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Code underlying published findingsin the
social sciences often fails to reproduce
reported results when othersre-runiton

the original data. This Comment proposes
four recommendations to strengthen
computational reproducibility, facilitating the
trustworthiness and reliability of research.

Wherever empirical findings rely on code and data, computational
reproducibility is a basic requirement for their credibility. Given the
code, data and documentation that authors share, anindependent
researcher should be able to run the code on the shared data and obtain
the same results. In practice, however, computational reproductions
often fail: reproducibility rates range from below 20% of papers if the
absence of available code and datais counted as a failed reproduction’,
to over 85% of claims at journals that mandate code and data shar-
ing”. While higher rates partly reflect improvements in data-sharing
policies and their enforcement, failures are documented even under
the most favourable conditions. Each failure to reproduce results can
create undesirable uncertainty regarding the credibility of the original
findings’, and future research risks building on unstable foundations>.

Computational reproducibility often breaks not because of major
errors, butbecause of routine omissions that researchers may notreal-
ize are problematic: for example, ananalytical step performed by hand
with no record left behind, a package that has since been updated, or
adatafile that was never labelled. Many such failures persist because
the practices that prevent themare not yet widespread. This Comment
describes four such practices and explains why their adoption matters.

Why computational reproducibility isimportant

We consider two checks to evaluate afinding’s credibility: replications
where researchers test whether an original finding can be repeated
using new data, and computational reproductions where researchers
test whether an original finding can be repeated using the original code,
dataand documentation* (Fig. 1). Whereas replicability has attracted
much attention in the behavioural and social sciences over the past
decade’, we argue that computational reproducibility is alsoimportant,
as findings that cannot be computationally reproduced impose costs
on both the scientific community and individual researchers.

At the collective level, reproducible workflows mean that errors
aremore likely to be detected early and less likely to spread through the
literature. Without this foundation, computational errors can go unno-
ticed, becitedand evenbeincluded inmeta-analyses. Whensuch errors
surface, authors must issue corrections or papers are retracted, which
erodes trust in science and wastes limited resources on work that may
have no meaningful empirical foundation®. Reproductions, therefore,
constituteasensiblefirst stepinthe process of verifying scientific claims.

For individual researchers, computational reproducibility makes
research easier to manage, verify and extend. An analysis that neglects
principles of reproducibility can quickly become difficult to interpret,
even for its original author, making it harder to respond to reviewer
requests months or even years later. Without a reproducible workflow,
authorsarealso less likely to catch errors before submission, increasing
the risk of corrections once findings are published and the reputational
consequencestheseentail. Yet much of thisis avoidable, as reproducibility
lieslargely within the author’s control. With journalsincreasingly imple-
menting reproducibility checks to bolster the credibility of published
findings, authors face growing incentives to assume that responsibility.

Four recommendations for reproducible workflows

From our collective experience conducting and advocating reproduc-
ibility checks across various capacities and disciplines, we offer four
recommendationsto authors: script, encapsulate, explain and deposit
(SEED). Table 1summarizes concrete practices across these four recom-
mendations to prevent common sources of failure. In their simplest
form, our reccommendations translate into aclear project structurein
whichraw and processed data, analysis scripts and outputs are stored
indedicated directories,and where aREADME file explains how every-
thing fits together. A useful way to approach these recommendations
is towrite code and documentation as if someone unfamiliar with the
project would need torunit —whether areviewer, another researcher
building onthe work, afuture collaborator, or even the original author
returning to the project later.

Script the entire analysis pipeline. Computational reproducibility
improves whenthe entire analysis, from reading raw data to producing
the final figures and tables, is expressed as executable code, ideally
involving no manual steps. Clicking through interfaces that leave no
record of useractions, filtering datainaspreadsheet beforeimport,and
renaming files by hand all make it more difficult to verify the work and
todistinguish deliberate choices fromerrors. A fully scripted workflow
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@ Others conduct a computational reproduction
by following the documentation to re-run the
code on the data, testing whether the code
returns the reported numerical results

@ Authors SEED a computational claim
so that their data, code and
documentation suffice for others
to reproduce it (see Table 1)

Deposited data, code and documentation

Fig.1| Growing credibility from data, code and documentation.

A computational claimis the seed, and the data, code and documentation
thatauthors deposit are the substrate that must sustain it. (1) Authors SEED a
computational claim (script, encapsulate, explain, deposit; Table 1), and these
practices determine whether the deposited materials suffice for someone
else to computationally reproduce the reported results; that is,

@ Others conduct replications by
testing whether the same claim
holds on new data

New data

to obtain them by re-running the deposited code on the deposited data. (2) An
independent computational reproduction tests whether the materials suffice for
reproduction. When it succeeds, a claim’s credibility can grow. (3) Replications
test the same claim against new data where feasible and provide independent
evidence that may strengthen the claim further.

(from data retrieval to final analysis results) avoids this by making
every step explicit. Graphical user interfaces (for example, IBM SPSS
Statistics,jamovior JASP) that export ahuman-and machine-readable
syntax file or action log can meet this standard as well.

