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Abstract

The rapid integration of artificial intelligence (Al) into scientific research is transforming data
analysis, computational modelling, hypothesis generation, simulation and knowledge
discovery. At the same time, the increasing complexity of Al-driven research introduces new
challenges for scientific reproducibility. Differences in datasets, preprocessing pipelines,
software environments, model architectures, random initialisation, hyperparameters and
computational infrastructure can produce substantially different results from nominally
identical experiments. This paper examines the relationship between artificial intelligence
and scientific reproducibility and proposes a structured framework for developing reliable,
transparent and repeatable data-driven research workflows. The framework integrates data
provenance, computational environments, model documentation, version control, experiment
tracking, statistical validation, independent replication and transparent reporting. Particular
attention is given to reproducibility challenges associated with machine-learning models,
including data leakage, hidden preprocessing, stochastic training, model drift, benchmark
dependence and insufficient documentation. The paper also examines the emerging role of
reproducible Al practices such as containerisation, workflow automation, model cards,
datasheets, versioned datasets and machine-readable research metadata. A human-centred
approach is proposed in which Al systems support scientific discovery while maintaining
researcher oversight and methodological accountability. The paper argues that reproducibility
should be treated not as a final reporting requirement but as a design principle embedded
throughout the research lifecycle. The proposed framework provides a basis for improving
the reliability, transparency and auditability of Al-supported scientific research and can
contribute to stronger scientific confidence in increasingly data-intensive research
environments.

Keywords: Artificial Intelligence, Scientific Reproducibility, Reproducible Research,
Machine Learning, Data Science, Research Transparency, Computational Science, Data
Provenance, Model Validation, Open Science.
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1. Introduction

Artificial intelligence has become increasingly integrated into scientific research.
Researchers use Al for:

« Data classification.

« Pattern recognition.

« Prediction.

« Simulation.

e Image analysis.

o Natural language processing.

e Molecular discovery.

e Automated experimentation.

« Knowledge extraction.

These applications can accelerate scientific discovery.

However, they also introduce additional layers of complexity into the research process.
A traditional computational experiment might depend on:

Data + Statistical Method + Software

An Al-based experiment may depend on:

Data + Preprocessing + Architecture + Hyperparameters + Training Procedure + Randomness
+ Hardware + Software + Model Version

Consequently, reproducing an Al-based scientific result can be considerably more difficult.

2. Scientific Reproducibility

Scientific reproducibility refers broadly to the ability to obtain consistent results when an
analysis or experiment is repeated under appropriately equivalent conditions.

It is closely associated with:

e Transparency.

« Documentation.

o Verification.

e Independent replication.

e Methodological consistency.

Reproducibility is fundamental to scientific credibility.

3. Reproducibility and Replicability
The concepts are related but should not always be treated as identical.

Reproducibility
Obtaining consistent results using the same or sufficiently equivalent:
o Data.
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e Methods.
o Code.

o Computational environment.

Replicability
Obtaining consistent findings through an independently conducted study or implementation.
Al research should ideally support both.

4. Why Al Creates New Reproducibility Challenges
Al models are sensitive to numerous variables.

These may include:

« Training data.

« Data sampling.

o [Feature engineering.

e Model architecture.

e Hyperparameters.

e Random seeds.

e Hardware.

o Software libraries.

Even apparently minor changes can influence outcomes.

5. Data Dependency
Data are one of the most important components of Al research.
Two researchers may use datasets with the same name but different:

e Versions.
e« Records.
e Labels.

e Cleaning procedures.
« Missing-value treatments.
Therefore, merely naming a dataset is insufficient.

6. Dataset Versioning

Research datasets should ideally have:

e Unique identifiers.

e Version numbers.

e Creation dates.

« Modification records.

« Provenance information.

A reproducible study should make it clear exactly which data version was used.
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7. Data Provenance
Data provenance describes where data came from and how they were transformed.
A provenance chain can be represented as:

Raw Data

!

Cleaning

!

Transformation

!

Feature Engineering

!

Training Dataset

!
Model

Every transformation should be documented.

8. Data Preprocessing

Preprocessing can substantially influence Al outcomes.

Examples include:

e Normalisation.

« Missing-value imputation.

e Outlier removal.

o Tokenisation.

o Image resizing.

o [Feature selection.

If preprocessing is not documented, reproducing the experiment may be impossible.

9. Data Leakage

Data leakage occurs when information unavailable during real-world prediction enters the
model-building process.

Examples include:

e Using future information.

e Performing preprocessing before data splitting.

o Accidentally including target-related variables.

Leakage can produce artificially high performance.

10. Training and Test Data
A reliable research workflow should clearly distinguish:
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Training Data
From

Validation Data
And

Test Data
The test dataset should ideally remain isolated until final evaluation.

