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Abstract
We analyze the literature on the relationship between
corporate social performance (CSP) and corporate finan-
cial performance (CFP) by applying meta-regression
analysis (MRA) to 7800 results of 512 empirical studies.
Our findings reveal a small positive link between CSP
and CFP as well as the presence of publication bias that
favors statistically significant CSP–CFP regression coef-
ficients. We also evaluate the impact of the underlying
research design on the heterogeneity in published effects
using Bayesian and frequentist model-averaging (FMA).
We consider 42 contextual characteristics and our results
show that reported CSP–CFP effects are smaller in cases
where a binary index is used to measure CSP or when
CSP is used as the dependent variable. In contrast, firms
in industrial sectors or operating in China rather than
the United States exhibit stronger effects. Finally, the
CSP–CFP effect is driven by the choice of the economet-
ric estimator and the inclusion of firm size as control
variable.
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1 INTRODUCTION

Corporate social responsibility (CSR) is a multidimensional concept referring to “the
responsibility of enterprises for their impacts on society” (European Commission, 2011, p.6). CSR
is recognized when co-operations in close collaboration with their stakeholders continuously
commit to achieve a balance between their social, economic, and environmental responsibilities
in an ethical manner (Dahlsrud, 2008; European Commission, 2011; Latapí Agudelo et al., 2019).
CSR has been attracting considerable attention among business leaders, researchers as well as
in the policy arena. Given an increased awareness for the significant impacts of companies on
societies and the environment, stakeholders expect companies to live up to their CSR. At the
same time, research findings indicate that key stakeholders such as consumers, employees, and
investors reward firms’ responsible and punish their irresponsible conduct (e.g., Hartmann, 2011).
This leads to the question whether there is a “business case” for responsible firm conduct.
In this article, we provide holistic evidence on the corporate social performance (CSP)–

corporate financial performance (CFP) relationship by applying meta-regression analysis (MRA)
to a sample of 7800 regression coefficients from 512 studies on the CSP–CFP relationship pub-
lished between 1997 and 2022.1 MRA is a regression approach that is particularly apt to provide
a quantitative summary of the CSP–CFP regression coefficients and to identify the contextual
factors that drive their heterogeneity (Stanley & Jarrell, 1989).2 We derive 42 variables that cap-
ture various research design characteristics employed in the primary literature, such as the region
and industry analyzed, the econometric estimator used, the type of CSP measure applied, or the
control variables included, and assess their impact on the reported CSP–CFP effects.
From a theoretical perspective, there are three positions on the CSR–CFP relationship, the “tra-

ditional,” the “revisionist,” and the “slack resource” view (Lu & Taylor, 2016). The first involves
neoclassical approaches, such as the theory of firms’ growth, which postulates that the superor-
dinate goal of any firm is the generation of profits for its owners (Penrose, 1959). In line with the
traditional view, Friedman sees “only one social responsibility of business––to use its resources
and engage in activities designed to increase its profits so long as it stays within the rules of the
game, which is to say, engages in open and free competition without deception or fraud.” (Fried-
man, 1970, p.17). Based on agency theory (e.g., Ross, 1973), Friedman argues that managers are
agents of the firm’s owner (principal) and have the obligation to serve the interests of the princi-
pal. With the engagement in CSR, managers follow their own goals. Hence, investments in social
projects are considered as a reflection of an agency problem as this investment is assumed to lower
the funds dedicated to operating the business thereby reducing corporate profits (Friedman, 1970).
In contrast, the “revisionist” view suggests that CSR increases a firm’s positive image and repu-
tation while decreasing transaction costs and thus, leads to an increase in profits. This view is
based on legitimacy theory (Davis, 1973) and stakeholder theory (Freeman, 1984) with the former
stating that firms seek to operate within the norms of their societal environment to secure their
license to operate while the latter considers that a company acts in an environment where several
stakeholders with varying needs exists––all relevant for the success of the company. According
to the “revisionist” view, it is assumed that the better companies can integrate stakeholder needs
into their business activities, the more successful they will be (Amoako & Dartey-Baah, 2020; van
Beurden & Gössling, 2008). The resource-based view further supports the “revisionist” view as
it suggests that close relationships with stakeholders enable a firm to develop specific intangible
resources leading to competitive advantages and higher profitability (Wang et al., 2016). Finally,
slack resource theory assumes a reversed causation between CSR and CFP by suggesting that it
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is not CSR that drives CFP, but rather that firms with surplus financial means may spend it on
CSR activities. In contrast, firms in financial distress are less likely to invest in CSR (Waddock &
Graves, 1997; Wang et al., 2016).
Given the increasing relevance of CSR and the contradictory findings of the theoretical

approaches an empirical research stream gradually evolved over the last four decades (e.g., Bar-
nett & Salomon, 2012; Cavaco & Crifo, 2014) that investigates the relationship between CSP––the
outcome of activities resulting from CSR (Carroll, 2018; Lu et al., 2014)3––and CFP to answer the
question whether “it pays to be good.” Several review papers and meta-analyses have been con-
ducted to summarize empirical findings on the CSP–CFP relationship concluding that the link
is ambiguous as suggested by theory (Allouche & Laroche, 2005; Busch & Friede, 2018; Crifo &
Forget, 2015; Dixon-Fowler et al., 2013; Endrikat, 2016; Friede et al., 2015; Grewatsch & Kleindi-
enst, 2017; Hang et al., 2019; Hou et al., 2016; Huang, 2019; Huang et al., 2020; López-Arceiz et al.,
2018; Lu & Taylor, 2016; Lu et al., 2014; Margolis et al., 2009; Orlitzky, 2001; Orlitzky et al., 2003;
Vishwanathan et al., 2020; Wang et al., 2016). The majority of these meta-studies identify a small
positive relationship between CSP and CFP (e.g., Friede et al., 2015). While most of the previous
meta-analyses provide narrative summaries or descriptive analyses, only a few studies have used
MRA to analyze the CSP–CFP relationship considering moderators. The existing MRA studies
either focus on a specific region (e.g., Hou et al., 2016), are limited to one of the CSR dimensions
(e.g., Hang et al., 2019), consider only few study design characteristics (e.g., Hou et al., 2016),
or use a significantly smaller set of primary studies and observations as compared to our MRA
(e.g., Allouche and Laroche, 2015). To the best of our knowledge, no previous MRA study on the
relationship between CSP and CFP has been comprehensive in the inclusion of primary studies,
moderators, and research design characteristics. An overview of previous MRAs on the CSP–
CFP effect summarizing the core characteristics of these studies can be found in the appendix
Table A1.
Our study identifies the link between CSP and CFP by conducting a MRA considering 42 vari-

ables potentially moderating the relationship between firms’ social and financial performance.
We account for model uncertainty by applying Bayesian and frequentist model-averaging (FMA).
Our aim is to cover the full population of relevant empirical studies published up to 2022. By
including 7800 regression coefficients from 512 primary studies, our analysis is far more compre-
hensive than all previous MRAs (c.f. Table A1) thereby increasing the reliability and robustness
of the results on the CSP–CFP relationship. In contrast to earlier studies, we do not restrict our
analysis to specific geographic regions or dimensions of CSP allowing us to identify the relevance
of these factors for the link between CSP and CFP. Thus, our findings enable us to derive recom-
mendations for firms’ strategic orientation regarding investments in CSR activities. The insights
generated are also of interest to policymakers seeking to promote voluntary CSR activities as well
as evaluating the impact of politically enforced CSRmeasures on the competitiveness of firms. In
addition, our MRA results facilitate the derivation of best-practice recommendations for future
research on the CSP–CFP relationship. Finally, we assess the presence of publication bias, using
recently developed nonlinear approaches. MRA can, therefore, be seen as a first step towards
realizing a higher degree of transparency across the entire research stream by revealing potential
misuse of statistical practices such as p-hacking. This is important, given the recent discussion on
the abuse of p-values in the economic literature (Goodman, 2019).4
We proceed as follows. The next section describes the identification process for studies included

in the MRA and the derivation of the dataset. This is followed by an analysis of publications
bias in Section 3 and the investigation of heterogeneity in reported CSP–CFP effects in Section 4.
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The article closes with some conclusions and implications for further research on the CSP–CFP
relationship.

2 LITERATURE SEARCH AND DATA

Relevant empirical studies on the CSP–CFP relationship were collected between January and
April 2022 based on a systematic literature search. We followed the MRA guidelines formulated
by Stanley et al. (2013) and Havránek et al. (2020) to collect all relevant published and unpub-
lished (e.g., working papers and theses) articles that used a regression framework to empirically
estimate the CFP–CSP relationship.5 We limit our study to regression analyses of the relationship
as MRA can only be applied to a comparable measure that quantifies the same economic concept
across primary literature (Oczkowski & Doucouliagos, 2015).
Our data collection focuses on the primary literature, which quantifies the CSP–CFP effect.

