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The replications started in January 2022 and were completed in  
October 2023. The replications were planned and preregistered by  
five replication teams: a team at CalTech, LMU and Wharton; a team  
at the Stockholm School of Economics; a team at the National Univer-
sity of Singapore; a team at the University of Amsterdam; and a team 
at the University of Innsbruck.

Participants in replication studies. All replications were carried out 
at Amazon Mechanical Turk as in the original studies. We ensured that 
participants could only participate once using the same account in a 
specific study. If the original study had not specified an HIT approval 
rate, we recruited participants with an HIT approval rate of at least 95%; 
if the original study had specified a higher approval rate, we applied 
the same requirement as used in the original study.

To ward off concerns about impaired data quality owing to 
low-attention participants and bots88–94, we implemented several 
‘quality filters’. Particularly, before redirecting participants to each 
study, we forwarded the IP addresses to https://www.ipqualityscore.
com/ for a quality check to minimize the chances of low-quality par-
ticipant data (we initially planned to use this filter ex post, but during 
the data collection of the first two replication studies of Klein and 
O’Brien73 and Halevy and Halali62, we decided to set it up so that the IP 
address quality check happened before participants got redirected to 
the study). Participants for whom one or more of the following was true 
could not proceed with participating in the study: fraud score ≥ 85; 
TOR = true; VPN = true; bot = true; abuse velocity = high. This means 
that, for example, participants were not allowed to use a virtual pri-
vate network (VPN) or Tor connections or participate if they had IP 
addresses that had recently engaged in automated bot activity (the 
VPN exclusions were made ex ante, that is, before participants were 
redirected to the study, for 4 studies and ex post for 22 studies). After 
that, in all replications, participants were first shown a Captcha and 
then provided informed consent. After this, we included an attention 
check that participants had to pass to proceed to the study (with the 
exception of Reeck et al.82; see Supplementary Section 4 for details). 
The attention check was implemented in addition to any other poten-
tial attention check(s) used in the original study. All these exclusions 
based on the ‘quality filters’ were preregistered, but the PAP did not 
specify if participants would be excluded before or after participat-
ing in the study.

The individual replication studies sometimes also used additional 
exclusion criteria that are detailed in the preregistered replication 
report for each replication (we tried to use the same exclusion criteria 
for the replications as used in the original studies as much as possible). 
The replication sample sizes defined below are the sample sizes after 
any exclusions of participants.

Replication sample sizes. The replications were carried out with 
high statistical power. Replication sample sizes were based on hav-
ing 90% power to detect 2/3 of the effect size reported in the original 
study (with the effect size converted to Cohen’s d to have a common 
standardized effect size measure across the original studies and the 
replication studies). See Supplementary Notes for more details about 
the power calculations and replication sample sizes. The criteria for 
replication were an effect in the same direction as the original study 
and a P value < 0.05 (in a two-sided test). In cases where this power 
estimation led to a sample size smaller than the original one, we used 
the same sample size as in the original study. The average replication 
sample (n ̅= 1,018) size was 3.5 times as large as the average sample size 
of the original studies (n̅ = 292). We continued the data collection for 
each replication until we reached at least the preregistered sample 
size after exclusions for that replication, and this led to slightly larger 
replication sample sizes than preregistered in all replications except 
one (as it is not possible with exclusion criteria to get an exact sample 
size as the number of exclusions is not known ex ante).

Conversion of effect sizes to Cohen’s d. We converted the effect sizes 
of all the original studies and all the replication studies to Cohen’s d to 
have a standardized effect size (the effect size in the original study was 
always assigned a positive sign; the effect size in the replication study 
was assigned a positive sign if the effect was in the same direction as in 
the original study and a negative sign if the effect was in the opposite 
direction of the original study). See Supplementary Notes for details 
about the conversion of effect sizes to Cohen’s d.

Replication reports. For each of the 41 studies, we prepared a 
pre-replication plan/report stating the hypothesis we had chosen from 
each paper and how we planned to proceed with the replication study. 
These reports were shared with the original authors for feedback, and at 
least one original author from each paper replied. These pre-replication 
reports were posted at OSF (https://osf.io/sejyp) at the same time as 
the PAP and before the start of the prediction survey (that preceded 
the decision markets and the replication data collections). For those 
studies that were selected for replication, we have updated the repli-
cation reports with the replication results after the replications were 
completed. After sharing them with the original authors for feedback, 
we have posted the updated replication reports at OSF as well (https://
osf.io/sejyp). In addition, we reached out to the original authors for 
their comments on the replication reports and results. We promised to 
make their comments available along with the replication reports, and 
any comments received can be found at https://osf.io/sejyp.

