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Investigating the reproducibility of the 
social and behavioural sciences

Published claims should be reproducible, yielding the same result when the same 
analysis is applied to the same data1,2. Here we assess reproducibility in a stratified 
random sample of 600 papers published from 2009 to 2018 in 62 journals spanning 
the social and behavioural sciences. The authors of 144 (24.0%, 95% confidence 
interval (CI) = 20.8–27.6%) papers made data available to assess reproducibility and, 
for 38 others, we obtained source data to reconstruct the dataset. We assessed 143 
out of the 182 available datasets and found that 76.6 (53.6%, 95% CI = 45.8–60.7%) 
papers were rated as precisely reproducible and 105.0 (73.5%, 95% CI = 66.4–80.0%) 
were rated as at least approximately reproducible (within 15% of the original effects 
or within 0.05 of original P values) after inverse weighting each of the 551 claims by 
the number of claims per paper. We observed higher reproducibility for papers from 
political science and economics compared with other fields, for more recent papers 
compared with older papers and for papers from journals that require data sharing. 
Implementation of measures to verify that research is reproducible is needed to 
support trustworthiness in the complex enterprise of knowledge production3,4.

Readers of quantitative research are sceptical of whether a research 
design justifies the authors’ conclusions, raising questions of whether 
the chosen measures are valid assessments of the constructs of inter-
est; whether the findings would be the same with a different analyti-
cal specification; and whether the findings will generalize to other 
circumstances. Scepticism identifies weaknesses, roots out errors 
and suggests alternative explanations to investigate. However, even 
sceptical readers will ordinarily assume that the quantitative analyses 
and outcomes are reported precisely.

Productive scholarly dialogue is difficult if readers of papers are left 
wondering whether the reported sample size is the same as the sample 
size in the dataset, whether the reported means reflect the actual means 
from the data or whether the reported model is the model that the 
authors used in their analysis. Ideally, readers should be able to assume 
that the described analysis, applied to the original data, consistently 
produces the reported outcomes. This Article investigates how close 
we are to this ideal.

Investigations in economics, finance, political science, cognitive 
science, psychology, social sciences, health, ecology and elsewhere 
suggest that reproducibility1,2, defined as observing the same results 
when applying the same analysis to the same data, cannot be taken 
for granted3–18. Irreproducible outcomes can occur because of coding 
mistakes, transcription errors or faulty record keeping, many of which 
are unintentional and all of which are unwelcome.

Investigations of reproducibility hinge on the accessibility of the 
data and often the analytical code, because descriptions of ana-
lytical methods may be incomplete or difficult to translate back to 
code10,19,20. We assessed the availability of author-provided data to 
enable an independent test of reproducibility. ‘Author-provided 
data’ refers to data that authors made available through a website, 
repository or direct correspondence by email. This could have been 
raw or source data, prepared or derived data, or a combination. Data 
availability rates of well below 50%, and sometimes in single digits, 
have been reported in the fields of biomedicine, cancer biology, 

ecology, business and economics, and across the social sciences more  
generally9,12,21–24.

As part of the DARPA-funded Systemizing Confidence in Open 
Research and Evidence (SCORE) program25, we conducted a systematic 
investigation of reproducibility in the social and behavioural sciences.

Data and code availability
We assessed data availability for 600 papers from a stratified random 
sample published from 2009 to 2018 in 62 journals across the social 
and behavioural sciences (Table 1 and Supplementary Table 4). For 
each paper, we searched for data collected or prepared by the original 
author(s) for the analyses reported in the paper. The author-provided 
data were considered available if they were publicly available or made 
accessible by the authors on request. We examined the paper’s main 
text and supplementary materials for the data and links to repositories, 
and we recorded whether authors explicitly stated that some or all of 
the original data sources were restricted or unable to be shared for 
ethical or legal reasons. Restricted data were counted as not available 
(13 cases observed, all from economics). We did not systematically 
document whether source data were available if the authors did not 
make them available themselves. We conducted a similar search for 
analytical code that implemented the analyses reported in the paper.

We obtained both data and code for 120 articles (20.0%, 95% CI =  
17.0–23.4%), just data for 24 (4.0%, 95% CI = 2.7–5.9%), just code for 26 
(4.3%, 95% CI = 3.0–6.3%) and neither for 430 (71.7%, 95% CI = 67.9–75.1%). 
Thus, data were available for 144 papers (24.0%, 95% CI = 20.8–27.6%) 
and unavailable for 456 papers (76.0%, 95% CI = 72.4–79.2%).

Data and code availability by year
Previous investigations suggest that data and code availability is higher 
for more recent papers—perhaps owing to poor archival practices that 
lead to data loss over time or to improvements in data sharing standards 
over time12,26. Our sample spans a 10-year time period of widespread 
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discussion of reproducibility and changes to journals’ reproducibil-
ity policies, offering a window for observing variation due to both of 
these factors. We replicated the association between year of publica-
tion and availability of data and code, with more recent papers having 

higher rates of sharing data, code or both (Fig. 1). This is also reflected 
in modest positive correlations between the year and the percent-
age of papers with data available (ρ = 0.16, 95% CI = 0.08–0.24), code 
available (ρ = 0.17, 95% CI = 0.09–0.24) or both available (ρ = 0.16, 95% 
CI = 0.08–0.24).

Conditional on data or code being available, we did not observe clear 
evidence of greater data and code availability for more recent papers. 
Overall, 120 out of 170 papers (70.6%, 95% CI = 63.3–76.9%) with either 
data or code available had both data and code available, and the cor-
relation with year of publication was ρ = 0.07 (95% CI = −0.08–0.22). In 
summary, considering papers for which some sharing occurred, the 
comprehensiveness of sharing was not significantly higher for more 
recent papers.

Data and code availability by field
Papers from the 62 included journals were aggregated into six field 
categories for expository purposes: business (including marketing, 
management and organizational behaviour), economics (including 
finance), education, political science (including public administration), 
psychology (including health) and sociology (including criminology). 
Figure 2 illustrates that political science (46 out of 85 papers, 54.1%, 
95% CI = 43.6–64.3%) and economics (38 out of 102 papers, 37.3%, 95% 
CI = 28.5–46.9%) had higher data availability rates compared with the 
other fields (combined: 14.5%, 95% CI = 11.5–18.3%), and education had 
the lowest (2.9%, 95% CI = 0.8–10.0%). The figure also illustrates that 
political science and economics have similar data availability rates, if 
the 13 cases of restricted data in economics are considered available, 
in principle. Extended Data Fig. 1 shows even higher data availability 
in political science (69.2%, 95% CI = 57.2–79.1%) and economics (48.6%, 
95% CI = 37.4–59.9%) after they are separated from public administra-
tion (5.0%, 95% CI = 0.3–23.6%) and finance (10.0%, 95% CI = 3.5–25.6%), 
respectively (Extended Data Figs. 2 and 3).

