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Science aspires to be cumulative. Reproducibility efforts strengthen science

by testing the reliability of published findings, promoting self-correction, and
informing policy-making'. Computational reproductions, whereby independent
researchers reproduce the results of published studies, are an essential diagnostic
tool*°, Such efforts should have greater visibility" . However, little social
science reproduction and robustness has been conducted at scale!®*3 Here we
reproduced original analyses and conducted robustness checks of 110 articles that
were published inleading economics and political science journals with mandatory
data and code sharing policies”*®, We found that more than 85% of published claims

were computationally reproducible. Inrobustness checks, our reanalyses showed
that 72% of statistically significant estimates remain significant and in the same
direction, and the median reproduced effect size is nearly the same as the originally
published effect size (thatis, 99% of the published effect size). Additionally,

6 independent research teams examined 12 pre-specified hypotheses about
determinants of robustness. Research teams with more experience found lower
levels of robustness, and robustness did not correlate with author characteristics

or dataavailability.

This projectisamega-reproduction, led by the Institute for Replication
(I4R), that evaluates the reproducibility and robustness of 110 published
studiesineconomics (79) and political science (31). Our focus is on stud-
ies published in 12 economics and political science journals between
2022 and 2023. Each of these journals has a data and code availability
policy that requires authors to publicly share their materials upon
publication, and most (but not all) also have a dedicated data editor.
This editor is responsible for enforcing the journal’s data and code
policy and conducting internal computational reproducibility checks
for accepted studies (Supplementary Information).

Not all studies from our targeted journals were chosen for repro-
ductionand robustness analysis, and our sampleis thus notarandom
representative sample of studies in economics and political science.
Our approachleads to an over-representation of studies that use pub-
licly available data’®. Another feature of our sampleis that the targeted
journals have a data availability policy and enforce it, in contrast to
many other journals in economics and political science. Our sample
should thus be viewed as highly selective in terms of both impact and
high data and code availability rates, and might present an optimistic
upper bound on reproducibility rates. In fact, nearly all papers in our
sample include replication packages with cleaned data and code to
reproduce the results of the paper, and about 30% of the papers also
provide the raw data and cleaning code used to generate the analytical
data (Extended DataFig. 1, levels 8-10).

This project relates to the broader reproducibility movement in psy-
chology, neuroscience and biomedicine, and distinguishes itself from
notable social science replication efforts along four key dimensions® 2.
First, we are mostly reproducing non-experimental studies using the
same data as the original authors. Second, we assess computational
reproducibility and test the robustness of estimates to alternative
specification choices. Because of the unique nature of the underly-
ing studies—largely non-experimental work that uses observational

data—we offer evidence about the general robustness of economics
and political science. Third, we concentrate on recent studies in eco-
nomics and political science. Finally, this is an ongoing initiative that
aims to expand across disciplines, with the goal of mass reproduction
of studies and reshaping of research norms at scale. This paper reports
findings from the first 110 reproductions.

Definitions

We follow the nomenclature established in ref. 27 and define a claim
to be ‘computationally reproducible’ if its results can be reproduced
using the dataand protocols from the original study. A claimis ‘robust’
ifthe results that supportthe claimare robust to alternative reasonable
analytical decisions on the same data. Finally, a claim is ‘replicable’ if
itsresults can be repeated using new data.

Teams and choice of study

The reproductions and replications in this project are generated in
one of two streams. First, 4R has aboard of editors who recommend
potential reproducers. Second, I14R held 11 events called replication
games (hereafter games)?. Games are one-day events that are open
tofaculty, postdocs, graduate students and other researchers. Partici-
pants are assigned to a small team of three to five other researchers
workingin the same subfield (for example, development economics).

Participating teams are offered a shortlist of studies (an average
of five) in their subfield of interest about three weeks before the
games. They are asked to select a paper as a team and familiarize
themselves with the data and codes publicly posted by the original
authors (the ‘replication package’) before the games. After the games,
teams submit a standardized reproduction report summarizing their
results.

A list of authors and their affiliations appears online. *e-mail: abrodeur@uottawa.ca
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Fig.1|Robustnessrate. Robustness rate for originally statistically significant
research (left) and originally statistically insignificant research (right) in the full
sample (red squares), the economics subsample (green circles) and the political
science subsample (blue triangles). Squares, circles and triangles represent
proportions, with 95% Clopper-Pearson confidence intervals presented as
whiskers. Each group of three estimates represents different types of reanalysis
that are non-mutually exclusive: all reanalysis, all types of reanalysis for all data,
alltypes of reanalysisineconomics and all types of reanalysis in political science;
changed controls, reanalyses that changed the control variables—for example,
by adding or redefining them; dependent variable, reanalyses that changed

the dependent variable—for example, by using a different standardization or

[4R emphasizes to reproducers that the goal is not to show that the
results are not reproducible. Instead, the goal is to test whether the
claims are reproducible and robust. This is key, as some reproducers
might engage in reverse specification searching (selective reporting
of insignificant results). I4R stresses the importance of reasonable
robustness checks and recoding®. Reanalyses are sensible tests of
the research question and are expected to be statistically valid and
theoretically informed.

We survey the reasons why teams selected their paper (Extended
DataFig.2):13.6% of teams were assigned a study (that is, they did not
choose which study to work on), about 45% of teams report ‘methods
used’ as the reason for selection, 36% of teams reported ‘because of
the journal of publication” and about 25% cited the ‘length of time to
reproduce results’.

