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Abstract

Computational reproducibility is fundamental to scientific re-
search, yet many published code supplements lack the neces-
sary documentation to recreate their computational environ-
ments. While researchers increasingly share code alongside
publications, the actual reproducibility of these materials re-
mains poorly understood.
In this work, we assess the computational reproducibility of
296 R projects using the StatCodeSearch dataset. Of these,
only 264 were still retrievable, and 98.8% lacked formal de-
pendency descriptions required for successful execution. To
address this, we developed an automated pipeline that re-
constructs computational environments directly from project
source code. Applying this pipeline, we executed the R scripts
within custom Docker containers and found that 25.87%
completed successfully without error.
We conducted a detailed analysis of execution failures, iden-
tifying reproducibility barriers such as undeclared dependen-
cies, invalid file paths, and system-level issues. Our findings
show that automated dependency inference and containerisa-
tion can support scalable verification of computational repro-
ducibility and help identify practical obstacles to code reuse
and transparency in scientific research.

Introduction
Ensuring computational reproducibility is increasingly rec-
ognized as a cornerstone of credible scientific research
(Peng 2011; Seibold et al. 2021; National Academies of Sci-
ences and Medicine 2019). Several works, beginning in the
1990s (Claerbout and Karrenbach 1992), have highlighted
the importance of making research outputs reproducible and
have proposed computational methodologies and best prac-
tices to achieve this goal.

A fundamental aspect in achieving computational repro-
ducibility is the provision of all necessary materials, includ-
ing the raw data and the code used to generate the results.
Barba (2018) paraphrases Claerbout and Karrenbach (1992)
with what is now widely considered the ideal of computa-
tionally reproducible research.

An article about computational science in a scientific
publication is not the scholarship itself, it is merely
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this pipeline for the StatCodeSearch dataset (right).

advertising of the scholarship. The actual scholarship
is the complete software development environment
and the complete set of instructions which generated
the figures.

Following this goal, Chung-hong Chan, Tim Schatto-
Eckrodt, and Johannes Gruber (2024), among others, em-
phasise that sharing of all code and data is crucial for
transparency and forms the basis for computational repro-



ducibility. To facilitate the execution of their shared code,
researchers must pay close attention to documenting their
computational environment thoroughly. This includes ex-
plicitly listing all software dependencies and their versions,
using files like requirements.txt or including detailed
information about their used environment using commands
such as sessionInfo() in R. Containerisation technolo-
gies such as Docker, which use a Dockerfile to create
consistent and isolated environments across different sys-
tems (e.g., different operating systems), are another widely
accepted approach in the literature on computational re-
producibility (Boettiger 2015). Furthermore, Schoch et al.
(2024) emphasise that external dependencies such as on-
line APIs are also part of the potentially changing envi-
ronment, which can undermine computational reproducibil-
ity. Achieving reproducibility requires a multifaceted, proac-
tive approach that includes transparent sharing of materials
and thorough documentation of the computational environ-
ment by the authors. Sandve et al. (2013) and Kohrs et al.
(2023) condense these requirements into basic rules for re-
producible computational research.

Achieving computational reproducibility should not be
assumed; it requires external verification. Hardwicke et al.
(2020) manually examined 250 articles from the social sci-
ence literature and found that fewer than 3% made their anal-
ysis scripts available. Rainey et al. (2025) found that only
about 12% of quantitative research articles provided access
to both the data and the code. Trisovic et al. (2022) exe-
cuted R code from replication datasets hosted on the Har-
vard Dataverse repository in a clean runtime environment
and found that 74% of R files failed to complete without er-
ror. Pimentel et al. (2019) and Samuel and Mietchen (2024)
examined the reproducibility of Jupyter notebooks, mostly
written in Python, and found that only 24% and 11.6% re-
spectively ran without errors in a fully automated analysis.
Chung-hong Chan, Tim Schatto-Eckrodt, and Johannes Gru-
ber (2024) tested the reproducibility of 30 papers and found
that, even after manual restoration of the code, at least 20%
were only partially reproducible. Furthermore, both prac-
titioners (Lasser 2020; Nüst and Eglen 2021) and guides
(Arnold et al. 2019; Bleier 2025) emphasise the role of ser-
vices like MyBinder in enabling authors to share their analy-
sis scripts in a way that allows for easy verification by others.