Assessing reproducibility
Whereas we evaluated data availability only at the paper level, reproduc-
ibility was also assessed for individual claims within papers. For most 
papers, we extracted and evaluated a single key claim but, for a subset 
of papers, we extracted multiple claims per paper27. In total, in 59 out of 
143 (41.3%) papers, more than 1 claim was assessed for reproducibility 
(mean claims per paper = 3.9, s.d. = 5.9, range = 1–37). In total, 551 claims 
from 143 papers were assessed for reproducibility.

The reproducibility of multiple claims within a paper is potentially 
statistically dependent, because they arise from the same project 
and authors. We assessed reproducibility at (1) the claim level and  
(2) the paper level by weighting claims-level data to the paper level  
(for example, if there were four claims in a paper, each was weighted 
to be equivalent to 0.25 observations) and clustering to account for 
interclass correlation among claims. As such, reproducibility for papers 
can be fractional based on the outcomes of claims within the same 
paper. We report paper-level outcomes in the main text and claim-level 
outcomes in Extended Data Figs. 4–6.

Representativeness
As assessing reproducibility requires access to data, which varies by 
field and time, the subset of papers tested for reproducibility may not 
be fully representative of the broader sample. Table 2 shows, by field, 
how representativeness shifted at successive stages of the research 
process27. The initial stages of selecting papers and identifying claims 
maintained representativeness by field (Supplementary Tables 3 and 5).

The primary determinant of inclusion in the reproducibility tests 
was successful acquisition of author-generated data (n = 144). We also 
included 38 papers for which author data were unavailable but source 
data were obtainable to reconstruct the datasets. Together, these con-
stitute the papers with source or author data available in Table 2.

Table 1 | The 62 journals included in the sample for selecting 
papers and claims

Business Education Psychology

Academy of Management 
Journal

American Educational 
Research Journal

Child Development

Journal of Business 
Research

Computers and 
Education

Clinical Psychological 
Science

Journal of Management Contemporary 
Educational Psychology

Cognition

Leadership Quarterly Educational Researcher European Journal of 
Personality

Management Science Exceptional Children Evolution and Human 
Behavior

Organization Science Journal of Educational 
Psychology

Journal of Applied 
Psychology

Journal of the Academy  
of Marketing Science

Learning and Instruction Journal of Consulting 
and Clinical Psychology

Journal of Consumer 
Research

Journal of Environmental 
Psychology

Journal of Marketing Journal of Experimental 
Psychology: General

Journal of Marketing 
Research

Journal of Experimental 
Social Psychology

Journal of Organizational 
Behavior

Journal of Personality 
and Social Psychology

Org. Behavior and Human 
Decision Processes

Psychological Science

Health Psychology

Psychological Medicine

Social Science and 
Medicine

Economics Political science Sociology

American Economic 
Journal: Applied 
Economics

American Journal of 
Political Science

American Journal of 
Sociology

American Economic 
Review

American Political 
Science Review

American Sociological 
Review

Econometrica British Journal of 
Political Science

Demography

Experimental Economics Comparative Political 
Studies

European Sociological 
Review

Journal of Finance Journal of Conflict 
Resolution

Journal of Marriage and 
Family

Journal of Financial 
Economics

Journal of Experimental 
Political Science

Social Forces

Journal of Labor 
Economics

World Politics Criminology

Journal of Political 
Economy

Journal of Public Admin. 
Research and Theory

Law and Human 
Behavior

Quarterly Journal of 
Economics

Public Administration 
Review

Review of Financial 
Studies

World Development

For primary reporting, economics and finance were combined as economics; sociology  
and criminology were combined as sociology; management, marketing and organizational 
behaviour were combined as business; psychology and health were combined as psychology;  
and political science and public administration were combined as political science. Outcomes 
are reported separately by subfield in the Supplementary Information.
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Relative to the broader sample, political science and economics 
became a larger share of the tested sample; sociology was largely 
unchanged; and the remaining fields decreased in share. At the claim 
level, economics accounts for a higher proportion because its papers 
contained more reanalysed claims per paper. An analogous assess-
ment of representativeness by publication year is shown in Supple-
mentary Table 3.

Observed reproducibility
Analysts were matched with data to reanalyse and followed a struc-
tured protocol. Reproducibility was investigated with three possi-
ble outcomes: precise reproducibility, approximate reproducibility 
and not reproduced. Precise reproducibility was achieved if all of the 
statistical outcomes of the reproduction were the same as originally 

reported. This could include, for example, the sample size, focal regres-
sion coefficient, test statistic, effect size and P value for a single claim. 
Approximate reproducibility was defined a priori as achieved if at least 
one statistical outcome was not precisely reproduced and all outcomes 
for a claim were reproduced within ±15% of what was originally reported 
and, for P values, a difference of no more than 0.05. If any of the statis
tical outcomes were neither precisely nor approximately reproduced, 
then the claim was coded as not reproduced.

Whereas 146 papers and 555 claims had at least one outcome repro-
duction attempt, 4 claims had none of our eligible statistical outcomes 
and were not counted for the quantitative assessment of reproduc-
ibility. Claims were reweighted to the paper level after we excluded 
these claims. As such, 143 papers comprising 551 claims were assessed 
for reproducibility. For five papers, an outcome reproduction attempt 
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Fig. 1 | Data and code availability by year of publication. Left, data and code availability as a percentage of papers. Right, raw counts of papers with author- 
provided data and code available and not available. Restricted data (purple) did not count as available data, but might be accessible in principle.
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Fig. 2 | Data and code availability by field. Left, data and code availability as a percentage of papers. Right, the raw counts of papers with data and code available 
and not available. Restricted data (purple) did not count as available data, but might be accessible in principle.
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began, but the analysts determined that the material that they had was 
not sufficient to assess reproducibility. This could occur if the provided 
data were incomplete or otherwise compromised for conducting a 
reproduction or if the provided code were not usable or adaptable. 
These were counted as reproducibility failures.

