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Methodological concerns underlying a
lack of evidence for cultural heterogeneity
in the replication of psychological effects

Check for updates

Robin Schimmelpfennig 1,8 , Rachel Spicer 2,8 , Cindel J. M. White 3, Will Gervais4,
Ara Norenzayan5, Steven Heine5, Joseph Henrich6 & Michael Muthukrishna 2,7

The multi-site replication study, Many Labs 2, concluded that sample location and setting did not
substantially affect the replicability of findings. Here, we examine theoretical and methodological
considerations for a subset of the analyses, namely exploratory tests of heterogeneity in the
replicability of studies between “WEIRD and less-WEIRD cultures”. We conducted a review of
literature citing the study, a re-examination of the existing cultural variability, a power stimulation for
detecting cultural heterogeneity, and re-analyses of the original exploratory tests. Findings indicate
little cultural variability and low power to detect cultural heterogeneity effects in theMany Labs 2 data,
yet the literature review indicates the study is cited regarding the moderating role of culture. Our
reanalysis of the data found that using different operationalizations of culture slightly increased effect
sizes but did not substantially alter the conclusions of Many Labs 2. Future studies of cultural
heterogeneity can be improved with theoretical consideration of which effects and which cultures are
likely to show variation as well as a priori methodological planning for appropriate operationalizations
of culture and sufficient power to detect effects.

Many psychological findings do not replicate well1,2, likely due to metho-
dological limitations and a lack of robust theory3–5. In the past decade, we
have learned much about the reasons behind these replication failures,
which have prompted methodological reform and the development of ‘best
practices’4,6,7. In a separate vein, there has been growing awareness that our
knowledge of human behavior is heavily skewed by an empirical dataset
overwhelmingly composed of people from Western, Educated, Indus-
trialized, Rich, andDemocratic (WEIRD) societies8–10. However, a large and
growing body of contemporary cultural evolutionary theory and empirical
data reveals that humans are a cultural species, evolved to be contextually
and culturally embedded decision-makers. That is, people learn from those
around them how to think, feel, and reason11–13, resulting in culturally
shaped experiences and potentially psychological differences across popu-
lations. This makes it problematic to build a behavioral science from any
single population.

While both problems, replication failures, and homogenous (biased)
sampling, have received widespread attention, surprisingly, little is still
known about the potential links between the two, that is, the role of

population diversity in the replicability and the effect sizes of psychological
findings. Generalizing beyond WEIRD cultural psychology requires that
published studies are replicated with cross-cultural samples to demonstrate
the robustness and limitations of psychological effects14.

With this goal in mind, a high-profile research project attempted to
address the moderating role of population, site, and setting variability in
replication failures15. In the large-scale, multi-site project Many Labs 2
(ML2), Klein et al.15 ran 28 classic and contemporary research studies dis-
tributed over 125 sample sites, comprising 15,305 participants in 36 coun-
tries. They found that 14/28 effects (50%) showed a statistically significant
effect (p < 0.0001) in the same direction as the original study (15 effects
replicated with the common threshold of p < 0.05). In a pre-registered
design, ML2 mainly focused on testing whether the 28 included effects
varied across different contexts (e.g., paper/pencil vs. computer-based, dif-
ferent sample site). They found little heterogeneity in replicability level,
representing the main finding of ML2. An additional exploratory analysis
investigated cultural variation as a potential explanation for heterogeneity
and non-replication across samples. Specifically, the researchers tested
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whether a binary “WEIRDness” scale moderated each effect. In the fol-
lowing,whenwe talk aboutML2,we aremainly referring to this subset of the
project, and we refer to the “ML2-WEIRDness” scale to distinguish between
the scale and the original backronym9. The cultural background was
determined for each sample site based on the country where the sample was
situated. The ML2-WEIRDness score was calculated by decomposing the
backronym into five constituent letters, associating those letters with the
underlying term, finding a way to measure that term (“Westerness”),
aggregating these five scores, and taking a mean split to partition WEIRD
from non-WEIRD countries. The heterogeneity of samples, comparing
Klein et al.’s classifications ofWEIRD vs non-WEIRD, was calculated using
the Q, tau, and I2 measures16. The authors found few moderating effects of
theML2-WEIRDness scale.After correcting formultiple comparisons,Klein
et al. found evidence that in 3 of 28 replicated studies, the effects were
significantly moderated byML2-WEIRDness17–19.

The project represents a laudable effort, specifically concerning the
main goal, whichwas exploring heterogeneity in the replicability of findings
across samples and settings, tackling an important concern in the psycho-
logical sciences20. However, we want to raise some potential issues related to
the explorative ex-post analysis of themoderating effect of culture.We only
draw onML2 here as an illustrative example, but other projects, potentially
also some that we have co-authored, may share some of these issues.
Importantly, the authors ofML2 transparently acknowledge that this part of
the analysis was exploratory. We think engaging and possibly improving
this approach is still important. Even if the focus on culture didnot represent
themain target ofML2, the authors chose to feature the results prominently,
for example, in the summary of the study’s results in the abstract, asserting
that: “Exploratory comparisons revealed little heterogeneity betweenWestern,
educated, industrialized, rich, and democratic (WEIRD) cultures and less
WEIRD cultures (i.e., cultures with relatively high and lowML2-WEIRDness
scores, respectively).” Consequently, the results have received increased
attention in the literature and are cited as evidence for the role of cross-
cultural differences in the replicability of psychological phenomena.

We identify five theoretical and methodological considerations in the
wayML2 tested for themoderating role of culture variability. Our concerns
with the ML2’s explorative ex-post cultural moderation analysis are as
follows:

Our first concern is the importance of theory in the selection of studies
and sample sites for replication. Since the cultural moderation analysis was
exploratory, Klein et al.15 did not theoretically motivate the selection of
studies based on cultural differences. They did not provide theoretically
grounded (ex-post) predictions regarding which psychological effects will
and will not generalize cross-culturally. In light of the theoretical literature
on cross-cultural variability in psychology13,21,22, such explorative testing not
motivated by theory can be problematic. For example, ML2 included the
study by Huang et al.17, who experimentally explored cultural differences in
metaphoric associations of living in the north or the south of a city. How-
ever, the ML2 project then expanded the list of the sampled populations
beyond the original populations (US and Hong Kong) without considering
the explanation for why these specific cardinal directions might lead to
different metaphorical associations across populations, especially because
there is no reason to expect that north-south economic differenceswould be
geographically universal (e.g., Canada is unlikely to fit this pattern). While
Klein et al. did conduct subset analyses, including only participants from the
USandHongKong respectively, for they included the entire sample for their
main analysis. Indeed, in some cases, onemight ‘replicate’ a successful test of
a theory without replicating the precise empirical patterns in the data
because a proper theory may predict different results across locations.
Despite considering this issue in their pre-registration, it was not obvious
from the available statistical code how and why this north-south dimen-
sionality was expanded to other countries in the analysis. The main moti-
vation for replicating the study across the world without an a priori
hypothesis may have been that the original studies did implicitly generalize
their findings to all humanity.

In other cases, the initial cultural context of a studywas alteredwithout
theoretical reasoning about expected variation in the new context. For
example, Norenzayan et al.’s study19 found cultural differences in a highly
standardized sample of US college students who were very similar (i.e.,
matched based on cognitive abilities and education) except for their cultural
background. At the same time, ML2 expanded the test to include variation
across countries without considering the author’s original reasoning in
standardizing the design23. It is possible that the effects were selected based
on theoretical foundations, butwe couldnotfind these stated in the article or
the pre-registration.

Similarly, the selection of sample sites does not seem to have been
guided by hypotheses about meaningful cultural variation. This can be
explained by the ex-post nature of the analysis, which may constrain the
conclusions we can draw from the results. Many Labs 2 made sampling
choices by convenience to assess the role of sampling heterogeneity. Cru-
cially, using conveniently available samples is not a harmless choice because,
given the cultural background of the lead authors and the structure of their
social networks, this can produce biased sets of populations. Of course,
psychologists are familiarwith the representativenessheuristic,which in this
situation will lead many readers to implicitly assume that this convenience
sample is roughly equivalent to a representative or random sample. It is not,
as we will demonstrate. Our second concern is sampling WEIRD people
around the world. The ML2 subject pool consisted of participants who are
predominantly US-based and overwhelmingly WEIRD (see Fig. 1 for
sample composition ofML2’s Slate 1 and Slate 2). Indeed, only a fraction of
the participants were obtained from non-Western populations. 39% of all
participants were sampled from the US – arguably the WEIRDest of all
countries9.

