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Abstract

Relatively little is known about the extent to which culture moderates findings
in applied psychology research. To address this gap, we leverage the metaBUS
database of over 1,000,000 published findings to examine the extent to which
six popular cross-cultural models explain variance in findings across 136
bivariate relationships and 56 individual cultural dimensions. We compare
moderating effects attributable to Hofstede’s dimensions, GLOBE’s practices,
GLOBE’s values, Schwartz’s Value Survey, Ronen and Shenkar’s cultural clusters,
and the United Nations’ M49 standard. Results from 25,296 multilevel meta-
analyses indicate that, after accounting for statistical artifacts, cross-cultural
models explain approximately 5–7% of the variance in findings. The variance
explained did not vary substantially across models. A similar set of analyses on
observed effect sizes reveal differences of |r| = .05–.07 attributable to culture.
Variance among the 136 bivariate relationships was explained primarily by
sampling error, indicating that cross-cultural moderation assessments require
atypically large sample sizes. Our results provide important information for
understanding the overall level of explanatory power attributable to cross-
cultural models, their relative performance, and their sensitivity to variance in
the topic of study. In addition, our findings may be used to inform power
analyses for future research. We discuss implications for research and practice.
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INTRODUCTION
Cross-cultural and international business research has helped to
shape theory in organizational science and to inform evidence-
based practice. In terms of theory, culture is often considered to be
a boundary condition for phenomena observed in organizational
research (e.g., Zhong et al., 2016) and, thus, can describe general-
izability limits of a conceptual framework (e.g., Busse et al., 2017).
Regarding practice, research has demonstrated that interventions
targeting dimensions of job embeddedness (e.g., person–job fit) are
valuable for employee retention in different cultures (Ramesh &
Gelfand, 2010). The importance of understanding cultural differ-
ences is also illustrated by the presence of large-scale reviews of
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proposed cultural dimensions (e.g., individualism;
Kirkman et al., 2006). In fact, follow-ups of the
reviews themselves have appeared (Kirkman et al.,
2017). These contributions, as well as a growing
need to better understand organizational science
theories through a cross-cultural lens, add credence
to the claim that ‘‘cross-cultural research is needed
more than ever’’ (Gelfand et al., 2017, p. 14).

Culture is a multifaceted concept that concerns
values, beliefs, attitudes, and behavior (Taras, Kirk-
man, & Steel, 2010a). A primary objective of
research on culture is to understand if and how
organizational behavior differs around the globe
(Tsui et al., 2007). To this end, cross-cultural
researchers may study the relationship between
individualism and turnover intention (i.e., culture-
as-main effect at the individual level of analysis) or
the relationship between stress and turnover inten-
tion as moderated by individualism (i.e., culture-as-
moderator at the individual level of analysis).
Indeed, findings in this scientific space are most
frequently expressed at the individual- (80%) or
country-level (17%) (Taras et al., 2010a). Cross-
cultural research at the individual level primarily
operationalizes culture as a main effect (74%), as
opposed to a culture as a moderator effect (26%)
(Kirkman et al., 2006). Drawing on the results of
almost 600 studies, Taras et al. (2010a) concluded
that culture-as-main effects are typically small. Yet,
to the best of our knowledge, an analogue of Taras
et al.’s study for culture-as-moderator effects has
not been published. Indeed, this is surprising given
that effect sizes are ‘‘what science is all about’’
(Cohen, 1988: p. 532), and an awareness of how
effect sizes vary around the globe will help to
contextualize applied psychology theory and evi-
dence-based practice recommendations.

Although interest in cross-cultural research is
increasing (Gelfand et al., 2017; Tsui et al., 2007),
there remain differences between scholars regard-
ing the measurement and conceptualization of
culture (Tung & Verbeke, 2010). For example, one
measurement criticism concerns the use of self-
report questionnaires (e.g., response-style effects;
Cheung & Rensvold, 2000). Similarly, as Mat-
sumoto (2006: 33) asked, ‘‘do verbal descriptions
about culture reflect anything other than verbal
descriptions of culture?’’ Nonetheless, theories have
proliferated (Gelfand et al., 2017) that differ in
terms of their explanatory mechanisms (e.g., val-
ues, practices, geography). Given this proliferation,
a large-scale analysis of the perspectives’ relative
performance is warranted.

In the current study, our goal is to advance
international business and cross-cultural theory by
competitively evaluating four meta-theoretical per-
spectives on culture. Specifically, inspired by the
‘‘strong inference’’ approach (Platt, 1964), we use a
database of more than 1,000,000 published find-
ings to examine the explanatory power of six
aggregated (e.g., Hofstede’s six dimensions) and
56 specific (e.g., Hofstede’s individualism) cultural
dimensions across 136 substantive bivariate rela-
tionships commonly investigated in applied psy-
chology (e.g., job satisfaction–turnover intention).
The nature of our study is explanatory, which is
why we do not advance specific directional
hypotheses regarding the predictive validity of the
perspectives under investigation in the current
study. Indeed, it is not our goal to definitively
establish the best way to think about culture, but to
simply examine how much culture impacts bivari-
ate relationships, and to what extent the impact
varies across perspectives. To this end, we approach
three research questions.
First, we ask: How well do different cross-cultural

models explain variance in published research findings?
To answer this research question, we located find-
ings to be used as input to 136 meta-analyses and
examined the extent to which six aggregated
models of culture (e.g., Hofstede 1980 vs. Schwartz
1992, 2006) explain observed variance. In these
analyses, we control for a variety of statistical
artifacts (e.g., unreliability, temporal trends, cul-
tural dynamics; Kashima et al., 2019), and also
nuance the analyses by each model’s specific cul-
tural dimensions (e.g., Hofstede’s 1980 individual-
ism vs. Schwartz’s 2006 harmony). Answers to this
question serve as a barometer for scientific progress
with which to compare model performance.
Our second research question asks: What is the

magnitude of observed effect size differences due to
culture? Although seemingly similar to our first
research question, this question is tailored to
inform power analysis. That is, we ask how large
an observed effect size difference one might expect
if, for example, studying the relationship between
job satisfaction and performance in Anglo versus
non-Anglo cultures. Obtaining this information is
important for researchers planning future cross-
cultural studies. Like our first research question, we
nuance these analyses by specific dimension.
Finally, for our third research question we ask: To

what extent are 136 bivariate relationships differen-
tially moderated by culture? Put differently, we aim to
ascertain the extent to which certain bivariate
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relationships present with stronger or weaker cross-
cultural effects. In addressing this question, we also
consider the possibility that the variance in the 136
moderating effects is due not to the bivariate
relationship but instead explained by sampling
error.

The remainder of the present study is organized
as follows. We begin by describing the models of
culture and corresponding cultural dimensions that
are under investigation. Second, we report results
from a series of multilevel meta-analyses that
collectively assess the extent to which culture
moderates substantive bivariate relationships.
Third, in our Discussion, we describe the implica-
tions of our findings for research and practice. In
addition, we introduce web-based software called
CASST (Cross-Area Sample Size Tool; see https://
casst.shinyapps.io/gen1/) that allows readers to
interact with our results, and can be used by future
cross-cultural researchers to aid with a priori sample
size estimation. Finally, we provide limitations of
our study and outline how future research may
address them.

META-THEORETICAL PERSPECTIVES ON
CULTURE

In this section, we describe four meta-theoretical
perspectives that are commonly used to inform and
test hypotheses on cross-cultural effects in applied
psychology research: cultural values dimensions,
cultural practices dimensions, configurations, and
geographic regions. Due to space constraints, we
are unable to provide an exhaustive description of
all perspectives in this research area. We broadly
describe how each meta-theoretical perspective is
used to conceptualize and test cross-cultural effects,
and illustrate fundamental differences between
each perspective, rather than wading into the
operational and conceptual nuances.

Perhaps the most widely adopted meta-theoreti-
cal approach for testing cross-cultural differences is
the cultural values perspective (Taras et al., 2010a).
This perspective generally focuses on ostensive
values differences between nations and societies
as characterized in Hofstede’s (1980) seminal study,
in later works by Schwartz (1992, 2006), and in the
Global Leadership and Organizational Behavior
Effectiveness (GLOBE; House et al., 2004). The first
iteration of this perspective was guided by a coun-
try-level factor analysis using attitudinal survey
data collected from IBM and its subsidiaries in 72
countries between 1968 and 1973 (Hofstede, 1980).