Ifalarge portion of reproducers select papers based on the assump-
tionthat their findings are questionable, it could skew reproducibility
rates downwards, as such studies might be more prone to revealing
problematic outcomes. However, in this project, only a minimal frac-
tion of teamsindicated that they chose their paper because of ex ante
beliefs that mainresults are not replicable (3.6%). We found that select-
ingapaper duetothereproducers’beliefthat the paperisnotrobustis
inversely correlated with reproducer experience (p =-0.19, P<0.001).
Five per cent of teamsindicated that their choice was based on statisti-
cal power, sample size and trust of original authors.
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binarization; estimation method, reanalyses that changed the estimation
method—forexample, by adjusting amatching procedure; inference method,
reanalyses that changed the inference method—for example, the level on
whichstandard errorsare clustered; independent variable, reanalyses that
changed the mainindependent variable—for example, by taking into account
treatmentintensity; changed sample, reanalyses that changed the sample—for
example, by excluding outliers; changed weights, reanalyses that changed the
weights applied, or applied weights for the first time; (replication) new data,
reanalyses that use new data (replication), representing replicability rates for
reanalyses thatintroduced new data—for example, comparable outcomes from
more recent survey waves.

Data and computational reproducibility

We find a computational reproducibility rate of 85%. That is, when
provided with the original data and code, independent researchers
are able to reproduce the published results in economics and politi-
cal science studies 85% of the time using either the raw and analytical
dataor the analytical data when the raw datawere not provided. The
remaining 15% of cases involved studies with only partial availability
of code or data, or instances in which code did not run or produced
inconsistent results (Extended Data Fig. 1and Supplementary Infor-
mation). Fixing paths, missing packages and software requirements
were not considered failures of computational reproducibility. Inthose
instances, we fixed paths and added missing packages and software
requirements.

Our findings suggest high rates of —but far from perfectly—compu-
tationally reproducible results for leading journals. Our results are
in contrast with several studies that document low computational
reproducibility rates in economics>'*?2, This may in part reflect the
effectiveness of editorial policies in journals that have introduced data
editors and mandatory sharing of replication packages.

Toprovide context to these findings, we mapped dataand code avail-
abilityinall of our targetjournals between 2014 and 2023. As discussed
in the Supplementary Information, data and code-sharing practices
have markedly improved during this period. Replication folders were



attached to 59% of papersin 2014, and this increased to an apparently
stable value close to 90%in 2021-2023 (Extended Data Figs. 3-6). Addi-
tionally, for journals that introduced data editors during this period,
much of this improvement occurred during the first year following
this change.

Robustness

For robustness, we directly compare original point estimates to the
revised point estimates. This one-on-one comparison enables us to
assess the robustness of a specific hypothesis test, in addition to the
robustness of our entire sample. We thus examine several claims within
astudy and conduct robustness reproducibility and robustness for
multiple claims.

Reproducers are then free to conduct any robustness or recoding
exercises. They focus on the reproducibility of the claims and have
access to the replication package, enabling them to directly test the
robustness of the main results. This is a crucial advantage over the
traditional review process, as reproducers may uncover coding errors
and discrepancies between the paper and the provided code. They may
alsouncover coding decisions that were not discussed (or are difficult
tofind) in the article.

However, this flexibility also brings some disadvantages. As with the
role of reviewersin the journal review process, reproducers spend dif-
ferentamounts of time and effort on their respective replication. Some
reproducers are more experienced at coding, whereas others are more
familiar with methods, or are simply unable toimplement robustness
checks owing to alack of raw data (Extended Data Fig. 7). This means
that reproducibility efforts and type of reanalysis vary across teams.
Teams worked 13 + 24 (mean + s.d.) active days on the reproductions
and robustness, and reports were 19 + 14 (mean + s.d.) pages long.

Figure 1 (all reanalysis) shows a robustness rate of 72%. This result
means that when alternative analytical decisions were made on the
same data, 72% of originally statistically significant estimates (P< 0.05)
remained statistically significant (P < 0.05) in the original direction.

Wefind large differences by reanalysis type. The reanalysis type that
has the highest robustness rate (78%) is changing the independent
variablemeasure (examplesinclude log transformations and discretiza-
tion). The reanalysis type that has the lowest robustness rate (45%) is any
thatincludes changing the dependent variable measure (for example,
categorizing the variable or log transformation). When a replication
(addition of new data—for example, from more recent survey waves or
analternative source) is applied, the replication rate is 87%.

The average robustness rates are 71% and 78% for economics and
political science, respectively; the 6.7% difference between fields is
statistically significant (two-sample difference in proportionsz=-2.52,
P=0.012, n,=2,368, n,=327). The general pattern of the robustness
rates is similar between economics and political science (with the
exception of dependent variable and inference method, which were
not applied by any of the political science reanalyses). Focusing on
robustness rates for originally statistically insignificant findings, we
find arobustness rate of 89%.

Supplementary Table 1 shows shifts in statistical significance
between all significance regions. We find that 7.44% of reanalyses find
aneffect with the opposite valence or direction from the original result.
By contrast, of the 62.84% of original analyses that were statistically
significant, 70.5% remained significant and retained the same valence.
Of particular note is the 15.06% of reanalyses that exhibited a statisti-
callyinsignificant result for originally statistically significant analyses.

Figure 2 shows the distribution of test statistics for the original
point estimates and the reanalyses. We find that 53% of the originally
published test statistics are statistically significant (to the right of the
statistical significance threshold). By contrast, 43% of reanalyses are
statistically significant (above the statistical significance threshold
in the vertical axis histogram). The simple difference in proportions
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Fig.2|Statistical significance of publication and reanalysis. Top histogram,
distribution of publication tests of significance. t-statistics greater than 4 are
truncated for exposition. The bars of the histogram are of width 0.14, with
exactly 14 barsbetween O and the statistical threshold of t=1.96 (corresponding
to statistical significance at the 5% level). Right histogram, distribution

of reanalysis tests of significance. t-statistics greater than 4 are truncated
forexposition. Inthescatter plot, each marker is a pair of test statistics: an
originally published test statistic (horizontal value) and an associated reanalysis
teststatistic (vertical value). If the original and reanalysis test statistics were
identical, this scatterplot would follow the 45-degree line. As both axes
represent statistical significance, we have bifurcated themwithalineat£=1.96,
representing statistical significance at the 5% threshold. Blue circles indicate
originally statistically significant statistics that are also statistically significant
under reanalysis—this represents 50% of the sample. Red trianglesindicate
originally significant test statistics thatare nolonger statistically significant
under reanalysis—this represents 14% of the sample. Green squares indicate
originally statistically insignificant test statistics that remain insignificant
under reanalysis—this represents 27% of the sample. Purple diamondsindicate
originally statistically insignificant test statistics that become statistically
significant under reanalysis—this represents 3% of the sample. Not displayed
arethe 6% of test statistics thatrepresentadirection reversalbetween the
originally estimated effect and the effect estimated under reanalysis.

is statistically significant (difference 0f 10.4%, McNemar’s x> = 264.11,
P<0.001,n=4,750).