We can be more precise about the extent of this cultural homogeneity.
Cultural fixation (CFST) provides a continuous measure of cultural simi-
larity between groups across a range of cultural traits10. As the United States
is a country at the extreme end of theWEIRD spectrum and has the largest
number of sampling sites, a country’s cultural distance from the US can be
used as an index of how WEIRD that sample is.

Furthermore, despite cross-country variation in sample sites, the sites
were all based at universities and Amazon MTurk, known to oversample
from high SES populations relative to the world population24. Thus, the
samples are likely to be skewed towards participants who are high SES,
highly educated, and digitally literate, and therefore, muchmore likely to be
at the “WEIRD” end of the distributionwithin each society. Just as sharing a
religious affiliation predicts cultural similarity among people living in dif-
ferent countries25, sharing a high socioeconomic status and participating in
WEIRD institutions, such as higher education, may drive cultural simila-
rities across nations26. As a point of reference, we remind readers that there
are over 700 million adults in the world who’ve never been to school at all
(twice the U.S. population). Of course, we recognize the practical and
financial constraints that researchers face when recruiting globally diverse
samples; nevertheless, the strength of inferences about generalizability
across populations is proportional to the extent and scope of diversity
captured in sampling choices.

Our third concern is the cultural background of participants is not
necessarily that of the sample country. The issue of samplingWEIRDpeople
is further exacerbated by calculating the ML2-WEIRDness score for each
sample site based on the country of origin of that site, irrespective of the
original countryof originof participants.Clusteringby the source countryof
the sample site rather than by the individuals’ origins conceals potential
psychological variation, including the possible migration background of
participants.Culture shouldnot be equatedwith site country, and thus, both
approaches, identifying culture by sample site and home country, should be
handled with caution (e.g., how long has a person lived in their home
country?Atwhat agedid they arrive?).Nonetheless, since theoriginal claims
weremade based on using a sample country as a proxy for culture and these
are the data available, in our re-analysis below, we also used the sample site
country and home country as an alternative approach.
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Our fourth concern is assessing cultural moderation by decomposing
the backronym (WEIRD), a rhetorical device. Klein et al. assessed cultural
moderation by decomposing the letters of the WEIRD backronym. This
division of countries has been copied in several other papers27,28. We are
unaware of any conceptual, empirical, or theoretical justification for this.
Indeed, this is inconsistent with the original formulation of the WEIRD
people problem9. The catchy backronym captures some aspects of the
regions and demographics overrepresented in the psychological record –
namely, being Western, Educated, Industrialized, American, and high SES
(often students) – but it hardly captures the defining characteristics or
mechanisms driving differences between these societies. WEIRD was
designed as a consciousness-raising device reminding experimental beha-
vioral scientists about psychological diversity8, not as a theoretical oper-
ationalization of the explanatory concept. In their introduction, Henrich et.
al. explain:

“We emphasize that our presentation of telescoping contrasts is only a
rhetorical approach guided by the nature of the available data. It should not
be taken as capturing any unidimensional continuum or suggesting any
single theoretical explanation for the variation9.”

Henrich et al. were explicit that theWEIRDbackronym is not intended
to embody or summarize any key theoretical or conceptual factors impor-
tant for explaining global psychological variation. This would turn a mne-
monic conscious-raising device into a theoretical construct. Of course, one
could take the backronym as a motivation for a purely inductive,
empirically-driven approach based on cultural differences among
populations–without bestowing any theoretical import on the backronym’s
letters–to generate such a measure.

Our fifth concern is themean split of theWEIRD scale. A further issue
is that the authors ascribed binary codes (1 and 0) to sample sites based on a
mean split and thus summed up all WEIRD, especially less-WEIRD sam-
ples, under the same category. Such dichotomies necessarily conceal
important variability. A more precise, continuous coding of cultural dis-
tance between samples would bemore appropriate. These shortcomings are
obviouswhen one looks at theML2 coding of their samples, which results in
rather surprising binaryML2-WEIRDness values. For example, the sample
site at the American University of Sharjah in the UAE with its gold-plated
pillars is coded as non-rich; Chile was coded as categorically the same as
Germany and Sweden but categorically different from near-neighbors

Spanish-speaking Costa Rica and Uruguay. South Africa was coded cate-
gorically like China and India, but it was categorically different from other
Commonwealth states such as Australia andNewZealand. This lack of face
validity also indicates the adverse effects ofmissing theory about culture and
population variability3.

Importantly, other cultural distance measures could be used to assess
the effect of sampling variability. For example, Muthukrishna et al.10

developed a tool to measure the degree of similarity between different
groups’ cultural values, beliefs, and practices. This measure provides an
empirically-driven way to quantify worldwide cultural variability by mea-
suring theoverall cultural distancebetweenany twocountries forwhichdata
is available (Muthukrishna et al. used the 2005 and 2010waves of theWorld
Values Survey10,29).Other alternativemeasures of cultural heterogeneity that
may better capture population variability include tightness and looseness30,
and individualistic and collectivistic cultures31.

However, improved measures of cultural heterogeneity and theory-
driven selection of samples and effects are not the only imperatives for large
multi-site projects investigating the moderating role of culture with het-
erogeneity tests. Another crucial and often overlooked issue that would be
important for future studies to address is sample size.

With these observations and caveats out in front, we developed an
alternative approach to analyze the ML2 data that addresses three of our
stated considerations about the: (3) the cultural background of participants
not necessarily being that of the sample country, (4) ML2-WEIRDness
variable, and (5) Mean Split. Unfortunately, neither an inductive measure
for cultural differences nor amore accurate approach to identifying cultural
background on the individual level can address considerations (1) the
importance of theory in the selection of studies and sample sites for repli-
cation and (2) sampling mostly WEIRD people around the world. More-
over, asML2 found that many of the results of the individual studies do not
replicate and thus have no evidentiary value, we should not expect these null
findings to vary cross-culturally. So, at best, an improved re-analysis will
extract the variation in this available data while recognizing that these
samples may lack sufficient variation and statistical power. As previously
stated in our pre-registration, the results of our re-analysis should thus not
be perceived as a final verdict on the moderating role of culture in the given
effects. Answering such a question about cultural heterogeneity would
require data from a project specifically designed for the task. To inform

Fig. 1 | The frequency of participants fromeach source country included inML2. FigureA shows the frequency of Slate 1 and Fig.B shows the frequency of Slate 2. Theminimum
number of participants included in any one sample is 36. This figure is based on publicly available ML2 data, and it has been previously published in a Commentary34.
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future studies in this realm, we chose to illustrate how some of the problems
we state can be operationalized in an improved and theory-driven metho-
dological approach.

To calibrate expectations for what conclusions about heterogeneity in
replicability one could reasonably expect to emerge from ML2’s design
choices, and thus also for a possible re-analysis of their results, we conducted
a series of simulation studies. The overarching goal was to closelymirror the
design, sampling, and analyses of a multi-site study like ML2 (regarding
selected effects, samples included, and analyses conducted) while manip-
ulating the extent of cultural influence: the degree to which culture mod-
erates effect sizes. In making cultural influence an exogenously determined
variable, we can obtain an answer regarding the degrees of cultural het-
erogeneity that a setup such as ML2 is well-designed to detect. While the
simulationsmimic the characteristics ofML2, they could equally be adapted
to simulate power for other multi-lab studies (see ref. 32 for power calcu-
lation for meta-analyses).