The majority of primary studies employs the following regression model:

𝐶𝐹 𝑃𝑘,𝑡 = 𝑏0 + 𝑏𝐶𝑆𝑃𝐶𝑆𝑃𝑘,𝑡 +

𝑀∑
𝑚=1

𝑏𝑚𝑥𝑚,𝑘,𝑡 + 𝜀𝑘,𝑡 (1)

where 𝐶𝐹𝑃𝑘,𝑡 is the financial performance of firm k in period t. The r.h.s. of Equation (1) includes
a single CSP variable and a vector x that reflects a set of m = 1. . . ,M control variables that are
assumed to have an impact on CFP.
Measurement of the CSP variable differs across literature since CSR is a multidimensional con-

struct (Capelle-Blanchard & Petit, 2017; European Commission, 2003). Accordingly, the single
CSP variable in Equation (1) can either be (i) one-dimensional capturing one of the three dimen-
sions environmental, social, and corporate governance, (e.g., Capaldi et al., 2017), (ii) any of the
three two-way combinations between the three dimensions, (e.g., Cavaco & Crifo, 2014), or (iii)
an overall CSP score of the three dimensions (e.g., Feng et al., 2017).
In addition, some studies are based on Equation (2) and include two or three separate CSP

variables that capture individual CSR dimensions allowing to disentangle the effect on CFP in a
joint regression framework (e.g., Wang & Sarkis, 2017):

𝐶𝐹 𝑃𝑘,𝑡 = 𝑏0 +

3∑
𝑙=1

𝑏𝐶𝑆𝑃𝑙
𝐶𝑆𝑃𝑙,𝑘,𝑡 +

𝑀∑
𝑚=1

𝑏𝑚𝑥𝑚,𝑘,𝑡 + 𝜀𝑘,𝑡 (2)

where l reflects the three CSP dimensions.
Several studies also include interactions between CSP and specific control variables such as

R&D expenditure to, for example, evaluate the relevance of CSR performance for the valuation of
R&D expenditures (e.g., Ho et al., 2016):

𝐶𝐹 𝑃𝑘,𝑡 = 𝑏0 + 𝑏𝐶𝑆𝑃𝐶𝑆𝑃𝑘,𝑡 +
∑
𝑗⊆𝑀

𝑏𝑗𝑥𝑗,𝑘,𝑡 ∗ 𝐶𝑆𝑃𝑘,𝑡 +

𝑀∑
𝑚=1

𝑏𝑚𝑥𝑚,𝑘,𝑡 + 𝜀𝑘,𝑡 (3)

Note that Equation (3) can include one or several CSP dimensions. In our MRA, we focus on
themain effect of CSP (�̂�𝐶𝑆𝑃) and additionally investigate the effect of including interaction terms
on the main effect.
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Finally, in some studies (e.g., Dupire & M’Zali, 2018), the effect is investigated based on the
slack resource theory assuming reversed causality between CSP and CFP:

𝐶𝑆 𝑃𝑘,𝑡 = 𝑏0 + 𝑏𝐶𝑆𝑃𝐶𝐹𝑃𝑘,𝑡 +

𝑀∑
𝑚=1

𝑏𝑚𝑥𝑚,𝑘,𝑡 + 𝜀𝑘,𝑡 (4)

In Equations (1)–(4), the estimated coefficient(s) �̂�𝐶𝑆𝑃 show(s) the marginal link between CSP
and CFP and is (are) hence the core parameter(s) of interest in our MRA.
In order to identify all studies that empirically analyze the above-indicated relationship based

on Equation (1)–(4), the following databases were used for our literature search: Google Scholar,
Econstor, SSRN, Jstor, Wiley, ScienceDirect, Web of Science, Springer, and Taylor and Francis.
The complete set of relevant studies was identified using all reasonable combinations of the fol-
lowing key terms by combining them through Boolean strings using operators such as AND and
OR: CSR, CSP, (corporate) financial, performance, profit, and profitability. We then checked the
references in the resulting papers to detect other relevant studies using snowballing techniques
(Longhi et al., 2005). This led to an initial set of 6506 potentially relevant articles. This set was
reduced by excluding studies not covering the relationship between CSP and CFP and studies not
written in English, as well as studies not presenting any kind of regression outcomes. Moreover,
studies that used incomparable measures for CSP and CFP, studies that estimate Equation (4)
as logistic regression with a binary CSP measure as dependent variable or studies with missing
information on estimation precision (e.g., standard errors), were excluded since the availability of
estimation precision is essential when testing for publication bias.We applied amultidimensional
outlier detection algorithm (BACON) (Billor et al., 2000; Weber, 2010) to identify any unreason-
able observations such as unrealistic coefficient-standard error combinations caused by reporting
errors in the primary studies. This led to the exclusion of six individual coefficients, however, with-
out excluding an entire study. The online Appendix describes the article inclusion process inmore
detail and provides a “Preferred Reporting Items for Systematic Reviews and Meta-Analyses”
(PRISMA) template for the identification of included studies as well as descriptive information
on the studies (e.g., Moher et al., 2009).
Themajority of articles reports several CSP–CFP regression coefficients as their estimations are

performed for different subsamples on various countries (e.g., Aouadi &Marsat, 2016), industries,
different CSR dimensions, or with several econometric approaches in a single article. This leads
to a final dataset consisting of 7800 CSP–CFP regression coefficients from 512 studies. Our data
include articles published between 1997 and 2022 analyzing timeframes from 1990 to 2020.6 Hence,
the literature search has yielded a considerable dataset that reflects the empirical CSP–CFP liter-
ature over the past three decades adequately. Note that 54.4% of the coefficients originate from
estimations of Equations (1)–(3), that is, with CFP as a dependent variable, while 45.6% of esti-
mates originate from a model where CSP is used as a dependent variable (Equation 4). Moreover,
we have screened the titles and abstracts of the 512 articles to assess, if the study has an explicit
focus on the CSP–CFP relationship since estimates from Equation (4) can also result from an
analysis of the determinants of CSP other than profitability with the latter only being a control
variable. We find that 58.1% of the included coefficients originate from studies where the main
research focus is on the CSP–CFP relationship. We keep results from studies that have another
main focus in the sample as theymeasure the same economic phenomenon and investigate poten-
tial differences in regression coefficients from these studies and those with a main focus on the
CSP–CFP relationship.
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F IGURE 1 Frequency
distribution for the partial
correlation coefficient (𝛽𝐶𝑆𝑃): full
sample. Note: 𝛽𝐶𝑆𝑃 on the x-axis;
the y-axis represents the
frequency within the respective
interval. n = 7800 [Colour figure
can be viewed at
wileyonlinelibrary.com]

The CSP–CFP regression coefficients reported in primary studies are used as the dependent
variable in the MRA models. In the literature, a heterogeneous set of proxies with different
measuring units was used to measure CFP and CSP (e.g., see Galant & Cadez, 2017). Therefore,
the regression coefficients collected are not directly comparable in terms of magnitude. Since
comparability of measured effects is a core requirement for a MRA (Havránek et al., 2020), we
converted reported regression coefficients �̂�𝐶𝑆𝑃 to partial correlation coefficients (𝛽𝐶𝑆𝑃) using
(Greene, 2012, 37)

𝛽𝐶𝑆𝑃 =
𝑡√

𝑡2 + 𝑑𝑓
(5)

where 𝑡 =
�̂�𝐶𝑆𝑃

𝑆𝐸
. SE is the standard error of �̂�𝐶𝑆𝑃 while df is the degrees of freedom of the

underlying regression.7 In cases where z-statistics are used as a precision measure for �̂�𝐶𝑆𝑃 (e.g.,
Barnett & Salomon, 2012), we follow Rosenthal (1991) and calculate 𝛽𝐶𝑆𝑃 as follows:

𝛽𝐶𝑆𝑃 =
𝑧√
𝑛

(6)

where n is the sample size of the underlying regression. The resulting standardized effect 𝛽𝐶𝑆𝑃 is
distributed between −1 and 1 and represents the partial correlation between CSP and CFP (Wang
& Shailer, 2015).8
Assessment of whether primary effects (𝛽𝐶𝑆𝑃) are affected by publication bias is based on the

relationship to their estimation precision measured by standard errors, which are calculated by
dividing 𝛽𝐶𝑆𝑃 by its t-value (Stanley, 2005, 2008; Stanley & Doucouliagos, 2012).
Table A2 summarizes the partial correlation coefficients (𝛽𝐶𝑆𝑃) for the whole sample and sepa-

rately for those cases where CSP relates to one specific CSR dimension. Mean 𝛽𝐶𝑆𝑃 across all 7800
observations is 0.035 indicating a positive but small relationship between CSP and CFP. Figure 1
shows the frequency distribution of partial correlation coefficients revealing that they range from
−0.72 to 0.88 (see also Table A2) centering around zero but with a positive skew.9 We also find that
if the environmental and governance dimensions are considered alone (mean 𝛽𝐶𝑆𝑃 = 0.024 and
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𝛽𝐶𝑆𝑃 = 0.023), the 𝛽𝐶𝑆𝑃 is significantly lower (p < 0.01) when compared to the social dimensions
(0.035) (see Table A2).
In the case of 3.6% of estimated effects, only asterisks are provided to indicate the level of sta-

tistical significance, while no precise measures such as t-values, standard errors, or p-values are
reported by the authors (see variable test statistics in Table A2). Therefore, we converted aster-
isks to t-values using the threshold they indicate. For example, if ** indicates p < 0.05, this was
converted into the respective t-value for p = 0.05. This approach is somewhat inaccurate, since
the exact p-value may have been any value between .01 and .05, which results in a higher t-value.
Moreover, this also implies that only statistically significant results from the respective articles
are included since a precision measure for insignificant findings cannot be derived in such cases.
Therefore, we use a robustness check to assess the impact of this potentially inaccurate conversion
on the MRA results.10

3 PUBLICATION BIAS

Publication bias can originate from different sources, all of which can make the empirical effect
of interest appear larger than it might actually be (Stanley, 2005). Journal editors and referees
may possibly prefer to accept articles with statistically significant findings that, for example, are
consistent with a specific theory (Card & Krueger, 1995). Therefore, publication bias can lead to a
“file drawer problem” whereby authors tend to withhold nonsignificant results (Stanley, 2005).