Hofstede’s results allowed the classification of
countries along four cultural dimensions (i.e.,
individualism–collectivism, power distance, uncer-
tainty avoidance, and masculinity–femininity).
Subsequent studies (e.g., Hofstede et al., 2010)
resulted in two additional cultural dimensions
(i.e., long-term orientation and indulgence–
restraint).
Despite its widespread use, scholars have raised

several concerns regarding Hofstede’s classification
approach (e.g., Minkov, 2018). Specifically, scholars
have argued that it is too ‘‘blunt of an object for
picking up on certain cultural nuances’’ (Shao et al.,
2013: 283; see also House et al., 2004). These
criticisms led researchers to develop revised models
in an attempt to better explain cross-cultural
differences. For example, Schwartz’s (1992, 2006)
theories on cultural value orientations and personal
values are often used to develop and test hypothe-
ses on cross-cultural effects at the national and
individual level, respectively. Although Schwartz’s
and Hofstede’s typologies of cultural values are
non-orthogonal, and both approaches rely on
aggregated self-report data to classify national
cultures, the former is different from the latter
because it specifies its structure of cultural dimen-
sions in terms of the shared and opposing assump-
tions that underlie them. Likewise, House et al.’s
(2004) GLOBE project used implicit leadership,
implicit motivation, and value-belief theories to
develop nine dimensions of societal and organiza-
tional culture. Although these popular models of
cultural values partially overlap, and each approach
relies on aggregated self-report data to classify
national cultures, there exist substantial concep-
tual, operational, and measurement differences
that separate them.
It has been suggested that values may predict one

type of behavior in one culture and a different type
of behavior in another culture (Knafo et al., 2011).
Furthermore, it has been argued that values and
behaviors are not always isomorphic, meaning that
the way things are done does not always match the
ideal way of doing things (House et al., 2004). As
such, to make better sense of a culture we need to
know what values (i.e., ‘‘what should be’’) and local
behaviors (i.e., ‘‘what is’’) are shared across cultures.
This corollary notion is captured by the cultural
practices dimensions perspective, which stems from
psychological and behavioral traditions in which it
is argued that cultures should be studied as they are
construed by their members (e.g., Segall et al.,
1998). The GLOBE project’s cultural practices
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dimensions capture the behavioral manifestation of
culture; the practices dimensions scales were
adapted from the corresponding values dimensions
scales. Although meta-analytic evidence indicates
that GLOBE’s cultural values dominions may have
greater explanatory power than the corresponding
cultural practices dimensions (e.g., Crede et al.,
2019), we are not aware of any large-scale study
that simultaneously compares the predictive valid-
ity of both types of meta-theoretical perspectives
(i.e., cultural values dimensions vs. cultural
practices).

Although there is a growing body of evidence
that suggests that national borders are not the best
demarcation to understand cross-cultural effects
(e.g., Taras et al., 2016), studies that report how
meta-analytic mean effect size estimates vary
between individual countries continue to appear
in the published literature. One criticism of the
geography perspective is that cultural differences are
unlikely to be detected with sufficient power when
substantive bivariate relationships are compared
between individual countries. Indeed, recent evi-
dence indicates that inferences regarding the
impact of cultural dimensions on substantive rela-
tionships should not be formulated when culture
scores from fewer than seven countries are ana-
lyzed, which adds credence to the claim that the
‘‘passport’’ approach to cross-cultural research
should be abandoned (Franke & Richey, 2010).
The United Nations’ M49 Standard strictly geo-
graphically-based categorization approach (United
Nations Statistics Division, 1999), which arranges
countries into 17 sub-regions (e.g., Northern Amer-
ica), is one country classification system that may
help to circumvent several concerns levied against
national comparisons.1 However, given that the
M49 and similar geographic clustering approaches
are rarely, if ever, used by cross-cultural researchers,
their efficacy for explaining variance in cross-
cultural effects is not well understood.

Given that culture can be conceived as a latent,
hypothetical construct that represents a complex
pattern of relationships among a plethora of
cultural dimensions (Tsui et al., 2007), a common
criticism of the aforementioned cultural values and
cultural practices perspectives is that they focus on
using predominantly a single cultural dimension
(i.e., individualism), or multiple cultural dimen-
sions independently, to explain differences across
cultures (e.g., Fisher, 2014). Such shortcomings led
scholars to develop the configuration perspective
(e.g., Beugelsdijk et al., 2017; Ronen & Shenkar,

2013). Under this meta-theoretical perspective,
cultures are not arranged according to self-response
data from surveys intended to measure social
constructions of what is believed to be culture,
but rather profiles of relatively objective ecocultural
antecedents (e.g., religion, language) and economic
corollaries (e.g., economic freedom) are used to
organize countries into theoretically relevant
shared cultural clusters. One benefit of this
approach is that it provides the opportunity to
explore and test the viability of new regional-
theories, and the cultural relativity of existing
organizational theories at an alternate unit of
analysis (i.e., supranational vs. country level). Fur-
thermore, the configuration perspective is attrac-
tive because cultural clusters are determined based
on the extent to which countries are similar along
multiple relatively objective dimensions. Indeed,
this suggests that the configuration perspective
should help to explain more variance in cross-
cultural effects than perspectives that rely on single
value, behavioral, or geographic comparisons.
However, whether or not this is the case has not
been determined.
Taken together, there is a growing interest in

cross-cultural effects (Gelfand et al., 2017), which is
reflected in several meta-theoretical perspectives
that endeavor to explain how and why substantive
relationships might differ across cultures. Yet,
evidence accumulated over 40 years of cross-cul-
tural research has not been synthesized to ascertain
the extent to which culture matters (e.g., Allen
et al., 2015) and whether popular cross-cultural
models exhibit a validity ceiling (cf. Cascio &
Aguinis, 2008).

PRESENT STUDY
In the present study, we examine the extent to
which variance in culture-as-moderator effects are
driven by emic (i.e., culture-specific; Gelfand,
Raver, & Holcombe Ehrhart, 2002), methodological
(e.g., sampling error), or substantive (e.g., bivariate
relationship) factors. Furthermore, answers to the
our research questions will offer information that
can be used to (1) conduct better informed a priori
statistical power analyses, which may help to
mitigate underpowered studies and reduce Type II
errors in cross-cultural research (Maxwell, 2004), (2)
better understand and interpret the magnitude of
cross-cultural effects (cf. Taras et al., 2010a), and (3)
provide cross-cultural researchers with an alterna-
tive perspective through which to compare the
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explanatory power of popular cross-cultural
models.

Our study contributes to the extant literature by
responding to a number of recent recommenda-
tions for cross-cultural research. First, our study
‘‘move[s] beyond studying culture at the national
level’’ (Gelfand et al., 2017: 521) by using a variety
of multi-dimensional models to examine the preva-
lence and magnitude of cross-cultural effects.
Second, we answer Teagarden, Von Glinow, and
Mellahi’s call to ‘‘integrate context’’ (2018: p. 304)
by examining the degree to which culture-as-mod-
erator effects vary across 136 commonly investi-
gated relationships in applied psychology research.
Third, we respond to calls to adopt a ‘‘big data’’
approach to measuring the effect of culture (Gel-
fand et al., 2017) by drawing on a database of over
1,000,000 effect sizes (Bosco et al., 2017) to answer
our research questions. Fourth, in response to calls
to improve methodological robustness in cross-area
research (Aguinis et al., 2017), we introduce an
open-access application that allows users to interact
with the observed results and make our study
materials available (see http://osf.io/32c4y/) so
that other researchers can replicate and extend our
findings.

METHODS

Database
For all analyses, we relied on the metaBUS database
(v.2017.10.23) containing 1,038,319 effect sizes
(i.e., correlation coefficients) reported in 16,616
articles between 1980 and 2017 (Bosco et al., 2017).
Manually coded database fields used in the present
study include (1) study sample size, (2) country of
data collection, and (3) variable classification
according to Bosco et al.’s (2015) hierarchical
taxonomy. For a detailed description of the meta-
BUS database contents, structure, and coding pro-
tocol, see Bosco et al. (2017).