In this work, we empirically test the computational repro-
ducibility of 296 R code supplements published as projects
on the Open Science Framework (OSF) repository. How-
ever, unlike earlier approaches (Trisovic et al. 2022) that
used a clean runtime or manual intervention (Chung-hong
Chan, Tim Schatto-Eckrodt, and Johannes Gruber 2024) to
establish reproducibility, we apply an automated approach
to infer and extract dependencies that are necessary for a
successful execution. Our work is guided by the following
research questions: At what rate are we able to verify the
computational reproducibility of the submissions published
on OSF? Can automatic dependency inference aid in suc-
cessful re-execution? Can a statistical analysis of replica-
tion failure modes inform recommendations on best prac-
tices for the publication of code supplements, and if so, what
are these best practices?

Methodology
The starting point for this study was the StatCodeSearch
dataset, which is part of the GenCodeSearchNet benchmark
suite (Diera et al. 2023). This dataset, available on Hug-
gingFace1, consists of code-comment pairs extracted from
R scripts hosted on the Open Science Framework (OSF)2. It
focuses specifically on R projects in the social sciences and
psychology, particularly those involving statistical analysis.

The dataset contains 1,070 code-comment pairs drawn
from 558 unique R scripts across 296 distinct OSF projects.
While the dataset is organized at the level of individual code-
comment pairs, our goal is to reconstruct interactive, repro-
ducible computational environments at the project level.

To achieve this, we used the project identifiers provided in
the dataset to retrieve the corresponding research materials.
We then employed the OSFClient API3 to download the full
contents of each associated OSF repository.

An initial verification step revealed that, out of the
558 R code files referenced across 296 OSF projects in
the StatCodeSearch dataset, 63 files from 32 distinct
projects were no longer accessible through their original
OSF directories. This outcome suggests that a portion of
the dataset had become outdated, likely due to file deletions,
renaming, or changes to project access permissions on the
OSF platform following the initial data collection.

While OSF supports the creation of immutable, time-
stamped project snapshots through its registration feature,
our analysis found that only 58 out of 296 projects had used
registrations, and only 49 of those preserved the files refer-
enced in the dataset. Moreover, registered snapshots are not
automatically created or mandatory, and their selective use
makes it difficult to systematically recover the original state
of all materials. The lack of widespread adoption of OSF
registrations and the absence of robust version control sys-
tems (such as those provided by Git) make it challenging to
replicate the computational environment used in these stud-
ies at the time of publication.

Following the identification and removal of unresolvable
file references from the initial dataset, the remaining 264
projects were examined for files that could support the re-
production of the original analyses. The downloaded project
contents were systematically searched for reproducibility-
relevant files that document the computational R envi-
ronment, including renv.lock, sessionInfo.txt,
sessionInfo.RData, .Rprofile, DESCRIPTION,
dependencies.R, dependency.R, Dockerfile,
environment.yml, and install.R.

To enable the automated execution and validation of
project files associated with the GenCodeSearchNet dataset,
we developed an automated pipeline, osf-to-binder4,
which is publicly available on GitHub. The goal of this
pipeline is to generate verifiably reproducible computational
environments directly from the source code of scientific pub-
lications hosted on OSF.

1https://huggingface.co/datasets/drndr/statcodesearch
2https://osf.io
3https://github.com/osfclient/osfclient
4https://github.com/Code-Inspect/osf-to-binder



The osf-to-binder pipeline operates through the fol-
lowing steps (see Figure 1):

• Project Retrieval: Given one or more OSF project iden-
tifiers, the pipeline automatically downloads and unpacks
the entire file storage associated with each project.

• Dependency Extraction: For projects containing R
scripts, the pipeline employs flowR (Sihler and Tichy
2024), a static dataflow analyser and program slicer to
automatically extract dependencies.

• Docker Configuration: The extracted R dependencies
are used to generate a DESCRIPTION file, an R package
metadata file that is essential for specifying dependencies
in Docker-based environments.

• Containerisation: Using repo2docker (Forde et al.
2018), the pipeline builds a Docker container based on
the project directory. It scans the repository for standard
configuration files (e.g., DESCRIPTION) and creates a
runnable Docker image accordingly.

• Code Execution: Within the built container, the pipeline
executes all identified R scripts in a fully isolated and
dependency-managed environment.

• Logging and open validation: Execution results and
logs are recorded to ensure transparency and support both
internal and external validation.

• Publication: To support open reproducibility, the result-
ing Docker image is published to a container registry
(DockerHub)5, and the project code is made available
via a version control system (GitHub)6. Additionally, we
generate a MyBinder (Ragan-Kelley et al. 2018) launch
link, enabling users to run the environment in a remote
RStudio instance without any local setup.

By automating dependency extraction, environment
configuration, containerisation, and execution, the
osf-to-binder pipeline offers a scalable and transpar-
ent approach to enhancing computational reproducibility for
OSF-hosted research projects. It thereby supports broader
efforts toward open and verifiable science.