Of the 143 papers that were assessed, we observed approximate or 
precise reproducibility for 105.0 papers (73.5%, 95% CI = 66.4–80.0%) 
and precise reproducibility for 76.6 papers (53.6%, 95% CI = 45.8–60.7%).

Figure 3 shows the reproducibility results separately for differ-
ent circumstances of conducting the reproduction. When code and 
data were available, we attempted to execute the original code or 
adapt it if necessary. We observed approximate or precise reproduc-
ibility for 73.8 of the 81.2 papers (90.9%, 95% CI = 84.5–96.6%) and 
precise reproducibility for 62.7 of the 81.2 papers (77.2%, 95% CI =  
68.9–84.7%). For 52.4 (64.5%, 95% CI = 55.9–74.2%) of these papers, we 
were able to reproduce the findings with minimal effort other than 
executing the code on the data, a standard known as push-button  
reproducibility28.

When only data were available, we attempted to reproduce the find-
ings by generating new code following the analyses described in the 
paper. Of these, we observed approximate or precise reproducibility 
for 16.1 out of the 22.1 papers (72.9%, 95% CI = 54.2–88.2%) and precise 
reproducibility for 9.5 of the 22.1 papers (43.2%, 95% CI = 25.5–61.4%).

When author-provided data were unavailable, but source data were 
available, we attempted to reproduce the findings by preparing the 
data and generating new code. Of these, we observed approximate 
or precise reproducibility for 15.1 out of the 39.7 papers (38.1%, 95% 
CI = 24.0–53.3%) and precise reproducibility for 4.4 of the 39.7 papers 
(11.0%, 95% CI = 3.8–20.2%). In summary, reproducibility rates were 
comparatively high when data and code were both available, and com-
paratively low when we needed to reconstruct the data and code10.

In addition to the empirically defined reproducibility criteria, we 
asked analysts to provide their subjective assessment of whether 
they successfully reproduced each claim. This included papers and 
claims that did not have eligible statistical outcomes for our quanti-
tative evaluation. Excluding missing or undetermined cases, analysts 
reported successful reproductions of 83 out of 132 papers (62.9%, 95% 
CI = 54.4–70.6%) and 433 out of 535 claims (80.9%, 95% CI = 77.4–84.0%).

Reproducibility by year
Figure 4 presents reproducibility by year. The number of reproduc-
tion attempts per year is quite small. Considering only papers with 
an attempt, the prevalence of precise reproducibility (Spearman’s 
ρ = −0.051, 95% CI = −0.207–0.138) and the prevalence of approxi-
mate and precise reproducibility (Spearman’s ρ = −0.010, 95% CI =  
−0.204–0.211) were not significantly associated with time.

Table 2 | Number of papers at each stage of the selection process and number and percentage of papers and claims 
reproduced by field

Business Economics Education Political science Psychology Sociology Total

Papers with claims (n (%)) 591 (19.7) 520 (17.3) 342 (11.4) 424 (14.1) 727 (24.2) 396 (13.2) 3,000 (100)

Papers eligible for reproduction (n (%)) 119 (19.8) 102 (17.0) 69 (11.5) 85 (14.2) 146 (24.3) 79 (13.2) 600 (100)

Papers with multiple claims (n (%)) 38 (19.0) 33 (16.5) 23 (11.5) 32 (16.0) 49 (24.5) 25 (12.5) 200 (100)

Papers with single claim (n (%)) 81 (20.2) 69 (17.2) 46 (11.5) 53 (13.2) 97 (24.2) 54 (13.5) 400 (100)

Papers with source or author data 
available (n (%))

17 (9.3) 41 (22.5) 10 (5.5) 50 (27.5) 41 (22.5) 23 (12.6) 182 (100)

Papers with at least one claim 
reproduction started (n (%))

15 (9.1) 38 (23.0) 11 (6.7) 46 (27.9) 31 (18.8) 24 (14.5) 165 (100)

Papers with at least one claim 
reproduction completed (n (%))

14 (9.6) 31 (21.2) 9 (6.2) 43 (29.5) 28 (19.2) 21 (14.4) 146 (100)

Total reproductions of claims (n (%)) 46 (7.4) 171 (27.6) 23 (3.7) 199 (32.1) 121 (19.5) 60 (9.7) 620 (100)

Reproductions of unique claims (n (%)) 40 (7.2) 160 (28.8) 23 (4.1) 177 (31.9) 102 (18.4) 53 (9.5) 555 (100)
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available
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0 100

Counts
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Approximately
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Fig. 3 | Reproducibility by data and code availability. Reproducibility as a percentage of attempts (left) and reproducibility as counts (right).
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Reproducibility by field
Figure 5 presents reproducibility by field (Extended Data Figs. 7–10). 
Political science and economics had much higher rates of reproduc-
tion attempts than other fields owing to greater data availability. 
Considering only papers with a reproduction attempt, we observed 
approximate or precise reproducibility for 35.2 out of 41.9 (84.0%, 95% 
CI = 72.7–93.3%) political science papers and 23.9 out of 31.0 (77.2%, 95% 
CI = 63.6–90.2%) economics papers. We observed precise reproduc-
ibility for 27.6 out of 41.9 (65.9%, 95% CI = 51.7–79.3%) political science 
papers and 22.2 out of 31.0 (71.6%, 95% CI = 56.4–86.7%) economics 
papers. Combining the data across the other four fields, we observed 
approximate or precise reproducibility for 45.8 out of 70.0 (65.4%, 95% 
CI = 54.9–76.2%) papers and precise reproducibility for 26.7 out of 70.0 
(38.2%, 95% CI = 28.1–48.3%) papers.

Exploration of journal policies
We conducted a follow-up exploratory investigation of the relation-
ship between journal policies and reproducibility (Supplementary 
Fig. 11 and Supplementary Tables 6–13). Data availability was observed 
more consistently for papers published in journals that require data 
sharing (87.5%), data and code sharing (66.2%), or data and code shar-
ing and reproducibility checks (100.0%) than for papers published 
in journals with none of those policies (16.0%; χ2

3 = 100.3, P < 0.001). 
Conditional on attempting a reproduction, precise reproducibility 
was observed more frequently for papers published in journals that 
require data sharing (70.5%), data and code sharing (75.7%), or data 
and code sharing and reproducibility checks (65.0%) than for papers 
published in journals with none of those policies (40.7%), although the 
evidence was only suggestive (χ2

6 = 16.2, P = 0.013). Similar analyses at 
the claim level were consistent and statistically significant (χ2

6 = 46.3,  
P < 0.001). Analyses using an ordered logistic regression model at both 
the paper and claim levels suggested that the association between jour-
nal policy and reproducibility was primarily observed in distinguishing 
papers and claims that were not reproduced from papers and claims 
that were approximately and precisely reproduced.