11. Model Architecture

Researchers should document:

e Model type.

e Architecture.

e Number of layers.

« Activation functions.

o Parameters.

o Optimisation algorithm.

For complex models, configuration files can be valuable reproducibility artefacts.

12. Hyperparameters

Important hyperparameters may include:

e Learning rate.

o Batch size.

e Number of epochs.

e Regularisation strength.

e Tree depth.

e Number of estimators.

A study reporting only the model name may therefore provide insufficient methodological
information.

13. Randomness

Many Al algorithms involve stochastic processes.
Randomness can enter through:

o Weight initialisation.

« Data shuffling.

e Sampling.

e Augmentation.

e Optimisation.

Researchers should document random seeds where practical.
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14. Repeated Experiments

A single model run may not adequately represent performance.
Repeated experiments can provide:

o Mean performance.

o Standard deviation.

« Confidence intervals.

This provides a more reliable assessment of model stability.

15. Computational Environment

Al results can depend on:

e Operating systems.

e Programming languages.

e Library versions.

e GPU architectures.

e Drivers.

e Numerical libraries.

Therefore, the computational environment should be documented.

16. Software Dependencies
A research workflow may depend on dozens of libraries.
For example:

Python

l
NumPy

!

Pandas

!

Scikit-learn

!
PyTorch

Changes in dependency versions may affect results.

17. Environment Reproduction

Container technologies can help preserve computational environments.
A reproducible workflow can package:

e Code.

o Dependencies.

« Configuration.
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e Runtime environment.
This can reduce environment-related inconsistencies.

18. Version Control

Version-control systems can track changes to:

e Source code.

« Configuration.

e Documentation.

o Experimental scripts.

This makes it easier to determine which code produced a particular result.

19. Experiment Tracking

Al projects can involve hundreds or thousands of experiments.
Researchers should record:

e Model version.

o Dataset version.

o Hyperparameters.

e Performance.

e Random seed.

e Runtime.

e Hardware.

Experiment tracking prevents successful configurations from becoming difficult to identify
later.

20. Model Documentation

Al models should be accompanied by structured documentation.
Useful information includes:

e Intended purpose.

« Training data.

o Evaluation data.

e Limitations.

e Known biases.

o Performance characteristics.

21. Model Cards

Model cards can provide concise documentation of:
e Model purpose.

e Intended users.

« Performance.
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« Limitations.
« Ethical considerations.
They can improve transparency when models are reused.

22. Dataset Documentation
Dataset documentation can describe:
o Data sources.

o Collection procedures.

o Population.

o Sampling.

o Labelling.

e Missing data.

e Known biases.

This enables researchers to assess whether a dataset is appropriate for a specific scientific
question.

23. Research Workflow Automation

Manual research workflows can introduce inconsistencies.
Workflow automation can standardise:

Data preparation.

Model training.

Evaluation.

Statistical analysis.

Figure generation.

Report generation.

ThIS improves repeatability.

CD.U".#.W!\’!—‘

24. Reproducible Pipelines
A complete computational pipeline may be represented as:
Data
l

Preprocessing

!

Feature Engineering
l
Training
l
Validation

!
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Testing
1

Statistical Analysis

!

Visualisation
l
Reporting
Each stage should be traceable.

25. Statistical Reproducibility
Reproducibility is not limited to code.
Researchers should also document:

o Statistical tests.

e Assumptions.

« Significance thresholds.

o Multiple-testing corrections.

o Effect sizes.

o Confidence intervals.

26. Evaluation Metrics
Al studies should select metrics appropriate to the research problem.
Classification may use:

e Accuracy.

e Precision.

e Recall.

e Fl-score.

« AUROC.
Regression may use:
« MAE.

e RMSE.

e RZ

Metrics should be reported alongside uncertainty where appropriate.

27. Benchmark Dependence

Al models may perform exceptionally well on specific benchmarks without generalising to
real-world data.

Therefore, reproducibility should not be confused with generalisability.

A perfectly reproducible model can still be scientifically limited.
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28. External Validation
External datasets provide an important test of generalisability.
A robust study may evaluate the model on:

Internal Dataset
And

Independent Dataset
This can reveal whether performance depends strongly on the original dataset.

29. Cross-Institutional Reproducibility

Scientific models may behave differently across:

e Laboratories.

o Hospitals.

e Universities.

o Geographic regions.

Cross-institutional testing can therefore provide stronger evidence of robustness.

30. Explainability

Researchers need to understand not only whether a model works, but potentially why it
produces particular predictions.

Explainability methods can support:

o Error analysis.

o Scientific interpretation.

« Bias detection.

e Model auditing.

However, explanations should themselves be validated and not automatically assumed to
reveal true causal mechanisms.