3.1 Descriptive analysis of publication bias

The presence of publication bias is indicated by a strong relationship between the estimates of
interest, in our case, the partial correlations 𝛽𝐶𝑆𝑃, and their estimation precision measured, for
example, by standard errors (Stanley, 2005, 2008). A classical example illustrating this is t-statistics
with an average absolute value around 2 (approximate threshold for statistical significance at the
5% level) across the literature of interest. Stanley (2005) suggests several graphical and numeri-
cal techniques to evaluate this relationship, whereby a funnel graph is the one most commonly
used. A funnel graph plots the estimates against their estimation precision, which can be prox-
ied by the reciprocal of the estimates’ standard errors (Oczkowski & Doucouliagos, 2015; Stanley
& Doucouliagos, 2010; Zigraiova & Havránek, 2016). If publication bias does not exist, estimated
coefficients vary symmetrically and randomly around the value of the true population effect form-
ing an inverted funnel. Estimates with high precision build the funnel’s neck at the top of the
graph and should be close to the true value. In turn, estimates with low precision will be more
widespread at the bottom of the plot. The presence of publication bias will affect the symmetry
of the graph by skewing the funnel in the direction of bias. On the other hand, if publication bias
relates to statistically significant results regardless of the estimates’ direction, the funnel will be
hollow in themiddle andwidely spread over the entire range of 𝛽𝐶𝑆𝑃 (Hirsch, 2018; Stanley, 2005).
The first step in the construction of a funnel graph involves deriving a proxy for the “true” pop-

ulation effect. In line with Stanley (2005), we average the top 10% of estimated values with respect
to their precision to derive an indicator for the “true” CSP–CFP correlation. When considering
the full sample, this average amounts to 0.023 indicating a small positive effect between CSP and
CFP.
Figure 2 illustrates the funnel graph for the full sample of partial correlations (𝛽𝐶𝑆𝑃) whereby

the vertical line at 0.023 depicts the approximation of the true value. The funnel is not skewed
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F IGURE 2 Funnel graph for the partial correlation coefficient (𝛽𝐶𝑆𝑃): full sample. Note: 𝛽𝐶𝑆𝑃 on the x-axis;
precision on the y-axis measured by the inverse standard error. The vertical line at 0.023 reflects the “true” 𝛽𝐶𝑆𝑃

measured as the mean of the 10% most precisely estimated values. n = 7800 [Colour figure can be viewed at
wileyonlinelibrary.com]

in either direction or hollow in the middle but appears widely spread over the entire range of
estimates. Since both positive and negative partial correlations (𝛽𝐶𝑆𝑃) are supported by theory, and
hence constitute “desirable” outcomes, this could be an indication of bi-directional publication
bias in the empirical CSR-CFP literature.11

The statistic |𝛽𝐶𝑆𝑃−𝛽𝐶𝑆𝑃

𝑠𝑒(𝛽𝐶𝑆𝑃)
| represents amore formalway to detect an excessive likelihood of report-

ing significant 𝛽𝐶𝑆𝑃 estimates, whereby 𝛽𝐶𝑆𝑃 is the proxy for the “true” CSP–CFP correlation
derived above by averaging the 10% most precisely estimated values. If there is no excessive like-
lihood of reporting significant 𝛽𝐶𝑆𝑃 estimates, this statistic should not exceed 1.96 for more than
5% of the effects investigated (Stanley, 2005). The relevant percentages for the full sample and the
individual CSP dimensions are summarized in Table A3. When viewing the full sample, it can be
observed that the statistic exceeds 1.96 in 37.6% of the cases. Based on a z-test with H0 that the
proportion of values exceeding 1.96 (π) is equal to 0.05, this result is also statistically significant,
which indicates an excessive tendency to report significant negative or positive 𝛽𝐶𝑆𝑃 correlations.
A similar finding can be observed for all subsamples of CSP dimensions where H0: π = 0.05 is
rejected in all cases.
In the next step, we apply several versions of the following MRAmodel (Stanley, 2005, 2008) to

our data:

𝛽𝐶𝑆𝑃𝑖 = 𝛽0 + 𝛽1𝑠𝑒𝑖 + 𝜀𝑖 (7)
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where the dependent variable is composed of the i = 1, . . . , 7800 partial CSP–CFP correlations
(𝛽𝐶𝑆𝑃𝑖) while 𝜀𝑖 reflects an i.i.d. error term. The 𝛽𝐶𝑆𝑃 are regressed on their estimation precision
measured, for example, by standard errors (𝑠𝑒𝑖) to evaluate the presence of publication bias. If the
latter is present, there will be a relationship between reported effects and their standard errors
due to the fact that researchers seek out combinations of estimates and standard errors that yield
a satisfactory level of statistical significance (Hirsch, 2018; Oczkowski & Doucouliagos, 2015). In
Equation (7), this will be reflected by the rejection of H0: 𝛽1 = 0. Testing H0 is likewise an assess-
ment of the funnel graph’s skewness and is also known as funnel-asymmetry test (FAT) (Stanley,
2005, 2008). This is based on the assumption that there is no correlation between 𝛽𝐶𝑆𝑃 and 𝑠𝑒𝑖 if
publication bias was absent. However, the assumptionmight be violated by the definitions of 𝛽𝐶𝑆𝑃

and 𝑠𝑒𝑖 as well as a potential effect of methodological choices in the primary studies on 𝛽𝐶𝑆𝑃 and
𝑠𝑒𝑖 leading to spurious correlation between the two. Therefore, we additionally use the number
of observations of the primary study as an instrument for 𝑠𝑒𝑖 (Printezis et al., 2019; Stanley, 2005;
Zigraiova et al., 2021). The constant 𝛽0 reflects the estimated “true” empirical CSP–CFP effect after
controlling for publication bias. The test for H0: 𝛽0 = 0 is, therefore, also known as precision-effect
test (PET) (Stanley, 2005, 2008).
Further, Stanley and Doucouliagos (2012) suggest to use the squared standard error to capture

a potential nonlinear relationship between estimates and standard errors:

𝛽𝐶𝑆𝑃𝑖 = 𝛽0 + 𝛽1𝑠𝑒2
𝑖

+ 𝜀𝑖 (8)

This specification leads to a more precise estimate of the “true” effect (𝛽0) and allows
publication bias to be less severe for more precise estimates (Hirsch, 2018; Kim et al., 2014).
The funnel graph indicates the presence of excess variation in reported CSP–CFP effects and

hence the need to test separately for publication bias favoring positive and negative 𝛽𝐶𝑆𝑃. Thus, to
capture bi-directional publication bias, we extend model (7) by splitting the effect of 𝑠𝑒𝑖 between

the positive andnegative domain of𝛽𝐶𝑆𝑃 using dummyvariables𝐷𝑃
𝑖

=

{
1 𝑖𝑓 𝛽𝐶𝑆𝑃𝑖 ≥ 0

0 𝑖𝑓 𝛽𝐶𝑆𝑃𝑖 < 0
and𝐷𝑁

𝑖
={

1 𝑖𝑓 𝛽𝐶𝑆𝑃𝑖 < 0

0 𝑖𝑓 𝛽𝐶𝑆𝑃𝑖 ≥ 0
, respectively. This leads to

𝛽𝐶𝑆𝑃𝑖 = 𝛽0 + 𝛽2𝐷𝑃
𝑖
𝑠𝑒𝑖 + 𝛽3𝐷𝑁

𝑖
𝑠𝑒𝑖 + 𝜀𝑖 (9)

where the rejection ofH0: 𝛽2 = 0 indicates the presence of publication bias towards a positive CSP–
CFP link and rejection of H0: 𝛽3 = 0 towards a negative CSP–CFP relationship (Bom & Ligthart,
2009; Hirsch, 2018).
Two econometric problems must be addressed when estimating the above models. Since the

dependent variable 𝛽𝐶𝑆𝑃𝑖 is composed of estimated effects with heterogeneous variances, the error
terms are probably affected by heteroscedasticity leading to biased standard errors in the MRAs
(Nelson & Kennedy, 2009). Given that 𝑠𝑒𝑖 is a measure for this heteroscedasticity, corrected stan-
dard errors can be generated by applying weighted least squares (WLS) with 1∕𝑠𝑒2

𝑖
as optimal

weights (Hedges & Olkin, 1985; Oczkowski & Doucouliagos, 2015; Stanley, 2005). A second hurdle
is that our sample is composed of clusters of partial correlations 𝛽𝐶𝑆𝑃𝑖 from 512 studies. Thus,
cluster correlation is an additional source of bias for the standard errors (Nelson & Kennedy,
2009). Therefore, in line with Oczkowski and Doucouliagos (2015), we use study cluster robust
and wild bootstrapped clustered standard errors, which are the adequate approach in cases where
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TABLE 1 FAT-PET and nonlinear publication bias results

Panel A: Linear approaches
(1) (2) (3) (4) (5) (6)

Variables WLS SE WLS SE2
WLS
No. of obs. 2SLS

WLS
Bi-directional

Only CFP-
dependent

Constant 0.017*** 0.022*** 0.021*** 0.015*** 0.013*** 0.012***
(0.004) (0.003) (0.003) (0.004) (0.004)

se 0.490*** 0.511*** 0.646***
(0.167) (0.132)

se2 5.058***
(1.594)

1/no. of obs. 6.083***
(1.628)

se*D (𝛽𝐶𝑆𝑃 ≥ 0) 2.033***
(0.143)

se*D (𝛽𝐶𝑆𝑃 < 0) −2.050***
(0.179)

Observations 7800 7800 7800 7800 7800 4246
# of studies 512 512 512 512 512 295
Panel B: Nonlinear approaches

Andrews
and Kasy Stem-based p-uniform

Endogenous-
kink WAAP Average

Mean beyond
bias

0.043*** 0.009 0.045*** 0.017*** 0.019*** 0.027

Standard error (0.002) (0.027) (0.004) (0.001) (0.002)
Observations 7800 7800 7800 7800 7800
# of studies 512 512 512 512 512