The prevalence of journal policies requiring data sharing, code shar-
ing and reproducibility checks has increased over time (Fig. 6). Repro-
ducibility checks refer to the journal using an internal process to assess 
reproducibility before publication. In 2018, the last year of our sample 

of papers, 27.4% of journals had a data sharing requirement, 22.6% had a 
code sharing requirement and 3.2% conducted reproducibility checks. 
In total, 77.8% of journals from economics and political science in our 
sample and 6.8% of journals from other fields had at least one of these 
policies. As of mid-2025, rates had increased to 51.6% of journals having 
a data sharing requirement, 46.8% having a code sharing requirement 
and 19.4% conducting reproducibility checks. In total, 94.4% of journals 
from economics and political science and 43.2% of journals from other 
fields had at least one of the policies.

Discussion
A basic assumption of quantitative research is that repeating the same 
analysis on the same data will produce the same result as the original 
report; that is to say, that the reported result is reproducible. The most 
substantial barrier to observing reproducibility in our sample of social 
and behavioural science papers was the unavailability of author data, 
preventing reproduction attempts. When reproductions could be 
attempted, availability of data and code was associated with greater 
but imperfect reproducibility compared with only data availability. 
Attempting to reproduce findings from source data had a lower success 
rate. Political science and economics papers were more likely to have 
data available and reproduce successfully than those in other fields, and 
exploratory evidence introduces the hypothesis that this could be due 
partly to the presence of journal policies requiring the sharing of data or 
code or reproducibility checks before publication. Looking forward, 
the proportion of journals requiring adherence to these policies has 
increased since 2018—the year in which the most recent papers in our 
sample were published. These findings provide several insights about 
reproducibility in the social and behavioural sciences.

Data availability
A lack of data availability does not mean that the outcomes cannot be 
trusted. It is possible that the results would be perfectly reproducible 
if the data were available. The primary consequence of this is uncer-
tainty: readers do not know whether the results are reported precisely.

Our criterion was the availability of author-provided data for con-
ducting the analyses reported in the paper. It is likely that more data 
and code could have been accessed if we had adopted more asser-
tive methods to obtain it. This includes pursuing restricted data that 
are ostensibly available by meeting the requirements to gain access.  
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For example, data-use agreements for confidential data have been 
used at AEA journals for verifying reproducibility29.

We could have relaxed the definition of what counted as data avail-
ability beyond author-provided datasets, such as including occa-
sions for which source data could be found and obtained, although 
we observed much less reproducibility in such cases. There are often 
several data-management steps between source data (or raw data) 
and a dataset that is prepared for inferential analyses (or processed 
data) that will be reported in the paper. Sometimes these steps are 
represented in available analytical code, and sometimes they are not. 
There may be a trade-off between data availability standards and 
reproducibility. Greater leniency on what counts as sufficient data 
sharing may be associated with greater failures in reproducing the 
outcomes. More complete and precise documentation of the data 
preparation and analysis pipeline improves transparency and, possibly,  
reproducibility20.

The estimated reproducibility differs considerably depending on 
whether papers with no data available are included or ignored—for 
example, 17.6% versus 73% for approximate or precise reproducibility. 
Which is a more appropriate reproducibility estimate depends on one’s 
perspective. If the question of interest is whether the outcomes can be 
verified, then the low estimate reflects the percentage of outcomes 
that we were able to reproduce independently given the amount of 
effort we invested in gaining access to data and conducting reanalysis. 
If the question of interest is whether outcomes are reported precisely 
in papers, then the higher reproducibility estimate might be closer to 
reality. Presumably, some of the papers with unavailable data would 
have reproduced successfully if the data could have been obtained.

Reproducibility failures
A reproducibility failure does not mean that the finding is wrong.  
A reproducibility test can fail because the data used are not identical 
to the original data; the code or computational environment used to 
execute the code used is not aligned with the original analysis; the 
reproduction analyst makes an error or did not spend enough time 
troubleshooting; or the original description of the data preparation 
and analysis was incomplete or inaccurate. If those are the sole rea-
sons why the reproduction test failed, then the original outcome may 
have been reported precisely despite the independent failure to repro-
duce them. Previous evidence suggests imperfect consistency across 

reproducibility analysts, and perhaps more so when working from 
source data rather than author-provided datasets, suggesting that this 
has a meaningful role9,30. Even so, a failure in this context creates unde-
sirable uncertainty regarding the credibility of the original outcomes.

We also observed a sizable number of approximately correct repro-
ductions. We defined approximately correct statistically—within 15% 
of the original effects or within 0.05 of the P value. Previous investi-
gations in which several analysts investigate the same question with 
the same data have found substantial variation in data preparation 
and analysis decisions that may not be reported clearly31–33. Without 
code provided, reproduction attempts may involve making reasonable 
inferences about how the data were prepared and analysed based on 
what is written in the paper. Furthermore, even when code is available, 
other research suggests that reproducibility is higher when researchers 
have better coding skills, investigate simpler research questions and 
have simpler code9. With code provided, reproduction attempts may 
vary in complexity, increasing the odds of approximate rather than 
precise success. As such, even though all findings should be precisely 
reproducible in principle, there are practical challenges in conduct-
ing reproductions that may reduce precision without indicting the 
original finding34.

Reproducibility successes
Reproducibility success does not mean that the finding is correct. 
Reproducibility means that the results are reported precisely. Precisely 
reported results can be wrong because the analysis strategy is invalid, 
there are coding errors in the data, the research design is confounded, 
the result is not robust to reasonable alternative analytical decisions or 
the researcher selectively reported positive results from many analyses, 
inflating the likelihood of exaggerated findings35–39. Reproducibility is 
a baseline assessment of credibility for quantitative findings40.

