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AbstrAct
Objectives
To synthesise research investigating data and code 
sharing in medicine and health to establish an 
accurate representation of the prevalence of sharing, 
how this frequency has changed over time, and what 
factors influence availability.
Design
Systematic review with meta-analysis of individual 
participant data.
Data sOurces
Ovid Medline, Ovid Embase, and the preprint servers 
medRxiv, bioRxiv, and MetaArXiv were searched from 
inception to 1 July 2021. Forward citation searches 
were also performed on 30 August 2022.
review methODs
Meta-research studies that investigated data or 
code sharing across a sample of scientific articles 
presenting original medical and health research were 
identified. Two authors screened records, assessed 
the risk of bias, and extracted summary data from 
study reports when individual participant data could 
not be retrieved. Key outcomes of interest were the 
prevalence of statements that declared that data or 
code were publicly or privately available (declared 
availability) and the success rates of retrieving these 
products (actual availability). The associations 
between data and code availability and several factors 
(eg, journal policy, type of data, trial design, and 
human participants) were also examined. A two stage 
approach to meta-analysis of individual participant 
data was performed, with proportions and risk ratios 
pooled with the Hartung-Knapp-Sidik-Jonkman 
method for random effects meta-analysis.

results
The review included 105 meta-research studies 
examining 2 121 580 articles across 31 specialties. 
Eligible studies examined a median of 195 primary 
articles (interquartile range 113-475), with a median 
publication year of 2015 (interquartile range 2012-
2018). Only eight studies (8%) were classified as 
having a low risk of bias. Meta-analyses showed 
a prevalence of declared and actual public data 
availability of 8% (95% confidence interval 5% to 
11%) and 2% (1% to 3%), respectively, between 
2016 and 2021. For public code sharing, both the 
prevalence of declared and actual availability were 
estimated to be <0.5% since 2016. Meta-regressions 
indicated that only declared public data sharing 
prevalence estimates have increased over time. 
Compliance with mandatory data sharing policies 
ranged from 0% to 100% across journals and varied by 
type of data. In contrast, success in privately obtaining 
data and code from authors historically ranged 
between 0% and 37% and 0% and 23%, respectively.
cOnclusiOns
The review found that public code sharing was 
persistently low across medical research. Declarations 
of data sharing were also low, increasing over time, 
but did not always correspond to actual sharing of 
data. The effectiveness of mandatory data sharing 
policies varied substantially by journal and type of 
data, a finding that might be informative for policy 
makers when designing policies and allocating 
resources to audit compliance.
systematic review registratiOn
Open Science Framework doi:10.17605/OSF.IO/7SX8U.

Introduction
Data collection, analysis, and curation have integral 
roles in the research lifecycle of most scholarly 
fields, including medicine and health. That research 
products, like raw data and analytic code, are 
valuable commodities to the broader medical research 
community is also well recognised. Greater access 
to raw data, analytic code, and other materials that 
underpin published research provides researchers 
with opportunities to strengthen their methods, 
validate discovered findings, answer questions not 
originally considered by the data creators, accelerate 
research through the synthesis of existing datasets, 
and educate new generations of medical researchers.1 
Although many challenges with sharing research 
materials remain (particularly navigating privacy 
considerations, and time and resource burdens), in 
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WhAt Is AlreAdy knoWn on thIs topIc
In recognition of the benefits of data sharing, key research stakeholders have 
been increasing the pressure on medical researchers to maximise the availability 
of their data and code
Many meta-research studies have examined the prevalence of data and code sharing 
in medicine and health, but most have been narrow in scope and modest in size

WhAt thIs study Adds
The findings showed that the prevalence of data and code sharing was low in 
medical research
Statements declaring that data are publicly available have increased over time, 
but declared availability did not guarantee actual availability
Compliance with mandatory data sharing policies varied among journals, as well 
as according to the type of data generated
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recognition of the benefits of this practice, funders and 
publishers of medical research have been increasing 
the pressure on medical researchers over the past two 
decades to maximise the availability of these products 
for other researchers.2-6 Recent examples include the 
US government advising its federal funding agencies 
to update their public access policies before the end of 
2025, requiring publications and supporting data to 
be freely and immediately available.7

Although policy changes have increased optimism 
that data and code sharing rates in medicine will 
rise, questions remain about the current culture of 
sharing, how it has evolved over time, how successful 
stakeholder policies are at instigating sharing, and 
when researchers do share, how often are useful 
data made available. Many meta-research studies 
in medicine have looked at these questions, but 
most have been limited in size and scope, focusing 
on specific research participants, data types, and 
outcomes. Therefore, the objectives of this review 
were to synthesise this research to establish an 
accurate representation of the prevalence of data and 
code sharing in medical and health research, assess 
compliance with stakeholder policies on data and code 
availability, and explore how other relevant factors 
influence availability. We anticipate that the findings of 
this review will highlight several areas for future policy 
making and meta-research activities.