ML2’s moderation analysis “[…]revealed little heterogeneity between
Western, educated, industrialized, rich, and democratic (WEIRD) cultures
and lessWEIRD cultures […]”15. This result can be interpreted in at least two
ways. One possibility is that ML2 was well-powered, the analyses provide a
strong test of culturalheterogeneity, and the results showa small influenceof
culture, probably due to low rates of cultural heterogeneity. Another pos-
sibility is that culture has a large influence, and results indicate that the
design and implementation of ML2 are poorly suited for detecting such
differences. In essence, our simulation is trying to understand which of the
two scenarios (little cultural influence, but well-measured; unknown-to-
high cultural influence, but poorly measured due to issues in statistical
power) is more likely to be true, given a design like ML2. Importantly, we
focused on cultural variation for the heterogeneity tests in the simulation.
Still, the setup and the implications can equally apply to other types of
heterogeneities in samples and settings.

When discussing statistical power, an important caveat applies to the
level at which statistical power is calculated. Whenever Klein et al. discuss
statistical power, they do so in the context of detecting the main effects
within each of the 28 studies they replicated. Less attention is put on the
effective statistical power of the heterogeneity tests (e.g., heterogeneity in
setting or country) that are the inferential backbone of their paper33.
However, without calculating the statistical power of the heterogeneity tests,
their analysismight be unable to deliver evidence of heterogeneity even if it’s
present.

To illustrate the above considerations numerically and show their
potential influence on conclusions drawn from the results, we performed a
series of simulation studies, simulating a multi-site study like ML2. Our
simulations may help provide context for interpreting the (mostly) insig-
nificant heterogeneity tests and inform intuitions about whether ML2
reflects little heterogeneity that’s beenwell-measured or anunknowndegree
of heterogeneity in a design that may be severely underpowered to detect it.
Therefore, the simulation exercise results are important guidance for
researchers designing similar multi-site studies in the future.

Our initial simulation results focused on the power to detect different
levels of cultural influence, given a single typical effect size. However, ana-
lytic performance can vary across both degrees of cultural influence and
effect sizes. After all, ML2 included effect sizes ranging from practically
nonexistent toquite large. Second,we investigated the effectof heterogeneity
at a range of effect sizes for the reference country, the USA. In addition to
running simulations at the level of a single study,wealso tried to simulate the
entire ML2 setup with several studies at a project level.To assess the impact
ofML2 on the literaturewe performed a literature search, coding howmany
articles cited ML2 in the context of cultural differences, moderation by
culture or WEIRD samples.

Here, we offer three contributions.
1. We raise several considerations about theML2 study design’s ability to

document themoderating role of culture in psychological phenomena.
The points include (1) the selection of studies and sample sites for
replication, (2) sampling mostlyWEIRD people around the world, (3)

identifying participants’ cultural background by the country where the
samples came from, (4) treating theWEIRDbackronym as a theory by
decomposing it into a ML2-WEIRDness scale, and (5) using a mean
split of thatML2-WEIRDness variable. Importantly, these points are all
relevant for future cross-cultural multi-site studies that assess whether
population variability moderates the replicability and size of
psychological effects.

2. We bolster the implications ofML2’s sampling decisions by simulating
an ML2-like environment and assessing the degree to which there is
sufficient power to test the moderating role of culture on replicability.
Given that ML2 found little heterogeneity between WEIRD and less
WEIRD cultures, we aimed to understand whether these results from
the study were well designed to study little heterogeneity or whether
there was unknown-to-high heterogeneity that was not measured due
to power issues. The results of these simulations have implications for
othermulti-site studies and sources of heterogeneityother thanculture.

3. We synthesize the implications of the methodological problems, the
simulation approach to detect statistical power, and the pre-registered
re-analysis ofML2 to offer a set of guidelines and recommendations for
more theoretically motivated, high-powered multi-site investigations
of cultural differences in the future.We showhow someof the concerns
we observe in ML2 can be solved with an improved methodological
approach in future studies. We illustrate this alternative methodolo-
gical approach by re-analyzingML2 data using a pre-registered multi-
step protocol (https://osf.io/6exr4).

Methods
Literature search
We conducted a short literature search of all published papers that cite the
ML2 study to demonstrate this influence in the literature. The literature
search was not preregistered. Our search in theWeb of Science included all
research articles that cited the Many Labs 2 project (ML2)15 since its pub-
lication https://www.webofscience.com/wos/woscc/summary/59ff78e8-
9883-4a90-9be4-866bdab20949e8acedbe/date-descending/1. The search,
conducted on September 18th 2023, yielded a sample of 409 articles. 6
articles were either not accessible or did not cite ML2, which left us with a
final sample of 403 articles. Two coders were trained in the coding frame-
work, and both coded all articles. A third coder then resolved potential
misalignment in codings. The process was as follows: both coders went
through each of the manuscripts individually, searched for the citation
statement (i.e., the sentence of the paragraph in with the paper citedML2),
and copied the citation statement into the codebook. This couldmean that a
paper had one or several coding events. As the next step, the coders ascribed
the citation statement with one of the four citation categories.
1. Citation statements were coded as Replicability, when they made

general remarks about replicability, or replicability problems in psy-
chological research.

2. Citation statementswere coded asModerationwhen theydiscussed the
moderation/heterogeneity of effects or replicability.

3. Citation statements were coded as Culture, when they made any
reference to cultural differences, moderation by culture, WEIRD
samples. This was the main code of interest.

4. All other citation statements were summarized under the coding
category Other.

Importantly, asmanypapers citedKlein et al.15 several times, the coders
also recorded several citation statements and several code categories for
those papers. That is, a paper could have cited Klein et al. both, for the
moderation of replicability, but also for the moderation by culture more
specifically.

Simulating the moderating role of culture
To begin with, we created a simulation environment in which multiple
studies can be run on simulated psychological effects across different
countries. The simulations were not preregistered. Sample countries in the
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simulation were randomly drawn in proportion to their representation in
ML2 (see ; e.g.,USAsamplesweremore likely to be included than samples in
Uruguay or theUnitedArab Emirates). To operationalize cultural variation
across sample countries and participants, each country was assigned an
ML2-WEIRDness score. We then performed their same mean split into
ML2-WEIRDer and less ML2-WEIRD countries and meta-analytically
conducted heterogeneity tests exactly as they did, using Q, tau, and I2

indices16. We also calculated the statistical power for these tests. Therefore,
we simulate ML2’s broader heterogeneity test of sample sites and theML2-
WEIRDness variable. The precise variables used are described in Table 1.

Simulations always include assumptions, and we strove to model all
assumptions both transparently andquite generously. The representationof
countries and effect sizes is directlymapped ontoML2’s design.As shown in
Eq. (1), tomanipulate themoderating role of culture in the study, wemodel
cultural differences (captured by CFST

10) between countries and the influ-
ence these cultural differences had (captured by the variable cultural influ-
ence). We set the USA as the reference country for effect sizes, as it is by far
themost overrepresented inML2.Wemodeled heterogeneity by having the
true effect size within each country diverge from the USA effect size by an
amount related to CFST and the given cultural influence. Each country’s (i)
effect size (di) would thus include the effect size of the chosen reference
country, USA (dUSA), adjusted by the country’s cultural distance from the
USA (CFST_i) multiplied by a constant that reflected the degree of cultural
influence (Cultural Influence) in a given simulation. So, in summary, the
level of cultural heterogeneity depends on the cultural differences (modeled
byCFST) and themanipulated level of cultural influence.However, as Eq. (1)
shows, the level of heterogeneity, which is calculated by drawing on the
absolute differences in effect sizes across countries, is also conditional on the
modeled effect size in the baseline country, the USA.

di ¼ dUSA
|ffl{zffl}

Effect size USA

* 1� CFST� i
*
Cultural Influence

CFST�max

 !

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
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We simulate three levels of Cultural Influence: no influence, moderate
influence, and strong influence (see Fig. 2).

No influence (Cultural Influence ¼ 0) refers to a scenario where all
countries have the same effect size regardless of cultural differences.
Simulations with no influence thus had all countries drawn from the same
reference effect size (dUSA), ignoring any presence of cultural differences
(CFST i). That is, in the no influence condition, each country’s CFST is
multiplied by zero, entirely leveling our slate of countries to the same

effective effect size for all effects (e.g., a dUSA ¼ 0:5 effect in the USAwould
also be a dCN ¼ 0:5 in China – see Fig. 2).