Theaverage originally published ¢-statisticis 1.797, whereas the aver-
age reanalysis ¢-statistic is 1.544. The difference between the paired
original study estimates and reanalysis estimates is statistically signifi-
cant (Wilcoxonsigned-rank testz=15.477, P<0.001, n=3151). Indeed,
we reject the null hypothesis of a two-sample Kolmogorov-Smirnov
test that the two distributions come from the same probability distribu-
tion (P<0.001). We also note the large increase in test statistic density
immediately after the statistical significance threshold (Extended
Data Figs. 8 and 9), which offers strong evidence of publication bias
in originally published research®*, By contrast, this increase at the
significance level threshold is missing from the vertical axis histogram
depicting the distribution of reanalyses.

When expressed as Pvalues, the average originally published Pvalue
is 0.167 whereas the average reanalysis Pvalue is 0.219; the difference
is statistically significant (Wilcoxon signed-rank test z=-16.007,
P<0.001,n=4,063).
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Fig.3|Robustnessrate determinants. Sixindependent teams answered

12 questions about the reanalysis database. Each bar represents a different
question: ‘Does reproducibility of an originally statistically significant result
dependon...’ (left); and ‘Does reproducibility of an originally statistically
insignificantresult depend on...” (right). Blue indicates the proportion of teams
thatindicated a negative and statistically significant relationship, in whichever

Inthis project, we conduct multiple reanalyses per original study, and
soitis possible that muchof the difference between original studies and
their reanalyses is driven or characterized by large changes in a small
subset of studies rather than indicative of more general shifts between
original and reanalysis. In fact, we find evidence of general shifts. The
proportion of original studies that have at least one statistically signifi-
cant result is 95.3%, whereas for the corresponding reanalyses this is
92.9% (difference of 2.4%, McNemar’s y*=1.00, P< 0.625,n=86). Only
3.6% of articles did not lose any statistical significance under replica-
tion, and the average replication lost statistical significance for 29%
of replication tests (median 0f22%). In only three original studies that
reported statistically significant results, the reanalysis found that all
test statistics were not statistically significant.

Determinants of robustness

This section examines what, if any, characteristics of the authors, repro-
ducers or the original articles are informative of the robustness rate.

Although this analysisis merely exploratory, this project applied both
pre-registration and many-analysts approaches®*¢. By pre-specifying
which research questions would be examined and averaging the
responses to those research questions over multiple independent
teams, the results here are guarded against specification searching
and confirmation bias.

About 110 co-authors were invited to participate regarding the
proposed determinants of robustness. We received answers from ten
individuals and formed six many-analysts teams. Each team answered
several research questions. The results are displayed in Fig. 3.

Theteams beganby analysing originally statistically significant results
and answering thefirst question: “Does reproducibility/replicability rate
depend onreproducers’ experience coding?” Specifically, most of the
teams estimated a negative coefficient in a regression with reproduc-
ibility as the dependent variable and a measure of their choosing for
reproducers’ experience as the primary independent variable—that

154 | Nature | Vol 652 | 2 April 2026

1
|
|
|
T T T T T
0.5 -1.0

T T

-0.5 0 0.5

Original P > 0.05

manner the team defined in their analysis. Grey indicates the proportion of
teams thatindicated astatistically insignificant relationship; left of the zero
lineindicates negative and right of the zerolineindicates positive. Red indicates
the proportion ofteams thatindicated a statistically significant and positive
relationship. Allteams were equally weighted. Exp., experience; prov., provided;
rep., replicator.

is, the relationship is far more likely to be negative than positive. We
interpret thisresult to mean that reproducers who are more experienced
(broadly defined, as each of the many analysts defined experienceinde-
pendently) are better able to detect non-robust resultsin their chosen
paper, similar to the notion of the ‘trained eye’ of a detective finding
subtle clues the untrained eye may miss at the scene. The remaining 11
pre-specified hypotheses that the analysts tested were whether repro-
ducibility is associated with: (2) reproducers’ experience in academia;
(3) the original authors’ experience in academia; (4) whether authors
have more (4a), similar (4b) or less (4c) experience than reproducers;
(5) whether authors have more (5a), similar (5b), or less (5¢) prestige
(theirinstitution, defined independently by the analysts) than reproduc-
ers; (6) whether raw datawere provided; (7) whether raw or intermedi-
ate datawere provided; and (8) whether cleaning code was provided.

Among results that were originally statistically significant, the first
hypothesis yielded the clearest finding: the more experience arepro-
ducer team had, the lower the robustness rate they found. Thus, one
plausible interpretation of our main results is that robustness in our
fullsample would probably have been lower if equally highly qualified
replicator teams had been assigned to each paper. However, according
to the results (‘Determinants of robustness’), the provision of raw or
intermediate data or the necessary cleaning codes does not seem to
affect the robustness of research.

When analysts examined these same 12 hypotheses for originally
statistically insignificant results, the relationships were far more likely
tobe positive than negative, but (asindicated by the proportionin grey)
the relationships were often not statistically significant.