Methods
We registered our systematic review on 28 May 2021 
on the Open Science Framework,8 and subsequently 

prepared a detailed review protocol.9 Supplementary 
table 1 shows seven deviations from the protocol. The 
findings of this review are reported in accordance with 
the Preferred Reporting Items for Systematic reviews 
and Meta-Analyses (PRISMA) 2020 statement10 and its 
individual participant data extension.11 We summarise 
key aspects of the methods below. The supplementary 
information and review protocol provide further 
information.9

eligibility criteria
Studies where researchers investigated the prevalence of, 
or factors associated with, data or code sharing (termed 
meta-research studies) across a sample of published 
scientific articles presenting original medical or health 
related research findings (termed primary articles) were 
eligible for inclusion in the review. We included studies 
that used manual or automated methods to assess data 
and code sharing if they involved examination of the 
body text of the sampled primary articles. Exclusion 
criteria for this review included meta-research studies 
that investigated data or code sharing: as a routine part 
of a systematic review and meta-analysis of individual 
participant data; in scientific articles outside of 
medicine and health; or from sources other than journal 
articles (eg, clinical trial registries).

search strategy and study selection
On 1 July 2021, we searched Ovid Medline, Ovid 
Embase, and the preprint servers medRxiv, bioRxiv, 
and MetaArXiv to identify potentially relevant studies 
indexed from database inception up to the search date. 
On the same date, other preprint servers and relevant 
online resources (see supplementary methods in 
supplementary information) were searched to locate 
other published, unpublished, and registered studies of 
relevance to the review. Backward and forward citation 
searches of meta-research studies meeting the inclusion 
criteria were also performed with citationchaser on 30 
August 2022.12 No language restrictions were imposed 
on any of the searches. Results from all of the searches of 
the main databases and preprint servers were imported 
into Covidence (Covidence systematic review software, 
Veritas Health Innovation, Melbourne, Australia) 
and deduplicated. All titles, abstracts, and full text 
articles were then screened for eligibility by DGH and 
another author (HF, AR-F, or KH) independently, with 
disagreements resolved by discussion between authors, 
or by a third author if necessary (MJP). All literature 
identified by the additional preprint, online, and 
citation searches were screened against the eligibility 
criteria by one of the authors (DGH).

Data collection and processing
When a meta-research study was found to be eligible, 
one of the authors (DGH) determined whether 
sufficiently unprocessed article level individual 
participant data and article identifiers were publicly 
available. For meta-research studies where complete 
individual participant data were not available, the 
corresponding author was contacted and asked if they 

https://bit.ly/BMJmedata © 2023 BMJ Publishing Group Ltd

Visual abstract Prevalence and predictors of data and code 
sharing in the medical and health sciences

Medical researchers do not commonly share their data or code. 
Although the number of researchers declaring that their data 
are publicly available is increasing, declared availability does not 
necessarily guarantee actual availability

Summary

P
ro

po
rt

io
n

 a
va

ila
bl

e 
(%

)

Outcomes Declared availability v actual availability

Study design Systematic review with meta-analysis of individual participant data

Data sources 105 meta-research studies
   medical publications

Risk of bias: 
8% Low, % high, % unclear















  

Declared prevalence: %*

  
Publication year

Actual prevalence: %*

Data sharing prevalence by 
publication year with fitted 
meta-regression lines

% confidence interval

% prediction interval

Circles are scaled 
relative to the natural 
log of the sample size

*Since 

 on 27 A
pril 2024 by guest. P

rotected by copyright.
http://w

w
w

.bm
j.com

/
B

M
J: first published as 10.1136/bm

j-2023-075767 on 11 July 2023. D
ow

nloaded from
 

http://www.bmj.com/


RESEARCH

the bmj | BMJ 2023;382:e075767 | doi: 10.1136/bmj-2023-075767 3

Identification of studies from databases Identification from other methods

Records identified from
Ovid Medline
Ovid Embase

3040
3660

medRxiv
bioRxiv

178
538

MetaArXiv39

Records screened
4952

7455
Records identified from

Forward citation search*
Backward citation search
Colleagues and collaboration

42
20

7

Open Science Framework
Conference attendance
Other

4
2
7

Duplicates

Studies eligible for inclusion in review (o=2 254 031‡)

82

Studies where complete IPD
were available (o=1 840 811§)

Data already publicly available
Data provided aer request

70
20

90

Reported data sharing (o=1 451 650¶)
74

Actual data sharing (o=20 661¶)
60

Reported code sharing (o=1 442 496¶)
47

Actual code sharing (o=7690¶)
39

Studies where complete IPD
were not available (o=142 629‡)

IPD

Reported data sharing (o=738)

Actual data sharing (o=475)

Reported code sharing (o=473)

Actual code sharing (o=35)

Aggregate data

No response
Did not share by census date
Confidentiality concerns
Could not locate data

8
3
4
5

20

2503

Reports sought for retrieval

Records excluded
4736

Reports sought for retrieval

Reports not retrieved

216

Reports assessed for eligibility

Reports not retrieved

216

Studies where IPD were sought (o=2 253 644‡)
110

Studies included in review and 105 Reports of included studies108

Studies where aggregate
data were available† (o=10 565‡)