Note: Column (3) uses the inverse of the number of observations as direct instrument for sewhile column (4) uses 2SLS estimation
with the inverse of the number of observations as instrument for se. For linear approaches, study-cluster robust standard errors
are reported in parentheses. Andrews and Kasy (2019); stem-based (Furukawa, 2019); p-uniform (van Aert & van Assen, 2021);
endogenous-kink (Bom & Rachinger, 2019); WAAP (Ioannidis et al., 2017). We also applied Bom and Rachinger’s (2019) approach
to publication bias on the negative side and find similar results.
***p < .01, **p < .05, *p < .1.

the number of clusters exceeds 42 (Angrist & Pischke, 2008). The wild bootstrap procedure is used
as a robustness check since it is particularly well-suited to samples composed of clusters with a
heterogeneous number of estimates, which is the case for our sample12 (Cameron et al., 2008;
MacKinnon &Webb, 2017).
Panel A of Table 1 provides results for the linear approaches to detect publication bias. In

columns (1) and (2), the significant coefficients for se and se2 reveal the presence of positive pub-
lication selection. This result is robust to using the inverse of the number of observations as a
direct instrument for 𝑠𝑒𝑖 and when the number of observations is used as an instrument for the
standard error in a two-stage-least squares (2SLS) model. Moreover, column (5) indicates the exis-
tence of bi-directional publication bias confirming the excess variation revealed by the funnel plot
(Figure 2). Finally in column (6), we only consider estimates that have been generated based on
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Equation (1), that is, with CFP as the dependent variable leading to similar findings regarding
publication bias. The constant (𝛽0) ranges between 0.012 and 0.022 and is statistically different
from zero in all models confirming the existence of a small positive CSP–CFP link after control-
ling for publication bias, which is smaller than the overall mean of reported estimates of 0.035
(see Table A2).
We also estimated Equation (7) separately for the subsamples of 𝛽𝐶𝑆𝑃 relating to a specific CSP

dimension. In each case, there is evidence for a small positive relationship, which is however
insignificant for the case where 𝛽𝐶𝑆𝑃 relates to the governance CSP dimension while publica-
tion bias is only detected for the social dimension (see Table A4). For the full sample, we also
apply bootstrapped clustered standard errors to Equation (7) as a robustness check and observe
that results do not change (see Table A4 column 4). Moreover, we exclude observations where
only asterisks were provided to indicate the level of statistical significance of estimated effects to
assess the impact resulting from this potentially inaccurate precisionmeasurement. However, the
results were not changed by the exclusion of the respective observations (see Table A4 column 5).
Besides, we estimate Equation (7) only for observations from studies, which explicitly focus on
the CSR–CFP relationship and for studies that are in addition estimating a model where CFP is
the dependent variable (see Table A4 columns 6 and 7) leading to results resembling those for the
full sample.
Finally, we apply five recently proposed nonlinear approaches that allow to derive average

effects corrected for publication bias (e.g., Zigraiova et al., 2021). First, Andrews and Kasy (2019)
build a selection model estimating the probability that insignificant results are underreported.
Subsequently, this information is used to reweight insignificant coefficients. Second, Furukawa’s
(2019) stem-based method presents a noval approach to estimate the fraction of the top-10% most
precisely estimated coefficients. Third, the p-uniform approach by van Aert and van Assen (2021)
uses the distribution of p-values and searches for an underlying effect with a uniform distribu-
tion. Forth, the “endogenous-kink” approach by Bom and Rachinger (2019) accounts for the fact
that effects will only be reported if they exceed a specific precision threshold. It then estimates the
effect under consideration that the relationship between estimates and standard errors is nonlin-
ear below this precision threshold. Fifth, we apply the weighted average of adequately powered
estimates (WAAP) approach by Ioannidis et al. (2017), which is based on the relationship of power
and publication bias and a correction technique, which considers coefficients exceeding a power
of 80%. Those coefficients are weighted by the reciprocal of their variance to arrive at a publi-
cation bias-corrected effect. In Panel B of Table 1, we report results for the mean effects beyond
publication bias. The results vary between 0.009 for the stem-basedmethod (Furukawa, 2019) and
0.043 for the Andrews and Kasy (2019) approach hence revealing a positive CSP–CFP effect after
controlling for publication bias. The average across the five nonlinear methods of 0.027 is closer
to the overall mean of reported estimates of 0.035 than the constant of the linear model in column
(1) (0.017). This indicates that the degree of positive publication bias detected by the nonlinear
approaches is somewhat lower than suggested by the linear approaches.

4 HETEROGENEITY ANALYSIS

4.1 Estimation and variables

Thus far, we have assumed a single underlying true effect. However, the “true” effect can differ
across regions, industries, or time periods analyzed, thereby impeding the identification of the
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“true” effect and publication bias within these subpopulations (Doucouliagos et al., 2005; Fer-
nau & Hirsch, 2019; Hirsch, 2018; Stanley, 2005). In the following, we control for the underlying
research design with a full MRA, which includes a vector of variables (𝑘𝑗) related to the research
design applied to estimate 𝛽𝐶𝑆𝑃:

𝛽𝐶𝑆𝑃𝑖 = 𝛽0 + 𝛽1𝑠𝑒𝑖 +

𝑛∑
𝑗=4

𝛽𝑗𝑘𝑗,𝑖 + 𝜀𝑖 (10)

where the coefficient vector �̂�𝐣 captures the heterogeneity in 𝛽𝐶𝑆𝑃𝑖 caused by research design
characteristics after controlling for publication bias. Finally, in Equation (10), the constant 𝛽0

reflects the “true” empirical CSP–CFP effect after controlling for publication bias and assuming
all research design variables included in 𝑘𝑗 are equal to zero (Doucouliagos & Stanley, 2009).
Since there is no theoretical foundation for the inclusion of independent variables in the MRA,

we also apply Bayesian model-averaging (BMA) and FMA techniques as robustness checks.
According to Ullmann (1985) and Lu and Taylor (2016), heterogeneity in reported CSP–CFP

coefficients is probably due to differences in the industries analyzed, varying definitions of CSP,
omission of important variables as well as deficiencies in empirical databases and econometric
methods. Therefore, we collected all those factors from the 512 studies included that best capture
the research design characteristics employed and coded them as variables. They are illustrated in
the underlying conceptual framework shown in Figure 3 and Table A2 in the appendix.13
The research design variables are grouped into four categories, whereby the first category

includes dummy variables capturing general study characteristics related to article type and qual-
ity.While themajority of 𝛽𝐶𝑆𝑃 originate frompeer-reviewed journal articles (97.9%), 2.1% originate
from non-peer-reviewed work (including working papers, book chapters, and theses) (cf. Table
A2). Since it is reasonable to assume that working papers remain unpublished due to quality
issues in the research design, the effect of publication quality can be evaluated by comparing these
papers with those articles which appear in peer-reviewed journals (Havranek et al., 2018). Given
that authors really intend to have their work published eventually in a peer-reviewed outlet, it is
not possible to detect publication bias and the “file-drawer problem” (which arises when studies
producing null results remain in the researcher’s cabinet) by differentiating between published
and working papers (Fernau & Hirsch, 2019; Rusnak et al., 2013; Valickova et al., 2015).14
Previous meta-studies have failed to detect any relationship between reported estimates and

journal quality measured by the number of citations (Hang et al., 2019) or impact factors (IFs)
(e.g., Suñé et al., 2013). Nevertheless, we include a dummy variable that indicates for each 𝛽𝐶𝑆𝑃

whether it originates from a journal with an IF at the time of publication. Table A2 indicates that
77.6% of 𝛽𝐶𝑆𝑃 relate to such journals.
The second class of variables relates to the study focus covering the time frame, region, and

industry analyzed. Brower and Dacin (2020) and Friede et al. (2015) state that the significant
increase in the awareness of CSR activities and learning effects has led to a gradual weakening
of the relationship with CFP over time. Hence, to assess changes in the link between CSP and
CFP, we include the final year of the underlying sample for each 𝛽𝐶𝑆𝑃. We subtract 1989 as the
base year to simplify the coefficient estimate’s interpretation. Table A2 shows that the average
final year is 2013 with a range from 1990 to 2020.
The relationship between CSP and CFP is likely to differ across industries (Baird et al., 2012)

since companies operate in different economic contexts with diverse stakeholder groups across
sectors (Baird et al., 2012; Feng et al., 2017). For example, CSR probably has a strong impact in
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F IGURE 3 Meta-regression analysis framework

industrial sectors due to higher stakeholder attention (Hartmann, 2011; Hou et al., 2016). CSR is
also a crucial factor in terms of consumers’ perception and is thus a prime issue for the competi-
tiveness of firms in the service sector (Musso & Risso, 2006). Moreover, CSR strategies and asset
structures of financial firms differ from those of firms in other industries (Belu &Manescu, 2013).
Therefore, we used the Global Industry Classification Standard (GICS) to account for industry-
specific differences in the CSP–CFP relationship and grouped the effects based on the firms
analyzed into industrials (GICS 20) (3.0%), financials (GICS 40) (8.2%), and consumer goods
(GICS 25 and 30) (3.2%). The remaining effects (85.5%) are generated based onmulti-industry sam-
ples that cannot be further disaggregated (e.g., Aouadi & Marsat, 2016), whereby multi-industry
samples may obscure industry-specific effects and lead to a weaker relationship between CSP and
CFP (Allouche & Laroche, 2005). Hence, assessing differences in coefficients between single and
multi-industry studies allows us to evaluate biases in the measurement of the CSP–CFP effect
using multi-industry samples.
The literature has also focused on various countries with different institutional settings (see