Moderate influence (Cultural Influence ¼ 0:5) refers to a scenario
where the most culturally distant countries have effects half as large as the
USA. Simulations at moderate influence thus represented the most cultu-
rally distant countries from the USA as having effect sizes half as large as
those observed in the USA (e.g., dUSA ¼ 0:5 in the USA would be dCN ¼
0:25 in China).

Strong influence (Cultural Influence ¼ 1) is a scenario where effects
entirely attenuate in the most culturally distant countries. Simulations at
strong influence thus represented effects fully disappearing in countries the
most culturally distant from the USA (e.g., a dUSA ¼ 0:5 in the USA would
be a dCN ¼ 0 in China).

We simulated a series of social psychological effects, with multiple
studies run across countries, with effect sizes (dUSA) randomly drawn from
those observed inML2.We could thenpool results across simulated slates of
many studies to see which levels of simulated cultural heterogeneity would
be expected toproduceoverall rates similar to those observed inML2. In this
simulation, we induce variation via cultural differences, but we can equally
think about that in terms of heterogeneity in settings more broadly.

In summary, we drawon this simulation setup and run a series of three
simulation studies:
1. In the first simulation, we simulate a single study on a psychological

effect across countries and estimate the power to detect heterogeneity in
the case of a given effect size typical for psychological research (i.e., d
USA = 0.35), varying cultural influence.We ran 3000 simulations, 1000
with no cultural influence (0), 1000 with moderate cultural influence
(0.5) and 1000 with strong cultural influence (1), sampling from
60 sites (k = 60).

2. In the second simulation, we again simulate a single study on a psy-
chological effect across countries and estimate the power to detect
heterogeneity across different effect sizes, varying d USA from d
USA = 0.05 to d USA = 0.7, as well as varying cultural influence. We ran
2000 simulations, 1000withmoderate cultural influence (0.5) and1000
with strong cultural influence (1), sampling from 60 sites (k = 60).

3. In the third simulation, we simulate an ML2-like project comprising
several studies used for simulations 1 and 2, selecting d USA from the
original results ofML2 and varying cultural influence. This allows us to
estimate effective project-wide power to detect cultural heterogeneity.
We ran 1000 simulations formoderate (i.e., 0.5) and strong (1) levels of
cultural influence (2000 simulations in total), simulating a single social
psychological effect in each simulation, with each “true” effect size
being selected from a uniform distribution between d = 0.05 and
d = 0.7, sampling from 60 sites (k = 60). A full description of the
functions used in the simulation can be found in Supplementary

Table 1 | Descriptions of variables and parameters for the simulation model

Variables Role Data generation

CFst Models cultural differences across countries. Sample countries in the simulation were randomly drawn in proportion to their
representation in ML2. To operationalize cultural variation across sample
countries and participants, each country was assigned anML2-
WEIRDness score.

ML2- WEIRDness Copies ML2’s measure of cultural variation and serves to
benchmark how well ML2 was set up to detect cultural
heterogeneity

Each country was assigned anML2-WEIRDness score. We then performed their
same mean split into ML2-WEIRDer and less ML2-WEIRD countries

d_i Models the effect size for any given country i. It is used to
calculate cultural heterogeneity.

This is calculated based on the combination of parameters and variables as
specified in Eq. (1).

Parameters Role Conditions

Cultural Influence Manipulates the influence that cultural differences (CFst) have on
differences in effect sizes.

0: No Influence
0.5: Moderate Influence
1: Strong Influence

d_USA The effect size for the selected reference country, the USA, and
as per Eq. (1), scales the level of cultural heterogeneity.

The exact distribution of values depends on the simulation, but this is mostly
based on effect sizes in psychological studies (e.g., between 0.05 and 0.7) or
effect sizes measured in ML2.
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Section 1.1.1. The software used towrite the simulation canbe found in
Supplementary Section 1.1.2.

Analysis
We developed an alternative approach to analyze the ML2 data that
addresses our stated Problems (3) Conflating cultural background with
sample country, (4) the ML2-WEIRDness variable, and (5) the Mean Split.
Unfortunately, neither an inductive measure for cultural differences nor a
more accurate approach to identifying cultural background on the indivi-
dual level can solve Problems (1) Lack of theory in the selection of studies
and sample sites for replication, and (2) Sampling WEIRD people around
theworld.Moreover, asML2 found thatmanyof the results of the individual
studies do not have evidentiary value at all, then we should not expect these
null findings to vary cross-culturally. So, at best, an improved reanalysis will
extract the variation in this available data, while recognizing that these
samplesmay lack sufficient variation and statistical power, the protocol was
implemented in a way that may have introduced noise, and the chosen
studies only represent a subset of psychological science. To inform future
studies in this realm, we chose to illustrate how some of the problems we
state can be operationalized in an improved and theory-driven methodo-
logical approach.

We analyzed the existingML2dataper thepre-registered analysis plan,
registered on 18th January 2021 and available at https://doi.org/10.17605/
OSF.IO/QRDXC.The analysis plan is summarized in Supplementary Fig. 2.
All code used for analysis is available at https://doi.org/10.17605/OSF.IO/
QRDXC. The software used to write the simulation can be found in Sup-
plementary Section 1.2.3.
1. Specifically, our re-analysis incorporates three changes, compared to

the ML2 approach, that may be useful for future studies to consider:
We replaced the dichotomous ML2-WEIRDness score with a
continuous proxy for cultural variation—cultural distance from the
United States10.

2. We operationalized cultural distance from the US not only at the
sample site level but also at an individual level by identifying the par-
ticipants’ birth countries.

3. We calculated the cultural distance between participants (not just the
distance to the US) based on their birth country. We used these
between-level distances to estimate the moderating role of culture.

4. We explored whether the results for people who are native to a sample
country are different from those in the same sample country whowere
born somewhere else (and may thus be described as having a different
cultural background).

We detail the specific analysis method used to calculate the effect sizes
for each study in Supplementary Table 2. We did not test whether the data
met the assumptions of normal distribution or equal variance. For tests that
assume normality, data distributionwas assumed to be normal, but this was

not formally tested. We did not request ethical approval for this study as
LSE’s statement on Research ethics states that “Research involving sec-
ondary analysis of established data sets fromwhich it would not be possible
to identify any living or recently deceased person need not be subject to the
procedure, but wherever it is necessary for data to be effectively anonymised
by LSE researchers, the procedure applies”, and the ML2 data have already
been anonymised.

Cultural distance. Muthukrishna et al.10 developed a tool to measure the
degree of similarity between the cultural values, beliefs, and practices of
different groups of people. This measure provides a way to quantify
worldwide variability in culture. For example, one can quantify the
overall cultural distance between any two countries for which data is
available (Muthukrishna et al.10 used the 2005 and 2010 waves of the
World Values Survey).

Compared to the pregregistered approach, we used a version of CFST
based on a more recent version of the World Values Survey (WVS),
which includes longitudinal data from the first 1981 wave until the 2017
wave (version “WVS_TimeSeries_1981_2020_spss_v2_0”), combined
with the version used by Muthukrishna et al.10. When data for a country
was available in the more recent version of the WVS, this data was used
to calculate the CFST for that country. If data were not available for a
country in the more recent version, and data were available in the version
used by Muthukrishna et al.10, this data was used to calculate the CFST for
that country.

CFST as implemented in our re-analysis focuses on the distance
between each country and the United States, the WEIRD country par
excellence that is vastly overrepresented in the psychological literature8,10,33,
as well as inML2. Supplementary Fig. 1 shows the variation in distance from
the United States in the ML2 data and its correlation to the ML2-
WEIRDness scale. The samples come from a highly restricted range of
countries, with 91% of the samples having a score of CFST < 0.15, even
though world wide cultural distances from the United States extend to
approximately 0.3 using data from the 2005 and 2010World Values Survey
data 10.