Studies where IPD were not sought (o=387‡)

114

0

0

Reports excluded
146

82

Reports assessed for eligibility

Reports excluded

82

38

4

3

1

2

1

15

Studies where IPD or aggregate data were not available (o=132 451‡)

Could not locate contact details
Authors reported upfront that IPD could not be shared
    IRB restrictions
    To protect participants’ privacy

1
3

2
1

9

Fig 1 | Preferred reporting items for systematic reviews and meta-analyses (Prisma) 2020 and Prisma-individual participant data (iPD) flow 
diagram. *Forward citation search was performed on 30 august 2022. †aggregate data were derived from partial iPD, reports, or authors. ‡number 
of observations does not account for the potential presence of duplicate or non-medical primary articles. §number of observations accounts for non-
medical primary articles and duplicate primary articles within, but not between, meta-research studies. ¶number of observations accounts for non-
medical primary articles and both duplicate primary articles within and between meta-research studies. irb=institutional review board; o=number 
of primary articles.
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would provide the complete or remaining individual 
participant data. If individual participant data were 
not provided by 31 December 2022, when available, 
summary data were independently extracted from 
study reports by two of the authors (DGH and MJP), 
with discrepancies resolved by discussion.

When complete individual participant data were 
assembled, one of the authors (DGH) performed data 
integrity checks: evaluation of the completeness of 
the dataset; check of the validity of the dataset; and 
check that the sharing prevalence for data or code, 
or both, as stated in the report, could be exactly 
reproduced. In instances where any of these checks 
failed, clarification was sought from the meta-research 
authors. We also checked for, and removed, non-
medical articles within individual participant data, 
as well as redundant assessments across assembled 
individual participant data (supplementary methods 
in supplementary information). When the individual 
participant data checks were complete, one of the 
authors (DGH) manually extracted and reclassified the 
required data in line with the review’s codebook.

Outcomes of interest
Four prespecified outcome measures were of primary 
interest to the review: prevalence of primary articles 

where authors declared that their data or code were 
publicly available (declared public availability); 
prevalence of primary articles where meta-researchers 
verified that data or code were in fact publicly 
available (actual public availability); prevalence of 
primary articles where authors declared that their 
data or code were privately available (declared private 
availability); and prevalence of primary articles where 
meta-researchers verified that study data or code were 
released in response to a private request (actual private 
availability).

Actual public availability represented the results 
of the most intensive investigation of an availability 
statement by meta-researchers. We required data 
to be immediately available to be classified as 
actually publicly available. The review protocol and 
supplementary information provide further details 
on how we defined actual availability as well as all 
of our other outcome measures.9 13 We also included 
eight secondary outcome measures on the association 
between journals’ policies on sharing, study design, 
research participants, and data sharing, as well as the 
association between data and code sharing.

assessments of risk of bias
The risk of bias in the included meta-research studies 
was assessed with a tool that was designed based on 
methods used in previous Cochrane methodology 
reviews.14 15 The tool included four domains: sampling 
bias, selective reporting bias, article selection bias, 
and risk of errors in the accuracy of reported estimates 
(supplementary table 2). Each meta-research article 
was independently assessed by DGH and one other 
author (KH or AR-F), with discrepancies resolved by 
discussion, or by a third author (MJP), if necessary. 
Because the purpose of the tool was to differentiate 
between studies at a high risk of bias from those with 
a low risk of bias, a study was only classified as low 
risk of bias if all of the criteria were assessed as low 
risk. We did not assess the likelihood of publication 
bias affecting the findings of the review (eg, with a 
funnel plot) or the certainty in the body of evidence, 
because the available methods are not well suited for 
methodology reviews such as ours.

statistical analysis
We used a two stage approach to the meta-analysis of 
individual participant data, where summary statistics 
were computed from available individual participant 
data, abstracted from the included study reports, 
or obtained directly from meta-research authors, 
and then pooled with conventional meta-analysis 
techniques. We calculated proportions and 95% 
confidence intervals for all prevalence outcomes. 
Where possible, we calculated risk ratios with 95% 
confidence intervals for all association outcomes. For 
primary outcome measures, to ensure that the studies 
were sufficiently clinically and methodologically 
similar, we only pooled studies that did not use non-
random sampling methods, did not restrict primary 
articles by publication location, funder, institution, 