Incentivization in the replication experiments. We standardized pay-
ments across all replications such that studies had a certain show-up 
fee depending on the expected length of the study. In particular, we 
paid an hourly fee of USD 8.00 for all studies, and we calculated the 
show-up fee for each study based on the expected length of the study. 
For all studies, we implemented a minimum payoff of USD 1.00. For 
studies with incentive payments, we used the same incentive payment 
as in the original study, paid in addition to the show-up fee. If we faced 
problems in recruiting participants, we increased the show-up fee, 
which happened for two studies61,65.

Replication indicators
Statistical significance criterion (primary indicator). The first pri-
mary replication indicator was the statistical significance criterion—
that is, whether the replication resulted in an effect size in the same 
direction as the original study and a two-sided P value less than 0.05. 
Unless otherwise stated above, we used the same statistical test as in 
the original study. We report the replication rate (that is, the fraction of 
the 26 studies that replicated according to this criterion) and the 95% 
Clopper–Pearson CI of this fraction in ‘Results’. We also report the 95% 
CI of the replication effect size for each of the 26 replication studies in 
Fig. 2 and Supplementary Table 3.

Relative effect sizes (primary indicator). As a second primary replica-
tion indicator, we used relative effect sizes. Relative effect sizes were 
estimated in two different ways. We report the mean effect size of all 
26 replications and compare it to the mean effect size of the 26 original 
studies (see also primary hypothesis test 2 below). We furthermore 
estimate the relative effect size of each replication (the replication 
effect size divided by the original effect size) and estimate the mean of 
this variable for the 26 replication studies and the 95% CI of this mean 
(based on a one-sample t-test). We report both of these measures of 
the relative effect size separately for the replications that replicate 
and those that do not. These results are reported in ‘Results’, Fig. 3 and 
Supplementary Table 3.

Small-telescopes approach (secondary indicator). We also used 
the small-telescopes approach112. For this indicator, we estimated 
whether the replication effect size was significantly smaller (using a 
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one-sided test at the 5% level) than a ‘small effect’, defined as the effect 
size the original study would have had 33% power to detect. For studies 
using t-tests (or F-tests converted to a t-test statistic), we based ‘the 
small effect size’ on the effect size that a t-test had 33% power to detect  
(at the 5% level in a two-sided test); for studies using z-test statistics 
(or chi-square tests converted to a z-test statistic), we based ‘the small 
effect size’ on the effect size that a z-test had 33% power to detect 
(at the 5% level in a two-sided test). To test whether the replication 
effect size was significantly smaller than ‘the small effect size’ in a 
one-sided test at the 5% level, we estimated a 90% CI of the replica-
tion effect size. We tested if the 90% CI overlapped the small effect 
size with CIs constructed as described in Supplementary Notes. If the 
effect size in the replication was significantly smaller than this ‘small 
effect size’, the result was considered a failed replication; otherwise, 
it was considered successful. We report the fraction of studies that 
replicate according to this criterion and the 95% Clopper–Pearson 
CI of this fraction. The small-telescopes results are reported in Fig. 4  
and Supplementary Table 4.

Bayes factors (secondary indicators). We also compute the one-sided 
default Bayes factors on the replication data, allowing us to obtain 
the strength of evidence in favour of the hypothesis that stipulates 
an effect in the direction of the original experiment (where a default 
prior in terms of a truncated Cauchy distribution with scale 0.707 
was assigned to the size of the effect) versus the null hypothesis that 
stipulates the effect to be absent113. In addition, we also computed 
(one-sided) replication Bayes factors, which quantifies the additional 
evidence for the hypothesis given the evidence already provided by 
the original study114. (We are counting the one-sided default and rep-
lication as Bayes factors as two separate indicators, which they are.) 
These results are reported in Fig. 5 and Supplementary Table 4. We 
use the evidence categories proposed by Jeffreys115 to interpret the 
Bayes factors. A detailed report on the estimation of the Bayes factors 
is available at https://osf.io/47drs/.

Meta-analytic effect sizes (secondary indicator). We estimated the 
meta-analytic estimate of the effect size by combining the original 
result and the replication result in a fixed-effect meta-analysis. We 
report the fraction of the 26 studies that replicated according to the 
0.05 and the 0.005 significance threshold and the 95% Clopper–Pear-
son CI of these fractions. We also use the stricter 0.005 significance 
threshold as a replication indicator for the meta-analytic effect sizes 
because this is similar to observing two studies (an original study and a 
replication study) that are significant at the 0.05 level. We report these 
results in Results, Fig. 6 and Supplementary Table 4.

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

Data availability
The data reported in this paper are tabulated in Supplementary 
Tables 1–8. The replication reports (both the pre-replication and the post- 
replication versions), the pre-analysis plan, the data from the survey 
and the decision market, and the data for each of the 26 replications 
are available at the project’s OSF repository (https://osf.io/sk82q).

Code availability
The analysis scripts, generating all results, figures and tables reported 
in the main text and the Supplementary Information, are available at 
the project’s OSF repository (https://osf.io/sk82q).
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