Differences across fields
Papers from political science and economics were more likely to have 
data available and achieve reproducibility compared with papers from 
other fields. A follow-up exploratory investigation suggested an asso-
ciation between reproducibility success and journal policies requiring 
data sharing, code sharing and reproducibility checks. Economics and 
political science journals were more likely to have such policies. More
over, transparency policies have become more popular over time across 
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our sample of social and behavioural science journals. If transparency 
policies have a causal impact on reproducibility, then reproducibility 
success may be higher in a replication with the same journals using a 
more recent sample of papers. Future investigations into the causes 
of reproducibility could also assess the role of social norms, training, 
tools used in data preparation and analysis, and potential variation 
across research methodologies. There could be interactions between 
causes. For example, a transparency policy could cause an increase in 
data availability and a decrease in reproducibility if implementing the 
policy is highly burdensome: available data and code might be unusable 
by independent researchers, thereby harming reproducibility attempts.

Constraints on generalizability
We conducted reproducibility tests on a stratified sample of papers 
published from 2009 to 2018 from 62 journals in the social and behav-
ioural sciences. Included papers had to have a quantitative outcome 
associated with a primary claim in the abstract of the paper. Selection 
of the 62 journals followed a principled approach that was applied 
consistently across disciplinary boundaries. Nevertheless, the overall 
and field-specific rates may differ with a different sample of journals. 
Likewise, the exploratory findings that reproducibility rates vary by 
time and transparency policies imply that the observed outcomes 
may be different during other time periods. The papers subjected to 
data and code availability assessment remained representative of the 
sample, but we did not attempt to access a small number of datasets 
that were reported as restricted but could, in principle, be obtained. The 
papers subjected to reproducibility assessment were skewed because a 
test could be conducted only if data were available. The extent to which 
this affects the generalizability is unknown. In every field for which a 
reproducibility study has been conducted, both data availability and 
reproducibility have fallen short of perfection3,7,11,21. Given that not 
all papers could be assessed for reproducibility, our reproducibility 
estimate may not generalize to our full sample or to the social and 
behavioural sciences generally. Even so, this evidence does suggest 
that reproducibility practices can improve in all fields investigated.

Limitations to data accessibility
Even if all findings are reported precisely, there are occasions in which 
reproducibility will not be easily verified because of barriers to data 
access (for example, a study on the role of method provenance in 
responsible FAIR reuse)41. Principal challenges recognized in open 
science policies and principles are privacy and proprietary data con-
cerns42. In this project, we considered only data made available directly. 

Some data cannot be publicly shared because they contain personally 
identifiable or other sensitive information, or are proprietary data 
belonging to a firm or other private entity. There are a variety of solu-
tions available to advance confidence in reproducibility even under 
these circumstances, although sometimes with substantial cost43,44. For 
example, some datasets can be anonymized to be publicly shareable for 
the purposes of demonstrating reproducibility of key findings45. Other 
datasets may not be anonymized, but can be archived and reanalysed 
under protected conditions through a variety of data centres with 
appropriate security and ethical oversight46. For proprietary data, 
authors can describe the process by which they obtained permission 
to use the data so that an independent researcher could follow the 
same steps for verification purposes. In some cases, the raw data may 
not be shareable, but the code and derived data could at least enable 
verification of the analysis and reporting workflow. Synthetic datasets 
can be created that reproduce the statistical outcomes without violat-
ing confidentiality concerns47–49. These solutions demonstrate that 
the aims of open science and security are not inevitably in opposition. 
Innovative approaches to data access can maintain proper controls 
for privacy and security and still provide pathways to accessibility and 
confidence in reproducibility.

Conclusion
Even the most experienced researchers will make errors in data man-
agement, analysis, recordkeeping and transcription. Implementing 
measures to verify that research is reproducible is not a statement that 
researchers are untrustworthy, but a recognition that high standards for 
quality control are needed because even the most diligent researchers 
will sometimes be unable to detect and correct mistakes.

A credo of the open scholarship movement is “as open as possible, as 
closed as necessary”50,51. Transparency and sharing enable independent 
observers to interrogate and verify the basis of research claims. Limita-
tions in transparency and sharing may be inevitable in some cases, and 
deliberate efforts to maximize verifiability in those circumstances will 
benefit the trustworthiness of the research. Reproducibility failures 
add unnecessary uncertainty to the complex enterprise of knowledge 
production.
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Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions 
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Methods

We examined whether author data were available so that a reproduc-
tion could be attempted, and reproducibility was assessed on the basis 
of whether the same outcomes as reported originally were observed 
after conducting the same analysis on the same data.

This reproduction project was part of the DARPA SCORE program to 
generate and evaluate automated measures of confidence in research 
claims25. Evidence for reproducibility (same analysis, same data) was 
gathered as a secondary criterion of credibility for the program. Human 
and machine methods were evaluated on their assessments of replica-
bility (same question, new data)27,52. Data, materials, code and other 
outputs from the program that can be shared without violating privacy 
or intellectual property restrictions are organized and publicly acces-
sible for evaluation and re-use. This section summarizes the methods 
of sampling, conducting the reproducibility assessments, aggregating 
the data across reproducibility assessments and evaluating reproduc-
tion outcomes. Further details of these methods are provided in Sup-
plementary Tables 1 and 2.

Sampling and selection of claims
Research claims were identified using a systematic selection process 
to reduce selection effects and to enhance generalizability to quantita-
tive social and behavioural research. The project started with a sample 
of 3,000 papers selected by stratified random sampling of a larger 
set of papers to ensure representativeness across the 62 journals and 
publication dates from 2009 to 2018. The time period was defined as 
the 10 years before the project onset, and the journals were selected 
through an informal review and nomination process among authors 
of this paper and other researchers. We selected journals that were 
well regarded, published quantitative research, published a sufficient 
volume of papers during the time period, and collectively represented 
the diversity of fields and quantitative approaches in the social and 
behavioural sciences.

Within each selected journal, we aimed to extract a single claim from 
each of five papers per year across the 10-year sampling frame, produc-
ing approximately 50 claims per journal depending on the availability 
of eligible papers. Each paper was reviewed by a trained coder who 
assessed whether the paper was eligible for SCORE. Eligible papers 
reported at least one inferential test using human or social data and 
reported a statistically significant test result that supported a claim 
made in the paper’s abstract52. Journals with papers that did not pro-
duce an eligible claim in the given year were resampled from the same 
journal and year until five claims were extracted, or there were no more 
eligible papers. This process yielded 3,000 claims from 3,000 papers 
across the sample.

