates those design elements that most plausibly uncover the
true effect of ESG performance on firm profitability, based on both theoretical
guidance and empirical robustness.

To mitigate the impact of potential publication bias, we conservatively set
the standard error to zero. Regarding methodological design, we include ESG
lagged with a weight of 1, reflecting the theoretical rationale that lagging
ESG variables helps to avoid reverse causality, a common concern in ESG-
performance literature. Similarly, we set endogeneity to 1, as studies that sys-
tematically address endogeneity are considered to be of higher methodological
quality. Addressing endogeneity is crucial for drawing credible causal inferences
and helps mitigate biases arising from omitted variables or reverse causality.
In addition, we set the inclusion of controls to 1, while the number of controls,
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as a continuous variable, is held at the sample mean, since no optimal number
can be theoretically justified.

We also assign full weight to the exclusion of the financial sector, which
we consider to be strongly grounded in theory. Due to the specific balance
sheet composition and regulatory framework of financial institutions, this vari-
able is seen as a meaningful criterion to differentiate between more and less
methodologically rigorous studies.

For other dummy variables related to estimation method and data provider
(such as OLS, fixed effects, random effects, or use of Refinitiv data), we use
the sample mean, given that the literature review does not provide compelling
reasons to prefer one specific subgroup over another in terms of methodological
rigor.

To further align our estimate with indicators of study credibility, we incor-
porate the maximum observed values for publication year and citation count,
two continuous variables identified as significant in BMA results. This decision
acts as a proxy for selecting studies that are both recent and widely recognized,
under the assumption that these dimensions correlate with quality and impact.

While publication status is often included in best-practice configurations
with a value of 1, our review of the underlying studies did not reveal clear
evidence that published studies are systematically more methodologically sound
than working papers. Therefore, we assign the sample mean to this variable.

Finally, we maintain average values for other variables unrelated to method-
ology (such as regional focus), as their inclusion is not grounded in theoretical
relevance to study quality.

To complement the hypothetical best-practice estimate, we simulate pre-
dicted effects under the covariate profiles of four empirical studies. We include
Velte (2017), the most cited article in the sample and thus a natural benchmark;
Zahid et al. (2022), a methodologically quite rigorous and relatively highly cited
study focusing on Western European firms; Brogi & Lagasio (2019), the study
with the largest number of observations, which allows for a well-powered com-
parison; and Siwiec & Karkowska (2024), the most recent study, which relies
on Refinitiv as the ESG data provider and, unlike most studies from the same
year, reports summary statistics. While none of these studies fully satisfies
all best-practice methodological standards, they jointly represent a balanced
set of references across academic visibility, design quality, empirical scope, and
temporal relevance.
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Table 6.1: Best-practice estimate

Author Best-practice estimate 95% CI
Author 0.022 (−0.241, 0.285)
Velte (2017) −0.185 (−0.432, 0.062)
Zahid et al. (2022) −0.252 (−0.698, 0.194)
Brogi & Lagasio (2019) 0.133 (−0.036, 0.302)
Siwiec & Karkowska (2024) 0.118 (−0.347, 0.583)
Notes:The table shows best-practice estimates as defined by the author and by four
selected studies.
CI denotes confidence interval. The bounds of the 95% confidence interval are
approximated using OLS with standard errors clustered at the study level.

Table 6.1 presents best-practice estimates based on four selected studies and
the author’s full specification. Across all cases, the 95% confidence intervals
include zero, which means that none of the estimated effects is statistically
significant at conventional levels. In two cases, the point estimate is even
negative. Overall, the results support the conclusion that the estimated effect
of ESG on ROA is very small and likely negligible. This serves as a robustness
check, further validating the findings from the main analysis.

6.2 Economic significance
The final part of the empirical analysis focuses on the economic relevance of the
six variables with a posterior inclusion probability above 0.5 in the BMA model.
Table 6.2 reports their estimated effect on the standardized beta coefficient
between ESG and ROA, both for a one-standard-deviation increase and for a
full-range change from minimum to maximum. These effects are also expressed
relative to the best-practice estimate, which was calculated as 0.022.

The most prominent result concerns the standard error. Its effect exceeds
600% of the best-practice estimate for a one-standard-deviation change and
reaches more than 2000% for the full range. While this may suggest a strong
influence of publication bias, it is important to stress that the benchmark is
very small. The high percentage values primarily reflect this low baseline, and
the absolute changes remain modest in general terms. Nonetheless, the min-to-
max effect of standard error, which exceeds 0.5, is relatively large in the context
of this meta-analysis. This may indicate that the role of publication bias is
somewhat more pronounced than suggested by other parts of the analysis.

The same logic applies to the remaining variables. While several of them
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show high relative effects when expressed as percentages of the best-practice
estimate, their absolute magnitudes remain moderate and do not imply sub-
stantial changes in the ESG–ROA relationship. These results suggest that
study-level characteristics can affect the reported effect size to a certain de-
gree, though the underlying association remains generally weak.