We highlight two practical suggestions in this context. First, the
analysis should have asingle, clear entry point:acontroller script that
calls all other scripts, functions or code chunks in the correct order.
This removes any ambiguity about the sequence inwhich the analysis
isexecuted. Second, analyses that involve stochastic processes (such
as bootstrap resampling, cross-validation or simulations) should set
and report a fixed random seed to permit reproducibility (Table 1).
Withoutaseed, eachrunof'the code produces different results, making
verification more ambiguous.

Encapsulate the computational environment. Code that runs on
one computer may break on another. Two common reasons for this
are differences in file paths and in software versions that exist only
on the author’s computer. Hard-coded, absolute paths are not only
frequent butalso avoidable: replacing them with pathsrelative to the
projectroot is asimple way to make ananalysis more portable. Arelated
challengeisthat ananalysis usually requires a variety of software pack-
ages that the author has installed on their system. However, the same
analysis might break on a different computer if one of these packages
has changed since the original analysis. Each additional package mul-
tiplies this risk, so minimizing dependenciesimproves portability. For
those packages that remain, tools such as renv or groundhoginR, or pip

freeze in Python, capture exact version information in a lockfile that
others can use to recreate it on a different computer. More advanced
toolssuch as containers go further and capture the full computational
environment, including the operating system and system libraries®.

Whichever approachis used, authors should testit by running the
analysis onaseparate machine or cloud instance (for example, Binder,
Google Colab or Posit Cloud), or by asking a colleague to reproduce it
fromscratch to catchissues they would otherwise miss.

Explain code and data for human readers. A scripted and encapsu-
lated analysis pipeline reflects machine-readable records, but authors
should also provide ahuman-readable complement that explains what
the materials containand how to runthe analysis. A study of over 1,000
computational reproducibility tests found thatinadequate documen-
tation was the most commonly cited obstacle to successful repro-
duction’. Hence, authors should provide a README file that clearly
states how each dataset can be accessed (in particular when data are
notincluded, for example, under access agreements for confidential
data), the software and hardware requirements, the expected running
time, the analysis procedure and outputs, and any idiosyncrasies (for
example, required APl keys or manual steps that cannot be scripted).

Furthermore, linking code to manuscript results through inline
comments (for example, “# This block generates Table 2”)
can make the code more accessible and results more traceable by
allowing others to quickly identify which part of a script corresponds
towhichoutput.
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Table 1| Concrete practices to improve computational reproducibility

Script

Automate analysis pipeline

Script all analysis steps from data retrieval to final analysis results, eliminate GUI interactions that leave no record, and provide a
single entry point that runs the full pipeline in order (suchasa run_all.Rormain.py file that sources all scripts in sequence).
Tools such as Snakemake can assist managing such pipelines.

Set random seeds

Set and document a seed in every script that uses randomization (for example, set . seed (20261305) in R or np.. random.
seed (20261305) in Python, placed at the top of each script).

Protect raw data

Store raw data in a dedicated read-only folder and save all processed versions separately (for example, originals in data/raw/
and cleaned datain data/processed/).

Keep intermediate outputs

Save computationally expensive intermediate outputs so downstream scripts can load them.

Encapsulate

Minimize dependencies

Add a package only when it provides clear value over base language functions (prefer base R or the standard library in Python
for simple operations).

Use relative paths

Use paths relative to the project root and avoid OS-specific commands.

Capture and document the
environment

Record all package and language versions in a lockfile and note the operating system and critical dependencies in the README
file. Use, for example, groundhog or renv in R or conda/pip in Python.

Containerize when warranted

For complex projects, provide a container capturing the full system environment®. Docker bundles code and system libraries
into a single portable image.

Test before sharing

Run all code in a fresh environment before sharing (ask a colleague to reproduce your results without further instructions or use
a cloud instance such as Binder, Google Colab or Posit Cloud).

Explain

Write a README file

Create a human-readable file, for example, by completing the Social Science Data Editors’ template README. State how each
dataset can be accessed (in particular, for confidential or restricted data), its provenance (sources, collection or retrieval
method, dates and licensing), the software and hardware requirements, environment setup, execution order and expected
runtime. See also figure 4 in ref. 7.

Link code to manuscript

Add comments indicating which outputs correspond to tables, figures and other elements in your paper (for example, #
creates Table 1 placed directly above the relevant code block).

Create a data dictionary

Document each variable’s name, type, values and units (for example, age_years, numeric, 18-65, years). Follow field-specific
metadata standards.

Write readable code and
comment decisions

Use variable names that make sense to humans. Comment and explain non-obvious choices, transformations and exclusion
criteria (for example, # Log-transform: right-skewed distribution; # Exclude ID=047: failed pre-registered
attention check).

Deposit

Organize for others

Confirm that the folder structure is intuitive and follows field-specific standards, if available; that file names reflect their
contents and position in the workflow; and that variable names are descriptive and consistent for someone unfamiliar with the
project.