table 1 | characteristics of included studies (n=105)
Primary articles examined no (%)
Median (IQR) No of primary articles examined 195 (113-475)
Median (IQR) primary article publication year 2015 (2012-2018)
Medical specialty (top 7):
 Multidisciplinary 17 (16)
 Biomedicine 10 (10)
 Infectious diseases 10 (10)
 General medicine 9 (9)
 Addiction medicine 5 (5)
 Clinical psychology 5 (5)
 Oncology 5 (5)
Outcome of interest:
 Data sharing only 46 (44)
 Code sharing only 5 (5)
 Data and code sharing 54 (51)
Coding method:
 Manual 82 (78)
 Automated 8 (8)
 Both manual and automated 3 (3)
 Unclear 7 (7)
Data restrictions:*
 No restrictions 63 (59)
 Trial data 16 (15)
 Sequence data 6 (6)
 Systematic review data 5 (5)
 Gene expression data 5 (5)
 Other 6 (6)
 Not applicable 5 (5)
Journal restrictions:
 No restrictions 56 (53)
 High impact 17 (16)
 One journal 10 (10)
 Hand selected 7 (7)
 Preprint servers 5 (5)
 Other 10 (10)
Data are count (%) unless specified otherwise. Underlying data are at https://osf.io/ca89e. IQR=interquartile 
range. 
*Data do not sum to 105 because one study assessed two types of data. 
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or data type, and reported outcome data on primary 
articles published after 2016.

We pooled prevalence estimates by first stabilising 
the variances of the raw proportions with arcsine 
square root transformations, and then applied 
random effects models with the Hartung-Knapp-
Sidik-Jonkman method.16 The same approach was 
also used for meta-analyses of risk ratios; however, 
no transformations were used, and the treatment 
arm continuity correction proposed by Sweeting 
and colleagues17 was applied to studies reporting 
zero events in one group (double zero cell events 
were excluded from the main analysis). Statistical 
heterogeneity was assessed by visual inspection of 
forest plots, the size of the I2 statistics, and their 95% 
confidence intervals, and by 95% prediction intervals 
where more than four studies were included. Data 
cleaning, deduplication, analysis, and visualisation 
were performed in R (R Foundation for Statistical 
Computing, Vienna, Austria, version 4.2.1).

subgroup and sensitivity analyses
Our aim was to conduct subgroup analyses to investigate 
whether estimates of the prevalence of public data 
sharing differed depending on the data type, or 
whether primary articles were subject to any mandatory 
sharing policies by the funders of the research or had 
posted a preprint before publication. Furthermore, we 
investigated the influence of publication year on the 
prevalence of data and code sharing by fitting three 
level mixed effects meta-regression models on arcsine 
transformed proportions. We also performed sensitivity 
analyses to assess changes in pooled estimates when 
excluding meta-research studies that: were rated as high 
or had an unclear risk of bias; did not provide individual 
participant data for the review; were at high risk of 
overlap with other meta-research studies; did not assess 
whether publicly available data were also compliant 
with the FAIR (findability, accessibility, interoperability, 
and reusability) principles18; did not manually assess 
primary articles; and did not examine research related 
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to covid-19. Also, we examined differences in pooled 
proportions and risk ratios when generalised linear 
mixed models were used to aggregate findings.

Patient and public involvement
No patients or members of the public were involved 
in the conception, development, analysis, or 
interpretation of the results of the review. A former 
cancer patient, a cancer patient advocate, and a 
practising clinician, however, reviewed the manuscript 
to ensure maximum comprehension to both a lay and 
general medical audience.

results
study selection and individual participant data 
retrieval
The search of Ovid Medline, Ovid Embase, and the 
medRxiv, bioRxiv, and MetaArXiv preprint servers, 
once deduplicated, identified 4952 potentially eligible 
articles for the review; 4736 articles were excluded 
after the titles and abstracts were screened. Of the 
remaining 216 articles, full text articles were retrieved 

for all papers, and 70 were found to be eligible for the 
review. More literature searches identified another 
44 eligible reports for inclusion, giving a total of 114 
eligible meta-research studies examining a combined 
total of 2 254 031 primary articles for the review.19-135 
After confirmation of eligibility, we searched for 
publicly available individual participant data for the 
114 meta-research studies. Of these studies, complete 
individual participant data were publicly available 
in 70 (61%), 20 had published partial individual 
participant data (18%), and 24 had not shared any 
individual participant data publicly (21%). Of the 
44 studies that did not share complete individual 
participant data publicly, we retrieved the required 
individual participant data for 20 studies privately.

Supplementary results in the supplementary 
information provides further information on the 
individual participant data retrieval process, as well 
as the outcomes of the data integrity checks. In total, 
108 reports of 105 meta-research studies assessing 
a total of 2 121 580 primary articles were included 
in the quantitative analysis,19-126 with complete 
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individual participant data available for 90 studies, a 
combination of partial individual participant data and 
summary data for 10 studies, and summary data only 
for five studies. Figure 1 shows the full PRISMA flow 
diagram and supplementary table 3 lists details of the 
nine studies that were eligible for the review but could 
not be included in the quantitative analysis.

study characteristics
Table 1 outlines the summary information for the 105 
meta-research studies included in the quantitative 
analysis of this review. Eligible meta-research 
studies examined a median of 195 primary articles 
(interquartile range 113-475; sample size range 
10-1 475 401), with a median publication year of 2015 
(interquartile range 2012-2018; publication date 
range 1781-2022). Meta-research studies assessed 
data and code sharing across 31 specialties. Most 
commonly, studies were interdisciplinary, examining 
several medical fields simultaneously (n=17, 16%), 
followed by biomedicine and infectious disease 

(each n=10, 10%), general medicine (n=9, 9%), and 
addiction medicine, clinical psychology, and oncology 
(each n=5, 5%). Eleven studies (10%) examined 
articles related to covid-19 disease.