From the pool of 3,000 papers, 600 were randomly selected as the 
papers eligible for conducting reproduction attempts with a similar 
stratified random sampling process to maintain representativeness. 
Within this pool of 600 papers, 200 were non-randomly sampled for 
additional coding. In this subset, we extracted all of the main claims 
regardless of evidence type (that is, including non-inferential and 
non-significant evidence). These papers were selected because it 
appeared likely that we could attempt replications and reproduc-
tions of their findings based on feasibility and likely availability of 
relevant materials, with some adjustments made for representative-
ness (see ref. 27 for details on the sampling and selection process). 
Other papers and data were gathered during the SCORE program, but 
they did not include reproduction attempts and are not discussed in  
this paper.

Data and code availability
We assessed data and code availability for all 600 papers in our stratified 
random sample. We coded contextual information about the search for 
data and code sharing, such as where it was found, whether it was linked 

to or referenced from within the article, and whether the paper stated 
that the data were restricted. Coders first carried out a brief review of 
the paper looking for links or references to supplemental materials 
that included data or code. If either data or code were not located from 
the paper, coders searched for publicly available materials online, 
checking online sources such as the website of the publisher or jour-
nal where the paper was published, common online repositories, and 
personal or laboratory websites of authors. If either data or code were 
not found, then we emailed the corresponding author and requested 
the missing content. Retrieved or shared data and code were added to 
a private OSF project for that paper in preparation for reproducibility  
assessment.

Reproducibility assessment
In total, 191 papers were eligible for reproduction attempts because 
we had both author data and code, only author data or source data 
that could be reconstructed to recreate author data. Of these, 143 
papers were assessed for reproducibility. Here, random sampling is 
lost because selection for reproducibility assessment depends on data 
availability.

Papers were made available for analyst collaborators to conduct a 
reproduction attempt. Analysts agreed to attempt reproductions on the 
basis of factors such as familiarity with the methods, analytical software 
and topical area. Reproduction teams preregistered the inference crite-
ria for judging success. Reproductions conducted during the first half of 
the program, without the author code, also preregistered their analysis 
plans. These plans were put through a peer-review process managed by 
an independent editor; otherwise, the preregistration documents were 
reviewed internally by the project coordinators. Approved preregistra-
tions were registered on the OSF before the reproduction attempts were 
conducted. For reproductions conducted during the second half of 
the program, we eliminated the preregistration and review of analysis 
plans and added a transparency report of the reproduction process.

Completed reproduction reports went through an internal quality 
control review. Data, materials and code were archived on the OSF and 
made openly available to the maximum extent allowed without violat-
ing the privacy of the participants or intellectual property licences for 
any original content.

Data aggregation
Occasionally (n = 61 claims from 49 papers), more than one analyst team 
conducted a reproduction of the same claim. For reporting purposes, 
we filtered multiple reproductions through a sequence of decision 
rules to arrive at a singular outcome for reproducibility. The decision 
rules were maximally generous to achieving reproducibility. First, we 
selected whichever reproduction attempt produced outcomes clos-
est to the original, using the reproducibility thresholds of precisely, 
approximately and not reproduced (n = 21 claims). Second, if multiple 
attempts produced equally close results, we selected the attempt that 
relied most heavily on the authors’ materials (n = 11 claims). Third, if 
multiple attempts produced equally close results with the same mate-
rials, then we selected the attempt that was part of a reproduction of 
multiple claims in the same paper (n = 23 claims). Finally, if there were 
multiple reproductions meeting the prior criterion, then we selected 
randomly among them (n = 6 claims).

Data analysis and inference
Presented statistics are mostly descriptive statistics and precision 
estimates, using two-tailed 95% CIs. Code used to generate each statis-
tic reported in this paper is provided in the data and code repository 
(https://doi.org/10.17605/osf.io/ed8pj). Unless otherwise specified, 
confidence intervals for proportion claims-level analyses are two-tailed 
CI estimates using the Wilson interval method.

For paper-level analyses, multiple reproduced claims in a single paper 
are weighted to the paper level to adjust the target population, and 
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clustered at the paper level to account for interclass correlation. If 
there are 3 reproduction attempts for a given paper, for example, each 
is weighted to 1/3. Unless otherwise indicated, confidence intervals are 
estimated through a simple clustered bootstrap clustered at the paper 
level, whereby 95% CI are estimated for the 2.5 and 97.5 percentile inter-
vals of the bootstrapped sample distribution, using 1,000 bootstrap 
iterations for every statistic.

For data availability, only one claim per paper was assessed, so no 
weighting or clustering was necessary. For reproducibility, weight-
ing was pegged to the full population of claims and papers that were 
assessed for reproducibility including for subset analyses by field and 
year. Unless specified otherwise, the analyses were weighted to repre-
sent the complete collection of claims gathered from the 600 papers 
included in our randomized sample.

Inclusion and ethics
Researchers from more than 24 nations participated in conducting 
reproductions. Joining the collaboration was an open process, pro-
moted through social media, primarily by the Center for Open Sci-
ence and the corresponding author. A variety of roles were defined 
to maximize opportunities for researchers with varying skills, areas 
of interest and access to resources to participate. Criteria for earning 
co-authorship were defined in advance so that researchers could make 
informed decisions about joining the collaboration. All reproduction 
studies reported in this Article involved secondary analysis of data of 
organizations, firms or human participants. None involved primary 
data collection from human participants; all of the reproduction studies 
were considered non-human-subject research by ethics review boards 
(BRANY SBER IRB protocol 20-030-749, protocol 20-019-749 and proto-
col 21-056-749; concurrence from MRDC HRPO and NIWC-PAC HRPO).

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

Data availability
Data, materials and code associated with this research that can 
be shared without restriction are publicly available in a living OSF 
repository (https://doi.org/10.17605/osf.io/ed8pj). The living OSF 
repository represents improvements, fixes and additions that occur 
post-publication. Readers can also access a registered, archived version 
of this repository that is precisely the data, code and documentation 
as they existed on publication of this paper (https://doi.org/10.17605/
osf.io/kmvst). The repository includes all available documentation for 
reproduction attempts, regardless of whether they were completed. 
This includes most of the data and code from the individual reproduc-
tion attempts, save for any data that are proprietary or protected that 
will not be made available, or for which analyst teams were uncertain 
or unable to confirm that they were allowed to share secondary data. 
It is possible that some data, materials or code that could be shared 
openly is not available at the time of publication. Readers are encour-
aged to contact the corresponding author or the authors of the relevant 
subproject (Supplementary Table 2) to see if more research content 
can be shared in the living repository. This paper is part of a collection 
of papers reporting on the SCORE program. Documentation, data 
and code for the entire program is available at the OSF (https://doi.
org/10.17605/osf.io/dtzx4).