Deposit in a persistent
repository

Archive code, data and documentation in a repository that provides a persistent DOI (such as Dataverse, ResearchBox and
Zenodo; see also re3data.org).

Handle restricted data

When data cannot be shared publicly, document how others can access or reproduce them, arrange verifier access at

the design stage (for example, in data-sharing agreements or ethics committee applications), consider data enclaves,
non-consumptive environments or synthetic data, and include log files from code runs on the original data. Share analysis code
regardless.

Declare licence

Add a LICENSE file specifying terms of reuse for code and data separately (see choosealicense.com for code licences such as
MIT and creativecommons.org for data licences such as CC-BY-4.0).

Practices are organized under four recommendations: script, encapsulate, explain and deposit (SEED).

Depositin a dedicated research repository. Researchers frequently
state that their code and data are available upon request, yetin practice,
such requests often go unanswered or unfulfilled*. Making materials
publicly and permanently available at the time of publication can help
to avoid thisdependence on authorresponse. Dedicated repositories
such as Dataverse, ResearchBox and Zenodo make it straightforward
toarchive code, dataand documentationin ways that others canaccess
and build upon.

Yet data cannot always be shared publicly because of legitimate
privacy or legal constraints. When dataaccessis restricted, researchers

should document how others can obtain it. For data governed by
non-disclosure agreements or collected under ethics committee
protocols, researchers should anticipate access to verifying parties
(such as data editors) at the design stage: data-sharing agreements
and ethics committee applications can explicitly permit a designated
verifier to access restricted materials, making confidential reproduc-
tion possible evenif public releaseis precluded. Secure research data
systems around the world (such as the Secure ANalysis Environment
(SANE) inthe Netherlands or the Centre d’accés sécurisé aux données
(CASD)inFrance, whichare controlled environments in which analysts

nature humanbehaviour


http://www.nature.com/nathumbehav
http://dataverse.org
https://researchbox.org/
https://zenodo.org/
https://www.surf.nl/en/services/compute/sane
https://www.casd.eu/en/
https://snakemake.readthedocs.io/en/stable/
https://tidyverse.org/blog/2017/12/workflow-vs-script/
https://www.docker.com
https://mybinder.org/
https://colab.research.google.com/
https://posit.cloud/
https://social-science-data-editors.github.io/template_README/template-README.html
http://dataverse.org
https://researchbox.org/
https://zenodo.org/
https://www.re3data.org/
https://choosealicense.com/
https://creativecommons.org/

Comment

run code or queries with no or restricted access to the underlying
records) offer a further option for sensitive or copyrighted data®.
In some cases, authors may be able to generate synthetic data that
preserve the statistical properties of the original data, an approach
long used to broaden access to sensitive microdata’. Notably, these
constraints do not justify withholding analysis code, which is almost
never subject to the same restrictions.

Practical considerations. Exact numerical reproduction, while desir-
able, might not always be achievable. Computationally intensive pro-
cedures and non-deterministic processes can make itimpractical. For
example, outputs from proprietary large language models (LLMs) can
vary across repeated runs even in their most deterministic setting.
In our view, such cases should be documented and, where possible,
mitigated: authors could specify an acceptable range of results for
non-deterministic analyses and share processed datato enable repro-
ductionfromanintermediate stage.

At the same time, not every project requires the same invest-
ment in computational reproducibility. A simple regression on a
public dataset demands different infrastructure than a multi-stage
simulation pipeline on sensitive data. For more complex projects,
researchers may even need tools that capture the full compu-
tational environment, such as packaging code together with its
software dependencies®.

Our experience suggests that longer-term gains often outweigh
initial costs, regardless of project complexity. Well-structured,
reproducible workflows can benefit collaboration and make
analyses easier to revisit, extend and verify, reducing ad hoc fixes
andrepeated reconstruction and leading to more efficient, scalable
and reliable research over time. Integrating practices that improve
computational reproducibility from the beginning, therefore,
also benefits individual productivity throughout all stages of a
research project.

LLMs and agentic coding systems (for example, Claude Code,
Gemini CLIor OpenAl Codex) are anincreasingly prominent resource
inacademicresearch and may help toimprove computational repro-
ducibility. Their value is most apparent on well-defined tasks with
clearsuccesscriteria, where the author canreadily detecterrorsand
hallucinations. Such tasks include generating a README file from a
structured template, identifying hard-coded file paths that prevent
portability and flagging undeclared software dependencies. Our early
experience with such use cases is promising. However, given the rapid
evolution of these tools and alack of systematic evidence on their use
at scale, transparent use and close author review remain essential,
with ultimate responsibility resting with the authors.

Making reproducibility routine

As institutional expectations around computational reproducibility
rise and the infrastructure to support it becomes more accessible,
the barriers that once made reproducibility difficult have largely been
removed. What remains is mostly within each author’s control: build-
ing awareness of these practices and making them routine. The SEED
practices canbe adopted incrementally, and each step makes findings
easier to verify, thereby contributing to more reliable science.
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