Effectsize

Figure 4 displays publication and reanalysis effect sizes. Ineconomics
and political science, effect sizes are largely reported as regression
coefficients with units, whereasin other sciences, effect sizes are often
reported using more comparable measures such as Cohen’s d. Because
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Fig. 4 |Effectsize of publication and reanalysis. Top histogram, distribution
of originally published effect sizes standardized by the average effect size within
apublished article. Right histogram, distribution of reanalysis published effect
sizes standardized by the average effect size within a published article. Scatter
plot,each marker is a pair of effect sizes: the originally published effect size
(horizontal value) and an associated reanalysis effect size (horizontal value).
Ifan originally estimated and reanalysis effect size were of similar magnitude
(and direction), the markers would gather tightly around the 45-degree line
that passes throughthe origin. Blue circlesindicate effect sizes that are similar
(between50%t0200% of the original effect size) under reanalysis—this
represents 69% of the sample. Red diamondsindicate effect size estimates
thatswitch direction under reanalysis—this represents 6% of the sample.
Orange trianglesindicate effect size estimates that are 50% or less of the
original magnitude under reanalysis—this represents 9% of the sample. Purple
squaresindicate effect size estimates that are double or larger of the original
magnitude under reanalysis—this represents 16% of the sample.

raw effect sizes vary widely between original studies, each of the mark-
ersisstandardized by the within-article average published effect size
(forexample, estimated effects of 2,4 and 6 are standardized withina
publicationto 0.5,1.0 and 1.5).

Wefindthat, onaverage, the median effect size of areanalysis is equiv-
alenttothe published effect size (thatis, 99% the size of the published
effect) and the mean replicated effect is 9% larger than the original.
Extended DataFig. 10illustrates the distribution effect sizes of reanaly-
ses. Thisresultisinstark contrast to previous projects focused onrep-
lication with new datain psychology or social science experiments®2¢,
which uncovered replication rates ranging from 50% to 66%. Three
major differences between our project and these replication efforts are
that we focus on robustness as opposed to replication with new data,
we focus on recently published articles, and our sample is composed
mostly of non-experimental studies that utilize secondary data.

Coding errors and recoding

Wealsoinvestigated the prevalence of coding errors and discrepancies
betweenthe code and article. Computational reproducibility pertains
to the ability of the provided replication folder to reproduce the exhib-
its and statistics displayed in the research (that is, manuscripts and
appendices). Reproducers may be able to reproduce all exhibits exactly

as they appear (computationally reproducible), but the exhibits may
have been constructed with coding errors or discrepancies.

Except for minor inconveniences (such as missing packages or
broken pathways), we identify coding errors in approximately 25%
of the studies, with some studies containing multiple errors (Sup-
plementary Information). The prevalence of coding errors is larger
for economics (26%) than for political science (16%). Types of error
include defining the dependent variable, defining the main inde-
pendent variable, defining control variables and mis-specification
of the estimation, model, inference or sample. Although not all of
these coding errors affect the conclusions of the original studies,
we uncover several significant errors that warrant discussion. These
major errorsincludeinstances of duplicated observationsonalarge
scale, incomplete interaction in a difference-in-differences model,
mislabelling of the main treatment variable for a substantial number
of (or all) observations, and using different models or estimators from
the onesreportedinthearticle.

Itisimportant to note that this 25% figure is likely to underestimate
the true prevalence of coding errors. Reproducers may have missed
some errors, and many replication packages do not include raw data
or data-cleaning code, limiting the ability to detect additional issues.

A number of reproducers also recoded the analysis using different
statistical software. Out of 23 recoding exercises, we find major dif-
ferences for 3 studies and minor differences for 10 studies. Two of the
major differences were uncovered when using different software and
examiningthe code from the original study. Additionally, one team who
computationally reproduced the results using a different version of the
software used inthe original study uncovered noteworthy differences
in the magnitude and significance of the estimates (Supplementary
Information).

Communication with original authors

I4R shares completed reproduction reports with original authors
before public release?. Reports are typically reviewed by A. Brodeur
or another board member, mainly for tone and structure. I4R then
disseminates the report and any author response simultaneously
(afulllist of reportsis provided in the Supplementary Information).
Reproducers may revise their reports after receiving feedback from
original authors.

About 95% of contacted authors responded (including one case in
which an author was unreachable after leaving academia). Among
respondents, 11% provided only brief notes or indicated that they could
notrespond, 59% offered informal feedback, and 30% supplied aformal
response. For comparison, a previous study reported that around 25%
of authorsin their sample provided a formal response™.

Around two-thirds of reproducers indicated that interactions with
original authors improved their reports, often by clarifying variables
or procedures, supplying data or data-accessinstructions, or helping
to adjust tone. In one case, the original authors conducted additional
robustness checksin their non-publicfiles at the reproducers’ request.

Finally, we assess agreement between authors and reproducers.
Authors’ final responses were coded for whether disagreements
remained after mediation. Only 23% of articles showed any remain-
ing disagreement. Further details are presented in the Supplementary
Information.

Discussion

A substantial information asymmetry exists between authors and
the broader academic community, including reviewers and editors.
Reviewersrarely see the underlying dataand code and may be unaware
of crucial coding decisions, even as journals routinely request multiple
robustness checks. This limited visibility means that major errors or
inconsistencies can go undetected.
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Large-scale reproducibility initiatives offer a promising way to
address these challenges in the social sciences and beyond. Our pro-
jectprovides asystematic, scalable approachto evaluating reproduc-
ibility and robustness, with the goal of increasing transparency and
improving the credibility of published research. Although stronger
incentives to conduct reproducibility and robustness remain neces-
sary, we do not attempt to evaluate which specific incentives would
be most effective, as doing so would require speculation beyond
the scope of our data. Identifying the most effective incentives is an
important research question that we hope will be addressed in future
work.

Given the low prevalence of diagnostic replication in published
work®, the scale of this ongoing effort could shift research norms. By
encouraging more rigorous methodologies, deterring questionable
research practices and emphasizing collaboration, it may help place
greater weight on the reliability of results in publication decisions.

Althoughourjournal sampleis selective, the findings are encourag-
ing and suggest a high level of computational reproducibility. These
patterns—and the existence of alarge-scale, community-driven effort—
may strengthen trustin published results.