the description of the included literature in the online appendix). Matten and Moon (2008) high-
light that the adoption of CSR strategies differs strongly between firms in Europe and the United
States. While the latter tend to adopt “explicit” CSR activities, EU companies are more engaged in
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“implicit” CSR (Matten &Moon, 2008).15 Therefore, we include country dummy variables, which
indicate that 14.8% of effects relate to EU firms, while amuch larger share of findings (33.8%) relate
to US firms (including Canada). In addition, firms in developing countries16 account for 8.3% of
the effects. It is likely that CSR in developing economies with less strict regulations and less effi-
cient market mechanisms has a lower visibility implying smaller relevance for firm performance
(Wang et al., 2016). Moreover, we coded effects that relate to samples of Chinese firms (13.6%)
and other BRICS countries (3.2%).17 The latter category refers to samples that either include firms
from all BRICS countries jointly or individual BRICS countries except China. Finally, the vari-
able other_countries (26.4%) relates to findings obtained from sample firms from a diverse set of
other countries, such as Singapore that cannot be included as a separate dummy variable since
they only appear in a few studies (e.g., Loh et al., 2017), or effects that were generated based on
multicountry samples (e.g., von Arx & Ziegler, 2014).
The third category of variables captures the influence of CSP’s and CFP’s measurement as well

as the set of control variables (x) included in Equations (1)–(4). There is evidence that different
measurement approaches are the source of some of the variations in the results on the CSP–CFP
relationship (e.g., Galant&Cadez, 2017;Wang et al., 2016). Therefore,we assess the impact that the
type of CSP indicator used has on 𝛽𝐶𝑆𝑃. Most estimations (82.0%) are based on CSP indices from
commercial databases, such as ThomsonReuter’s Asset4 or theKinder, LydenbergDomini (KLD)-
index. Furthermore, we follow van Beurden and Gössling (2008) and assess the impact of using
CSP information disclosed by companies (17.4%) or collected via questionnaires (0.6%) (cf. Table
A2). This allows to identify potential bias in the estimates due to self-reported CSP (Dixon-Fowler
et al., 2013). Note that in some cases (5.3%), CSP was measured by a binary variable indicating,
for example, whether a firm is listed in a sustainability index (e.g., Becchetti et al., 2008). As this
measurement of CSP is potentially less accurate, we use a dummy variable CSP binary to assess
its influence on the CSP–CFP correlation. Finally, we control for the effect of using a squared CSP
variable (1.9%), lagging CSP by one or more periods (17.5%), and whether an interaction between
CSP and a control variable is included (10.6%) in line with Equation (3).
The operationalization of financial performance in Equations (1)–(4) is also a potential driver

of heterogeneity in reported CSP–CFP effects (e.g., Galant & Cadez, 2017; Wang et al., 2016). In
line with previous meta-studies, we control whether an accounting- or market-based measure
was used (e.g., Hang et al., 2019). 62.1% of 𝛽𝐶𝑆𝑃 were estimated using accounting-based measures,
such as return-on-assets or equity (e.g., Waddock & Graves, 1997). The remaining estimates were
generated using market-based measures, such as Tobin’s Q (Lee et al., 2013).
In more than half of the CFP–CSP studies, CFP represents the dependent and CSP the inde-

pendent variable (Equations 1–3). However, in line with slack resource theory, CFP is used as
the independent variable in 45.6% of cases to predict CSP (e.g., Waddock & Graves, 1997). We
employ a dummy variable (CSP dependent) to assess the extent to which this specification leads
to different 𝛽𝐶𝑆𝑃s. We also perform several robustness checks by estimating separate models for
coefficients generated using Equations (1)–(3) with CFP as dependent variable and coefficients
generated based on Equation (4) where CSP is the dependent variable.
Primary regressions include either one (Equation 1) or several (Equation 2) CSP variables that

capture different CSR dimensions. For example, it has been shown that the social dimension is
muchmore visible to stakeholders than environmental performance, leading to a stronger impact
on CFP (Busch & Friede, 2018). The next category of variables accounts for the dimension of
the CSP indicators applied. This is important since CSR is a multidimensional construct, which
implies that in the case of Equation (1), the single CSP variable can include a heterogeneous set of
combinations of CSR dimensions (Wang et al., 2016). Therefore, in Equation (1), CSP is either
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measured by including all three CSR dimensions (31.1%), the environmental dimension only
(18.3%), the social dimension only (22.0%), the corporate governance dimension only (10.0%), or
as a construct encompassing two CSR dimensions (see Table A2). In contrast, primary regressions
based onEquation (2) includemore than oneCSP variable leading to several 𝛽𝐶𝑆𝑃’s each reflecting
the effect of an individual CSR dimension on CFP. For example, if a specification of Equation (2)
includes a CSP variable capturing the environmental dimension and a second variable to proxy
the social dimension, this leads to two 𝛽𝐶𝑆𝑃’s where for the first, the only_env dummy, has a value
of one while the only_soci dummy is equal to one for the second 𝛽𝐶𝑆𝑃. In addition, we include a
dummy variableCsp_controlwith a value of one if the primary regression is based onEquation (2),
that is, controlling for additional CSP dimension(s) (37.3%) and zero otherwise (i.e., Equation 1).
The omission of variables related to CFP and CSP could lead to biased results on the CSP–CFP

link (Allouche & Laroche, 2005). These variables are reflected by the vector x in Equations (1)–
(4) and mainly stand for factors that relate empirically and theoretically to CFP and CSP (e.g.,
Goddard et al., 2005; Hirsch & Gschwandtner, 2013). A general pattern can be observed in most
studies controlling for firm- and industry-specific characteristics (Lu et al., 2014) such as firm
size (94.0%) (Orlitzky, 2001; Waddock & Graves, 1997) and industry-specific effects (59.9 %) (Baird
et al., 2012; Feng et al., 2017). 66.3% of regressions also include firms’ financial risk (Feng et al.,
2017). Further control variables frequently used involve the level of firms’ R&D expenditures (e.g.,
Hull & Rothenberg, 2008) (34.4%), debt (88.1%), advertising expenditure (11.3%) (e.g., Callan &
Thomas, 2009), firm age (24.9%) firms’ shareholder and board characteristics (40.1 and 34.0%),
and additional control variables for firm profitability (39.4%).
The final category of indicators accounts for the sample structure and estimation technique

applied in the primary regressions (Hirsch, 2018; Wang & Shailer, 2015). The inclusion of the
variable number_of_years permits us to assess whether the CSP–CFP effect is moderated by the
time length of the sample analyzed. Table A2 shows that 𝛽𝐶𝑆𝑃 are generated based on samples
with an average time-series dimension of 9.2 years. We also include dummy variables to distin-
guish between effects from cross-sectional (7.6%) (e.g.,Waddock&Graves, 1997) and panel studies
(92.4%) (e.g., Aouadi & Marsat, 2016; Fischer & Sawczyn, 2013; Lee et al., 2013) since panel data
yield more accurate estimates and realistic models (Verbeek, 2012). In addition, the economet-
ric approach applied to estimate the CSP–CFP link potentially influences its magnitude. Thus,
misspecification errors18 can be detected by including dummy variables for the estimator applied.
Table A2 reveals that 49.9% of 𝛽𝐶𝑆𝑃 are generated by OLS while panel estimators, such as fixed
effects or GMM, are applied in 22.1% and 10.3% of the cases, respectively. Moreover, 6.7% of effects
are generated with a two-stage least squares (2SLS) estimator to account for endogeneity (e.g.,
Fatemi et al., 2018) allowing us to identify potential bias caused by neglecting endogeneity. Finally,
other methods, such as maximum likelihood estimation, were used in 11.0% of cases.

5 RESULTS

The results of the full MRA models are reported in Table 2. As base category, we use effects from
non-peer-reviewed articles that are based on Equation (1), estimated for US firms from multiple
industries using a commercial CSP index that includes all CSP dimensions, a market-based CFP
measure, the OLS estimator, and cross-sectional data. The results for the WLS estimation in col-
umn (1) confirm the presence of publication bias. The publication bias-corrected “true” 𝛽𝐶𝑆𝑃 for
the base category, that is, when all research design characteristics are set equal to zero, is 0.006
and hence in line with previous MRAs that generally detect small positive CSP–CFP effects (e.g.,
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Hang et al., 2019). Since the constant only reflects the “true” effect beyond publication bias, if all
study design characteristics are set equal to zero (i.e., for the base group), it should be interpreted
in the context of the significant covariates related to the study design. We discuss these results
based on some best practice examples below.
Several research design characteristics are found to affect heterogeneity in 𝛽𝐶𝑆𝑃. In contrast to

Busch andFriede’s (2018)MRA, no differences can be detected betweennon-peer-reviewed results
and those published in journals. This confirms our assumption that working papers are written
with the intention of publishing them. Unlike Busch and Friede (2018), our MRA does not reveal
different effects in journals with an IF compared with journals without an IF such that journal
quality does not seem to moderate 𝛽𝐶𝑆𝑃. Several meta-studies on the CSP–CFP effect found that
they decrease over time, which can be explained by learning effects (Allouche&Laroche, 2005; Lu
& Taylor, 2016). However, in line with the meta-analysis by Friede et al. (2015), our findings reveal
stable effects over time. As expected, the relationship between CSP and CFP is more pronounced
in studies that focus exclusively on industrial sectors (+0.019) as these are potentially associated
with stronger environmental effects. These findings also suggest that a multi-industry focus may
obscure industry-specific effects leading to a lower CSP–CFP relationship (Allouche & Laroche,
2005). Moreover, we find that regressions focussing specifically on firms operating in China gen-
erate 𝛽𝐶𝑆𝑃s that are 0.041 higher compared to the base category of US firms. This indicates that
the CSP–CFP relationship is moderated by differences in firms’ CSR practices across countries
(e.g., Matten &Moon, 2008; Wang et al., 2016). These findings are also in line with previous meta-
analyses, which generally detect smaller effects for US samples (e.g., Allouche & Laroche, 2005;
Lu& Taylor, 2016). In contrast toWang et al. (2016), we do not identify lower effects for developing
countries in comparison to the United States.
As regards the measurement of CFP, some meta-studies show that accounting-based measures

are more strongly related to CSP, since they best reflect the internal capabilities of firms (e.g.,
Busch&Friede, 2018; Huang, 2019). However, differences tomarket-basedmeasures are generally
small (e.g., Vishwanathan et al., 2020) with some meta-studies even detecting a stronger link of
CSP tomarket-based CFP (e.g., Dixon-Fowler et al., 2013). Accordingly, we do not find a difference
between using an accounting-based measure and market-based measures.
In line with previous meta-studies, CSP measures derived from questionnaires entail higher

