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Rich public datasets and modern computing have transformed 
biomedical research. Scientists can now access much of the 

world’s information in a few clicks and conduct complex analy-
ses in seconds. However, these advances have also introduced 
new researcher degrees of freedom and opportunities for error, 
fueling growing concerns about reproducibility—the ability of 
new researchers to obtain the same result using the same data 
and methods as the original researchers.1 Even though these 
critiques are themselves a product of science’s unprecedented 
openness, they highlight the need for more robust quality assur-
ance in an increasingly complex research landscape.

Where are we now? To illustrate current practices, we exam-
ined code-sharing and data-sharing practices from 3 months 
of Original Investigations and Research Letters (N = 134) in 
JAMA, JAMA Internal Medicine, and JAMA Pediatrics (Online 
Supplement). Only 4% of publications shared code, and 5% 
shared data in public repositories. Code was listed as available 
upon request for another 10% of manuscripts and unavailable 
for 86%. Likewise, 16% reported public data but did not pro-
vide it in a replication package, 39% denoted data available 
upon request, and 40% listed data unavailable.

Why do 96% of papers fail to share code, and 95% fail to 
share data? These pervasive omissions point to structural 
failures rather than isolated individual choices. Reproduc-
ibility is impeded by gaps in training, limitations in infra-
structure, and misaligned incentives. We describe these bar-
riers and propose actions for researchers, journal editors, 
and funders.

BARRIERS TO REPRODUCIBILITY
The most fundamental barrier is training. Biomedical 
research increasingly requires code, but biomedical curricula 
rarely teach best coding practices. (None of the authors, for 

instance, were taught to test code as part of coursework or 
training.) Writing code that performs as expected is notori-
ously difficult, even for trained software engineers, let alone 
researchers learning on the fly. In practice, coding is com-
monly delegated to a single researcher or small group, often 
students or junior staff, with limited oversight. Collaborators 
may review output, but formal code review or testing is rare.

Second, reproducibility standards in medical academia 
remain unclear. Even when teams implement internal review 
processes, these are rarely communicated in manuscripts, in 
contrast to careful documentation of data sources and statis-
tical methods. Standards are omitted from checklists (e.g., 
CONSORT, CHEERS) that journals use to guide methodo-
logical reporting.

Third, preparing data and code for public dissemination 
takes time and effort that researchers have little incentive to 
spend. Under pressure to publish, publicly cataloging data 
and code is easy to deprioritize, especially when peers skip 
it. The NIH now requires Data Management and Sharing 
Plans for competing applications that generate scientific 
data. However, the NIH does not oversee implementation, 
and requirements do not cover studies using secondary data 
sources.2

Concerns about misuse and scrutiny compound this disin-
centive. Authors may fear that code could be misinterpreted 
or applied for unintended purposes. For example, authors 
may worry algorithms to identify transgender beneficiar-
ies for research could be used to discriminate against trans 
patients.3 With the rise of large language models, authors 
may worry about limited control over intellectual property. 
Authors may fear that sharing data and code will expose 
them to additional criticism compared to peers who choose 
not to make resources public.

POTENTIAL STEPS

Researchers
Three practices borrowed from software engineering could 
substantially reduce coding errors in research: code testing, 
code review, and repeat coding. All require training and 
practice, and we emphasize the need to incorporate them into 
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formal biomedical research curricula and develop research-
specific reporting standards.

Biomedical researchers typically rely on two implicit 
checks: that code runs without errors and that output aligns 
with expectations. However, these are both ad hoc and prone 
to confirmation bias, as researchers are more likely to scru-
tinize code that generates surprising results. In code testing, 
software engineers take a more systematic approach, defin-
ing the expected behavior of each function and writing tests 
to verify that given inputs produce correct outputs.4 For an 
example in a research context, when collapsing person-year-
level data to the person level, a test could confirm that the 
number of unique individuals is preserved. Designing tests 
that anticipate what could go wrong is a skill that requires 
practice, but when well-implemented, can identify errors that 
may be otherwise difficult to catch.

Code review, a careful examination of data cleaning and 
analysis code by someone not involved in writing it, is a 
second safeguard. Though standard in software engineer-
ing, it remains rare in academic research.5 Its value lies not 
just in catching errors but also in the discipline it imposes: 
code written with the expectation that a colleague will read 
it tends to be cleaner and better documented. While industry 
best practices involve frequent review of small units of code, 
reviewing a complete analytic pipeline at a project’s end may 
be preferable in an academic setting.5 As a side benefit, code 
review helps prepare code for public dissemination.

Last, repeat coding, multiple researchers independently 
coding the same analysis, is the most resource-intensive 
approach but also the most rigorous. When two researchers 
write code to answer the same question and arrive at dif-
ferent answers, the discrepancy may reflect a coding error. 
However, it may also reveal differing analytic assumptions: 
how to handle missing values or which observations to 
exclude. Either way, the disagreement is informative, sur-
facing bugs and hidden judgment calls.

The growing capacity of large language models (LLMs) to 
explain, critique, and write code has significant potential to 
lower the burden of all three practices. In addition to lower-
ing the burden of initial code development (and proprietary 
sentiment toward code), LLMs can help generate tests, flag 
common errors, serve as a first-pass code reviewer, or aid in 
repeat coding. Creative application of these tools can make 
the gap between current and best practice less daunting to 
close.

Journal Editors and Funders
Individual practice only goes so far without institutional 
reinforcement. As de facto standard-setters for biomedical 
research, journal editors are well-positioned to raise expecta-
tions for code and data-sharing. While enforcing code-shar-
ing (e.g., at the revised manuscript stage) is a start, some 

journals go further. The American Economic Review requires 
authors to submit replication packages with code and data. 
When data are non-public, authors must indicate whether a 
private version can be made available to the Data Editor or 
a designated third-party replicator.6 Bioinformatics requires 
peer review of new software, algorithms, and code.7 To ease 
the burden on human reviewers, journals could also consider 
AI-powered review tools.

Last, funders, too, have a role: providing resources for rep-
lication packages, supporting double coding for high-stakes 
analyses, and coordinating shared infrastructure where use-
ful. For example, funders could support the development of 
infrastructure for replicating studies that rely on restricted 
data sources such as Medicare claims, perhaps by employing 
HIPAA-compliant LLM coding support tools.

CONCLUSION
For individuals and research teams, the barriers to repro-
ducibility can be substantial, but are not insurmountable. 
The practices outlined here—testing, reviewing, and sharing 
code—have been proven in other fields and can increasingly 
be supported by AI tools that lower the cost of adoption. 
Standardizing these practices is not just about rigor; it is a 
concrete mechanism for reinforcing the credibility and pub-
lic trustworthiness of scientific results.
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