We also asked reproducers about the quality of the replication pack-
agesthat they examined. More than40% reported gaining a more opti-
mistic view of the discipline, whereas approximately 5% developed a
more negative opinion. This suggests that mass reproduction of studies
accompanied by replication packages can directly enhance researchers’
trustin scientific findings.

The success and scalability of this initiative have been driven by the
intrinsic motivation of participating researchers to support open sci-
ence andimprove their technical skills. By late 2025, 14R had organized
80 replication games involving more than 3,500 researchers, with
events held every other week. These efforts show that the skilled labour
needed for large-scale reproduction can emerge organically from an
engaged research community.

The project also has the potential to advance science and improve
equity. Publicly posting dataand code facilitates learning, speeds meth-
odological diffusion and enables independent verification. Reproduc-
ing analysesinopen-source software canalso help tolevel the playing
field for researchers who lack access to expensive licenses.

Our results have limitations. Only asmall number of economics and
political science journals currently require dataand code'”*®, and fewer
still check reproducibility®. Thus, our findings largely reflect leading
journals with strong data-sharing norms. Future research should assess
reproducibility more broadly by examining arandom sample of papers
fromjournals with and without data availability policies.

Online content

Anymethods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-026-10251-X.
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Methods

Our focusison12journals. The journals are the following for econom-
ics: American Economic Review, American Economic Review: Insights,
American Economic Journal: Applied Economics, American Economic
Journal: Economic Policy, American EconomicJournal: Macroeconomics,
The Economic Journal, Journal of Political Economy, Quarterly Journal
of Economics and Review of Economic Studies. For political science, the
journals are: American Journal of Political Science, American Political
Science Review and Journal of Politics.
We have two streams to generate reproductions.

Thel4Rboard

First, I4R has aboard of editors who recommend potential reproduc-
ers. Allboard members are nominated by the lead author, A. Brodeur,
who thenreaches out to the board for suggestions of reproducers who
could be agood fit for the studies in the targeted journals.

Replication games

Our second stream to generate reproductions and replications is the
replication games. Games are one-day meet-ups open to faculty, post-
docs, graduate students and other researchers. Participants join asmall
team of about three to fiveresearchers all working in the same subfield
(for example, development economics).

Types of reanalyses. We group reanalyses into eight groups: (1) alter-
native control variables; (2) change the sample; (3) change (coding of)
the dependent variable; (4) change (coding of) the mainindependent
variable; (5) change estimation method; (6) change inference method;
(7) change weighting scheme; and (8) replication using new data.

Robustness for figures. While the bulk of our analysis compares
coefficients and statistical significance from the original study and
the work of reproducers, many results in papers are also displayed in
figures. For those that are plots of coefficients (that is, event studies)
we encouraged reproducers to provide the underlying statistics used
to create the graph. This was often at the discretion of the reproduc-
ers: it could be taxing to write new code to compare and extract those
values.Inone example, the underlying programs which were written by
the original authors were too complicated to modify with robustness
checks. Excepting anecdotal examples, many teams found it feasible to
reproduce afigure as part of arobustness check or direct replication.
Inthose circumstances, we (A. Brodeur and D. Mikola) tried to subjec-
tively describe whether we believed the results were the same. This
was usually taken with the discussion of the reproducers and reading
the original paper. We find that 189 out of 263 figures (71.9%) display
the sameresult as the original paper and can be reasonably compared.

Non comparable reanalyses. As mentioned earlier, adirect compari-
sonisnot possible between the original analysis and the reproducers’
analysis for about 15% of reanalyses. In applied microeconomics and
politics papers, this may be owing to a change in the estimator or a
change in the scale of the dependent or main independent variable.
There are also scenarios where the original paper uses methods where
coefficient estimates and Pvalues are not the objective of the analysis.
This is apparent in a few empirical macroeconomics papers teams
looked at. A common ‘robustness check’ would be to adjust param-
etersthatenter amodel, possibly using accepted valuesinthefield or
estimated from an alternative dataset.

Eighty-two articles have atleast one non-comparable estimate. Only
asmall proportion (ten reanalyses) were not directly comparable for
allreported reanalysis estimates. For reanalyses that were not directly
comparable, wereport the proportion that reproducersindicated were
ofthe same statistical significance as the original and same valence or
direction. For our four definitions of reproducibility and replication

rates these are: when the original estimate is statistically significant
at the 5% level, 85% of those we considered not directly comparable
indicated their reanalysis was of the same significance (93% for the
10% level). When the original estimate was not statistically significant
at the 5% level, 88% of those we considered not directly comparable
indicated their reanalysis was of the same (non)significance (92% for
the10% level).

Study selection. Not all studies from our targeted journals have been
reproduced or replicated. Our approachleads to an over-representation
of studies using publicly available data. Another feature of our sample
isthat the targeted journals have a data availability policy and enforce
it. This is in contrast to many top journals in economics and political
science. Our sample should thus be viewed as very selected both in
terms ofimpact and high dataand code availability rates. In fact, app-
roximately 45% of replication packages in our sample included raw
dataand complete cleaning code. An additional 13.5% provided partial
cleaning code.

Journal policy. The American Journal of Political Science does not have
adata editor. Instead, computational reproducibility checks are car-
ried out by staff at the Odum Institute for Research in Social Science,
at the University of North Carolina, Chapel Hill. The journals that do
not conduct reproducibility checks are the American Political Science
Review, the Journal of Political Economy and the Quarterly Journal of
Economics. The other journals conduct computational reproducibility
checksinternally.

Dataeditors ensure thatreplication packagesinclude dataand codes,
and that the documentation (for example, areadme file) is complete.
In the event that the authors cannot share some or all the data, they
request thatinformation is provided on how other researchers could
obtainthe datasets. Their teamsalsorunthe codes and ensure that the
outputissimilartowhatisreportedinthearticle. They do notlook for
coding errors or runrobustness checks.