Most meta-research studies did not set any 
restrictions for type of data (n=63, 59%) or journals 
of interest (n=56, 53%). When data restrictions were 
imposed, however, they were most often limited to 
trial data (n=16, 15%), sequence data (n=6, 6%), 
and gene expression data and review data (each 
n=5, 5%). Of the 105 meta-research studies, 31 and 
four also evaluated compliance with journal data 
and code sharing policies, respectively. None of the 
meta-research studies examined compliance with 
policies instituted by medical research funders or 
institutions. In total, 95 and 58 meta-research studies, 
respectively, examined the prevalence of public data 
and code sharing in primary articles, with five studies 
examining compliance of publicly shared data with the 
FAIR principles. In contrast, 10, four, and two studies, 
respectively, assessed whether study data, code, or 
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both data and code could be retrieved in response to a 
private request (ie, actual private availability).

risk of bias assessment
Supplementary figures 1 and 2 show the overall and 
individual results of the risk of bias assessments. Most 
eligible meta-research studies were judged favourably 
on the first risk of bias domain (sampling bias), having 
randomly sampled primary articles from populations 
of interest, or assessed all eligible articles identified 
by their literature searches (n=95, 90%). In contrast, 
some meta-research studies were judged to be at low 
risk of selective reporting bias (n=45, 42%) and article 
selection bias (n=24, 23%). Similarly, only half of the 
meta-research studies (n=54, 51%) were judged to 
have used a primary article coding strategy considered 
to be at low risk of errors. Only eight studies (8%) were 
classified as low risk of bias for all four domains.

Public data and code sharing
The combination of studies considered sufficiently 
similar (both clinically and methodologically) in a 
random effects meta-analysis suggested that 8% of 
medical articles published between 2016 and 2021 
reported that the data were publicly available (95% 
confidence interval 5% to 11%, k=27 studies, I2=96%) 
and 2% actually shared the data (1% to 3%, k=25, 

I2=90%) (fig 2 and fig 3). For public code sharing, 
the prevalence of declared and actual code sharing 
between 2016 and 2021 were estimated to be 0.3% 
(0% to 1%, k=26, I2=89%) and 0.1% (0% to 0.3%, 
k=21, I2=52%), respectively (fig 4 and fig 5). Despite 
the included meta-research studies following similar 
methodologies, we found high I2 values for all analyses. 
Because of the consistency of the point estimates, and 
the narrow width of the prediction intervals, however, 
we do not believe this finding indicates concerning 
levels of variability.

Private data and code sharing
In contrast with declarations of public availability, 
available on request declarations were less common 
for data (2%, 95% confidence interval 1% to 4%, 
k=23, I2=80%) and code (0%, 0% to 0.1%, k=22, 
I2=0%) between 2016 and 2021 (supplementary figs 
4 and 5). For actual private data and code availability, 
we could not combine the findings of relevant meta-
research studies because of methodological differences, 
particularly journal restrictions (ie, policy differences), 
as well as the type of data being requested. Overall, 
however, we found that success in privately obtaining 
data and code from authors of published medical 
research on request historically ranged between 0% and 
37% (k=12) and 0% and 23% (k=5), respectively (fig 6).
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Fig 5 | Prevalence of actual public code sharing between 2016 and 2021. rOb=risk of bias; glmm=generalised linear mixed model; hKsj=hartung-
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We also found that when authors who declared that 
their data and code were available on request were 
asked for these products by meta-researchers, success 
in obtaining data and code improved to 0-100% (k=7) 
and 0-43% (k=4), respectively. In contrast, when 
requests for data and code were made to authors who 
did not include a statement concerning availability, 
success in obtaining data and code decreased to 
0-30% (k=7) and 0-12% (k=3), respectively. Lastly, we 
found that attempts to obtain data from authors who 
explicitly declared that their data were unavailable 
were associated with a 0% sharing rate (k=2). 
Supplementary figure 6 shows the full results.

secondary outcomes
Insufficient data were available to evaluate five of our 
eight secondary outcome measures (supplementary 
results in supplementary information has more 
information). We also could not directly compare 
outcomes for mandatory versus non-mandatory journal 
sharing policies. For articles subject to mandatory data 
sharing policies of journals, however, we estimated 
that 65% of primary articles (95% confidence interval 
36% to 88%, k=5, I2=99%) declare that the data are 
publicly available and 33% actually share the data 
(5% to 69%, k=3, I2=93%). One stage analysis of 
available individual participant data also showed 
that prevalence of actual data sharing among journals 
with mandatory data sharing policies ranged between 
0% and 100% (median 40%, interquartile range 20-
60%). In contrast, we estimated that private requests 

for data from authors whose journals have “must share 
on request” policies will be successful 21% of the time 
(95% confidence interval 4% to 47%, k=3, I2=30%). 
For comparison, declared and actual data sharing 
prevalence estimates for journals with “encourage 
sharing” policies were 17% (0% to 62%, k=6, I2=98%) 
and 8% (0% to 48%, k=3, I2=90%), respectively. 
Similarly, we estimated that the prevalence of declared 
and actual data sharing for articles published in 
journals with no data sharing policy are 17% (0% 
to 59%, k=4, I2=95%) and 4% (0% to 95%, k=2, 
I2=83%), respectively. Supplementary figure 7 shows 
the prevalence estimates for declared and actual public 
code sharing according to journal policies.