Code availability
Code for individual reproduction projects is available alongside data 
and materials for each project in the OSF repository (https://doi.
org/10.17605/osf.io/ed8pj). This includes a push button package with 
all code and data used to produce all statistics, figures and tables, and 
code that populates them directly into the manuscript from a template. 
A registered, archived version of the repository containing precisely 
the data, code and documentation used to generate the outcomes 
reported in this paper is also available at OSF (https://doi.org/10.17605/
osf.io/kmvst).
 
52.	 Tyner, A. H. et al. Investigating the replicability of the social and behavioural sciences. 

Nature https://doi.org/10.1038/s41586-025-10078-y (2026).

Acknowledgements We thank B. Arendt, A. Denis, S. Field, Z. Loomas, B. Luis, L. Markham,  
E. S. Parsons, C. Soderberg and A. Russell for their contributions to this project. This  
work was supported by the Defense Advanced Research Projects Agency (DARPA) under  
cooperative agreement numbers N660011924015 (principal investigator, B.A.N.) and 
HR00112020015 (principal investigator, T.M.E.). The views, opinions, findings, and conclusions 
or recommendations expressed in this material are those of the authors and should not be 
interpreted as representing the official views or policies of the Department of Defense or the 
US Government.

Author contributions Conceptualization: M.K.S., A.H.T., W.J.C., E.G.D.B., K.E.L., B.A.N. and 
T.M.E. Data curation: A.L.A., A.H.T., S. Anafinova, K.M.E., D.G. and J.W.L. Formal analysis:  
M.K.S., A.H.T., M.A., S. Alzahawi, S. Anafinova, E. Axxe, A.B., F.B., Z.B., F.S.B., T.F.B., T. Capitán, 
L.C., K.J.C., W.J.C., G.-J.C., T. Coupé, J.D., T.R.E., N. Fiala, J.F., V.G., J. Gereke, I.H.G., D.G., N.G., 
P.H.P.H., S.H., S.D.H., K.I., K. Jankowsky, P.K., M.K., D.K., K.E.L., J.C.L., C.L., A.-C.L., R.L.-N., N.M.L.,  
M. Maier, D.J.M., M. Martončik, N.M., E.M., D.C.M., F.M., C.N., J.O., T.O., A.O., R.P., Y.G.P., Z.P.,  
N.P., N.D.P., M.P., M.R., A.T.R., W.R.R., J.P.R., I.R., A.O.S., K.S., L.S., E.L.S., S. Shaki, A. Somo, F.S.,  
A. Szabelska, A.T., K.U., P.V.D., D.T.H.V., V.V., K.W., A.L.W., J.R.W., F. Wintermantel and N.Z. Funding 
acquisition: B.A.N. and T.M.E. Investigation: O.M., A.L.A., M. Daley, N. Fox, K.M.H., M.K.S., B.M., 
A.H.T., M.A., S. Alzahawi, E. Axxe, J.B., G.B., F.B., Z.B., T.F.B., N.B., S.C., T. Capitán, K.J.C., W.J.C.,  
T. Coupé, J.C., E.G.D.B., J.D., T.R.E., N. Fiala, J.F., V.G., J. Gereke, I.H.G., P.H.P.H., S.H., S.D.H., 
N.H.-K., K. Jankowsky, M.K., C.L., A.-C.L., R.L.-N., D.J.M., M. Martončik, J.M., D.C.M., E.O., J.O., 
T.O., Y.G.P., Z.P., N.P., N.D.P., M.P., A.P., A.T.R., W.R.R., J.P.R., I.R., A.O.S., K.S., L.S., E.L.S., A. Soh,  
A. Somo, J.W.S., A. Szabelska, A.T., M.V.T., K.U., P.V.D., D.T.H.V., V.V., K.W., A.L.W., J.R.W., F. Winter, 
N.Z. and T.M.E. Methodology: O.M., A.L.A., N. Fox, M.K.S., B.M., P.S., A.H.T., M.A., S. Alzahawi,  
E. Axxe, J.B., F.B., Z.B., T.F.B., N.B., S.C., T. Capitán, W.J.C., T. Coupé, K.M.E., T.R.E., N. Fiala, J.F., 
V.G., J. Gereke, I.H.G., P.H.P.H., S.D.H., K. Jankowsky, K.E.L., J.C.L., C.L., A.-C.L., R.L.-N., M. Maier, 
D.J.M., D.C.M., C.N., A.L.N., J.O., Y.G.P., Z.P., N.D.P., M.P., M.R., A.T.R., J.P.R., I.R., A.O.S., K.S., L.S., 
E.L.S., S. Shaki, S. Shakya, A. Somo, F.S., J.W.S., A. Szabelska, A.T., D.T.H.V., K.W., A.L.W., J.R.W., 
B.A.N. and T.M.E. Project administration: O.M., A.H.T., B.A.N. and T.M.E. Software: A.L.A., M.K.S., 
T.S., A.H.T., S. Alzahawi, E. Axxe, J.B., A.B., F.B., T.F.B., N.B., T. Coupé, T.R.E., J.F., V.G., J. Geng, 
I.H.G., D.G., P.H.P.H., S.D.H., K. Jankowsky, P.K., D.K., K.E.L., C.L., A.-C.L., R.L.-N., D.J.M., N.M., 
D.C.M., F.M., T.O., A.O., Y.G.P., Z.P., N.D.P., M.P., A.P., M.R., J.P.R., I.R., A.O.S., L.S., E.L.S., S. Shakya, 
A. Somo, F.S., J.W.S., A.T., M.V.T., D.T.H.V., V.V., K.W., A.L.W., F. Winter and F. Wintermantel. 
Supervision: O.M., K.M.H., M.K.S., A.H.T., B.N.B., T. Capitán, W.J.C., E.G.D.B., K.M.E., N. Fiala, 
I.H.G., A.G.-K., K. Jonas, J.W.L., R.E.L., G.N., J.O., N.D.P., W.R.R., J.P.R., S. Shaki, F. Wintermantel, 
C.Z., B.A.N. and T.M.E. Validation: O.M., A.L.A., N.H., P.S., A.H.T., S. Anafinova, E. Awtrey, E. Axxe, 
J.B., B.N.B., H.B., N.B., T. Capitán, L.C., W.J.C., J.C., E.G.D.B., K.M.E., I.H.G., A.G.-K., D.G., N.H.-K., 
K. Jonas, H.K., S.K., K.E.L., C.L., J.W.L., R.E.L., M. Maier, M.C.M., C.N., A.L.N., G.N., J.O., T.O., N.P., 
K.P., N.D.P., A.T.R., J.P.R., L.S., S. Shaki, E.S., A. Szabelska, A.T., K.U., E.J.V., V.V., F. Wintermantel, 
I.Z., C.Z., Z.Z. and T.M.E. Visualization: N.H., B.M., A.H.T., N.B., M.R., S. Shaki and B.A.N. Original 
draft: O.M., B.M., A.H.T., S. Anafinova, W.J.C., N. Fiala, K.E.L., J.O., M.P., S. Shaki, V.V., B.A.N. and 
T.M.E. Review and editing: O.M., M. Daley, M. Dirzo, B.M., P.S., A.H.T., S. Anafinova, B.N.B., G.B., 
N.B., W.J.C., J.C., E.G.D.B., N. Fiala, J.F., D.G., P.H.P.H., K. Jankowsky, P.K., S.K., L.L., K.E.L., R.L.-N., 
N.M.L., M. Maier, M. Martončik, C.N., T.O., R.P., Y.G.P., Z.P., N.P., M.P., A.T.R., J.P.R., I.R., L.S., E.L.S., 
S. Shaki, S. Shakya, E.S., J.W.S., V.V., K.W., A.L.W., B.A.N. and T.M.E.