Data exclusions. We treated the raw data with the same exclusion
protocol as the ManyLabs2 study (https://manylabsopenscience.github.
io/ML2_data_cleaning). Furthermore, we employed further exclusion in
either of the following two cases:

(1) Country of origin was based on participant’s stated (1) hometown
and (2) birth country. The percentage of individuals where their stated
hometown is mismatched to their birth country is <1%. As we did not
preregister to exclude these participants, they are included in the analysis. In
cases (0.1%) where weweremissing both participant’s hometown and birth
country, we ran two analyses: an analysis assuming they are native to the
sample country and an analysis in which these participants are excluded.

Fig. 2 | The effect of culture on effect sizes at different levels of cultural influence. FigureA shows Cultural Influence = 0 which means no cultural influence, Fig. B shows
Cultural Influence = 0.5 which means moderate cultural influence, and Fig. C shows Cultural Influence = 1 which means strong cultural influence.
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Therefore, for analyses based onparticipants birth country/ hometown
we will run three analysis variants where country of origin is based on
participants:
• Birth country, excluding participants missing birth countries and

hometowns (Birth country filtered)
• Birth country, where participants missing birth countries are assumed

to be native to the sample country (Birth country imputed)
• Hometown

(2) There are some countries for which we do not have data for cal-
culating cultural distance. In total 5/36 source countries were missingCFST:
Austria, Belgium, Costa Rica, Portugal and the United Arab Emirates.
Overall we have observations for 92.12% of the participants in the sample
(including the USA). Therefore, we ran two versions of every model, one
that excludes these countries, and another in which we estimate the cultural
distance scores of these countries by averaging across the scores of their
immediate geographic neighbors when those neighbors’ scores are known
(imputed CFST). A better analysis would be to also use other information,
such as history, cultural phylogeny, language and/or institutional data to
impute these values, but this would be a large project unto itself, so instead,
we checked for robustness using an average of countries’ nearest neighbors.
The results of the analyses using imputed CFST are reported in Supple-
mentary Section 2.3.

Sample sizes. In our preregistration, we did not state our planned
minimum sample size for inclusion. We chose to run the analyses with a
number of different minimum sample sizes, ranging from stricter (100)
to loose (10).

For themain analyses that we report in the body of the paperwe used a
minimum sample size of 36 participants per sampling site/country, as this
was the minimum number of participants of a sample included in the
original ManyLabs2 analysis (the uniporto sample from Portugal). We
follow this threshold for convenience because the stricter criteria are even
less tenable to illustrate the methodological approach because they would
result in more exclusion of countries and raise issues with statistical power.

For the stricter analyses we used minimum sample sizes of 50 and 100
participants per sampling site/country. For the permissive analyses we used
a minimum sample size of 10 participants per sampling site/country.

Analysis A. Does cultural distance measured by the Muthukrishna et al.
cultural distance scale at a sample level explain variation in the outcomes of
the studies? To ensure comparability, here we used an almost identical
analytical approach as the authors of the ML2, except that we replaced the
dichotomous ML2-WEIRDness score with the continuous CFST-based
cultural distance score10. As such, we ran a Random-Effects model with
cultural distance as a moderator, and similarly established heterogeneity of
samples, using theQ, tau, and I2measures16. The specific variants of models
used in this analysis are reported in Supplementary Section 1.2.2.1.

Analysis B. Does cultural variation identified on the individual level by
theMuthukrishna et al.WEIRD scale explain variation in the behavior of
participants? In this analysis we used a multilevel model (MLM) to
predict effect sizes. For this analysis, we relied on the variance of cultural
distances to the US at the sample site level (Analysis B1) and in a second
approach also on the individual level, identifying CFST by the birth
country of participants (Analysis B2). The specific variants of models
used in this analysis are reported in Supplementary Section 1.2.2.2.

Wehad additionally preregistered thatwewould run an analysiswhere
we would include the sample site of the individuals as a random effect as a
robustness check. However, after applying the inclusion criteria, we were
unable to run this analysis as there are a greater number of source sites than
birth countries.

Analysis C. Does the cultural distance between participants at an indi-
vidual level explain variation in the behavior of participants? For this

analysis, rather than the distance from the US, we used the direct dif-
ference in CFST between countries. We used matrix regression models
with the same samples as Analysis B1 and B2 to assess whether
individual-level differences between participants explain variations in
their behavior. The specific variants of models used in this analysis are
reported in Supplementary Section 1.2.2.3.

AnalysisD. For each study, we preregisteredwhetherwe expect culture to
matter or not. See Supplementary Table 3 for which studies we hypo-
thesized could vary culturally. We ran our analyses on this subset of
culturally relevant studies as well as the full set of studies. We conducted
Analyses A-C only on the subset identified in Supplementary Table 3.
Here, wefirst included studieswe expect to cross-culturally vary.Next, we
also included studies that may vary with some caveats and go/no-go
exclusion criteria described in the comments.We also ran an exploratory
analysis on all studies that were replicated in ML2. For each study, we
have stated whether we expect CFST to matter or not ex-ante (see Sup-
plementary Section 1.2.2.4).

Analysis E. How similar is the behavior of participants in their native
country to participants not in their native country (i.e., how different are
migrant populations in their country of origin)? We pre-registered to
compare the behavior of the native andmigrant participants for Analysis
A-D. However, we were unable to run these analyses, as only the largest
(and often WEIRDest) countries reached minimum sample sizes for
inclusion (e.g., as per the above inclusion criteria of 36 participants).
Therefore, to better understand whether migration status has some
impact on behavior, we performed an explorative analysis of whether
there were differences in behavior between migrant and non-migrant
participants ignoring the potential effects of CFST. That is, we re-ran the
first-stageML2 regression models and simply added ‘migration status’ as
a control variable. Participants were defined as having a migration status
when their stated birth country differed from the source country site
where data was collected. An obvious improvement to this analysis would
be to adjust for the time spent in the home country and at what ages. We
decided to focus on samples situated in the US for our explorative ana-
lysis, as it had the largest sample size among those countries and also
serves as a reference country for the CFST. We included studies where we
used either linear regression or logistic regression as the statistical ana-
lysis method. In total five studies were excluded from this analysis. Four
studies were excluded as they had different experimental designs
meaning that a regression model was inappropriate for re-analysis. For
the full details of the excluded studies and the models used see Supple-
mentary Section 1.2.2.5.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Literature search
Our literature review reveals that from its publication in 2018, over 50 sci-
entific articles have referred to cultural differencs, the moderating role of
culture, or WEIRD, when citing Klein et al. Table 2 depicts the relative and
absolute frequencies. Additionally, we found that papers directly adopted
theML2-WEIRDness scale in their research27,28.

Simulating the moderating role of culture results
Power to detect heterogeneity for typical effect size and across
different effect sizes. First, we sought to assess how much power ML2
had to detect different levels of cultural influence given a typical effect size
for social psychology. We simulated 3000 single multi-site style investi-
gations of a typical social psychology effect, each investigating a “true”
dUSA = 0.35 effect size, with k = 60 samples drawn from countries in
proportion to their actual representation in ML2.
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Our 3000 simulations consisted of 1000 simulatedmulti-site studies of
a dUSA = 0.35 effect at each of the three levels of cultural influence (i.e., 0, 0.5,
1). We could perform the same analyses reported in ML2 for each of these
simulated multi-site studies. By simulating a single study (e.g., one of the
28 studies ML2 ran) run at multiple sites, we could directly assess the
statistical power at which cultural influence could be detected, given known
effect sizes and rates of cultural influence that we directly controlled.

Overall, using Many Labs 2’s criteria as benchmarks, power to detect
cultural moderation was quite low. More specifically, the results show that
statistical power is low todetect cultural influenceon individual effects. That
is, power is just 28% to detect cultural influence via the moderation test of
ML2-WEIRDness, even if the modeled cultural influence is strong (see
Table 3). Put differently, the 3/28 studies (11%) found in ML2 to be mod-
erated byML2-WEIRDness would best map to a scenario in which cultural
influence across all studies is at least moderate (comparing the 0.11 in the
lower right corner, with other values in that column). See Table 3 or an
overview of estimated statistical power across tests.

