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Sounds familiar?
(Hopefully not!)

* How did the previous postdoc do that
figure???

« What was | doing in this bit of code???

« Did someone modify the data?? | am getting
completely different results!

« Reviewer #3 is asking me to re-run
everything...

From CodeRefinery “Reproducible Research”
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HAVE YOU FAILED TO REPRODUCE
AN EXPERIMENT?

Most scientists have experienced failure to reproduce results.
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IS THERE A REPRODUCIBILITY CRISIS?

7% 52%
Don'’t know Yes, a significant crisis
3%
No, there is no
crisis

1576

researchers
surveyed

38%
Yes, a slight
crisis

Number of respondents from each discipline:
Biology 703, Chemistry 106, Earth and environmental 95,
Medicine 203, Physics and engineering 236, Other 233



https://coderefinery.github.io/reproducible-research/motivation/

What is reproducibility (of results) in scientific research?
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Figure from The Turing Way

Different

Replicable

Generalisable

Reproducible: same analysis steps
on same dataset produces same
answers.

Replicable: same analysis on different
datasets produces similar answers.

Robust: Robust results show that the
work is not dependent on the
specificities of the implementation of
the analysis.

Generalisable: Results that are
meaningful beyond the specific
dataset or analysis pipeline used.
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https://book.the-turing-way.org/reproducible-research/overview/overview-definitions/

Why do we care? Research Integrity

ALLEA European Code of Conduct

Good Questionable Fabrication for Research Integrity — Principles:
Research Research Falsification Reliability, Honesty, Respect,
Practices Practices Plagiarism Accountability

Violations of research integrity:

Fabrication: Making up data or
results and recording them as if they
were real.

Falsification: Manipulating research
materials, equipment, images, or
processes, or changing, omitting, or

suppressing data or results without
René Bekkers https://slideplayer.com/slide/7787128/ justiﬁcation

‘Ideal’ Sloppy Un-\conscious bias Conscious bias  Falsifica-/tion  Fabrication

If your findings are not
reproducible, the integrity of your
research can be questioned.

Figure by René Bekkers https://slideplayer.com/slide/7787128/
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https://allea.org/code-of-conduct/
https://slideplayer.com/slide/7787128/
https://slideplayer.com/slide/7787128/

Al

What about artificial intelligence and machine learning?
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What is Artificial Intelligence (Al)?

[ ARTIFICIAL ] ‘Al system’m_eans_a machine-based
1 le o s [ svong A J {Am:;m:usJ [ Cobtios J [ Vs ] [Cqmggi':;igga'] system that is designed to operate
| | | | ""T”’ with varying levels of autonomy and
| | [ [ [ | | that may exhibit adaptiveness after

MACHINE hoorem , Experimental Al Programming Knowledgs epensymems | - d€PlOyment, and that, for explicit or
LEARNING proving Planning Cognitive Languages Representation Baced Systengw . Lo . . .
implicit objectives, infers, from the

input it receives, how to generate
outputs such as predictions, content,
bl recommendations, or decisions that
| IA"°°R'T“MS | | can influence physical or virtual
- - environments;
[ [“] (Article 3(1), Artificial Intelligence Act)

Artificial
Intelligence (Al)

=

Machine
learning (ML)

[ Support Vector ] [Neural Networks

Machine Networks

J

Other Al legal definitions collected by
e | e | [ IAPE.

Figure from Glerean (2025) *Fundamentals of secure Al systems
A' with personal data” European Data Protection Board

Deep
Learning (DL)

Natural
Language
Processing
(NLP)
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https://www.europarl.europa.eu/doceo/document/TA-9-2024-0138_EN.html
https://iapp.org/resources/article/international-definitions-of-ai/
https://iapp.org/resources/article/international-definitions-of-ai/
https://www.edpb.europa.eu/our-work-tools/our-documents/support-pool-experts-projects/fundamentals-secure-ai-systems-personal_en
https://www.edpb.europa.eu/our-work-tools/our-documents/support-pool-experts-projects/fundamentals-secure-ai-systems-personal_en
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Figure from Glerean (2025) "Fundamentals of secure Al systems

with personal data” European Data Protection Board

The Al model is like the
engine of the car: it can be
very powerful and even
dangerous, but if it is not
put into a system (the rest
of the car) it cannot do
anything.