Furthermore, our data suggested that triallists are 
31% less likely to declare that the data are publicly 
available than non-triallists (risk ratio 0.69, 95% 
confidence interval 0.45 to 1.07, k=23, I2=0%). When 
we examined actual data sharing, however, neither 
group seemed more or less likely to share their data 
(0.96, 0.53 to 1.72, k=19, I2=0%) (fig 7 and fig 8). For 
data derived from human participants, researchers 
were estimated to be 35% less likely to declare that 
their data are publicly available than researchers 
working with non-human participants (0.65, 0.42 
to 0.99, k=19, I2=57%). This finding became more 
pronounced when we examined actual data sharing 
prevalence estimates (0.44, 0.24 to 0.81, k=16, 
I2=28%) (fig 9 and fig 10). Lastly, we estimated that 
researchers who declare that their data are publicly 
available are eight times more likely to declare code to 
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be available also (8.03, 2.86 to 22.53, k=12, I2=32%). 
Furthermore, researchers who were verified to have 
made data available were estimated to be 42 times 
more likely than researchers who withheld data to 
also share code (42.05, 12.15 to 145.52, k=7, I2=0%) 
(supplementary fig 8).

subgroup and sensitivity analyses
Several subgroup analyses were performed 
(supplementary results in the supplementary 
information has the full results). We found that 
rates for both declared and actual public data 
sharing significantly differed according to type of 
data (P<0.01), with the highest estimate of actual 
data sharing occurring among authors working 
with sequence data (57%, 95% confidence interval 
12% to 96%, k=3, I2=86%), systematic review data 
(6%, 0% to 77%, k=2, I2=75%), and then trial data 
(1%, 0% to 6%, k=3, I2=6%) (supplementary figs 
9 and 10). We also found substantial differences in 

compliance rates with journal policies depending on 
the type of data (table 2). Publication year was also 
found to be a significant moderator of the prevalence 
of declared data sharing (β=0.017, 95% confidence 
interval 0.008 to 0.025, P<0.001) but not actual data 
sharing (β=0.004, −0.005 to 0.013, P=0.36) (fig 11 
and supplementary table 4). Specifically, we found 
an estimated rise in the prevalence of declared data 
sharing from 4% in 2014 (95% confidence interval 
2% to 6%; 95% prediction interval 0% to 18%) to 9% 
in 2020 (6% to 12%; 0% to 26%). Both declared and 
actual code sharing prevalence estimates did not seem 
to have meaningfully increased over time.

Supplementary tables 5 and 6 show the full results of 
the sensitivity analyses for the primary and secondary 
outcomes, respectively. We found that meta-analyses 
of prevalence estimates were similar when generalised 
linear mixed models or standard inverse variance 
aggregation methods were used. Also, limiting the 
analyses to meta-research studies where authors 
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Fig 7 | association between trial design and prevalence of declared public data sharing. bglmm=bivariate generalised linear mixed model; 
hKsj=hartung-Knapp-sidik-jonkman; iPD=individual participant data. serghiou 2021a refers to the manual assessments reported in serghiou et 
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manually coded articles did not meaningfully change 
the results. Lastly, we estimated that the prevalence 
of declared and actual public data sharing for studies 
investigating covid-19 (including preprints and peer 
reviewed publications) were 9% (95% confidence 
interval 0% to 57%, k=3, o=7804, I2=95%) and 11% 
(0% to 76%, k=3, o=934, I2=84%), respectively.

discussion
Principal findings of the review
In this systematic review and meta-analysis of 
individual participant data, we used multiple data 
sources and methods to investigate public and private 
availability of data and code in the medical and 
health literature. We also examined several factors 
associated with sharing. Table 3 shows a summary 
of the main findings of the review. Aggregation of the 
findings of sufficiently similar studies suggested that 
on average, 8% of medical papers published between 
2016 and 2021 declared that their data were publicly 
available and 2% actually shared their data publicly. 

Pooled prevalence estimates for declared and actual 
code sharing since 2016 were even lower, with both 
estimated to be <0.5%, with little change over time. 
The prediction intervals from our analyses were also 
relatively precise, suggesting that we now have good 
estimates for the prevalence of data and code sharing 
for medical and health research between 2016 and 
2021.