This simulation suggests that for the typical effect sizes, one encounters
in social psychology, ML2 was underpowered to detect all but the strongest
levels of cultural influence. Strikingly, the power to detect moderation in
which effects entirely disappear in countries dissimilar to the USA (strong
influence) ranged from 6% to a mere 44%, depending on which of ML2’s
chosen criteria one focuses on. For the heterogeneity analysis using the Q,
tau, andI2 measures16, results like those in ML2 are consistent with at least
moderate (or strong) levels of actual cultural influence.

Similarly to a 2-condition between-subjects experiment testing a
typical social psychology effect size (d = 0.35)withonly adozenparticipants,
Many Labs 2 may have had less than 8% power to detect heterogeneity for
many of its effects (power to detect d = 0.35 with 6 participants per condi-
tion = 0.08; power to detect moderate cultural heterogeneity, where effects
half attenuate, for d = 0.35, by tau criterion = 0.08).

Second, we investigated the effect of heterogeneity at a range of effect
sizes for the reference country, the USA. We ran 1000 simulations for
moderate (i.e., 0.5) and strong (1) levels of cultural influence, simulating a
single social psychological effect in each simulation, with each “true” effect
sizebeing selected fromauniformdistributionbetweend = 0.05 andd = 0.7.

This allowed us to infer power to detect heterogeneity (usingML2’s chosen
criteria) across different effect sizes, using sampling plans directly modeled
on ML2 itself.

Figure 3 shows that these simulations show that for all criteria for
detecting heterogeneity (Q, tau, I2, and ML2-WEIRDness moderation),
power to detect moderate cultural influence was poor for all but quite large
effect sizes.

This allowed us to infer power to detect heterogeneity (using ML2’s
chosen criteria) across different effect sizes, using sampling plans directly
modeled on ML2 itself.

Effective project-wide power to detect (cultural) heterogeneity
Our simulations – at the level of an entireML2project, withmultiple studies
nested within dozens of sites – show that it takes substantial levels of (cul-
tural) heterogeneity to consistently yield results comparable to those
observed in a study with a sample composition and size of ML2 (see Sup-
plementary Fig. 3). ML2 found that 39% of effects yielded Q-test effects
significant at the 0.001 level. This pattern of results wasmost consistentwith
very strong levels of heterogeneity, where effect sizes fully reversed in highly
dissimilar countries.Here,we simulate the results ofmanyML2 style studies
with fixed heterogeneity (in the previous section, we simulated a single
ML2 style study andmanyML2 style studies with heterogeneity conditional
on effect size).

By the criterion of tau >0.1, Many Labs 2 found that 32% of studies
had significant heterogeneity across settings. This pattern of results was
most consistent with moderate-to-strong cultural heterogeneity
(assuming culture is the only source of heterogeneity), where effect sizes
are attenuated by 50–100% in highly dissimilar countries. Slightly under
half of the studies (46%) exhibited heterogeneity in settings, as indexed
by I2 values whose lower bounds exceeded zero. This value was most
likely in our simulations when actual cultural heterogeneity was strong.
DemographicsIn the ML2 data, the average CFST distance from the
United States using participants as the unit of observation is 0.062; using
sample sites as the unit of observation, like in ML2, it is 0.055 (CFST
distance was collected in 2022). This is smaller than the cultural distance
between the United States and Germany (0.069).

The ML2 sample consisted of 15305 participants sampled from
125 sample sites across 36 countries. The ML2 researchers determined the
cultural background of participants based on the country a participant was
sampled from. Strikingly, though not noted by Klein et. al., the samples had
significant shares of migrants (e.g., international students) at some sites (up
to 61% in the UAE and 45% in Canada; see Supplementary Tables 7:8).
Figure 4 shows the constitution of birth countries for participants in the
different source countries. Strikingly, many participants from the US were
born in other countries, indicating the possibility of cultural variation hid-
den by the approach taken byML2. Overall, we observe 15.78%migrants in
the dataset. Supplementary Fig. 4 shows that determining the cultural
background based on the home country of the participants, would have
changed the constitution distribution of present countries.

The acronym-based operationalization of cultural difference reveals a
highly skewed distribution, in which the ML2-WEIRD sample sites were
culturally very similar. In contrast, the non-ML2-WEIRD samples had
larger variations. Figure 5a shows the distribution forML2-WEIRDness and
the applied mean split on the country level.

Table 2 | Relative and absolute frequencies of coding events in the 410 coded articles

Citation category: “Replicability” Citation category: “Moderation of
Replicability”

Citation category:
“Moderation by
Culture/WEIRD”

Citation category:
“Other”

Relative Frequency 0.67 0.16 0.12 0.20

Absolute Frequency 270 66 50 81

50 articles citedML2 referring to the cultural moderation analysis. As some papers cited Klein et al. 15 several times, theymight have had several coding events. For the relative and absolute frequencies, an
entry was counted if at least one of the coding events was in the respective category. This explains why the cumulative frequencies are larger than the total amount of coded papers.

Table 3 | The values in the table show the power of the
statistical tests used in ML2 to detect cultural influence for
different analytical approaches and levels of cultural influence

Level of cultural
influence

Q test tau I2 ML2-WEIRDness
moderation

None (0) 0.00 0.04 0.01 0.01

Moderate (0.5) 0.01 0.1 0.04 0.04

Strong (1) 0.06 0.44 0.32 0.28

Values Observed
in ML2

0.39 0.32 0.46 0.11

The last column, titled “ML2-WEIRDnessmoderation,” shows thepowerof themoderation analysis.
The last row shows the share of studies in which ML2 found significant levels of heterogeneity
across settings and different tests. The power to detect cultural heterogeneity with the ML2
WEIRDness scale ranges from 0 to 28%, depending on the simulated level of cultural influence. In
the ML2 study, the authors found 3/28 (11%) studies with significant moderation via ML2-
WEIRDness.
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Analysis
We report the main results of the re-analysis results in the main text, and
the full results of all robustness tests can be found in Supplementary Sec-
tion 2.3. In total, 14,096 participants were included in the Birth country
filtered analysis, 14,220 participants were included in the birth country
imputed analysis and 14,103 participants were included in the hometown
analysis.

We found a significant level of cultural moderation in two of the four
studies for which we predicted an effect because there is theoretical and
empirical evidence for cultural variation (pre-registered). We also found
evidence of cultural moderation in two other studies that did not have
previous evidence for cross-cultural variation. A summary of the main
results is presented in Table 4.

Analysis A. We hypothesized that the continuous CFST cultural distance
would be a stronger predictor of the effect size, compared to the ML2-
WEIRDness score. Supplementary Fig. 5 summarizes the results in a
Forest plot and shows that using CFST instead of the binary ML2-
WEIRDness variable only marginally increases the number of significant
effects. Overall, CFST consistently increases effect sizes for most effects
(especially those effects that replicated inML2; bolded in Supplementary
Fig. 5) but likely failed to reach the chosen significance level because of
constraints in statistical power. As per the simulation results above, the
resulting pattern can be interpreted as preliminary evidence that mod-
erate levels of cultural influence likely exist, but just replacing the binary
ML2-WEIRDness variable with CFST does not overcome the underlying
issues in statistical power. The full results of all variants of Analysis A are
presented in Supplementary Tables 9:11.

Analysis B. Analysis B1 shows a significant moderation of the CFST by
sample site for two effects, with only one of themhaving been successfully
replicated inML2 (see Supplementary Fig. 6). Analysis B2 shows no study
being significantly moderated by CFST by birth country (see Table 4).

Thus, the MLM regressions in Analysis B find less significant effects of
CFST than in Analysis A and the original analysis in ML2. There are
several possible explanations for this result, including the type of models
used or the relationship between cultural distance and the effect sizes not
being linear. Due to our inclusion criteria of having at least 36 observa-
tions (the minimum sample size at ML2), many birth country sites were
excluded from the analysis, which exacerbated the power issues. In total
1735 participants from 153 countries were excluded from analysis B2,
removing much cultural variation (36 countries were retained in the
analysis). We thus ended up with more sample locations than birth
countries, which prevented us from running a pre-registered robustness
check in which the sample sites of the individuals were included as a
random effect. The full results of all variants of Analysis B are presented
in Supplementary Tables 12:51.