𝛽𝐶𝑆𝑃 (+0.046) compared to cases where a commercial CSP index is used (Hou et al., 2016; Wang
et al., 2016). Oppositely, our results show that binary CSP measures lead to 𝛽𝐶𝑆𝑃s being 0.033
lower compared to applications of a CSP index measure. As binary CSP measures only indicate
whether firms perform CSR in general, 𝛽𝐶𝑆𝑃 estimates might be less accurate. Moreover, using a
squared or lagged CSP measure leads to lower effects by 0.047 and 0.011, respectively. Regarding
the operationalization of CSP dimensions, we do not detect any difference between analyses that
employ multidimensional (including several of the three CSR dimensions) or one-dimensional
CSP variables. However, controlling for other CSP dimensions leads to lower effects (−0.008). We
also find that the type of theoretical framework tested can affect the resulting 𝛽𝐶𝑆𝑃 since models
relying on the slack resource theory (Equation 4), that is, with CSP as dependent variable generate
lower effects (−0.017) compared to studies where CFP is the dependent variable (Equations 1–3).
Allouche and Laroche (2015) find in their MRA that including control variables such as size,

industry, risk, or R&D does not alter estimated CSP–CFP effects. In contrast, we find that control-
ling for firm size leads to significantly higher estimates (+0.032) while including an additional
proxy for firm profitability leads to significantly lower effects (−0.010). Finally, Lu and Taylor
(2016) report that more complex econometric approaches, such as 2SLS, yield smaller 𝛽𝐶𝑆𝑃 in line
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with Busch and Friede (2018). We also find that econometric specifications such as fixed effects,
GMM, and 2SLS generate lower 𝛽𝐶𝑆𝑃 effects compared to OLS.
We apply several robustness checks for the full MRAmodel. Table A5 shows that the results are

only marginally affected by the approach to assess publication bias such as splitting the standard
error between positive and negative effects or using the number of observations as an instrument
for the standard error. Moreover, the robustness checks show that using wild bootstrapped stan-
dard errors leads to somewhat lower significances and that our results are not affected by the
exclusion of observations for which only asterisks are available as precision measures. However,
we detect some differences in the drivers of heterogeneity in 𝛽𝐶𝑆𝑃 when only observations that
relate to one of the specifications in Equations (1)–(3), that is, with CFP as the dependent vari-
able, are considered (Table A5, column 3). For these observations, we detect a higher relationship
between CSP and CFP beyond publication bias for the base group (0.084). Moreover, differences
by the choice of industry analyzed, including firm size as a control variable and lagging the CSP
variable does not affect 𝛽𝐶𝑆𝑃 estimates in this case. However, it can be observed, that samples with
a longer time series dimension generate on average lower 𝛽𝐶𝑆𝑃 effects (−0.002 per additional year)
in this case while using samples for firms in developing countries leads to lower effects (−0.028).
The latter finding is in line with Wang et al. (2016) and potentially caused by the fact that CSR
in developing economies with less strict regulations and less efficient market mechanisms has a
lower visibility and thus relevance for firm performance.
Regarding model diagnosis, the F-test reveals the overall significance of all models and the R2

indicates that up to 32% of the variation in 𝛽𝐶𝑆𝑃 can be ascribed to publication bias and research
design characteristics in the model that accounts for bi-directional publication bias (Table A5,
column 1).
The fact that there is no theoretical foundation for the inclusion of individual research design

variables (𝑘𝑗) in Equation (12) raises issues of model uncertainty (e.g., Hang et al., 2019; Havranek
et al., 2017). Therefore, we use BMA and FMA techniques as additional robustness checks to
identify the independent variables with explanatory power for the variance in reported CSP–CFP
correlations (De Luca & Magnus, 2011; Raftery et al., 1997; Zigraiova et al., 2021). BMA computes
the weighted average of the conditional estimates from a set of models including all possible
combinations of potentially relevant regression coefficients. We set the standard error as a fixed
regressor, which leaves us with 41 potentially relevant covariates, from which approximately 4.4
trillion possible models can be constructed. However, computational constraints obliged us to
limit the BMA to 1mio. Variable draws leading to 125,585 inspectedmodels with an average of 17.68
variables included (see the online appendix for more information on the BMA). BMA weights
each of the resulting models and the estimates of its parameters using data and priors to pro-
vide averages of post mean values and standard errors. Note that we use unit information g-prior
where the prior receives the same importance as an individual observation and random model
prior formodel probability (e.g., Havranek et al., 2018; Zeugner& Feldkircher, 2015). The posterior
inclusion probability (PIP) that a variable is included in the model can be used as an indicator for
its relevance (DeLuca&Magnus, 2011; Fernau&Hirsch, 2019). FollowingZigraiova andHavránek
(2016), we only include covariates with a PIP larger than 0.5 in a reduced post-BMAOLSmodel.19
The BMA results are graphically summarized in Figure 4, which displays the importance of indi-
vidual study-design characteristics for the heterogeneity in reportedCSP–CFP coefficients. On the
y-axis, the variables are ordered by their PIP while the x-axis displays individual models ordered
by posterior model probabilities. Hence the best models regarding data fit are found on the left.
Blue and red colors indicate that a variable has a positive or negative effect, respectively (e.g.,
Zigraiova et al., 2021). Numerical BMA results are shown in Table 2 (column 2) and reveal that,
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F IGURE 4 BMAmodel inclusion based on best 500 models. Note: The figure displays the importance of
individual study-design characteristics for the heterogeneity in reported CSP–CFP coefficients based on BMA. On
the y-axis the variables are ordered by their PIP while the x-axis displays individual models ordered by posterior
model probabilities. Blue and red colors indicate that a variable has a positive or negative effect, respectively.
[Colour figure can be viewed at wileyonlinelibrary.com]

besides the standard error, 15 research design covariates arrive at PIPs exceeding 0.5, which are,
therefore, included in the post-BMAMRAmodel. The post-BMA regression in column 3 confirms
the results of the full WLSmodel (column 1). Since BMA results may vary depending on the prior
information, we also apply FMA, which does not rely on priors. We follow the R procedure pro-
posed in Havranek et al. (2017) to apply the FMA. FMA is based on Mallows’ criteria to generate
asymptotically optimal weights (Amini & Parmeter, 2012; Hansen, 2007; Zigraiova et al., 2021).
The results are reported in column 4 of Table 2 and mainly resemble the post-BMA. Finally, we
applied BMA and FMA using the number of observations as an instrument for the standard error
without finding changes in the results (c.f. Table A5 columns 5–7).
Thus far, we have observed that the average reported CSP–CFP effect beyond publication bias

is close to zero for the base group (effects from non-peer-reviewed articles that are based on Equa-
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TABLE 3 Best practice results

EU US China BRICS Developing

Best-practice baseline 0.034* (0.020) 0.032* (0.017) 0.073*** (0.021) 0.017 (0.022) 0.043* (0.023)

Manufacturing industry 0.053** (0.021) 0.051*** (0.018) 0.092*** (0.022) 0.036 (0.023) 0.062** (0.025)

CSP dependent 0.036 (0.022) 0.034* (0.020) 0.075*** (0.023) 0.019 (0.024) 0.045* (0.026)

Fixed-effects 0.014 (0.022) 0.012 (0.019) 0.053** (0.022) −0.003 (0.023) 0.023 (0.024)

Last year of analysis 1990 0.035* (0.020) 0.033** (0.016) 0.074*** (0.021) 0.018 (0.021) 0.043* (0.022)

Last year of analysis 2020 0.051*** (0.016) 0.049*** (0.016) 0.090*** (0.022) 0.034 (0.021) 0.060** (0.024)

Last year of analysis 2020 & fixed
effects

0.031** (0.016) 0.029* (0.015) 0.070*** (0.021) 0.014 (0.019) 0.040* (0.022)

Note: Standard errors in parentheses.
***p < .01, **p < .05, *p < .1.

tion 1, estimated forUS firms frommultiple industries using a commercial CSP index that includes
all CSP dimensions, a market-based CFP measure, the OLS estimator, and cross-sectional data).
The average effect for the base group can serve as a basis to further evaluate the influence of the
study design characteristics revealed by the MRA. We construct several “best-practice” scenarios
for the study design and estimate the resulting effects across industries and regions. We assume
that “best practice” in empirical CSP–CFP research involves publication in a peer-reviewed jour-
nal with an IF, the use of panel data and a continuous CSP indicator from a commercial index,
as well as the inclusion of size, industry dummies, and debt as most frequently used control vari-
ables. The best-practice results are presented in Table 3 and yield small positive partial correlations
between 0.017 and 0.034 across the five countries. The results change only marginally when the
definition of best practice is changed to focusing on a single industry such as manufacturing only.
Nevertheless, assuming that best practice involves using a panel estimator such as fixed effects
the partial correlation becomes insignificant for all countries except China. Moreover, we find
that estimating models with CSP as dependent variable lowers the effect. Finally, if we assume
that best practice also involves using recent data samples, we observe somewhat higher effects.
To summarize, it must be acknowledged that predicted 𝛽𝐶𝑆𝑃 are generally small values with low
economic importance (Cohen, 1988) and are thus apt to be irrelevant for formulating suggestions
on firms’ CSR strategies.