We sought to conduct our analyses on a broad
array of common bivariate relationships that rep-
resent major applied psychology topics. To this
end, we identified and refined a list of 17 constructs
including common behaviors (e.g., in-role perfor-
mance, extra-role performance, counterproductive
work behavior), attitudes (e.g., job satisfaction,
organizational commitment), psychological traits
(e.g., conscientiousness, extraversion), and states
(e.g., happiness, anger [nested beneath positive and
negative states, respectively]), among other

constructs. Although relationships involving some
demographic variables (e.g., age, sex) are reported
with high frequency, we chose to omit these
variables for two reasons. First, such variables are
often reported in matrices by convention rather
than by dint of research foci or hypotheses. Second,
effects involving demographic variables tend to be
substantially weaker than those for other sorts of
bivariate relationships (Bosco et al., 2015), which
could yield downwardly biased estimates of the
cultural moderation effects studied here.
As shown in Table 1, combinations of the 17

constructs produce a matrix of 136 bivariate rela-
tionships that together summarize 50,294 pub-
lished findings. Importantly, in contrast to
existing large-scale summaries of cross-cultural
research, our goal was to avoid bivariate relation-
ships with cultural constructs (e.g., individualism).
Indeed, bivariate relationships involving cultural
constructs would represent ‘‘main’’ effects (e.g., the
relationship between individualism and job satis-
faction), and our purpose was to investigate mod-
erating effects (e.g., the relationship between job
satisfaction and in-role performance as moderated
by individualism).
In the metaBUS database, sample size is opera-

tionalized as the minimum of each variable pair’s
sample sizes. For example, imagine a matrix
wherein the sample size for job satisfaction is 200
and the sample size for autonomy is 180 due to
missing data. In this case, the coded sample size for
the variable pair is 180.

Cross-cultural Models
We sought to compare moderating effect sizes
attributable to a variety of cross-cultural models.
To this end, we selected several cross-cultural
models that, by citation count, appear to garner
the highest levels of research attention. We chose
to include (1) the GLOBE project’s nine practices
dimensions, (2) GLOBE’s nine values dimensions
(House et al., 2004), (3) Hofstede’s (2010) six
cultural dimensions, (4) Ronen and Shenkar’s
(2013) 11 cultural clusters, and (5) Schwartz Value
Survey’s (2006, 2008) seven dimensions (see Table 2
for all dimension names). Finally, as a geographic
region approach, we chose to include (6) 14 of the
17 United Nations M49 sub-regions. (Three sub-
regions contained no findings for the analyzed 136
bivariate relationships: Melanesia, Micronesia,
Polynesia.) Thus, in total, we have analyzed six
cultural models containing a sum of 56 individual
dimensions.
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Table 1 Uncorrected summary estimates and number of effects contributing to 136 bivariate relationships

Construct 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1. Conscientiousness 1,225 1,241 200 112 619 83 36 104 54 35 23 52 819 235 173 217

2. Extraversion .176 1,298 263 140 701 58 34 121 38 24 36 37 597 177 217 101

3. Emo. stability .232 .199 319 153 582 121 42 152 38 44 18 20 497 118 180 163

4. Negative states -.122 -.075 -.320 1,581 440 2,209 923 1,349 453 371 81 506 1,134 386 336 956

5. Positive states .187 .210 .202 -.181 238 341 122 383 165 95 58 69 721 289 174 205

6. Ability .076 .083 .111 -.094 .129 87 39 117 75 42 30 49 3,488 138 476 93

7. Stressors -.061 -.062 -.178 .252 -.058 -.046 893 1,154 429 115 55 292 501 221 308 437

8. Autonomy .122 .165 .135 -.126 .220 .114 -.058 591 144 77 24 136 236 146 79 114

9. Job satisfaction .172 .148 .177 -.279 .335 .173 -.143 .317 1,258 301 144 888 805 388 459 537

10. Org. commitment .125 .109 .095 -.152 .354 .130 -.110 .272 .483 361 118 836 606 559 428 211

11. Justice/fairness .076 .176 .095 -.134 .260 .037 -.202 .162 .384 .360 58 181 206 493 152 298

12. LMX .132 .145 .038 -.156 .295 .114 -.025 .310 .397 .363 .483 67 256 153 323 25

13. Turnover intent -.083 -.104 -.152 .280 -.170 -.113 .212 -.191 -.437 -.400 -.295 -.295 240 192 147 238

14. Role behav. .147 .092 .081 -.038 .131 .175 -.016 .116 .160 .164 .171 .265 -.083 1,130 1,232 248

15. Extra-role behav. .188 .132 .066 -.057 .234 .162 .009 .166 .225 .211 .191 .265 -.158 .418 466 408

16. Leadership .100 .154 .059 -.071 .282 .147 -.014 .188 .275 .253 .267 .366 -.151 .204 .228 194

17. CWB -.195 -.020 -.127 .250 -.124 .026 .235 -.097 -.193 -.151 -.155 -.034 .239 -.095 -.146 -.059

Values below the diagonal represent multilevel (effects nested by sample) meta-analytic summaries corrected for sampling error. Values above the diagonal represent numbers of effect sizes (the
mean number of participants per sample was 382).
Org. organizational, Behav. behavior, LMX leader–member exchange, CWB counterproductive work behavior.
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Several differences between the models are worth
noting. First, two approaches – Ronen and Shenkar
and M49 – are based on a bucketing or ‘‘containers’’
approach (Kirkman et al., 2017: 19). These
approaches place countries into categories and,
thus, statistical analyses of these distinctions are
based on categorical predictors. Ronen and Shenkar
(2013, figure 4) arranged 96 countries into 11
clusters that take into account the ecocultural
factors of religion and language (Georgas & Berry,
1995). This approach yields clusters of countries on
different continents (e.g., the cultural cluster
labeled ‘‘Anglo’’ is comprised of Australia, Canada,
Ireland, New Zealand, United Kingdom, and United
States). In contrast, the UN M49 Standard catego-
rizes countries into five contiguous regions (Africa,
Americas, Asia, Europe, Oceania) and then 17 sub-
regions (e.g., Northern America) and ‘‘does not
imply any assumption regarding political or other
affiliation’’ (United Nations Statistics Division,
1999).

In contrast to the ‘‘containers’’-based approaches,
the remaining four approaches explain cultural
phenomena using continuous dimensions. Perhaps
best known is Hofstede’s (1980; see also Hofstede
et al., 2010) six-dimension framework (individual-
ism, indulgence, long-term orientation, masculin-
ity, power distance, and uncertainty avoidance).
Similarly, the Schwartz Value Survey (2006, 2008)
contains seven continuous dimensions (harmony,
embeddedness, hierarchy, mastery, affective auton-
omy, intellectual autonomy, and egalitarianism).
Finally, the GLOBE project (House et al., 2004)
contains nine dimensions (uncertainty avoidance,
future orientation, power distance, institutional
collectivism, humane orientation, performance ori-
entation, in-group collectivism, gender egalitarian-
ism, and assertiveness), which are assessed in two
distinct ways to ascertain values and practices.

Thus, our selection of varied cross-cultural mod-
els and 136 common bivariate relationships is
purposely designed to afford a 30,000-foot view of
culture’s moderating effect in applied psychology.
To summarize, two of our models use a ‘‘container’’
approach and four use a multidimensional or
multifactorial approach. Within the container
approaches, the Ronen and Shenkar (2013) model
is explicitly intended to index culture, and the
other (i.e., U.N. M49) is explicitly intended to index
geography. Within the four multidimensional
approaches, three are intended to index values
and one is intended to index practices. We chose
these diverse models to allow many substantive

comparisons. For example, cross-cultural research-
ers should be very interested to learn whether the
Ronen and Shenkar (2013) container approach
explains more variance in findings than the M49
container approach. To our knowledge, we are
unaware of a large-scale investigation of such
questions, especially in the context of moderating
effects.