Results
An analysis of the remaining 264 OSF projects, identified af-
ter excluding those for which the referenced R scripts could
not be located during initial verification, revealed a limited
presence of files commonly associated with computational
reproducibility. The results are detailed in Table 1.

These findings highlight the current state of explicit re-
producibility provisions within the examined subset of OSF
R Projects. The scarcity of these files suggests that many
projects may lack readily available instructions or specifica-
tions for recreating computational environments.

5All Docker images are published at https://hub.docker.com/u/
meet261.

6All GitHub repositories are maintained under https://github.
com/code-inspect-binder.

Table 1: Presence of reproducibility-related files in the 264
analysed OSF projects.

Dependency File Projects

Total Percentage

DESCRIPTION 2 0.8%
Dockerfile 1 0.4%
renv.lock 0 0.0%
sessionInfo.txt 0 0.0%
sessionInfo.RData 0 0.0%
.Rprofile 0 0.0%
dependencies.R 0 0.0%
dependency.R 0 0.0%
environment.yml 0 0.0%
install.R 0 0.0%
No dependency file 261 98.8%

Containerisation success and failures
Of the 264 projects processed by the pipeline, containerisa-
tion failed for 15, comprising 35 R scripts (around 5% of the
total). The main reasons included:

• Malformed or incomplete DESCRIPTION files: Gen-
erated from flowR outputs, these often lacked required
fields or had formatting errors, rendering them invalid.

• Incorrectly extracted dependencies: In several cases,
flowR misidentified variables, file paths, or internal ob-
jects as package names, resulting in invalid entries such
as unknown, NULL, or numeric values like ’0’, ’1’.

• Invalid scoped package references: Calls like
knitr::opts chunk were mistakenly treated
as standalone packages, which are not installable.

• Unavailable or incompatible packages: Some projects
listed packages such as crsh/papaja, DF network,
and swfscMisc, which were either not available for
the R version in the container or required system-level
libraries that were not included.

• Failed package installation: These issues caused
devtools::install local(getwd()) to fail,
stopping container creation during the repo2docker
build.

The remaining 249 projects were successfully con-
tainerised, yielding 460 R scripts, and demonstrating the
pipeline’s ability to automatically generate and build Docker
images for a majority of the analysed OSF R projects. A key
constraint during the publication step was GitHub’s 100MB
per-file size limit, which prevented 23 of these projects (51
scripts) from being pushed to the repository. While this
limited their accessibility via Git-based platforms such as
Binder, the scripts were still containerised and included in
the execution analysis, maintaining the total number of exe-
cuted scripts at 460.

Code execution within containerised environments
Following successful containerisation, 460 R scripts
from 249 OSF projects were executed. Of these, 119



scripts (25.87%) completed successfully without criti-
cal errors, while the remaining 341 scripts (74.13%)
failed—highlighting persistent challenges in computational
reproducibility. Among the successful scripts, 51 came from
40 projects (16.06% of all 249 projects) in which all scripts
executed without failure, indicating full project-level repro-
ducibility. The other 68 successful scripts were from 34
projects (13.65%) that also included at least one failed script,
reflecting partial reproducibility. The remaining 175 projects
(70.28%) had no successfully executed scripts.

To analyse and interpret script execution failures, a two-
level classification approach was implemented. At the first
level, regular expression patterns were used to extract com-
mon error messages and map them to initial error types,
such as missing objects, function call issues, invalid paths, or
package loading problems. In the second level, semantically
similar errors were grouped into broader categories.

Errors such as “object not found,” “could not find func-
tion,” and “unexported object access” were grouped un-
der Missing Object or Function (18.2%), which also in-
cludes references to undefined variables or function calls
made without properly loaded packages. Errors involving
non-existent file or folder paths, hardcoded directories, or
failed attempts to change the working directory were classi-
fied as Invalid File or Directory Path (19.1%). Typical cases
include “cannot open file,” “failed to search directory,” or
“directory already exists,” reflecting file system access is-
sues. Many errors stemmed from scripts referencing miss-
ing datasets or using absolute paths, both of which hinder
reproducibility in containerised or remote environments.

Package-related issues were among the most frequent fail-
ure sources, with Missing Package errors accounting for
26.1% of failed scripts. This category includes unmet de-
pendencies due to missing, outdated, or deprecated pack-
ages, or libraries implicitly required but not declared. Sepa-
rately, errors during installation, such as broken dependen-
cies, compilation failures, or loading issues, were catego-
rized as Package Installation Failure (8.2%), often signaled
by messages like unable to install packages,” lazy loading
failed,” or “package or namespace load failed.”