6 SUMMARY AND CONCLUSIONS

Our MRA of 512 empirical studies with 7800 correlations (𝛽𝐶𝑆𝑃) on the relationship between CSP
and CFP published in the last three decades points to a small positive link between both mea-
sures. We take the average of the 10% most precisely estimated correlations to obtain a proxy for
the “true” CFP–CSP effect beyond publication bias of 0.023. This value is lower than the simple
sample mean of 0.035 pointing to a moderate degree of publication bias. A descriptive and graph-
ical analysis of the variation in 𝛽𝐶𝑆𝑃 values reveals excess variation around the proxy of the “true”
correlation. This is an indicator of bi-directional publication bias that favors either statistically
significant positive or negative 𝛽𝐶𝑆𝑃.
The degree of publication bias and the presence of a genuine effect is assessedmore formally by

conducting a MRA using WLS regression. In accordance with the descriptive analysis, the MRA
results confirm that the variation in reported estimates is influenced by publication bias. This
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suggests a tendency to select statistically significant results in publications. Moreover, the MRA
reveals that after correcting for publication bias, a small positive CSP–CFP effect of 0.017 prevails.
We also apply recently developed nonlinear approaches to detect publication bias. Those yield
values between 0.017 and 0.045 depending on the method applied with an average mean effect of
0.027. Some of those results are closer to the sample mean of 0.035, which would suggest that the
degree of publication bias is marginal.
Adding variables related to the underlying research designs to the MRA reveals the signifi-

cance of several characteristics that affect the CSP–CFP relationship. We find that a significant
increase in 𝛽𝐶𝑆𝑃, by a value of 0.041, emerges when the focus is directed at samples of firms from
China instead ofUS firms. Furthermore,when studying industrial branches exclusively, the �̂�𝐶𝑆𝑃’s
exceed those reported inmulti-industry studies by 0.019whereaswedonot find any significant dif-
ference between financial and consumer sector compared to multi-industry analyses. Our results
imply that it is important that future CSP–CFP studies only interpret results and derive related
implications after giving due consideration to the underlying study focus. This is essential when
comparing results of studies with a different geographical, or industry focus. Moreover, a correct
specification of the underlying regression model used to estimate the CSP–CFP relationship is
also important. In this context, the MRA shows that the use of a binary CSP proxy, which is likely
to be less accurate, or omitting firms’ size and financial performance as control variables signif-
icantly affects the resulting 𝛽𝐶𝑆𝑃. It follows that future research should avoid less accurate 𝛽𝐶𝑆𝑃

estimates by using continuous indicators such as KLD or Asset4 and implement a comprehensive
selection process based on relevant theoretical approaches for the inclusion of control variables
that are related to CSP and CFP. Moreover, the way in which the CSP variable is defined can also
alter the generated findings. In that respect, our MRA reveals, that using a squared or lagged CSP
variable as well as including additional CSP dimensions as control variables leads to significantly
smaller 𝛽𝐶𝑆𝑃 effects. Hence, researchers should carefully interpret their results accounting for the
estimated functional relationship between CSP and CFP and the CSR dimension(s) considered.
Regarding technical study characteristics, we find that estimating the relationship with the

“right” econometric approach is an important issue.While we cannot draw any conclusions about
the adequate econometric estimator to use, the results show that the application of OLS ignoring
the panel structure of the data or potential endogeneity in the CSP–CFP relationship can lead to
upward biased results compared to fixed effects, GMM, and 2SLS.
Finally, our MRA provides evidence that it is important to interpret results in line with the the-

oretical approach tested. TheMRA demonstrates that studies, which apply a frameworkwith CSP
as dependent variable (Equation 4) to test for slack resource theory generate significantly smaller
𝛽𝐶𝑆𝑃 effects compared to analyses where CFP is used as a dependent variable (Equations 1–3).
Moreover, we find that the heterogeneity of effects generated by both research streams is driven
by a different set of study design variables.
The main limitation of the MRA framework is that it is not possible to detect misspecifica-

tion, that is common to all studies. For example, there might be selection bias towards firms that
engage in CSP (Shahzad & Sharfman, 2017) or based on the size of the firms analyzed (Hou et al.,
2016). While Orlitzky (2001) shows that firm size does not confound the CSP–CFP relationship,
most commercial databases on firms’ financial information lack details about very small firms for
which the effect of CSR onCFPmay be smaller. This can subsequently lead to an overestimation of
the “true” CSP–CFP correlation. Finally, no matter how carefully all potentially important mod-
erators of the CSP–CFP effect and the application of BMA are considered, the MRA might fail to
capture additional, unobservable drivers of the relationship, such as researchers’ academic back-
ground or working style. Moreover, there is a trade-off between controlling for the largest number
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of study design characteristics possible and not coding dummy variables that are only related to
a small fraction of the estimates, which could cause econometric issues in the estimation of the
MRA. This might also be the reason why the MRA can only explain up to 32% of the variance in
reported 𝛽𝐶𝑆𝑃s, a value which is in line with previous MRAs on the CSP–CFP effect (Allouche &
Laroche, 2005; Huang et al., 2020).We nonetheless believe that ourMRA represents ameaningful
starting point to achieve a higher degree of transparency across an important research stream. It
can provide guidelines for the correct implementation of underlying regressions and highlights
the importance of giving due consideration to the study setting when interpreting results. Finally,
our results may help to prevent future misuse of statistical practices, particularly in the context of
the ongoing p-value debate (Goodman, 2019; Greenland, 2019).
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ENDNOTES
1Our MRA is based on the guidelines by Stanley et al. (2013) and Havránek et al. (2020).
2MRA was originally applied in natural sciences, for example, to summarize clinical trials (e.g., DerSimonian
& Laird, 1986). Since the 1990s, starting with the seminal study on the effect of minimum wages by Card and
Krueger (1995), it has been applied increasingly in economic research (e.g., Oczkowski & Doucouliagos, 2015).
Recent MRAs include, for example, Bajzik et al. (2020) who analyze the substitution elasticity between imported
and domestic goods, Balima et al. (2020) who investigate the relevance of publication bias for macroeconomic
effects of inflation targeting, Matousek et al. (2022) who focus on individual discount rates, Gerchert et al. (2022)
and Knoblach et al. (2020) who evaluate the substitution elasticity between labor and capital or Zigraiova et al.
(2021) who focus on the relationship of forward and spot rates.

3According to Carroll, CSR captures “the general notion of businesses’ accountability or responsibility to society.”
(Carroll, 2018 , p. 746) while CSP extents the concept of CSR and focuses “on actual results achieved.” (Carroll,
2018, p.746) with only the latter beingmeasurable.We followCarroll and use the terms CSR andCSF, accordingly.

4Note that the debate on how to counter the abuse of p-values and the nonreplicability of findings has recently
intensified with the American Statistical Association (ASA) publishing a special issue on how to improve sta-
tistical practice and moving to a world where inference is not based solely on p-values falling below a specific
threshold (Wasserstein and Lazar, 2016; Hubbard, 2019; McShane et al. 2019; Wasserstein et al. 2019).

5Three of the main authors and a research assistant screened and coded the literature. The final dataset was then
crosschecked for inconsistencies and, if necessary, corrected after consultation among themain authors until full
agreement on the coding was achieved.

6Note that we did not limit our literature search to a specific timeframe and the 512 articles were identified solely
on the basis of the inclusion criteria described above.

7 In the case of studies, which did not report t-statistics or standard errors of regression coefficients but only p-
values, we converted p-values to t-values considering the regression’s dfs (Wang & Shailer, 2015).
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8Note that the distribution of partial correlation coefficients is usually not normal close to the boundary values of
−1 and 1. Fisher’s transformation can be applied (e.g., Wang & Shailer, 2015; Oczkowski & Doucouliagos, 2015)
to correct this. However, Stanley and Doucouliagos (2012) conclude that this transformation has little practical
effect on the MRA results, and therefore, we refrain from applying it in the present case.

9The null hypothesis of no skewness is rejected at the 5%-level. Histograms for 𝛽𝐶𝑆𝑃 related to individual CSP
dimensions can be found in the appendix Figure A1.

10Figure A1 presents a histogram if cases where only asterisks are reported are excluded and A2 displays a funnel
plot where such observations are highlighted in different color.

11Similar results can be observed when the funnel graphs are inspected for partial correlations related to the
subgroups of CSP dimensions depicted in A2.

12 In our sample, the size of study-clusters ranges from 1 to 296 observations.
13There is a trade-off between controlling for all relevant study design characteristics and not having dummy vari-
ables that are only related to a small fraction of the estimates. While the former is essential to reduce biases due
to unobserved methodological issues dummy variables that only relate to a very small fraction of the estimates
would involves econometric issues. We do our best in finding the right mixture between both aspects. Moreover
by controlling for the publication year, we capture the effect of methodological innovations in newer studies that
are not coded as individual dummy variables (Havranek et al., 2018).

14 It would be interesting to compare the working paper results that are omitted with those that actually appear
later in the published version. However, as indicated above, we only identified one published article with omitted
working paper results.

15According to Matten andMoon (2008), “explicit” CSR clearly states responsibility for certain societal interests, is
based on corporate discretion, and thus reflects neither governmental authority nor broader formal or informal
institutions. “Implicit” CSR refers to the role of corporations within society and reflects formal and informal soci-
etal institutions. Implicit CSR is embedded in societal values, norms, and rules, which implies that corporations
have an obligation to consider stakeholders’ issues.