Analytic Approach
As initial steps, we filtered the metaBUS database to
include only individual-level data (e.g., group- and
organization-level data were excluded), leaving
854,022 rows of data, or roughly 85% of the
database. (Each row represents one published cor-
relation coefficient and associated metadata.) We
created new database fields and populated them
with country-to-container mappings using the
Ronen and Shenkar (2013) and M49 (United
Nations Statistics Division, 1999) classifications.
Finally, we located dimensions scores by country
for GLOBE (House et al., 2004), Hofstede et al.
(2010), and the Schwartz Value Survey
(1992, 2006), and mapped the country-level values
to our database. In cases of reported antonyms (e.g.,
job dissatisfaction, neuroticism), correlations were
reverse-scored.

Estimation of incremental variance explained
The first and primary goal of our analyses was to
estimate the incremental variance in 136 meta-
analytic databases’ findings attributable to each
cultural model. To this end, we conducted series of
multilevel meta-analyses (MLM) with unreliability-
corrected effect sizes as the dependent variable and
studied inverse variance as the weighting factor. In
our case, effect sizes are nested in samples, which
are in turn nested in countries (e.g., Rockstuhl
et al., 2020). For a review of three- to five-level
meta-analyses, see Fernández-Castilla et al. (2020);
for an example analogous to our data structure with
R script as supplemental material, see Lehtonen
et al. (2018). [We also report results based on non-
nested weighted least squares analyses in Supple-
mental Materials (SM) Table 4; their results yield
generally similar conclusions.]
The key outcome of interest is the change in

adjusted pseudo-R2 comparing two models: Model
1 contains publication year as the only predictor of
corrected effect size, and Model 2 contains publi-
cation year and the cultural model (e.g., six Hofst-
ede dimensions). Using this approach, we account
for a variety of statistical artifacts (i.e., sampling
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error, unreliability, potential temporal trends) and
ascertain the incremental variance accounted for
by each cultural model by entering all their
dimensions simultaneously. (We also conduct
rounds of analyses on the 56 individual dimensions
separately.)

According to Schmidt and Hunter (2015), the
majority of artifactual variance in summary esti-
mates is explained by sampling error and unrelia-
bility. Thus, although the metaBUS database
contains other information that could be leveraged
as additional control variables, such as participant
sample type, we sought to limit model complexity
for more stable parameter estimates. (In the
metaBUS database, sample type is indexed using
two categorical variables – one for the source of the
information and another for the target, resulting in
a potentially highly complex control variable, see
Bosco et al., 2017.) Furthermore, we make our R
script data files available at (http://osf.io/32c4y) for
further exploration.

In all, we conducted 25,296 MLM analyses (i.e.,
136 bivariate relationships 9 [56 individual cultural
dimensions + 6 omnibus cultural dimensions] 9 3
multilevel models) using the rma.mv function in
the metafor R package (Viechtbauer, 2010). Specif-
ically, for each of the 136 meta-analytic datasets,
we extracted the key outcome (i.e., change in
adjusted pseudo-R2 due to culture) iteratively for
each of the six models, requiring 816 MLM analy-
ses. As an example of analyses in this round, this
represents the pseudo-R2 change attributable to all
six Hofstede dimensions, entered simultaneously,
on job satisfaction-in-role performance effects.
Next, we conducted a similar round of analyses at
the level of the individual dimensions (e.g., pseudo-
R2 change attributable to Hofstede’s individualism
dimension on job satisfaction-in-role performance
effects), necessitating an additional 7616 MLM
analyses (i.e., 136 bivariate relationship datasets
crossed with a total 56 dimensions).

We summarize the key outcome (i.e., adjusted
pseudo-R2 change due to culture) in two ways. First,
we collapse across bivariate relationship to obtain
and compare kEffects-weighted mean estimates of
pseudo-R2 for each model (e.g., incremental vari-
ance due to Hofstede’s dimensions vs. incremental
variance due to GLOBE’s). Next, we collapse across
the six cross-cultural models to investigate the
extent to which the 136 bivariate relationships vary
in their sensitivity to cultural moderation effects.
Finally, as a robustness assessment, we investigate

the extent to which the culture moderation effect
for the 136 bivariate relationships is explained by
sampling error.

Estimation of mean effect size difference
A secondary goal of our study was to estimate the
typical observed moderation effect size
attributable to culture in applied psychology
research. Thus, in these analyses, we correct for
sampling error, but not for unreliability or publi-
cation year because uncorrected effects serve as the
basis for power analyses. Put differently, our goal in
this subset of analyses is to ascertain the extent to
which observed effects vary across cross-cultural
models and their dimensions.
To this end, we rerun 7,616 of the MLMs on

uncorrected effect sizes using the nesting structure
described in the previous section. For each of these
analyses, we estimate a single moderating effect
representing either a categorical (e.g., Anglo = 1,
non-Anglo = 0) or continuous (e.g., individualism)
cultural dimension. From each of these analyses,
we extract the standardized slope coefficient for
continuous cultural predictors, or the unstandard-
ized slope coefficient for categorical cultural pre-
dictors. Thus, each continuous moderator’s effect is
interpreted as a Pearson’s r, and each categorical
moderator’s effect is interpreted as a Cohen’s
q. Note that, according to Cohen (1988), q and
r are interpreted in the same way. To arrive at
omnibus summaries across the individual dimen-
sions, we weight the r and q values by kEffects. As an
example, the weighted mean of the six r values
pertaining to Hofstede’s six dimensions represents
the mean effect size difference due to Hofstede’s
model.
The summarization of the key outcome (i.e., |q|

for categorical cultural predictors and |r| for con-
tinuous) mirrors the procedure outlined for the
incremental variance analyses.

RESULTS

Overview
We organize our results according to our two main
goals. In the first section, we report the incremental
variance results and report the relative performance
of (i.e., variance explained by) the six cross-cultural
models (e.g., Hofstede vs. GLOBE), collapsed across
(i.e., kEffects-weighted by) the 136 bivariate relation-
ships. (Mean uncorrected effects and their number
of effects are provided in Table 1.) Next, we report
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the incremental variance results by specific cross-
cultural dimensions (e.g., Hofstede’s individualism
vs. GLOBE’s individualism), again collapsed across
the 136 bivariate relationships. Finally, we report
variance among the 136 bivariate relationships and
report robustness assessments to ascertain whether
the variance among the specific bivariate relation-
ships is due to real culture effects or, alternatively,
sampling error.

The second portion of our results follows a
similar format, with the key outcome being the
magnitude of observed (i.e., uncorrected) moderat-
ing effects.

Incremental Variance Due to Culture
As described above, incremental variance analyses
were conducted using MLM with unreliability-
corrected correlations as the dependent variable,
publication year as a control variable, inverse
variance as the weighting factor, and cross-cultural
dimensions as predictors (i.e., moderators).

When collapsed across the 136 meta-analytic
datasets and across the six cross-cultural models,
the overall kEffects-weighted mean value for

incremental adjusted pseudo-R2 attributable to
cross-cultural model is roughly 6%. Incremental
adjusted pseudo-R,2 with all dimensions entered
simultaneously, explained by cultural lenses
increased from Hofstede’s dimensions (D adjusted
R2 = 4.6%) to Ronan and Shenkar’s cultural clusters
(D adjusted R2 = 4.9%), the Schwartz Values Survey
(SVS; D adjusted R2 = 5.5%), GLOBE’s values
dimensions (D adjusted R2 = 6.2%), GLOBE’s prac-
tices dimensions (D adjusted R2 = 6.7%), and UN’s
M49 Standard (D adjusted R2 = 6.8%). However, as
shown in Figure 1, the 95% confidence intervals
based on the standard error of the difference (i.e.,
adjusted pseudo-R2 Model 1 vs. adjusted pseudo-R2

Model 2) overlap substantially. (Note that we
employed a conservative approach to estimating
the confidence interval based on the standard error
of the difference, which ultimately relies on n = 136
meta-analytic summaries.)
Regarding specific cross-cultural dimensions (i.e.,

within models), as shown in Table 2, incremental
adjusted R2 varied across dimensions when entered
individually into the MLM analyses. As an example,
collapsed across the 136 bivariate relationships,