Many-analysts approach
Our approach and research questions, which we detail below, were
pre-registered. Our preanalysis plan was pre-registered at the Open
Science Framework (https://osf.io/8wsqx/). The preanalysis plan
was pre-registered prior to sharing the meta database with analysts.
The Supplementary Information contains more information on the
meta database.
The six analyst teams tackled the following eight questions:
1. Does reproducibility/replicability rate depend on replicators’
experience coding?
2. Does reproducibility/replicability rate depend on replicators’
academic experience?
3. Does reproducibility/replicability rate depend on the authors’
experience?
4. Doesreproducibility/replicability rate depend on the interaction of
theauthors’ experience andreplicators’ experience? In particular:

(a) Arereproducibility/replicability rate higher when authors’ expe-
rienceis high, and replicators’ experienceis low (in comparison
tosimilar levels)?

(b) Are reproducibility/replicability rate higher when authors’
experience and replicators’experienceis similar (incomparison
to dissimilar levels)?

(c) Arereproducibility/replicability rate higher when authors’ expe-
rienceis low, and replicators’ experience s high (in comparison
to similar levels)?

5. Doesreproducibility/replicability rate depend on the interaction
of the authors’ prestige and replicators’ prestige? In particular:

(a) Arereproducibility/replicability rate higher when authors” have
high prestige, and replicators’ experience have low prestige
(in comparison to similar levels)?
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(b) Are reproducibility/replicability rate higher when authors’
andreplicators’ prestige is similar (in comparison to dissimilar
levels)?

(c) Arereproducibility/replicability rate higher when authors’ have
low prestige, and replicators’ experience have high prestige
(in comparison to similar levels)?

6. Does reproducibility/replicability rate depend on the original
authors providing raw data?

7. Does reproducibility/replicability rate depend on the original
authors providing raw or intermediate data?

8. Does reproducibility/replicability rate depend on the original
authors providing cleaning code?

Data for analysts. Analysts were not given access to raw data (data-
base, team leader surveys and individual surveys). Rather, they were
given access to intermediate or analytical data that were cleaned and
merged in a manner that was consistent with their analysis. Giving
researchersadownstream dataset allowed A. Brodeur and D. Mikola to
placerestrictions on what the analysts could do. The clearest example
of this would be defining dependent variables that were not allowed
to be changed—providing a consistent definition between analysts.
Asking certainresearch questions alsorestricted the datagiventothe
analysts. These restrictions were donein ways so that any analysis done
would be more comparable.

Thebackbone of the data provided to analysts was the meta database,
towhich questions from the teamleader surveys and individual surveys
were added. Much of theinformation from the individual surveys was
aggregated to thereport level.

The data given to the analysts changed as reproduction reports,
team leader and individual surveys were completed. In total, we pro-
vided13 updated databases for analysts between 6 November 2023 and
12 February 2024. We did this to give analysts time to create scripts
which would work with partial datasets as we worked to gather reports
and surveys. This allowed analysts to expedite their analysis once the
full dataset was constructed.

The goal was to have each team answer each research question
independently. Each team received the same instructions and data.
We allowed full flexibility to all teams. Teams were allowed to use any
statistics package, statisticalmodel, inference, weighting scheme and
so on. Teams were free to choose the independent variables and how
to code them. Teams were also free to construct their own derived
variables from the dataset given to them.

We provided the four dependent variables and the database to all
teams. They were allowed to use any of the provided variables and new
data. Theonlyrestrictionimposed onteamsis that they needed to use
our four main dependent variables.

Team construction. We asked a subset of coauthors on this paper
(reproducers) if they would like to help to analyse our database. We
informed them that we would “have different teams independently
workingtogether at answering the same research questions (for exam-
ple, whatis the reproducibility/replicability rate for each specific type
of robustness checks/recoding).” The subset of coauthors who received
an invitation to volunteer were: (1) contacted between 21 September
and 8 October2023;and (2) had completed, or were near completion of,
theirreproduction report. We sent invitations (a simple sign-up form) in
anemail which also asked the reproducerstorespond to individual and
teamleader surveys which formed parts of our previous analysis. About
110 co-authors wereinvited between 21 September and 8 October. Ten
individuals ultimately signed-up as ‘many-analysts’.

In our request for volunteers, we asked volunteers if they: (1) had a
teamwho wanted to doresearch onthe project; (2) wanted tobe added
to ateam; or (3) wanted to work on the analysis alone. No one joined
as teams, most people wanted to be added to ateam, and the remain-
derwanted to work alone. For those that wanted to work together, we

assembled teams as best we could so they were close enough in time
zones. We had two teams of three, one team of two, and two individuals.
A.Brodeur and D.M. also acted as a team of two, yielding six teams in
total. No members of any teams left during the analysts phase.

Although the principalinvestigator (A. Brodeur) ultimately provided
each volunteer with a payment of 3,000 Canadian dollars, this com-
pensation was not disclosed or anticipated at the time they agreed to
participate.

Sample composition of the database. The database described above
provides 6,583 reanalysed test statistics from 103 reproduction reports
(sevenreports did notinclude robustness checks). The other test sta-
tistics are estimates obtained by recoding the analysis.

Supplementary Table 11 provides summary statistics for the full sam-
ple and by journal. In total, 83 reproduction reports were completed
through games compared with27 through the editorial board stream.
Seventy-nine reproduction reports are for the field of economics versus
31for political science.

There is no universally agreed upon criterion for reproduction. As
afirstcriterion, we follow much of the literature and define reproduc-
ibility as obtaining a statistically significant effectin the same direction
(positive or negative) as the original study. Throughout, we rely on four
main dependent variables:

« First dependent variable: dummy variable indicating whether the
reanalysis is statistically significant at 5% level and same valence. For
this dependent variable, we only keep original estimates statistically
significant at the 5% level.

Second dependent variable: dummy variable indicating whether the
reanalysisis statistically significant at 10% level and same valence. For
this dependent variable, we only keep original estimates statistically
significant at the 10% level.