31. Causal Interpretation

Predictive Al does not automatically establish causation.

For example:

Variable A predicts Variable B

does not necessarily imply:

A causes B

Scientific studies must therefore distinguish prediction from causal explanation.

32. Al-Generated Scientific Content
Generative Al can increasingly assist with:
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e Literature review.

e Coding.

o Data analysis.

e Writing.

e Hypothesis generation.

This introduces additional reproducibility concerns.
Researchers should document:

e Model used.

Version where relevant.

Prompt or procedure.

Date of interaction.

Generated output used in the research process.

33. Autonomous Scientific Systems

Al agents can potentially:

« Search literature.

o Generate hypotheses.

e Write code.

e Run experiments.

e Analyse results.

As autonomy increases, provenance becomes increasingly important.
Every major computational action should ideally be traceable.

34. Provenance of Al-Assisted Discovery
An Al-assisted discovery pipeline can be represented as:

Literature

l
Al Knowledge Extraction

l
Hypothesis

!

Experiment Design

!

Computational Experiment

!
Result

!

Human Validation
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The provenance of each stage should be preserved.

35. Open Science

Open-science principles can strengthen reproducibility through:
e Open data where legally and ethically possible.

e Open-source code.

e Pre-registration.

e Open methods.

e Open documentation.

However, openness must be balanced against:

e Privacy.

o Intellectual property.

e Security.

o Ethical restrictions.

36. FAIR Data Principles
Research data should ideally be:

« Findable.

e Accessible.

o Interoperable.
e Reusable.

FAIR principles can strengthen the long-term usability of scientific datasets.

37. Research Metadata

Machine-readable metadata can describe:

o Dataset identity.

e Model version.

o Software environment.

« Experimental configuration.

e Research outputs.

This enables automated provenance tracking.

38. Reproducibility Registries

A reproducibility registry could maintain:
« Dataset versions.

o Code versions.

e Model versions.

o Experiment records.

o Evaluation results.
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This would create a traceable history of scientific computation.

39. Reproducibility Score
A conceptual reproducibility assessment could consider:
Data Availability

Code Availability

Environment Documentation

Model Documentation

Experimental Transparency

Independent Validation

Rather than treating reproducibility as a binary condition, researchers could assess it along
multiple dimensions.

40. Proposed Reproducible Al Research Framework
The proposed framework consists of ten stages:

Stage 1 — Research Question Definition
Define the scientific problem and expected contribution.

Stage 2 — Data Provenance
Document data sources, versions and transformations.

Stage 3 — Reproducible Preprocessing
Automate and version preprocessing procedures.

Stage 4 — Model Specification
Document architecture and hyperparameters.

Stage 5 — Environment Capture
Record software and hardware dependencies.

Stage 6 — Experiment Tracking
Store configurations, outputs and performance.
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Stage 7 — Statistical Validation
Quantify uncertainty and model variability.

Stage 8 — Independent Evaluation
Test using independent data or implementations.

Stage 9 — Research Packaging
Package code, data references, documentation and metadata.

Stage 10 — Reproducibility Audit
Evaluate whether another researcher can reconstruct the study.

41. Conceptual Architecture
Research Question

l
Data Acquisition
l
Data Provenance
!
Versioned Preprocessing
!
Model Development
l
Environment Capture
l
Experiment Tracking
!
Validation
!
Independent Replication
l
Transparent Research Package
l

Scientific Result

42. Reproducibility Checklist

A data-driven scientific study should ideally provide:
« Dataset identification.

« Dataset version.
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« Data-processing code.

e Model architecture.

o Hyperparameters.

e Random seeds where relevant.

e Software versions.

e Hardware information where relevant.
o Evaluation methodology.

o Statistical analysis.

e Model limitations.

« Research provenance.

43. Human Oversight

Reproducibility systems should not remove researchers from the process.

Human researchers remain responsible for:

« Scientific interpretation.

« Validating assumptions.

o Identifying errors.

o Evaluating plausibility.

e Assessing ethical implications.

Al should strengthen methodological discipline rather than replace scientific judgement.

44. Researcher Incentives

A major barrier to reproducibility is that researchers may receive greater recognition for
novel findings than for:

e Documentation.

o Code maintenance.

o Replication.

« Negative results.

Scientific institutions should therefore recognise reproducibility contributions.

45. Negative Results

Reproducibility benefits from reporting unsuccessful experiments.

Negative results can reveal:

e Model limitations.

o Dataset problems.

o Failed hypotheses.

« Boundary conditions.

This prevents researchers from repeatedly exploring unsuccessful pathways.