Figure 1 Mean of incremental adjusted pseudo-R2 values due to culture or region for 136 common bivariate relationships. Mean

values are weighted by k (i.e., the number of effects contributing to each meta-analytic summary). Confidence intervals (95%) are

based on the standard error of the difference comparing the two adjusted R2 values.
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Table 2 Incremental variance explained and mean effect size differences by cultural lens or geographic region container for 136

common bivariate relationships

Geographic cluster or cultural dimension k Effects D Adj. R2 Mean |r| or |q|

GLOBE practices dimensions (aggregate) 48,687 .067a .064b

Uncertainty avoidance 48,687 .005 .057

Future orientation 48,687 .013 .064

Power distance 48,687 .013 .064

Institutional collectivism 48,687 .009 .065

Humane orientation 48,687 .011 .066

Performance orientation 48,687 .012 .061

In-group collectivism 48,687 .015 .073

Gender egalitarianism 48,687 .010 .057

Assertiveness 48,687 .010 .069

GLOBE values dimensions (aggregate) 48,687 .062a .063b

Uncertainty avoidance 48,687 .013 .075

Future orientation 48,687 .006 .052

Power distance 48,687 .011 .066

Institutional collectivism 48,687 .017 .075

Humane orientation 48,687 .007 .057

Performance orientation 48,687 .008 .063

In-group collectivism 48,687 .005 .053

Gender egalitarianism 48,687 .014 .066

Assertiveness 48,687 .010 .063

Hofstede cultural dimensions (aggregate) 49,397 .046a .068b

Individualism 50,027 .014 .077

Indulgence 49,491 .013 .073

Long-term orientation 50,118 .008 .061

Masculinity 50,027 .007 .064

Power distance 50,027 .012 .065

Uncertainty avoidance 50,027 .014 .070

Ronen and Shenkar cultural cluster (aggregate) 50,166 .049a .047b

Africa 20 .003 .133

Anglo 35,768 .014 .040

Arab 153 .016 .131

Confucian 3829 .007 .048

East Europe 625 .007 .107

Far East 738 .006 .078

Germanic 2564 .008 .069

Latin America 142 .004 .164

Latin Europe 2879 .012 .066

Near East 581 .007 .095

Nordic 3808 .007 .057

Schwartz value survey dimensions (aggregate) 50,073 .055a .068b

Harmony 50,073 .010 .075

Embeddedness 50,073 .008 .064

Hierarchy 50,073 .008 .057

Mastery 50,073 .011 .071

Affective autonomy 50,073 .011 .069

Intellectual autonomy 50,073 .011 .078

Egalitarianism 50,073 .010 .064

United Nations M49 geographic region (aggregate) 50,294 .068a .047b

Australia and New Zealand 2327 .008 .065

Central Asia 1 .010 .267

Eastern Asia 3185 .007 .055

Eastern Europe 420 .006 .113

Latin America and the Caribbean 137 .005 .156

Northern Africa 7 .048 .401
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Hofstede’s individualism (when entered alone)
incremented adjusted R2 by 1.4% compared with
long-term orientation and masculinity, which
explained roughly half that value (i.e., 0.8% and
0.7%, respectively). Similarly, GLOBE’s in-group
collectivism (practices dimension) outperformed its
uncertainty avoidance dimension by a factor of
three (i.e., 1.5% and 0.5%, respectively). In con-
trast, for GLOBE’s values dimensions, the opposite
pattern was observed (i.e., in-group collectivism =
0.5%, uncertainty avoidance = 1.3%). Finally, the
SVS dimensions exhibited less variance in the
adjusted R2 change (range = 0.8–1.1%). Thus,
within models, some cross-cultural dimensions
explain variance in findings nearly twice as well
as others. Furthermore, although GLOBE’s practices
and values models perform similarly overall (i.e.,
when all dimensions are entered simultaneously),
the R2 values for the individual dimensions within
each model seem to show opposite patterns (i.e., rs
= -.78).

A more nuanced investigation of the incremental
R2 values for each of the 136 bivariate relationships
revealed that some bivariate relationships are more
sensitive to cross-cultural effects (collapsed across
models). As examples, job satisfaction–counterpro-
ductive behaviors and ability–conscientiousness
relationships present with relatively strong cross-
cultural moderation effects (see Figure 2). In con-
trast, job satisfaction–turnover intention relation-
ships present with minimal cultural moderation
effects.

Importantly, the number of effects summarized
appears to vary with bivariate relationship type,
which makes a robustness assessment appropriate.
In this case, the question addressed is whether the

apparent differences across bivariate relationships
are due to cross-cultural effects or, alternatively,
artifactual variance (e.g., sampling error). As shown
in Figure 3, our results indicate the presence of clear
‘‘funnel’’ patterns between kEffects and mean incre-
mental R2 for each of the six cross-cultural models.
Put differently, larger R2 values are associated with
smaller meta-analytic databases, and more precise
estimates (i.e., larger datasets) present with smaller
R2 values. Thus, as can be seen in Figure 3, much of
the variance ostensibly attributable to bivariate
relationship type is attributable to sampling error.
Analyzing datasets with few countries can yield

multicollinear country-level moderator variables.
Thus, as another robustness analysis, we limit our
analyses to cases in which 10 or more countries
contributed findings (see SM Table 3). In general,
the R2 values were slightly weaker in the limited set.
However, the pattern remained similar, and the
adjusted R2 values reported in Table 2 and their
analogues in the supplemental materials correlate
at r = .99.

Mean Observed Moderating Effects Due
to Culture
As described above, estimation of moderating effects
due to culture was carried out using effect sizes
uncorrected for unreliability and without statistical
control for attributes such as publication year. Thus,
findings in this section refer to observed effect sizes, and
may be used as input to power analysis for the purpose
of estimating required sample sizes for future investi-
gation. Overall, the mean moderating effect due to
culture was roughly |r| or |q| = .06 (see Table 2). As an
illustrative example of this magnitude, imagine a
study with two correlation matrices, one based on

Table 2 (Continued)

Geographic cluster or cultural dimension k Effects D Adj. R2 Mean |r| or |q|

Northern America 31,204 .011 .036

Northern Europe 3242 .012 .073

Southeastern Asia 741 .007 .087

Southern Asia 446 .006 .099

Southern Europe 1213 .019 .083

Sub Saharan Africa 46 .003 .135

Western Asia 981 .012 .088

Western Europe 6344 .009 .050

kEffects = Number of effect sizes; D Adj. R2 = Incremental adjusted R2 for unreliability-corrected effects attributable to region or culture beyond publication
year (k-weighted mean of 136 bivariate relationships). Mean |r| or |q|: mean association between cultural dimension and uncorrected effect size (|r|), or
cultural cluster and uncorrected effect size (|q|) across 136 bivariate relationships.
a Aggregate adjusted R2 values are based on regression models containing all dimensions or clusters simultaneously.
b Aggregate mean |r| or |q| values represent the weighted mean of the absolute differences (|q|) or correlations (|r|) for dimension and cluster
relationships, respectively.
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Anglodata andanotherbasedonConfuciandata. Fora
given bivariate relationship (e.g., negative states –
turnover intention), zr = .31 in the Confucian sample
and zr = .25 in the Anglo sample (or vice-versa),
resulting in |q| = .06, an effect size requiring a
combined sample size of 8,728 to reach the conven-
tional 80% level of statistical power (Faul et al., 2009).
(We revisit statistical power in the Discussion.)