In contrast with public data and code availability 
prevalence estimates, the overall success in privately 
obtaining data and code from authors of published 
medical research ranged between 0% and 37% and 0% 
and 23%, respectively. These findings are consistent 
with similar research conducted in disciplines outside 
of medicine.133 136-140 We found that these ranges 
differed, however, according to the type of data and 
code being requested, the policy of the journal, and 
whether authors declared that the products were 
available on request. Finally, although data were not 
available to assess compliance with the data sharing 
policies of funders and institutions, we found varying 
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Fig 8 | association between trial design and prevalence of actual public data sharing. bglmm=bivariate generalised linear mixed model; 
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compliance with the data sharing policies of journals, 
particularly depending on the type of data.

review findings in context
When we examined similar research conducted 
in other scientific areas, declared data sharing 
prevalence estimates in medicine seemed to be 
higher than in some disciplines (eg, humanities, 
earth sciences, and engineering25), but lower than in 
others (eg, experimental biology141 and hydrology142). 
The low prevalence of code sharing in our review was 
consistent with other disciplines, except for ecology143 
and computer sciences,25 despite evidence suggesting 
that most medical researchers use data analysis 
software capable of exporting syntax or files that 
preserve analytic decisions.26

One explanation for interdisciplinary differences in 
the prevalence of data sharing is that researchers in 
areas outside of the medical, health, behavioural, and 
social sciences are more likely to make data available 
because typically they do not need to navigate privacy 
protections associated with the collection and sharing 
of data from human participants.144 For example, 
national and international protection laws, like the 
US Health Insurance Portability and Accountability 
Act (HIPAA) and the European Union’s 2018 General 

Data Protection Regulation (GDPR), impose strong 
restrictions on the processing of personal medical 
data.145 146 Our results support this notion. We found 
that medical researchers studying data from human 
participants were 56% less likely to actually make 
their data publicly available than those who had used 
data derived from non-human participants.

We also see other researchers point to differences in 
data sharing rates between medical and non-medical 
researchers working with the same human derived 
data types, which could indicate possible cultural 
differences. For example, for mitochondrial and Y 
chromosomal data, Anagnostou and colleagues147 
found a substantially different prevalence of data 
sharing between medical (64%) and forensic (90%) 
genetics researchers. Follow-up work by the same 
authors suggested that discrepancies between sharing 
estimates likely reflected differences in how these 
disciplines value openness and transparency, in 
contrast with the burdens associated with navigating 
privacy constraints.147

Potential implications of our findings
Our findings raise important implications for 
researchers and policy makers. For policy makers, our 
findings suggest that because of substantial variability 
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Fig 9 | association between type of research participant and prevalence of declared public data sharing. rOb=risk of bias; bglmm=bivariate 
generalised linear mixed model; hKsj=hartung-Knapp-sidik-jonkman; iPD=individual participant data
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in compliance among the journals that we studied, 
average compliance with mandatory data sharing 
policies in medicine and health were lower than 
those reported in other disciplines.19 139 148 However, 
these policies seem to be more effective than the 
studied alternatives (eg, “must share on request” and 
“encourage sharing” policies). Furthermore, these 
policies might vary in their effectiveness according 
to the type of data. Based on the large variability 
in compliance, we recommend that policy makers 
periodically audit compliance with these policies, 
possibly triaging audits by type of data, and strengthen 
policing if substantial non-compliance is detected. 
Enforcement of policies in this setting could range from 
simple checks of commonly reported problems (eg, 
that links are present and functional149), to verifying 
that data can be freely downloaded and are complete, 
sufficiently unprocessed, and well annotated.

For researchers, the finding that data reported to 
be available are frequently not accessible or reusable 
highlights the need for improved research training 
in how to share and reuse data. Also, because the 
average prevalence of data sharing is low, the medical 
research community could consider more incentives 
to increase the frequency and quality of data sharing. 
For example, some commonly proposed strategies, 

beyond implementation of policies mandating 
sharing, include open science badges, data embargoes, 
data publications, new altmetrics, as well as changes 
to funding schemes to allow applicants to budget 
for data archival costs, and academic hiring and 
promotion criteria to reward sharing.80 150 151 Although 
such strategies have long been suggested by medical 
research stakeholders, such as the US National 
Academy of Medicine,152 as previous research has 
noted, in medicine, more opinion pieces on the lack of 
incentives for researchers to share data exist than there 
are empirical tests of these incentives.150 Consequently, 
the effectiveness of most of these strategies in medicine 
is unclear.

strengths and limitations of this study
Our review had many methodological advantages 
over previous research in this area. Firstly, because 
data and code sharing are relatively rare events, 
meta-analysis of individual participant data allowed 
us to bring together many imprecise findings to give 
more precise estimates. Retrieval of useful individual 
participant data from 95% of the included studies also 
allowed us to conduct several data quality checks, 
identify and remove substantial amounts of redundant 
assessments, perform subgroup analyses not possible 
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Fig 10 | association between type of research participant and prevalence of actual public data sharing. rOb=risk of bias; bglmm=bivariate 
generalised linear mixed model; hKsj=hartung-Knapp-sidik-jonkman; iPD=individual participant data
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when conducting a meta-analysis of aggregate data, 
as well as minimise the risk of data availability 
biases. Secondly, the meta-analyses of our primary 
and secondary outcomes included more studies than 
the average meta-analysis of prevalence and rare 
events,153  154 reducing the risk of power issues, and 
making our review a comprehensive analysis of the 
prevalence of actual data and code sharing. We also 

had more than double the recommended number of 
estimates for each covariate for our meta-regression 
analyses, minimising the risk of problems such as 
overfitting.155 Thirdly, the review included checks for 
robustness with generalised linear mixed models, 
which have been recommended over conventional 
meta-analyses of arcsine transformed proportions.156