Analysis C. Overall, we did not find any study with a consistently sig-
nificant effect for CFST in the matrix model (see Table 4). Similarly to
analysis B, this is likely explained by constraints in the power, as both
analyses use the same samples. The full results of all variants ofAnalysis C
are presented in Supplementary Tables 52:83.

Analysis D. For 2/4 studies with theorical and empirical evidence for
non-random cultural variation we found evidence of cultural variation in
Analysis A (see Supplementary Table 84). For 2/6 studies with possible
theorical and empirical evidence for non-random cultural variation we
evidence of cultural variation inAnalysis A. For 2/6 studies with theorical
evidence for non-random cultural variation we found evidence of cul-
tural variation in Analysis A. For 2/12 studies with possible theorical
evidence for non-random cultural variation we found evidence of cul-
tural variation in Analysis A. For Analysis B1 we found evidence of
cultural variation in 1 study with theorical and empirical evidence for
non-random cultural variation. For Analyses B2 and C we found no
studies with evidence of cultural variation. Our results suggest that

Fig. 3 | The power detect heterogeneity for typical
effect size and across different effect sizes. Fig-
ure A shows the Q test observed power across effect
sizes, Fig. B shows the tau ≥0.10 observed power
across effect sizes, Fig. C shows I2 observed power
across effect sizes and Fig. D shows the ML2-
WEIRDness moderation observed power across
effect sizes.
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Analyses B and C were not suitable to detect the moderating role of CFST
in the given setting.

Analysis E. Overall, we found that the migration status of participants
had a significantmoderation effect on the behavior in 12/23 of the studies
included in the analysis (see Supplementary Fig. 7). The results of this
exploratory, not pre-registered analysis cherry-picking one country
should not be considered as an overall test of whether migration status
matters but shows that classifying cultural background only based on the
country where data is collected may neglect some rich cultural variation.
The full results of all variants of Analysis E are presented in Supple-
mentary Tables 85:87.

Discussion
Here we synthesize the implications of the methodological problems, the
simulation approach to detect statistical power, and the pre-registered re-
analysis of ML2 to offer a set of guidelines and recommendations for more
theoretically motivated, high-powered multi-site investigations of cultural
differences in the future.

Literature search
While the relative share of articles that citeML2 for the cultural moderation
analysismayappear small (12%), the absolute frequency (50) shows that this
results from the large overall impact of theML2 paper in the literature. This
clearly shows that despite its exploratory nature, the conclusions drawn
from this analysis have affected the psychological literature. Additionally,
other research papers have directly adopted theML2-WEIRDness scale27,28.
Therefore, it isworth considering the appropriateness of this type of analysis
when investigating cultural variability.

Simulation
Our simulations show that for all criteria for detecting heterogeneity, power
to detect moderate cultural influence was poor for all but quite large effect
sizes. This combination of factors means that a multi-site investigation
would have quite low power for detecting cultural heterogeneity for com-
binations of effect sizes and cultural influence that are quite plausible in the
world (i.e., small-to-medium effects, with effect sizes largely attenuating in
dissimilar populations). Because power to detect heterogeneity varied as a
function of both the initial effect size and the degree of cultural influence –
both quantities that one might hope to assess in a ML2-style project – it
makes results from an ML2-style investigation difficult to interpret: is a
given null result on ameasure of heterogeneity reflective of an actual lack of
heterogeneity, or merely low power to detect whatever amount of hetero-
geneity is present?Our simulation results indicate that the second scenario is
plausible – a problem our later re-analysis also faces.

Our simulations show that, perhaps surprisingly, the observed rates of
heterogeneity in ML2 are less consistent with simulations containing little
actual heterogeneity andmore consistent with strong heterogeneity that has
not beenaccuratelymeasureddue to constrainedstatistical power.Observed
rates of heterogeneity like those observed in ML2 only emerge in our
simulations underconditions of very strongheterogeneity,where effect sizes
either fully attenuate or flip. The sampling and analyses of ML2 may have
given researchers only a small chance of detecting heterogeneity high
enough that true effect sizes entirely reverse from country to country.
Importantly, these findings do thus not imply potential issues in statistical
power for the analysis considering culture, but the heterogeneity tests more
broadly.

Despite all the limitations that apply to simulations in modeling real-
world settings, these simulations give us some pause in evaluating ML2’s
conclusions. Across thousands of simulations in which culture mattered in
degrees we could precisely control, analyses like those inML2 usually failed
to detect heterogeneity. Our findings suggest that like a 2-condition
between-subjects experiment testing a typical social psychology effect size

Fig. 4 | The constitution of sample countries was based on birth countries
as indicated by participants. Source countries are shown on the left, and
birth countries are on the right (A detailed overview including birth
countries with less than 5 participants can be found in Supplementary
Table 6).
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(d = 0.35) with only a dozen participants, Many Labs 2 might have had less
than8%power to detect heterogeneity formanyof its effects. Put differently,
any re-analysis of the data, including ours, will be similarly constrained in
statistical power. Our simulations suggest that themethods used inML2 are
severely underpowered and thus preclude solid inference about the genuine
degree of heterogeneity present.

Analysis
Overall, other than our investigation of differences between native and
migrant participants, our re-analysis did not change the substance of the
results inML2. Our chosenmeasure of cultural distance (CFST) consistently
increases effect sizes for most effects (especially those effects that replicated
inML2; for effects that this does not replicate, we would have less reason to
expect cultural moderation), but for many, it failed to reach the chosen
significance level, potentially because of the constraints in statistical power.
As per the simulation results above, the resulting pattern can be interpreted
aspreliminary evidence thatmoderate levels of cultural influence likely exist.
However, just replacing the binaryML2-WEIRDness variable with another
measure for cultural difference does not overcome the underlying issues in
statistical power. The re-analysis does, however, show convincing evidence
that the cultural variation in a given sample site ismuch larger if participants
within a (sample) country are not lumped into the same cultural bracket but,
for example, their migration history is respected when measuring cultural
background (e.g., not coding European international students at US uni-
versities as culturally American).

Limitations
Our pre-registered approach to improving the analytical protocol for
detecting the impact of cultural distance from the US showed limited evi-
dence that there may indeed be more cultural variance than detected in
ML2. Based on the results from the simulation, the findings could be con-
sistent with at leastmoderate levels of cultural influence in theML2 sample.

However, this re-analysis cannot provide a satisfactory solution to mea-
suring the moderating role of culture on replication success. That is, the re-
analysis merely addresses one small aspect of the project – an issue with the
analysis. The collected samples provide a comparably weak test of cross-
cultural universality in effects for the abovementioned issues. Therefore, any
analyses using these data are marred by the same serious design and sam-
pling issues, which means that they cannot be the best test of the degree to
which cultural differences matter for the selected psychological findings.
Therefore, any attempts to improve any aspect of the analyses are limited by
the range and structure of the data (e.g., identifying cultural background by
home country potentially neglects rich regional diversity) and may, there-
fore, do little to change the results. Statistical analysis is a tool, and the raw
materials one feeds a statistical model are at least as important as the
modeling choices employed.

A more principled approach to testing the moderating role of cultural
differences includes careful planning in both the design and analysis phases.
In this paper, we addressed some important considerations for multi-site
projects interested in culturalmoderation (see ref. 34 for further discussion)
and suggested practical ways to alleviate them. We hope that these above
chapters prove to be practical guidelines for future studies in this realm.
Nevertheless, improvements both at the design and the analysis stage are
needed. Based on our above reasoning and drawing on arguments made in
the literature, we suggest several points that need to be considered in the
different stages of such a project.