Third dependent variable: dummy variable indicating whether the
reanalysis remains not statistically significant at 5% level. For this
dependent variable, we only keep original estimates statistically
insignificant at the 5% level.

Fourthdependent variable: dummy variable indicating whether the
reanalysis remains not statistically significant at 10% level. For this
dependent variable, we only keep original estimates statistically
insignificantat the 10% level.

The average number of reanalysed test statistics per article isabout
60.Thes.d.isvery high (73), with amaximum of 421. This is unsurpris-
ing given that some teams, for instance, focused most of their atten-
tion to (blindly) recoding using the raw data (either provided by the
authors or re-downloaded by the reproducers), whereas other teams
focused solely on conducting robustness checks for multiple central
hypotheses. As anillustrative example,imagine that an original article
has three main outcome variables and relies on two main specifica-
tions. If the reproducers conduct 5 different robustness checks for
each outcome variable and specification, then this would lead to 30
reanalysed test statistics.

As a robustness check, we deal with this issue by adjusting the
weight of each test statistics by the inverse number of such statisticsin
the reproduction report such that each reproduction report has the
same weight.

Supplementary Table 2 provides descriptive statistics. The articles
inoursample areallrecently published with arelatively small number
of Google Scholar citations (44 on average) as of the completion of a
reproductionreport. The original authors are more experienced than
reproducerswith 11years of experience (that s, years since completing
their PhD) against 3. Original authors have on average 4,269 Google
Scholar citations in comparison to 478 for reproducers. Those differ-
encesare mostly driven by the larger share of graduate students among
reproducers than for original authors (49% against 6%). There are about
2.6 original authors per article in comparison to 3.2 for reproducers.



About15% of reproducers have recently publishedinatop 5or one of the
three leading political science journals in our sample. Approximately
30% have published in those journals or in one of the other journals
inour sample.

Althoughreproducers have less academic experience than original
authors on average, their level of expertise as programmers is quite
advanced. About 10%, 48% and 33% of reproducers report that their
level of expertiseis ‘expert’, ‘proficient’ and ‘competent, respectively.
Moreover, about 55% of reproducers had already produced areplication
package for their own work or journal publication.

Computational reproducibility. We rely on the Social Science Repro-

duction Platform (SSRP) ten-point scale to document computational

reproducibility. This scale is useful, as it is standardized and offers
more details than a simple indicator for whether the results are com-
putationally reproducible (https://bitss.github.io/ACRE/assessment.
html#score provides more details on SSRP and this scale). Onthisscale,
arating of 1 signifies the incapacity to reproduce results due to the
absence of data or code, and a rating of 10 indicates the capability to
faithfully reproduce results from the raw data (unaltered files obtained
by the authors fromthe sources cited in the paper) to the final numeri-
calresults as published in the paper.

Thefollowingis adirect reproduction fromthe Guide for Accelerat-
ing Computational Reproducibility in the Social Sciences.

« Level 1 (L1): No data or code are available. Possible improvements
include adding: raw data, analysis data, cleaning code and analysis
code.

« Level 2 (L2): Code scripts are available (partial or complete), but no
data are available. Possible improvements include adding: raw data
and analysis data.

« Level 3 (L3): Analytic data and code are partially available, but raw
dataand cleaning code are missing. Possible improvementsinclude:
completing analysis data and/or code, adding raw data and adding
analysis code.
Level 4 (L4): Allanalytic datasets and analysis code are available, but
the code fails to run or produces results inconsistent with the paper
(notcomputationally reproducible from analytic data (CRA)). Possible
improvements include: debugging the analysis code or obtaining
raw data.
Level 5 (L5): Analytic datasets and analysis code are available and
they produce the same results as presented in the paper (CRA). The
reproducibility package may be improved by obtaining the original
raw data. Note: Thisis the highest level that most published research
papers canattain currently. Computational reproducibility from raw
dataisrequiredfor papersthatarereproducible at Level 6 and above.
Level 6 (L6): Cleaning code scripts are available (partial or complete),
but raw data are missing. Possible improvements include: adding
raw data.
Level 7 (L7): Cleaning codeis available and complete and raw dataare
partially available. Possible improvements: adding raw data.
Level 8 (L8): All the materials (raw data, analytic data, cleaning code
and analysis code) are available. However, the cleaning code fails to
run or produces different results from those presented in the paper
(not computationally reproducible from raw data (CRR)) or the
analysis code fails to run or produces results inconsistent with the
paper (not CRA). Possible improvements: debugging the cleaning
or analysis code.
Level 9 (L9): All the materials (raw data, analytic data, cleaning code
and analysis code) are available. The analysis code produces the
same output as presented in the paper (CRA). However, the cleaning
code fails to run or produces different results from those presented
in the paper (not CRR). Possible improvements: debugging the
cleaning code.

* Level10 (L10): All necessary materials are available and produce con-
sistent results with those presented in the paper. The reproduction

involves minimal effort and can be conducted starting from the ana-
lytic data (CRA) and the raw data (CRR). Note that level 10 is aspira-
tional and may be unattainable for most research published today.

Each team was asked to assign a reproducibility score on a scale of
one to ten to the paper reproduced. This involved documenting the
completeness of the data and code, and whether the materials produce
results consistent with those in the article. Their focus for computa-
tional reproducibility is only for the claims that they have investigated
rather than all exhibits in the article.

Theresults are presented in Extended Data Fig. 1. This figure shows
the variation across papers, with the highest concentration of scores
concentrated at levels 10 and 5. Indeed, over 85% (Levels 5 and 10) of
results examined in our sample were fully reproducible using either:
(1) the raw and analytical data, or; (2) the analytical data when the raw
data were not provided. Level 10 means that all necessary materials
are available and produce consistent results with those presented in
the paper. Level 5 means that analytic datasets and analysis code are
available, and they produce the same results as presented in the paper.
Inother words, level Sindicates that the reproducers successfully (com-
putationally) reproduced the numerical results using the analytical
data, but the raw data were not provided, whereas level 10 indicates
that the reproducers successfully (computationally) reproduced the
numerical results using the raw data and cleaning and analytical codes.