Collapsed across the 136 bivariate relationships,
kEffects-weighted moderating effect sizes
attributable to individual cultural dimensions
showed some similarities with the incremental
variance results. As shown in Table 2, like the R2

change results, Hofstede’s individualism presented
with the largest moderating effects (|r|M = .077) and
long-term orientation the weakest (|r|M = .061).
Similarly, like the R2 change results, GLOBE prac-
tices’ in-group collectivism presented with the
largest moderating effects (|r|M = .073) and uncer-
tainty avoidance the weakest (|r|M = .057). Likewise,
within the GLOBE values model, institutional
collectivism moderating effects were largest (|r|M =
.075) and those for future orientation (|r|M = .052)
and in-group collectivism (|r|M = .053) were weak-
est. Like our incremental variance analyses, we
again observed an unexpected negative

relationship in effect size differences due to GLO-
BES’s practices and values dimensions (r = -.56).
Unlike the incremental variance analyses, for which

we were able to estimate all cultural dimensions
simultaneously or individually, for the mean moder-
ating effects we simply took the kEffects-weightedmean
of the individual models’ moderating effects.
Weighted moderating effects increased from Ronen
and Shenkar and UN M49 (|q|M = .047) to GLOBE
values (|r|M= .063), followedbyGLOBEpractices (|r|M=
.064) and SVS andHofstede (|r|M = .068). Thus, the two
‘‘container’’ or clustering models presented with the
smallest mean moderating effects and values- and
practices-based models with the largest.
As carried out for the incremental variance

analyses, we investigated mean moderating effects
for each of the 136 bivariate relationships in search
of patterns. We also conducted a similar set of
robustness analyses to investigate the extent to
which apparent bivariate relationship sensitivity
effects are explained by sampling error. As shown
in Figure 2 (above diagonal), some bivariate rela-
tionships present with larger cross-cultural moder-
ating effects. Similar to the R2 results, job
satisfaction–counterproductive behaviors and abil-
ity–conscientiousness relationships present with

Figure 2 Mean culture effect for 136 bivariate relationships expressed as incremental adjusted pseudo-R2 (below diagonal) and mean

effect size difference (i.e., |r| or |q|; above diagonal). Cell shading represents the influence Z score (i.e., effect multiplied by k, which

penalizes summary estimates with low k).
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relatively strong cross-cultural moderation effects.
In addition, like the R2 change results, job satisfac-
tion–turnover intention relationships present with
relatively small |r| and |q| values. However, as
shown in Figure 4, again, clear ‘‘funnel’’ shapes
are evident, indicating the presence of sampling
error (i.e., small summaries presented with larger
effects, and larger summaries with smaller effects).

DISCUSSION
We set out to benchmark approximate values for
culture’s impact (e.g., incremental variance
explained) according to six popular cultural theo-
retic perspectives. We focus exclusively on culture-
as-moderator effects which, we suspect, should be
the effect type of greater interest to applied psy-
chologists. As an example of this reasoning, con-
sider a researcher studying the relationship

between co-worker incivility and employee turn-
over. The researcher may wish to float a hypothesis
regarding cross-cultural moderation (e.g., from
individualism) and then conduct a study. At this
point, for study planning purposes (e.g., power
analysis), existing culture-as-main effect findings
are not useful because they address a completely
different question. As an example, the main effect
between individualism and turnover, while inter-
esting, would only provide information on whether
the overall rate of turnover tends to be greater in
more individualistic cultures. Indeed, even if the
researcher were supplied with both zero-order main
effects (i.e., correlations for individualism–incivility
and individualism–turnover), they would be unable
to estimate the moderating effect of individualism
on the bivariate relationship of interest. That is, the
researcher would not know whether culture matters
to the relationship under study. Thus, when one

Figure 3 Scatter plots of adjusted pseudo-R2 increase due to cultural lens or geographic region container against k (i.e., number of

effects) for 136 meta-analytic summaries. The solid line represents a cumulative, k-weighted summary estimate. The dashed line

represents the final cumulative mean (i.e., overall k-weighted mean).
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thinks about it, the moderating effect should be of
greater interest because it describes whether culture
influences bivariate relationships (or more complex
phenomena), which are the building blocks of
theory. Our summary of culture-as-moderator
effects is the first of its kind (cf. Taras et al.,
2010a) and has several important implications for
research and practice.

While our results did not provide a strong case for
the superiority of one cultural perspective over any
other, our results contribute to the literature by
providing a rough benchmark for culture’s impact
in applied psychology. Put plainly, that impact is
roughly 6% when all of a given model’s dimensions
are entered simultaneously, a value similar to
incremental variance explained by including mul-
tiple simultaneous moderators in substantive orga-
nizational research. As one recent meta-analytic
example, Ellen III et al. (in press) observed

incremental variance due to the Dark Triad person-
ality traits above and beyond the Big Five of 5.2%
and 8% for organizational and interpersonal
deviance, respectively. Thus, culture-as-moderator
effect sizes are on a par with substantive moderators
in applied psychology when multiple moderators
are tested simultaneously.
However, in many cases, not all cultural dimen-

sions are included in a given study. For example, it
is common to examine the moderating effect due
to individualism alone. Using our data, the analo-
gous variance explained for individual dimensions
is 1.1%. To compare this value to an existing
benchmark, Aguinis et al.’s (2005) content analysis
of hypothesized moderating effects (excluding gen-
der and ethnicity) was f2 = .013 (equal to 1.3% D R2;
see Aguinis et al., Table 1). Thus, our relatively
coarse analyses (i.e., 56 individual cross-cultural
dimensions crossed with 136 commonly

Figure 4 Scatter plots of multilevel mean |r| (for continuous cultural predictors) or |q| (for categorical cultural/regional predictors)

against k (i.e., number of effects) for 136 meta-analytic summaries. The solid line represents a cumulative, k-weighted summary

estimate. The dashed line represents the final cumulative mean (i.e., overall k-weighted mean).
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investigated bivariate relationships) indicate that,
taken together, the effect of culture is similar to the
effect of hypothesis-relevant moderators in organi-
zational research when estimated individually. In
fact, several of the individual cultural dimensions
reached values greater than Aguinis et al.’s (2005)
mean (e.g., Hofstede’s individualism = 1.4%),
meaning that some cultural dimensions matter
more than the typical substantive moderators native
to organizational research.

Our results reveal that cultural models tend to
vary in explanatory power, although the compar-
isons did not reach statistical significance. In these
analyses, perhaps the most surprising finding is
that the M49 model explained more variance than
Ronen and Shenkar’s. This is surprising because the
latter reflects three ecocultural factors (i.e., geogra-
phy, religion, and language) and, thus, should be
expected to index culture more than the M49
classification system, which reflects only geogra-
phy. As one possible explanation, our Ronen and
Shenkar findings may represent a restricted vari-
ance interaction (Cortina et al., 2019). That is, the
moderation effect may be attenuated by a restric-
tion of variance caused by homogeneity of religion
and language in Ronen and Shenkar’s clusters. Still,
it is surprising that the explicit efforts to model
culture did not perform better than simple con-
tiguous geographic boundaries.

Regarding individual dimensions within cultural
models, we observed that some dimensions per-
formed two or three times as well as others (e.g.,
Hofstede’s individualism outperformed masculinity
by a factor of two). In other cases, dimensions
performed similarly across cultural models. As
examples, the individualism dimension was the
top performer for both Hofstede’s model and
GLOBE’s practices model, and power distance
explained roughly the same variance whether
measured by GLOBE’s practices, GLOBE’s values,
or Hofstede’s model. In still other cases, we
observed unexpected trends. Most notably, the R2

values for GLOBE practices’ and GLOBE values’
dimensions were negatively correlated (rs = .78).
That is, when a given GLOBE dimension performed
well as a practice, it tended to perform poorly as a
value, and vice versa. As one possible explanation
for this finding, existing research indicates a neg-
ative correlation between the GLOBE practice and
values dimensions with national-level data (Hofst-
ede, 2006; Maseland & van Hoorn, 2009; Taras,
Steel, & Kirkman, 2010b).