The Al system enables the
use of the Al model: by
feeding input to the model,
it can produce
recommendations,
classifications, translations,
synthetic text, synthetic
images, code, ... and
influence the external
physical/virtual environment
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https://www.edpb.europa.eu/our-work-tools/our-documents/support-pool-experts-projects/fundamentals-secure-ai-systems-personal_en
https://www.edpb.europa.eu/our-work-tools/our-documents/support-pool-experts-projects/fundamentals-secure-ai-systems-personal_en

What is reproducibility in machine learning research?

“...the general community continues to
take this issue too lightly.”

Text Code Data

Data: not only availability but also
issues specific to ML: data leakage
(poor split between training/test
datasets), bias (various types of
imbalances in the data)

R1 Description

R2 Code

Experiment: indeterminism
(randomness of certain methods),
environment (GPU vs CPU vs TPU
architecture, version of libraries),
computational resources (not
everyone has access)

Gene ra[i‘ty ﬁ

R3 Data

_ Rep roducibihty —

R4 Experiment

Figure from Semmelrock et al. (2025) Reproducibility in machine-
A' learning-based research: Overview, barriers, and drivers
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https://onlinelibrary.wiley.com/doi/full/10.1002/aaai.70002
https://onlinelibrary.wiley.com/doi/full/10.1002/aaai.70002

Al

So Is data and code availability enough?
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Full reproducibility from full transparency

The article alone is rarely enough to reproduce
scientific findings

The order of processing steps, details about software, data, computing.
Documentation Sphinx, Quarto, or any other tool for writing documentation.

Version control of code (git + GitHub/GitLab), data (git-annex,
DatalLad, DVC), ML experiments/MLOps (MLflow, Weights&Biases)

Documenting dependencies (conda, veny, uv) up to the
. whole system (Nix, Docker, Singularity/Apptainer), the
Environment infrastructure (Infrastructure-as-code e.g. with Ansible),

and the hardware.

Figure from Steeves, Vicky (2017) in “Reproducibility Librarianship”
A' Collaborative Librarianship: Vol. 9: Iss. 2, Article 4. |
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https://www.sphinx-doc.org/en/master/
https://quarto.org/
https://git-scm.com/book/ms/v2/Getting-Started-About-Version-Control
https://github.com/
https://about.gitlab.com/
https://git-annex.branchable.com/
https://www.datalad.org/
https://dvc.org/
https://mlflow.org/
https://wandb.ai/site/
https://anaconda.org/anaconda/conda
https://docs.python.org/3/library/venv.html
https://docs.astral.sh/uv/
https://nixos.org/
https://www.docker.com/
https://apptainer.org/
https://docs.ansible.com/

Reproducibility from full transparency in machine learning

Technology-driven Procedural Aware
ness
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R1 Description | Completeness, quality

of reporting

Spin practices and
publication bias

R2 Code

Limited access to code

R3 Data

Limited access to data

Data leakage

Bias

R4 Experiment | Inherent

nondeterminism

Environmental
differences
Limited resources

A!

Figure from Semmelrock et al. (2025) Reproducibility in machine-

learning-based research: Overview, barriers, and drivers

Mapping solutions to barriers

(selection)

Data and Code (and Models)
version control

Training pipelines

Standardised datasets
(benchmarks)

Model sharing, model cards
Checklists

Practical example:
reproducibility in the

NeurlPS paper checklist
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https://onlinelibrary.wiley.com/doi/full/10.1002/aaai.70002
https://onlinelibrary.wiley.com/doi/full/10.1002/aaai.70002
https://neurips.cc/public/guides/PaperChecklist

Conclusion and importance in the real world

Reproducibility is a fundamental component of research integrity

Beyond research, ML reproducibility is at the core of Al system
robustness: important in products in the real world (ISO/IEC 5259-
4:2024, ISO/IEC 42005:2025)

Not covered: concept drift (when real world data changes, but the
system should still work), explainability of Al (the better we can
explain how it works, the better we can ensure robustness,
reproducibility, and replicability)
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https://www.iso.org/standard/81093.html
https://www.iso.org/standard/81093.html
https://www.iso.org/standard/42005
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