AJAMRI Volume 7, Issue 6, November —December 2025 149



http://www.ajamri.com/

@) American Journal of Advanced Multidisciplinary

\ Research and Innovation (AJAMRI)
==
AJAMRI

E-ISSN: XXXX-XXXX e Website: www.ajamri.com e Email: editor@ajamri.com

46. Reproducibility and Publication

Scientific journals can encourage reproducibility through:
o Data-availability statements.

o Code-availability statements.

o Computational notebooks.

e Reproducibility badges.

o Methodological checklists.

47. Institutional Reproducibility Infrastructure

Universities and research organisations can provide:

e Shared computing environments.

o Data repositories.

« Version-control platforms.

o Model registries.

e Workflow systems.

Institutional infrastructure can reduce the burden on individual researchers.

48. Security Considerations

Open computational workflows can introduce risks when research involves:

« Sensitive datasets.

o Critical infrastructure.

o Dual-use technologies.

Reproducibility should therefore be designed alongside responsible access controls.

49. Challenges

Major challenges include:
Technical

o Complex dependencies.
e Hardware variation.

o Large datasets.

Methodological

e Incomplete documentation.
o Data leakage.

« Benchmark overfitting.

Organisational
e Limited resources.
o Lack of incentives.
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Ethical

50.

Privacy.
Bias.
Sensitive data.

Future Research Directions

Future research should investigate:

51.

w

© oo N R

10

52.

Automated reproducibility auditing.

Al-based provenance systems.

Reproducible autonomous laboratories.
Machine-readable scientific workflows.
Al-assisted replication studies.

Standardised model documentation.
Privacy-preserving reproducibility.
Reproducible foundation-model research.
Automated computational experiment tracking.
Scientific knowledge graphs for provenance.

Research Questions

What are the most significant reproducibility challenges introduced by Al-based scientific
research?

How can automated provenance tracking improve computational reproducibility?
What minimum information should be reported for reproducible machine-learning
experiments?

How can containerisation and workflow automation improve reproducibility?
How should stochastic Al models be evaluated across repeated experiments?
What role does independent validation play in Al-supported scientific discovery?
How can researchers document the use of generative Al in scientific workflows?
How can reproducibility frameworks balance openness with privacy and security?
Can automated Al systems audit scientific workflows for reproducibility?

What institutional incentives can encourage reproducible Al research?

Discussion

Al has the potential to accelerate scientific discovery substantially, but scientific acceleration
should not come at the expense of reliability.

A highly sophisticated Al model that cannot be independently evaluated provides limited
scientific value.

The central principle should therefore be:
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Faster Discovery + Transparent Methodology = Reliable Scientific Progress
Reproducibility should be considered from the beginning of a project rather than added after
publication.

53. From Reproducible Code to Reproducible Science

Reproducibility has traditionally focused strongly on code and computational environments.
Al-driven science requires a broader perspective:

Data

Code

Model

Environment

Experiment
Interpretation
All components contribute to the scientific result.

54. Reproducibility as a Research Design Principle

A reproducible project should be designed so that another researcher can answer:
o What data were used?

o How were they transformed?

e Which model was trained?

e Which configuration was used?

« What computational environment was required?

e How was performance evaluated?

« What uncertainty exists?

e Can the result be independently reproduced?

These questions should be answerable without relying on undocumented researcher
knowledge.

55. Toward Trustworthy Al Science

Scientific trustworthiness requires more than high predictive performance.
It requires:

Accuracy

Transparency
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Robustness

Rep.roducibility

Inte.rpretability

Ind;pendent Validation

This broader perspective can strengthen confidence in Al-supported research.

56. Conclusion

Artificial intelligence is reshaping scientific research by enabling large-scale data analysis,
complex modelling, automated experimentation and accelerated knowledge discovery.
However, the same characteristics that make Al powerful can also make scientific results
more difficult to reproduce. Dataset versions, preprocessing decisions, model architectures,
hyperparameters, randomisation, software dependencies and computational infrastructure can
all influence experimental outcomes.

This paper proposes a reproducible Al research framework based on data provenance,
versioned datasets, transparent preprocessing, model documentation, environment capture,
experiment tracking, statistical validation, independent evaluation and reproducibility
auditing. The framework treats reproducibility as a continuous research practice rather than a
publication-stage requirement.

The growing use of generative Al and autonomous scientific systems further increases the
importance of maintaining detailed provenance. As Al systems become capable of generating
hypotheses, writing computational procedures and conducting complex analyses, scientific
workflows must preserve a clear record of how conclusions were reached.

Ultimately, reliable Al-supported science requires a balance between technological
innovation and methodological discipline. Researchers, institutions and journals should treat
reproducibility as a fundamental component of scientific quality. By embedding
reproducibility into the design of data-driven research, Al can become not only a tool for
accelerating discovery but also a mechanism for building more transparent, verifiable and
trustworthy scientific knowledge.
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