16We use the World Bank definition for classifying developing countries.
17BRICS stands for the five emerging economies: Brazil, Russia, India, China, and South Africa. As we consider
China separately, BRICS refers in our study to the four remaining countries unless a joint sample of firms from
BRICS countries is used.

18For example, when pooled OLS is applied to a panel dataset instead of a more suitable panel estimator.
19Effects are considered as weak for PIPs between 0.5 and 0.75, positive for 0.75–0.95, strong for 0.95–0.99, and
decisive for 0.99–1 (Havranek et al., 2017).
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APPENDIX

F IGURE A1 Frequency distribution of the partial correlation coefficient (𝛽𝐶𝑆𝑃): subgroups of CSP
dimensions and robustness check for precision measure
Notes: 𝛽𝐶𝑆𝑃 on the x-axis; the y-axis represents the frequency within the respective interval.
From left to right: only corporate governance CSP dimension considered (n = 779); only environmental CSP
dimension considered (n = 1425); only social CSP dimension considered (n = 1717); observations where only
asterisks are reported are excluded (n = 7516).
[Colour figure can be viewed at wileyonlinelibrary.com]

F IGURE A2 Funnel plots for the partial correlation coefficient (𝛽𝐶𝑆𝑃): subgroups of CSP
dimensions and robustness check for precision measure
Notes: 𝛽𝐶𝑆𝑃 on the x-axis; Precision measured as the inverse standard error on the y-axis. The vertical lines reflect
the “true” 𝛽𝐶𝑆𝑃 measured as the mean of the 10% most precise values.
From left to right: only corporate governance CSP dimension considered (n = 779), true value: 0.027; only
environmental CSP dimension considered (n = 1425), true value: 0.020; only social CSP dimension considered
(n = 1717), true value: 0.017; observations where only asterisks are reported are colored in orange.
[Colour figure can be viewed at wileyonlinelibrary.com]
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TABLE A2 Descriptive statistics of CSP–CFP meta-data

Variable label Definition Mean sd Min Max

Dependent variable

𝛽𝐶𝑆𝑃 Partial correlation coefficient for the CFP–CSP
relationship

0.035 0.107 −0.719 0.875

𝛽𝐶𝑆𝑃 only_gov Partial correlation for the CFP–CSP relationship if
only the corporate governance CSP dimension is
considered

0.023 0.120 −0.627 0.862

𝛽𝐶𝑆𝑃 only_env Partial correlation for the CFP–CSP relationship if
only the environmental CSP dimension is
considered

0.024 0.110 −0.518 0.873

𝛽𝐶𝑆𝑃 only_soci Partial correlation for the CFP–CSP relationship if
only the social CSP dimension is considered

0.035 0.109 −0.551 0.875

Precision

SE𝛽 Standard error of the partial correlation coefficient 0.038 0.034 0.005 0.314

Number of obs Number of observations in the underlying dataset 4211.214 6224.585 10 36,026

Test statistics 1 if the study reports test statistics for coefficients,
0 if significance levels are only indicated with
asterisks

0.964 0 1

Research design

Journal 1 if the primary regression is from a peer-reviewed
journal article; 0 otherwise

0.979 0 1

Non peer-reviewed 1 if the primary regression is from a working or
conference paper, book, or thesis; 0 otherwise

0.021 0 1

Impact factor 1 if the primary regression is from a journal with IF
at time of publication; 0 otherwise

0.776 0 1

CSP–CFP focus 1 if the paper focuses explicitly on the CSP–CFP
relationship

0.581 0 1

Lastyear Last year of the analyzed period––1989 24.341 4.063 1 31

Industrials 1 if the sample consists of firms from the industrial
sector (GICS 20); 0 otherwise

0.030 0 1

Financials 1 if the sample consists of firms from the financial
sector (GICS 40); 0 otherwise

0.082 0 1

Consumer goods 1 if the sample consists of firms from the consumer
discretionary/staples sector (GICS 25 and 30); 0
otherwise

0.032 0 1

Other industries 1 if the sample consists of firms, which do not
operate in the industrial, financial, or consumer
goods sector or of a combination of multiple
industries; 0 otherwise

0.855 0 1

EU 1 if the sample consists of firms from the European
Union only; 0 otherwise

0.148 0 1

U.S. 1 if the sample consists of firms from North
America (USA/CAN) only; 0 otherwise

0.338 0 1

Developing 1 if the sample consists of firms from developing
countries only; 0 otherwise

0.083 0 1

China 1 if the sample consists of firms from China only; 0
otherwise

0.136 0 1

BRICS 1 if the sample consists of firms from BRICS
countries only; 0 otherwise

0.032 0 1

(Continues)
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TABLE A2 (Continued)

Variable label Definition Mean sd Min Max

Other_countries 1 if the sample consists of firms, which do not have
their origins in North America, the EU, China,
developing countries, BRICS countries or relate
to a combination of these countries; 0 otherwise

0.264 0 1

CSP Index 1 if the CSP variable was created based on a
commercial CSP index; 0 otherwise

0.820 0 1

CSP disclosed 1 if the CSP variable was created based on
companies’ disclosure regarding CSP; 0
otherwise

0.174 0 1

CSP questionnaire 1 if the CSP variable is based on CSP data collected
with questionnaires; 0 otherwise

0.006 0 1

CSP binary 1 if the primary CSP variable is a dummy variable,
0 otherwise

0.053 0 1

CSP_squared 1 if CSP is squared, 0 otherwise 0.019 0 1

CSP_lag 1 if CSP is lagged by one or more periods, 0
otherwise

0.175 0 1

CSP_interaction 1 if an interaction of CSP and a control variable is
included

0.106 0 1

CFP accounting 1 if CFP is measured with an accounting-based
measure, 0 otherwise

0.621 0 1

CFP market 1 if CFP is measured with a market-based measure,
0 otherwise

0.379 0 1

CSP dependent 1 if CSP is the dependent variable in the respective
regression, 0 otherwise

0.456 0 1

All_CSP 1 if all CSP dimensions are included in the CSP
variable, 0 if otherwise

0.311 0 1

Only_gov_CSP 1 if only the governance dimension is included in
the CSP variable, 0 otherwise

0.100 0 1

Only_env_CSP 1 if only the environmental dimension is included
in the CSP variable, 0 otherwise

0.183 0 1

Only_soc_CSP 1 if only the social dimension is included in the
CSP variable, 0 otherwise

0.220 0 1

Soc&Env_CSP 1 if the social and the environmental dimension are
both included in the CSP variable, 0 otherwise

0.163 0 1

Env&Gov_CSP 1 if the governance and the environmental
dimension are both included in the CSP
variable, 0 otherwise

0.004 0 1

Soc&Gov_CSP 1 if the governance and the social dimension are
both included in the CSP variable, 0 otherwise

0.019 0 1

CSP_control 1 if the regression includes more than one CSP
variable (Equation 2), 0 otherwise (Equation 1)

0.373 0 1

Size_control 1 if regression controls for the size of the sample
firms, 0 otherwise

0.940 0 1

Industry_control 1 if regression controls for the industries of the
sample firms, 0 otherwise

0.599 0 1

Risk_control 1 if regression controls for the risk of the sample
firms, 0 otherwise

0.663 0 1

R&D_control 1 if regression controls for the R&D spending of the
sample firms, 0 otherwise

0.344 0 1

(Continues)
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TABLE A2 (Continued)

Variable label Definition Mean sd Min Max

Debt_control 1 if regression controls for the debt of the sample
firms, 0 otherwise

0.881 0 1

Advertising_control 1 if regression controls for advertising expenditure
of the sample firms, 0 otherwise

0.113 0 1

Age_control 1 if regression controls for the age of the sample
firms, 0 otherwise

0.249 0 1

Profit_control 1 if regression controls for an additional profit
variable, 0 otherwise

0.394 0 1

Share_control 1 if regression controls for shareholder
characteristics of the sample firms, 0 otherwise

0.401 0 1

Board_control 1 if regression controls for board characteristics of
the sample firms, 0 otherwise

0.340 0 1

Number of years Length of the observation period measured in
number of years

9.197 5.093 1 25

Cross 1 if the estimation is based on cross-sectional data;
0 otherwise

0.076 0 1

Panel 1 if the estimation is based on panel data; 0
otherwise

0.924 0 1

OLS 1 if the regression is estimated with an OLS
estimator, 0 otherwise

0.499 0 1

Fixed 1 if the regression is estimated with a fixed effect
estimator, 0 otherwise

0.221 0 1

GMM 1 if the regression is estimated with the generalized
method of moments, 0 otherwise

0.103 0 1

2SLS 1 if the regression is estimated with a 2 stage least
squares model, 0 otherwise

0.067 0 1

Other_estimator 1 if the estimation is based on a different approach,
0 otherwise

0.110 0 1

TABLE A3 Assessment of excess variation in reported coefficients

Full sample

Only
corporate
governance
CSP
dimension

Only envi-
ronmental
CSP
dimension

Only social
CSP
dimension

“True” 𝛽𝐶𝑆𝑃 0.023 0.027 0.020 0.017
% | 𝛽𝐶𝑆𝑃−𝛽𝐶𝑆𝑃

𝑠𝑒(𝛽𝐶𝑆𝑃)
|> 1.96

0.376 0.327 0.331 0.323

z-value (H0:
π = 0.05)

132.063*** 35.517*** 48.710*** 51.949***

Obs. 7800 779 1425 1717

Note: “True” 𝛽𝐶𝑆𝑃 measured as the mean of the 10% most precise values; π is proportion.
***p < .01.
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