Robustness analyses revealed the usually unsur-
prising ‘funnel’ pattern of effect size against sample
size (i.e., increasing variance in effects at smaller
sample sizes). However, what was surprising was
that not until kEffects reached 500 to 750 did the R2

or observed effect size differences stabilize. Impor-
tantly, consider that, in a typical meta-analysis of
zero-order effects, one might expect stabilization to
occur by k =50. However, our study summarizes
moderating effects, which tend to be less stable. An
alternative explanation for the funnel shape is that
weaker effects are studied more frequently; how-
ever, we do not expect this to be case. For
researchers, these findings indicate that presumed
moderating effects due to culture – especially when
atypically large in magnitude – might, in fact, be
attributable to sampling error. Furthermore, our
findings indicate that massive corpora of existing
findings are necessary to estimate moderating effect
magnitudes attributable to culture with any
certainty.
When compared to the incremental variance

findings, those pertaining to our second research
question (i.e., observed mean effect size differences)
revealed some similarities and differences. (The
correlation between the individual dimensions’ R2

values and mean differences presented in Table 2
was r = .56.) First, overall, mean effect size differ-
ences ranged from .05 to .07. We remind the reader
that our comparison of two effects represents a
moderation effect. As an example, the relationship
between job satisfaction and in-role performance
might be zr = .15 in an Anglo culture and zr = .21 in
a Confucian culture. This difference, q = .06, is
typical of our mean observed differences across 136
bivariate relationships and through multiple cul-
tural models.
Mean observed effect size differences were weak-

est for M49 (i.e., geographic regions) and Ronen
and Shenkar’s (2013) model (i.e., country clusters).
All other models yielded larger effect size differ-
ences that, like our incremental variance analyses,
were indistinguishable from one another. (We find
this pattern much easier to explain than the pattern
observed in the incremental variance analyses.)
Furthermore, like the incremental variance analy-
ses, the GLOBE practices and values dimensions
were again negatively correlated (r = -.56). However,
unlike the incremental variance findings, we
observed that mean differences for individual
dimensions presented with much narrower ranges.
As an example, the strongest Hofstede dimension
(i.e., individualism, |r| = .077) was only 26% larger
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in magnitude than the weakest dimension (i.e.,
long-term orientation, |r| = .061).

Perhaps the most important implication of our
mean differences findings is the unusually large
sample sizes that would be required to achieve
conventional levels of statistical power; we revisit
this in the following section.

Implications for Research and Practice
Four important implications for research and prac-
tice can be delineated from our results. The first
implication pertains to how culture may be con-
ceptualized in future studies. Our results indicate
that Hofstede’s (1980) values model and Ronen and
Shenkar’s (2013) configurational model generally
explained the least variance in 136 bivariate rela-
tionships. Indeed, this is a surprising observation
given that Ronen and Shenkar’s cultural mapping
process was intended to go beyond geography (e.g.,
Northern America; M49) and act as a substitute for
the controversial cultural values (e.g., individual-
ism; Hofstede, 1980). Again, it is possible that the
phyletic approach they used only captured the
diversity and homogeneity of countries along rel-
atively objective stable ecocultural factors (e.g.,
language, religion), not the nuanced factors that
potentially contribute to their respective cultures.
Importantly, we are not recommending that future
researchers abandon these approaches. However,
our results may indicate that the efficacy of
ecocultural profiles that integrate both relatively
stable (e.g., geography) and polycontextual (e.g.,
local economy, welfare socialism) factors for
explaining cross-cultural effects should be
explored. Indeed, a better knowledge of how
stable and polycontextual ecocultural factors inter-
act to explain cross-cultural effects should lead to
more informed evidence-based practice recommen-
dations, which will likely help international busi-
ness practitioners to create cultural-specific
organizational practices and, thus, narrow the
science–practice gap.

More recent cross-cultural models tend to have
the greatest explanatory power. This is noteworthy
because it indicates that cross-cultural researchers
have improved how they conceptualize and mea-
sure culture over time (Aguinis et al., 2020).
Although our results suggest that recently devel-
oped and updated meta-theoretical perspectives on
culture may help researchers best explain how
culture moderates bivariate relationships, we do
not support the culling of traditional perspectives
(e.g., Hofstede, 1980). Indeed, our findings indicate

that, even when models perform relatively poorly
as a whole, they may contain specific individual
dimensions with high explanatory potential.
The second major implication of this study

pertains to statistical power in cross-cultural
research. Specifying an informed target effect size
presents a challenge to conducting a priori power
analysis (Cohen, 1992). Ideally, cross-cultural
researchers would rely on an effect size that
accounts for both emic (i.e., culture-specific; Gel-
fand et al., 2002) and substantive (i.e., bivariate
relationship) factors rather than taking ‘‘a shot in
the dark with Cohen’s (1988) benchmarks’’ (Bosco
et al., 2015: 441). Supplemental Materials Tables 1
and 2 report benchmarks for culture-as-moderator
effects (in terms of variance due to culture) and
cross-cultural effect size difference benchmarks (in
terms of Cohen’s [1988] q and r) for 136 commonly
investigated relationships (e.g., job satisfaction–
turnover intention) for each specific cultural model
and dimension. Indeed, the distribution of these
effects suggests that existing benchmarks for
‘‘small,’’ ‘‘medium,’’ and ‘‘large’’ area differences
(e.g., Cohen’s 1988 |q| = .1, .3, and .5, respectively)
are unrealistically high and do not generalize to the
cross-cultural literature.
Given that Cohen’s (1988) effect size benchmarks

for r and q are comparable, it is not unreasonable to
assume that Bosco et al.’s (2015) correlation coef-
ficient benchmarks can be adapted to q values. Yet,
even under this assumption, Bosco et al.’s bench-
mark for a medium effect (i.e., |q| = .16) applied to
culture-as-moderator effects is noticeably larger
than what was observed in our study. As such, a
researcher who relies on Bosco et al.’s (2015)
benchmarks will assume that a total of 1,234
participants are needed to detect a medium cross-
cultural difference. However, if the ‘‘true’’ cross-
cultural difference is, on average, |q| = .010 (see SM
Table 2), this sample size will achieve only 42%
statistical power (indeed, only 8% statistical power
is achieved when n = 356, which is the suggested
total sample size needed to detect a medium cross-
cultural difference per Cohen’s (1988) bench-
marks). As such, the use of Bosco et al.’s (2015)
and Cohen’s (1988) benchmarks – which do not
account for cross-cultural effects – may lead to
underpowered cross-area studies (Maxwell, 2004).
An inspection of SM Table 2 suggests that ‘‘small,’’
‘‘medium,’’ and ‘‘large’’ cross-cultural differences
should be operationalized as |q| = .066, .086, and
.11, respectively, which represents the 33rd, 50th,
and 67th percentiles of the distribution of the 816
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culture-as-moderator effect sizes observed in our
study. We contend that these cross-cultural differ-
ences benchmarks will help researchers to design
studies that test cross-cultural theory with adequate
statistical power. To facilitate this endeavor, we
introduce CASST (Cross-Area Sample Size Tool; see
https://casst.shinyapps.io/gen1/), an open-access
software that allows users to interact with our
results, and can be used by cross-cultural research-
ers to improve a priori sample size estimation.

A third implication of our results pertains to the
interpretation of cross-cultural research findings
and the estimation of practical significance. Imag-
ine that a researcher or human resources practi-
tioner of a multinational firm encounters recent
uncorrected meta-analytic mean effect size esti-
mates for the relationship between agreeableness
and affective commitment (AC) in collectivistic (k =
10, r = .35) and individualistic (k = 19, r = .19)
cultures (Choi et al., 2015). Although it seems
evident that agreeableness explains more variance
in AC in collectivistic cultures than individualistic
cultures, there exist no benchmarks to characterize
the magnitude of the moderation in the context of
existing cross-cultural research. The empirically
derived benchmarks reported in our study suggest
that the effect (i.e., q = .173) represents a relatively
large (i.e., 88th percentile) cross-cultural modera-
tion effect size.

A fourth implication of this study regards the
statistical power of meta-analytic studies on cross-
cultural differences. Figures 3 and 4 offer insight
into the effect of sampling error on the observed
culture-as-moderator effects. A half-funnel is
observed in each panel – indicating that more
extreme cross-cultural differences are observed in
meta-analytic summaries with small kEffects. To the
best of our knowledge, there exists no empirically
derived statistical power recommendations for the
meta-analytic studies on cross-cultural differences.
This is surprising given that there is a danger of
drawing incorrect conclusions if a meta-analysis is
performed too early (i.e., before enough studies are
available; Thorlund et al., 2011). Our results indi-
cate that meta-analytic studies on cross-cultural
differences in substantive phenomena with fewer
than 500 effects should be interpreted with cau-
tion. Indeed, such large kEffects values are likely
required to detect culture-as-moderator effects
given that moderator effects are typically very
small.