System-level problems related to shared object files or
display devices were categorized under Shared Library Load
Error (8.5%). These include failures such as “unable to load
shared object” or GUI-dependent functions failing in head-
less environments (e.g., “unable to start data viewer”). Di-
rect file access errors, such as failures when trying to read a
file, were grouped under File Read Error (7.9%). These typ-
ically manifested as errors in reading .rds, .csv, or other
files due to missing or incorrect paths.

The Other Errors category, accounting for 12% of all
failed scripts, includes less frequent but collectively signifi-
cant error types. A substantial portion involved RStudio En-
vironment Errors and Compressed File Not Found errors, of-
ten caused by assumptions about interactive sessions (e.g.,
active RStudio) or attempts to load missing .rds or com-
pressed files. Less common issues included Syntax or Ar-
gument Errors, Encoding and String Handling Problems,
Missing Arguments in setwd(), and Data Structure Mis-
matches. Though individually rare, these represent a long
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Figure 2: Breakdown of execution errors by category.

tail of reproducibility challenges in real-world R scripts.
This structured classification enabled the distillation of

hundreds of distinct error messages into a concise set of
meaningful categories, as visualized in the final breakdown
of execution errors (see Figure 2).

Conclusion
This study examined the reproducibility of statistical R
scripts hosted on the Open Science Framework (OSF) us-
ing the StatCodeSearch dataset and a new automated
container-based pipeline, osf-to-binder. A total of 558
R scripts from 296 OSF projects were analysed, of which
460 scripts were successfully containerised and executed.
Execution outcomes were categorized and analysed to un-
cover prevalent failure patterns. Our findings corroborate
earlier results by Hardwicke et al. (2020); Trisovic et al.
(2022); Pimentel et al. (2019) and highlight common bar-
riers to reproducibility, including unresolved dependencies,
non-portable file paths, and assumptions about graphical ex-
ecution environments.

The analysis highlights several best practices to im-
prove the reproducibility of R scripts. First, all required
packages should be explicitly declared and sourced from
reliable repositories such as CRAN, Bioconductor, or
GitHub, with version information when relevant. Providing
installation scripts (e.g., install.packages()
or renv::restore()) simplifies environment
setup. Second, scripts should use relative paths (e.g.,
"./data/data.csv") instead of hardcoded absolute
paths, and input data should be included or linked via
persistent references. Scripts should be verified for required
files at runtime and return informative errors if missing.
Finally, to support execution in automated or containerised
environments, scripts should run non-interactively and avoid
GUI-based functions in favor of programmatic alternatives,
enabling full execution without manual intervention.

Cross-domain comparisons suggest that the reproducibil-
ity challenges observed in R are not unique. For instance,
Samuel and Mietchen (2024) analysed 27,271 Jupyter note-
books associated with biomedical publications. Among the
10,388 Python notebooks for which all declared dependen-
cies could be successfully installed and execution was at-
tempted, 1,203 notebooks (11.6%) ran without any errors.



In comparison, our study found that 119 out of 460 R
scripts (25.87%) executed without errors. Although drawn
from different research domains and computational ecosys-
tems, both studies point to the persistence of reproducibil-
ity barriers even when execution environments are success-
fully constructed. These findings reinforce the importance
of language-agnostic best practices such as explicit depen-
dency declaration, non-interactive design, and environment
encapsulation for reproducible research.

However, this work is subject to certain limitations:

• Dependency extraction with flowR: The flowR static
dataflow analyser is limited in detecting all import pat-
terns in R, especially dynamic loading methods (e.g., via
lapply)7. Some required packages may remain unde-
tected, leading to incomplete environment specifications
and potential containerisation failures.

• Single-error reporting: Execution halts at the first criti-
cal error, preventing analysis of subsequent issues in the
same script.

• Limited GitHub compatibility: Projects with large files
cannot be pushed to GitHub without Git LFS, restricting
their availability via platforms like Binder, though they
remain executable in the pipeline.

Future work could enhance dependency detection through
dynamic code analysis or AI-assisted parsing. Expand-
ing the pipeline to support multi-error detection and fault-
tolerant recovery could offer a fuller picture of reproducibil-
ity challenges. Addressing GitHub’s size constraints through
automated Git LFS integration or alternative hosting strate-
gies (e.g., Zenodo, OSF storage links) would improve ac-
cessibility and enable broader sharing of data-intensive
projects. Encouraging broader adoption of OSF registrations
and promoting best practices for file versioning at the time of
publication (e.g., linking analysis scripts explicitly to regis-
tration DOIs) could also strengthen long-term reproducibil-
ity. Finally, integrating large language models and intelli-
gent debugging systems may provide promising avenues for
reducing execution failures and streamlining reproducibility
assessments in computational research.

This work was funded by the German Research Foundation
(DFG) under project No. 504226141.
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