Our review had some limitations. We might have 
missed relevant literature because of challenges in 
designing the search strategies (eg, lack of controlled 
vocabulary, variations in the way studies described 
themselves) and limiting searches to predominantly 
English language databases. Also, we could not 
include the findings of nine studies because we could 
not source individual participant data or useable 
summary data. Because 97% of primary articles 
examined by the excluded studies were at high risk of 
overlap with studies that were included in the analysis, 
however, we do not believe that their omission would 
have substantially changed our findings. We also 
assumed that authors will always declare in the text 
when data or code have been made publicly available, 
which previous studies have shown is not always the 
case.85 This practice seems to be uncommon, however, 
and therefore was unlikely to have substantially 
affected our results. Most of the primary articles in our 
meta-analyses of declared availability also originated 
from two large studies which used automated coding 
strategies,25 118 although sensitivity analyses showed 
that removal of these studies did not change any 
of the reported findings. Finally, despite efforts to 
ensure studies were clinically homogeneous, our 
meta-analyses of proportions showed high levels of 
statistical inconsistency (I2). Considering that 75% 
of published meta-analyses of proportions report I2 
values >90%,153 however, the statistic’s usefulness 
for assessing heterogeneity in this context is unclear. 

table 2 | subgroup analysis: prevalence of declared and actual public data sharing according to type of data and journal policy

Policy
Declared data sharing actual data sharing
sharing prevalence (%) 95% ci (%) 95% Pi (%) k i2 sharing prevalence (%) 95% ci (%) 95% Pi (%) k i2 (%)

No data restrictions:
 No policy 17* 0 to 59 NA 4 95 4* 0 to 95 NA 2 83
 Encourage policy 17* 0 to 62 0 to 100 6 98 8* 0 to 48 NA 3 90
 Mandatory policy 65* 36 to 88 2 to 100 5 99 33* 5 to 69 NA 3 93
Sequence data:
 No policy — — — — — 46* 0 to 100 NA 2 94
 Encourage policy — — — — — 57* 15 to 94 NA 2 0
 Mandatory policy — — — — — 67* 45 to 86 NA 3 70
Gene expression data:
 No policy 23 11 to 42 NA 1 NA — — — — —
 Encourage policy 30 19 to 44 NA 1 NA 43 31 to 55 NA 1 NA
 Mandatory policy 69* 0 to 100 NA 2 93 43* 0 to 100 NA 2 53
Trial data:
 No policy 0* 0 to 46 NA 2 72 — — — — —
 Encourage policy 0* 0 to 5 NA 3 24 — — — — —
 Mandatory policy 55* 40 to 70 NA 2 0 56 33 to 77 NA 1 NA
Systematic review data:
 No policy 5* 2 to 8 NA 2 0 0 0 to 4 NA 1 NA
 Encourage policy 3* 0 to 100 NA 2 87 1 0 to 4 NA 1 NA
 Mandatory policy 62* 0 to 100 NA 2 92 28 16 to 44 NA 1 NA
CI=confidence interval; PI=prediction interval; k=number of eligible meta-research studies; NA=not applicable.
*Pooled estimate from random effects meta-analysis.
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Fig 11 | bubble plot of the prevalence of declared (top) and actual (bottom) data sharing 
by publication year with fitted meta-regression lines, 95% confidence intervals (dark 
purple shaded area), and 95% prediction intervals (light purple shaded area). circles 
are scaled relative to the natural log of the sample size
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Consequently, evidence synthesis researchers have 
recommended that greater priority should be given to 
visually inspecting forest plots and prediction interval 
widths instead.153 Therefore, although we acknowledge 
these high I2 values, because of the consistency of the 
study methods and reported estimates, as well as the 
narrow width of the prediction intervals, we do not 
believe that these values indicate concerning levels of 
variability in this context.

conclusion
The results of this review suggest that although 
increasing numbers of medical and health researchers 
are stating that their data are publicly available, such 
declarations are rare, and not all declarations lead 
to actual availability of the data. In contrast, the 
prevalence of both declared and actual code sharing 
are persistently low in medicine. We also found 
varying levels of success in privately obtaining data 
and code from authors of published medical research. 
Although no data were available to evaluate the 
effectiveness of the data sharing policies of funders and 
institutions, assessments of journal policies suggested 
that mandatory sharing policies were more effective 
than non-mandatory policies, but showed varying 
compliance depending on the journal and type of data. 
This finding might be informative for policy makers 
when designing policies and allocating resources to 
audit compliance.
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