Table 6.2: Economic significance of key variables

One SD change Maximum change
Variable Effect % of BPE Effect % of BPE
ESG redundant −0.100 −449% −0.237 −1059%
Lagged 0.014 62% 0.029 130%
Scandinavia −0.060 −269% −0.164 −732%
Th. Reuters −0.102 −456% −0.225 −1005%
Time span −0.076 −338% −0.320 −1429%
Standard error (SE) 0.145 649% 0.514 2294%

Notes: The table reports the ceteris paribus effects of key study-level characteristics on the
standardized beta coefficient between ESG and ROA. It includes only those variables with
a Posterior Inclusion Probability (PIP) above 0.5 based on the BMA analysis. The column
"Effect" indicates the change in the standardized beta coefficient resulting from a one
standard deviation increase in the given variable. The "Maximum change" column shows
the effect when the variable moves from its minimum to maximum observed value. The
reference best-practice estimate (BPE) is 0.022. Definitions of variables are provided in
Table 5.1.
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Conclusion

This meta-analysis seeks to characterize the relationship between corporate
ESG performance, as captured by third-party ratings, and accounting prof-
itability measured by return on assets (ROA). A systematic search completed
on 30 March 2025 identified 44 eligible studies, yielding a total of 108 effect esti-
mates. Partial correlation coefficients are available for the full set of 44 studies,
whereas standardized beta coefficients could be calculated for the subset of 38
studies that reported the requisite standard deviations.

The synthesis of these data yields a simple message: on average, the as-
sociation between ESG performance and Return on Assets is positive, but so
small that it is both economically and statistically negligible. Formal tests de-
tect only minimal selective reporting: funnel plots are largely symmetric and
the slope coefficients in FAT–PET regressions are positive but small. All bias-
adjusted intercepts remain close to zero, so publication bias does not change
the conclusion that ESG has no material effect on ROA.

Heterogeneity analysis helps explain why individual studies still report size-
able positive or negative coefficients. Both Bayesian Model Averaging and
Frequentist Model Averaging identify four moderators that survive the dual
robustness criteria of high posterior inclusion probability and low p-values: the
reported standard error (a proxy for imprecise or selectively reported results),
the redundancy indicator (studies that regress both composite and component
scores), the temporal coverage of the panel, and reliance on Thomson Reuters
ESG ratings. Larger standard errors and redundancy inflate positive coeffi-
cients, whereas longer samples and Thomson Reuters data push them down-
wards. Less persistent signals appear for Scandinavian subsamples and for
models that lag ESG, suggesting that institution-specific factors and attempts
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to mitigate reverse causality shape reported outcomes.
Combining these insights with established best-practice rules delivers a

reference estimate of 0.022 standard deviations in ROA per one-standard-
deviation improvement in ESG, conditional on lagging the ESG variable, ex-
cluding financial firms, addressing endogeneity and using a recent, highly cited
study design. This figure is small relative to normal quarterly volatility in
ROA, and the economic significance of the key moderators underscores that
study design choices can move reported coefficients by several multiples of the
benchmark.

The contribution of this study lies not only in its empirical result but also
in its conceptual clarity and methodological rigor. Unlike earlier meta-analyses
that often aggregated broad sustainability proxies and mixed financial out-
comes, this thesis focuses narrowly on one clearly defined relationship. It also
systematically corrects for bias using multiple linear and non-linear estimators
and relies on effect-size standardization to ensure comparability across studies.
These methodological improvements provide a more reliable synthesis of the
existing empirical literature and address key limitations of prior work. The
findings are particularly relevant for developed economies, where regulatory
environments and disclosure standards for ESG data are relatively mature.

Several limitations temper these findings. First, although standardized beta
coefficients facilitate cross-study comparability, they are harder to translate into
clear economic terms; elasticities would offer more intuitive policy guidance.
This drawback is less critical, however, because the pooled effect is close to zero,
so any welfare misinterpretation is likely to be minimal. Second, our search
produced 108 effect estimates, which limits moderator analysis and reduces
external validity. Third, the meta-analysis cannot overcome weaknesses in the
underlying evidence: most estimates come from outlets that have not been
peer-reviewed, so any measurement error or design flaw remains embedded in
the data.

In sum, the weight of post-2015 evidence from the United States and Europe
suggests that better ESG scores do not systematically raise or lower firms’ oper-
ating profitability once methodological quality, publication bias, data provider,
and sample design are taken into account. Future research could apply the same
search strategy and bias-robust methods to performance indicators such as re-
turn on equity or Tobin’s Q, and could also extend the analysis to additional
geographic regions or to global samples of primary studies.
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Figure A.1: PRISMA flow diagram
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Figure B.1: BMA model using uniform-g prior with dilution model prior
Notes: This figure displays the results of the Bayesian model averaging using the

uniform g-prior and the dilution model prior setup
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Figure B.2: BMA using benchmark g-prior and random model prior
Notes: This figure displays the results of the Bayesian model averaging using the

benchmark g-prior and the uniform model prior setup
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Figure B.3: BMA using HQ g-prior and random model prior
Notes: This figure displays the results of the Bayesian model averaging using the

Hannan-Quinn criterion g-prior and the uniform model prior setup.
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