The remaining 15% includes studies for which analytic code and
data are partially available and studies for which some of the codes
(cleaning or analytic) fail to run or produce results inconsistent with
the paper. These findings suggest very high rates of computationally
reproducible results.

Our results are in stark contrast with several studies documenting
low computational reproducibility rates'***°, This is perhaps unsur-
prising given that most of the articlesin our sample were already com-
putationally reproduced by data editors. This highlights that the open
science movement has improved computational reproducibility of
research findingsin leading economics and political science journals.
Our approach is also different as we are targeting newer studies and
only articles for which (at least) analytical data were available to the
teams of reproducers. Amore comparable (and recent) study isref. 37,
which assess the reproducibility of nearly 500 articles published in the
journal Management Science. They find that more than 95% of articles
could be reproduced if data accessibility and software requirements
were not an obstacle for reproducers.

Recoding. We now turn to recoding exercises conducted by a subset of
teams. Those teams either recoded using a different software language
or used the same software without looking at the original authors’ code.
Intotal, 19 teams of reproducers engaged in computationally reproduc-
ingand checking for coding errors using a different statistical software
thanthe original authors. This may be due to reproducers being more
comfortableinanother software language or the availability of specific
commands (to run a robustness check). Five teams also recoded the
empirical analysis without looking at the authors’ code/programs.
Recoding in a different software opens up the ability for others to
benefitand understand the empirical foundations of published articles
inways that the original authors may not have been able to convey. For
instance, verifying reproducibility by translating it into R or Python
makes the study itself accessible to many more researchers.
Recoding also helps to assess the importance of differing assump-
tionsembedded within programming languages (for example, different
types of random number generations, rounding rules and numerical
precision). We categorized recoding exercises done by reproducersinto
three categories: (1) identical numerical results; (2) minor differences;
and (3) major differences. Minor differences involve small numerical
discrepancies between the authors’ estimates and those obtained by
thereproducers. Those differences do not lead toimportant changes
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in significance or magnitude. By contrast, major differences lead to
major differences in one or multiple claims.

Coding errors and discrepancies. We now turn to documenting the
prevalence of coding errors and discrepancies between the code and
the published article. Of note, a paper might be fully reproducible,
but the programs may contain coding errors. Similarly, there might be
important discrepancies between what the article states and what the
programs compute, while remaining computationally reproducible.

We do not document trivial coding errors such as versioning issues
and missing packages/paths. Those coding errors are typically easily
fixed by thereproducers. Weinstead focus on coding errors which could
have had animpact on claims and conclusions of articles.

We uncover minor or major coding errorsin 26 of the 110 studiesin
our sample, with some studies containing multiple errors. The errors
can be broadly categorized into errors of the dependent variable
(4 articles), mainindependent variable (5), control variables (10), esti-
mation (2), inference (2), sample/observations (8) and other (5). While
notall codingerrorslead to changesin the conclusions of the original
study, we uncovered several major coding errors worth discussing.
Some examples of major errorsinclude: averylarge number of dupli-
cated observations, failing to fully interact a difference-in-differences
regression specification, miscoding the treatment variable for alarge
number of (or all) observations, and clear model misspecification.

The prevalence of coding errors is larger for economics (26%) than
political science (16%). A plausible explanationis that replication pack-
ages from economic articles have more lines of code than those in
political science, mechanically increasing the likelihood of at least
one codingerror.

Wealso uncovered transcription issues for 13 studies, typically involv-
ing small numerical differences or rounding errors that do not affect
the claims or conclusions of the article.

Time trends in data and code availability. Todocument time trendsin
dataand code availability ineconomics and political science between
2014 and 2023, we randomly sampled 10 empirical articles per year for
eachofourl12targetjournals. We define an article as empirical ifit relies
on real or simulated data at any point in the text. Thus, a theoretical
article that is motivated with a descriptive analysis of labour market
trends, oran econometric paper showing properties of an estimator on
synthetic data would both be classified as empirical for the purposes
of our study.

Torandomly select papers, we proceeded as follows. First, we noted
the number of issues per journal per year. Second, we drew ten issues
(with replacement) for each year. Third, for each issue, we generated
arandom permutation of numbers between 1 and 35, giving us the
order in which papers from a given issue should be considered. So,
for example, if the first issue drawn was 4, and the first number in our
permutation sequence was 10, we would consider the tenth article in
thefourthissue for coding. We skipped an article and proceeded with
the next number in the permutation if the article in question: (1) was
not empirical; (2) was not a standard article (we excluded comments,
replies and corrections, retraction notices and editor notes, even if
they were empirical in nature); (3) was a duplicate that had already
been considered (forexample, issue number one, article number five,
was drawn twice in a row); or (4) did not exist (our chosen journals
typically publish around ten articles per issue, so higher numbers in
the permutation often went unused).

Inour coding we considered whether the journal website or the arti-
cle pdfcontainalink to areplication package, whether this packageis
accessible, and what the contents of the package are. We tracked the
availability of a readme file, cleaning and analytical code, and raw,
intermediate and final data. Note that our coding of code availability
isoptimisticinthe sense that we only note whether a particular type of
code exists; we did not verify its completeness or correctness. However,

whenauthors explicitly indicated that acode was incomplete, we noted
this information.

Of note, the American Economic Review: Insights only formally
became ajournal in 2019. For the previous five years, we did not col-
lect data for this journal, leading to ten fewer papers per year.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Thedataareavailable on Zenodo (https://zenodo.org/records/17792605
(ref. 41)) and OSF (https://osf.io/8wsqx/). See OSF for our preanalysis
plan.

Code availability

Codeis available on Zenodo (https://zenodo.org/records/17792605
(ref. 41)) and OSF (https://osf.io/8wsqx/).
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