Competing interests A.H.T., M. Daley, N.H., K.M.H., O.M., T.S., B.A.N. and T.M.E. are employees 
of the non-profit organization Center for Open Science that has a mission to increase 
openness, integrity and trustworthiness of research.

Additional information
Supplementary information The online version contains supplementary material available at 
https://doi.org/10.1038/s41586-026-10203-5.
Correspondence and requests for materials should be addressed to Brian A. Nosek.
Peer review information Nature thanks Alfredo Sánchez-Tójar and the other, anonymous, 
reviewer(s) for their contribution to the peer review of this work. Peer reviewer reports are 
available.
Reprints and permissions information is available at http://www.nature.com/reprints.

https://doi.org/10.17605/osf.io/ed8pj
https://doi.org/10.17605/osf.io/kmvst
https://doi.org/10.17605/osf.io/kmvst
https://doi.org/10.17605/osf.io/dtzx4
https://doi.org/10.17605/osf.io/dtzx4
https://doi.org/10.17605/osf.io/ed8pj
https://doi.org/10.17605/osf.io/ed8pj
https://doi.org/10.17605/osf.io/kmvst
https://doi.org/10.17605/osf.io/kmvst
https://doi.org/10.1038/s41586-025-10078-y
https://doi.org/10.1038/s41586-026-10203-5
http://www.nature.com/reprints


Extended Data Fig. 1 | Data availability rates by 12 subfields. The left panel 
shows data and code availability as a percentage of papers; the right panel 
shows raw counts of papers with data and code available and not available.  

Note that purple reflects restricted data, which did not count as available data, 
but might be accessible in principle. This is presented as Fig. S6 in the Supporting 
Information with additional narrative context.
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Extended Data Fig. 2 | Data availability rates by year of publication for all 
fields. Smallest sample sizes per cell were in Education (n’s from 6 to 7 per year). 
Note that purple reflects restricted data, which did not count as available data, 

but might be accessible in principle. This is presented as Fig. S7 in the Supporting 
Information with additional narrative context.



Extended Data Fig. 3 | Data availability rates by year of publication for  
12 subfields. Smallest sample sizes per cell were in criminology and public 
administration, each having an n of 2 per year. Note that purple reflects 

restricted data, which did not count as available data, but might be accessible 
in principle. This is presented as Fig. S8 in the Supporting Information with 
additional narrative context.
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Extended Data Fig. 4 | Reproducibility by whether data and code were 
available, only data were available, or when the paper’s data were 
reconstructed from available source data for all claims. Reproducibility 

success rates as a percentage of attempts (left), and reproducibility success 
rates as counts (right). This is presented as Fig. S1 in the Supporting Information 
with additional narrative context.



Extended Data Fig. 5 | Reproducibility by year of publication for all claims. 
The left column illustrates the proportion of outcome reproduction attempts 
from the sample of claims. The middle column illustrates reproducibility as a 

percentage of the attempts. The right column illustrates reproducibility as 
counts compared with the sample of claims. This is presented as Fig. S2 in the 
Supporting Information with additional narrative context.
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Extended Data Fig. 6 | Reproducibility by field for all claims. The left column 
illustrates the proportion of outcome reproduction attempts from the sample 
of claims. The middle column illustrates reproducibility as a percentage of the 

attempts. The right column illustrates reproducibility as counts compared 
with the sample of claims. This is presented as Fig. S3 in the Supporting 
Information with additional narrative context.



Extended Data Fig. 7 | Reproducibility by field and year by paper as a proportion of the sample. Reproducibility as a percentage of the sample of papers from 
each year and each field. This is presented as Fig. S4 in the Supporting Information with additional narrative context.
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Extended Data Fig. 8 | Reproducibility by field and year by claim as a proportion of the sample. Reproducibility as a percentage of the sample of claims from 
each year and each field. This is presented as Fig. S5 in the Supporting Information with additional narrative context.



Extended Data Fig. 9 | Reproducibility by 12 subfields. The left column 
illustrates the proportion of outcome reproduction attempts from the sample 
of papers. The middle column illustrates reproducibility as a percentage of the 

attempts. The right column illustrates reproducibility as counts compared 
with the sample of papers. This is presented as Fig. S9 in the Supporting 
Information with additional narrative context.
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Extended Data Fig. 10 | Reproducibility by 12 subfields and by year. Reproducibility as a percentage of the sample of papers from each year and each field. This 
is presented as Fig. S10 in the Supporting Information with additional narrative context.
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