Limitations and Future Directions
Although our findings are consistent with previous
cautions regarding the prevalence and magnitude
of moderating effects (e.g., Aguinis et al., 2005), a
number of limitations must be addressed. First, we
concede that the culture-as-moderator effects
observed in the current study may be due to some
artifact not controlled for in the current study. For
example, variance in culture-as-moderator effects
due to response style (e.g., acquiescence), which
can distort cross-cultural results (see Cheung &
Rensvold, 2000), is not accounted for. This is fertile
ground for future research.
A second limitation of our study is that we

summarized culture-as-moderator effects by using
data drawn from the metaBUS database (Bosco
et al., 2017). Although the volume and variety of
this corpus of data is impressive, the metaBUS
database currently has curated data from journals
printed in English only. Therefore, it remains
possible that including data from other sources or
unpublished findings might influence our conclu-
sions. Relatedly, an inspection of our results indi-
cates that a large portion of the metaBUS database
is likely comprised of ‘‘WEIRD’’ samples (e.g., 62%
of effect sizes included in the M49 analyses origi-
nated from Northern America). Indeed, research
findings typically focus almost exclusively on a
single cultural context, the United States, despite it
sharing only 5% of the world’s population (Thal-
mayer et al. 2021). Thus, the prevalence of
‘‘WEIRD’’ samples in the metaBUS database is not
a feature of the platform itself, but rather a reflec-
tion of the relative homogeneity of samples in the
available literature. Still, it is important to note that
an uneven distribution of moderator variables
lowers the statistical power to detect moderator
effects (Hempel et al., 2013), which may suggest
that certain results reported in the current study –
particularly those that deviate noticeably from a
50:50 ratio in the moderator variable distribution
and have relatively small sample sizes – should be
interpreted with caution. However, we are encour-
aged by the fact that cross-cultural research is
growing over time (Gelfand et al., 2017).
A third limitation is that we did not conduct

analyses for publication bias; we chose this
approach for three reasons. First, publication bias
analyses are typically conducted on zero-order
effects extracted from primary sources (e.g., publi-
cations, unpublished sources). The logic follows
that some portion of the effect sizes are unavailable
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for summary. However, our analyses do not rely on
those sorts of effects. Put differently, we derive
moderating effect size magnitudes (e.g., q) from
meta-analytic summaries (e.g., mean r). Thus, the
effect sizes we summarize were never the scruti-
nized in the review process. Second, there exists
disagreement among publication bias researchers
regarding which methods to employ and how to
interpret the magnitude of publication bias and the
extent to which it threatens the validity of pub-
lished results. Third, reporting these analyses would
be arduous, as we conducted thousands of meta-
analyses. Thus, we urge the reader to keep in mind
what might be called second-order publication bias
and consider our results generalizable to published
research. Still, we make available our research
materials (e.g., datasets, analytic scripts) to scholars
interested in examining how publication bias may
threaten the results of the current study (see http://
osf.io/32c4y).

A fourth limitation of our study is that only 136
applied psychology relationships were used to
summarize culture-as-moderator effects. The mag-
nitude of moderating effects may be different in
bivariate relationships not summarized here, or in
other scientific disciplines. Still, our corpus is
comparatively comprehensive. Drawing on a data-
base of 598 studies containing 1,507 effects Taras
et al. (2010a; see Table 5) reported a total of 22
benchmarks for relationships between cultural
dimensions (e.g., individualism) and five broad
outcomes (e.g., job performance). In the current
study, we report 816 culture-as-moderator effect
size benchmarks (i.e., 136 bivariate relationships
crossed with six cultural models) from more than
50,000 findings. Therefore, although we do not
present an exhaustive review of the entire litera-
ture, we feel confident that the current study adds
to our cumulative knowledge on moderating effect
sizes attributable to culture. Still, we encourage
scholars to conduct similar analyses using bivariate
relationships not included in our study, as well as
in future cross-cultural studies, and in other scien-
tific spaces (e.g., strategic management, marketing)
so that the scientific community can take a more
holistic account of the prevalence and magnitude
of culture-as-moderator effects.

Finally, several review articles (e.g., Gelfand et al.,
2017; Kirkman et al., 2017) have outlined in great
detail numerous future directions for cross-cultural
researchers. For example, Kirkman et al. (2006)
provided a large-scale review of cross-cultural
research that used Hofstede’s dimensions, and

offered three recommendations for future cross-
cultural research, (1) to more explicitly consider
and report effect size so as to find out not whether
culture matters, but also how much it matters; (2) to
more carefully consider mappings of countries to
groups; and (3) to explore dimensions beyond
those offered by Hofstede (1980). In the present
study, we shed light on each of these persistent
uncertainties. Still, we recognize that no single
study can address the population of recommenda-
tions for future cross-cultural research. However,
we encourage cross-cultural scholars to address the
‘‘grand challenges’’ (Buckley et al., 2017: p. 1046)
facing them and to tackle the proposed research
agendas outlined in recent review articles.
As additional future research directions, research

could examine other cross-cultural models such as
Trompenaars’s model of national culture differ-
ences (Trompenaars &Woolliams, 2004) or Gelfand
et al.’s (2006) cultural tightness–looseness dimen-
sion. Future research could also consider adding
statistical control for additional methodological or
cultural factors (e.g., Rockstuhl et al., 2020). As
another option to at least partially ameliorate the
concerns related to our reliance on metaBUS, future
research could investigate similar effects in pub-
lished meta-analyses which, if conducted alongside
a proper systematic review, should be less influ-
enced by missing studies or publication bias.
However, we expect that the most fruitful

avenues for rapid progress come in the form of
alternative analytic approaches. For example, apart
from understanding the overall R2 attributable to
each model, it would be beneficial to conduct
comparisons to determine whether models provide
incremental variance beyond each other (e.g., does
GLOBE explain variance in effects after controlling
for Hofstede?). Relatedly, we had aimed to provide
relative importance analyses that would compare
the contribution to R2 for all cultural models’
dimensions entered simultaneously. However,
there exists a great deal of natural multicollinearity
between the moderator levels, and we were unable
to overcome that limitation using ridge regression.
Ultimately, we relied on multilevel meta-analysis,
which necessitated the use of a high-performance
computing cluster due to computational complex-
ity and the number of iterations. Another option is
to use robust variance estimation rather than
multilevel meta-analysis (Hedges, Tipton, & John-
son, 2010), which is less resource-intensive. As a
final possible future research question, we would be
interested to learn how the results would change
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had we relied instead on a dichotomization of
continuous cultural dimensions (e.g., individual-
ism as 0 or 1; Rockstuhl, 2020), which appears
common in the cross-cultural literature despite the
availability of statistical procedures that handle
continuous inputs.

CONCLUSION
We have observed that incremental variance due to
culture is roughly 6% depending on the perspective
employed (all dimensions estimated simultane-
ously) or 1% (individual cultural dimensions)
across 136 bivariate relationships common to
applied psychology. This moderation effect size
information is important for cross-cultural
researchers to calibrate the answer to how much
culture matters. Furthermore, we observed typical
mean effect size differences between .05 and .07 for
|r| or |q|, which are interpreted similarly. This
information is important for study planning to
ensure that sufficient statistical power is achieved.
Finally, we observed differences in the extent to
which bivariate relationships exhibit cross-cultural
effects. However, we also observed that moderating
effects due to culture tend to stabilize only with
impressively large corpora (i.e., over 500 effects).
Thus, cross-cultural researchers should be aware of
the possibility that cultural moderation effects are
at least partially attributable to sampling error.
Finally, our study offers information that can be
used by practitioners to evaluate the relative effec-
tiveness and generalizability of substantive findings
across multiple cultures.
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NOTES

1On average, each M49 sub-region is comprised
of 14.59 countries (SD = 14.83). However, two sub-
regions are made up of a relatively large number of
individual countries (i.e., Sub-Saharan Africa [ncoun-
tries = 53] and Latin America and the Caribbean
[ncountries = 52]) and, thus, may be viewed as
potential outliers. After removing these two sub-
regions, each remaining sub-region has an average
of 9.53 countries (SD = 4.32), which still exceeds
the recommended number of countries needed for
the detection of cross-cultural effects (Franke &
Richey, 2010).
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