Culture may not moderate all aspects of psychology
The underlying theories should inform the selection of studies for a multi-
site project tested35. Similarly, we suggest that effects for replication
in a study testing the influenceof samplingdiversity shouldbe selectedbased
on theoretical predictions about whether we expect the effects to be mod-
erated by culture. For example, for some effects, we would not expect suc-
cessful replication across populations (e.g., North/South differences in

Fig. 5 | Frequency distribution for different mea-
sures of cultural differences. Figure A shows the
distribution ofML2-WEIRDness score inML2 (data
retrieved fromKlein et al.15 with cutoff for the binary
mean split at 0.7) on the sample level, based on the
source country. B Shows the distribution of CFST
values10 on the sample level, based on the source
country. C Shows CFST distribution on the partici-
pant level, based on the source country, andD shows
the CFST values on the participant level, based on the
birth country of participants. High values on the
ML2-WEIRDness score indicate comparably
“WEIRD” countries, while high values for CFST
indicate comparably “non-WEIRD” countries. As
an illustrative example, the cultural distance
between the United States and Germany is 0.069.
The histograms show the data for Slate 1. A complete
set of histograms, including data from Slate 2 can be
found in Supplementary Fig. 4.
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socioeconomic status would not be expected to replicate across countries
with different geographic patterns of wealth like Canada17). Other effects
may have clear theoretical or empirical evidence suggesting less hetero-
geneity across populations (e.g., despite differences in social norms between
countries, children tend to respond to some novel social norms across
several societies36). Not all aspects of human psychology/behavior are
equally likely to vary across populations9. To understand which effects may
and may not be moderated by culture, we must invest more effort into
developing better theories for human psychology and behavior.

Selecting sample sites based on predictions of meaningful cul-
tural differences
As a rule, authors should explicitly justify anddefendhow they selected their
populations and state which factors apart from culture are likely to vary
between those populations (e.g., wealth, climate, nutrition, geography,
education, recent events, etc.). When placed in a global perspective, overall,
there is scant cultural variability in the ML2 sample.

The strongest possible test of cultural variation of a particular
phenomenon would require sampling from populations known to vary
maximally on a theoretically relevant dimension37. Developing a theory a
priorimay not always be possible. Still, without a sound theory to explain
the source of cross-cultural variation, it is difficult to know the range of
cross-cultural psychological differences represented by these sites, and
this necessarily weakens any conclusions that can be drawn about any
particular effect’s cultural variability. Future tests of cultural moderation
should thus strongly consider grounding sample and effect selection in
theory.

Sample sites should be selected basedon aprediction aboutwhetherwe
would expect the cultural differences to produce significant psychological
differences. We appreciate that coordination and availability constrain
multi-site projects’ ability to selectively target sample-specific sample sites.
However, more statistical power in this setting does not necessarily require
samplingmorepeople fromwhere they are available. Still, it could alsomean
deliberately sampling at different sample sites chosen to reflect theoretical
expectations of relevant cultural differences. A more limited set of better,
more theory-driven samplesmay increase statistical power and thusprovide
a stronger test of cultural heterogeneity than a convenience sample. For
example, the current distribution of samples and participants in
ML2 suggests that the researchers could have greatly reduced the partici-
pants at US sample sites andmore evenly distributed sites between non-US
MajorityWorld countries without compromising statistical power. Indeed,
this approach might have ironically boosted statistical power to detect
heterogeneity across sites by reducing the degree to which USA data over-
whelmed whatever signal of heterogeneity was present. Put differently,
fewer but better samples could increase power. Future multi-site studies
interested in themoderating role of culture should thus focuson the cultural,
and not just geographical, variation of sampled participants.

Drawing on simulations to determine the required sample size
During the design stage, simulations can help to understand the required
sample size better, given the expected effect of cultural differences. We
provide the code to a simulation that models the characteristics of the ML2
environment, or more broadly, of a multi-site project investigating how
culture moderates behavior. Future studies can adapt this simulation to
investigate which design features of cross-population multi-site studies
(such as future Many Labs studies) would have the greatest power to detect
cross-cultural heterogeneity in effects. As far as we can tell,ML2 did not run
power simulations for theheterogeneity test, andour analyses indicate a lack
of statistical power todetect allmoderating effects of culture, even if theyhad
been present. The lack of discussion ofmoderation tests’ powermay suggest
that heterogeneity tests’ power was assumed to be high because the overall
power to detect main effects was high. We encourage researchers to reflect
more explicitly on the power of statistical tests that drive key inferences and
the statistical power of the main effects32.

Administering fewer studies per participant
The replication implementation featured a long list of studies presented
simultaneously (ML2 had 28 effects overall - 13 in Slate 1 and 15 in Slate 2).
The effectswere bundledand sequentially administered toparticipants in an
extensive protocol online and in the lab, an understandable choice given the
project’s scope.However, despite being randomized in order, assuming that
any context-specific task could produce noisy responses in such a setting is
reasonable. Exploring the effects of order provides only a partial solution
since different sequences may affect different individuals and populations,
resulting in greater measurement error. To estimate the reproducibility of
particular studies, they should endeavor to provide a strong test of those
effects by closely recreating the situation experienced by the original par-
ticipants.Havingparticipants participate in such a lengthy series of studies is
at oddswithhow the original studieswere conducted and is likely to result in
them being less engaged with the studies, ultimately providing a weaker
reproducibility test. Future studies may thus consider administering fewer
studies per participant.

Operationalization of cultural difference
Psychologists interested in addressing questions about cultural differences
need to familiar themselves with the growing field of cultural evolution e.g.
refs. 38,39,. The field offers both fresh conceptualizations of culture and a
variety of dynamic theories andhelpful frameworks. From the vantage point
of this field, the continuing tendency of psychologists to equate “country”
and “culture” is a relic of European nationalism, which should be discarded
immediately8–10.

Nevertheless, measuring culture and cultural differences is not easy.
Whatever conceptualization of culture is chosen, future studies should
ensure that cultural differences are conceptualized in a careful, theory-
driven approach. The ML2 approach to decompose the WEIRD back-
ronymmay seem practically plausible but is not informed by a theoretical
understanding of cultural variation. Other approaches to operationaliz-
ing measures of cultural differences via CFST

10, tightness and looseness30,
or individualistic and collectivistic cultures31 may provide better alter-
natives to capture population variability inductively and along con-
tinuous (rather than dichotomous) metrics. However, an important
point is to avoid conflating cultural differences with cross-national dif-
ferences. Some of the largest cultural differences are found when com-
paring state societies with non-state societies40. Culture is not just cross-
national and not necessarily linear. Still, it is embedded in intersecting
distributions of cultural traits within societies5,41–43, geographical
regions22, religious differences25, exposure to markets40,44, social
classes41,45, ethnicities46, kinship systems21 and political orientations47–49.
Alternative approaches, such as operationalizing cultural clusters by
online behavior50 should be considered.

Beyond WEIRD samples
Lastly, biased participant samples are only part of the WEIRD people
problem. Many fields of psychological and behavioral science are also
heavily biased towards WEIRD topics, WEIRD researchers, and WEIRD
institutions, which can further bias the types of questions researchers ask of
theirWEIRDsamples (for a further theoretical andmethodological critique,
see refs. 3,51).

Conclusion
Large-scale research efforts involving different research teams from around
the globe are a critical part of advancing the field of psychological science in
the future. They help address the replication crisis2 and theWEIRD people
problem8,9, but not necessarily the problem in theory5. We applaud the
authors of theMany Labs 2 study15, for their efforts to contribute to the field
with an ambitious research project that included participants living in 36
countries. Our admiration drives the critiques in this paper, and we hope it
will helpmotivate the theoretical andmethodological changesneeded to test
the moderating role of culture properly.
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Data availability
The data we used for analysis is secondary data that was kindly shared with
us by the authors of the Many Labs 2 study. The full dataset contains
personally identifiable information of participants and according to the
authors of ML215 cannot be publicly shared beyond what is available at
ML2’s repository (https://osf.io/ux3eh/)52. The intermediate andfinal results
of our analysis are available at https://doi.org/10.17605/OSF.IO/QRDXC53.

Code availability
We have shared our code at https://doi.org/10.17605/OSF.IO/QRDXC53.
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