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ABSTRACT: With artificial intelligence (AI) becoming increasingly integral to decision-making in various sectors, 

ensuring its ethical deployment has never been more critical. Central to fostering ethical AI is the concept of data 

provenance—the ability to trace and understand the origins, transformations, and final usage of data. Data 

provenance plays a pivotal role in promoting Fairness, Accountability, Transparency, and Ethics (FATE) in AI 

systems. This paper explores the critical role of data provenance in AI, discusses how it can be leveraged to uphold 

FATE principles, and examines methodologies for implementing effective data lineage systems. By ensuring that data 

is traceable, auditable, and ethically sourced, data provenance forms the foundation of responsible AI deployment, 

helping mitigate risks such as bias, discrimination, and opacity in AI decision-making processes. 
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I. INTRODUCTION 

 

As artificial intelligence (AI) becomes increasingly ubiquitous across sectors such as finance, healthcare, criminal 

justice, and hiring, there is growing concern about the ethical implications of AI decisions. AI systems have shown to 

inherit biases from training data, making them susceptible to unfair and discriminatory outcomes. Moreover, the black-

box nature of many machine learning models exacerbates concerns around accountability and transparency. In this 

context, data provenance has emerged as a critical tool for addressing these challenges. 

 

Data provenance refers to the comprehensive tracking of the origin, transformation, and final use of data within AI 

systems. This traceability ensures that every piece of data and every transformation undergone by it is auditable and 

transparent. Data provenance, when combined with FATE principles (Fairness, Accountability, Transparency, and 

Ethics), provides a mechanism for improving trust, reducing biases, and ensuring AI decisions are made with ethical 

considerations in mind. 

 

In this paper, we examine how data provenance serves as a foundation for ethical AI, enabling organizations to make 

AI systems more transparent and accountable while also ensuring fair and ethical treatment of all stakeholders. By 

embedding FATE principles into AI workflows, data provenance allows practitioners to identify and mitigate biases 

in data collection, preprocessing, and model training. 

 

II. LITERATURE REVIEW 

 

1. Foundations of Data Provenance 

Data provenance is rooted in the broader field of data management and refers to the ability to trace the origins, 

movement, and transformation of data across systems. In AI, it extends beyond tracking data to include the entire 

lifecycle of machine learning models, from data ingestion to model training and deployment. Provenance tools such as 

Apache Atlas and OpenLineage have emerged to provide frameworks for capturing data lineage and facilitating 

transparency across AI systems. 

 

2. FATE and Ethical AI 

The principles of FATE (Fairness, Accountability, Transparency, and Ethics) are increasingly adopted to address 

the ethical challenges in AI. Fairness ensures that AI systems do not discriminate against particular groups or 

individuals, Accountability allows for responsible attribution of AI decisions, Transparency provides clarity into AI 

models and processes, and Ethics guides the AI system's design to avoid harm. These principles can be significantly 

enhanced by integrating data provenance, as it ensures traceability and helps identify any issues with data or models 

that could lead to unfair or unethical outcomes. 

 

 



 

IJARASEM © 2025                                                   | An ISO 9001:2008 Certified Journal |                                                       1126  

3. Bias Mitigation through Data Provenance 

Data provenance aids in bias mitigation by providing transparency into the data that is used to train AI models. When 

the lineage of data is tracked, it becomes easier to identify sources of bias—whether that bias stems from the data 

collection process, data labeling, or the choices made during model training. Provenance tools allow for the auditing of 

data and model behaviors, enabling teams to fix biases at different stages of model development (Mehrabi et al., 2019; 

Narayanan et al., 2018). 

 

4. Legal and Regulatory Perspectives 

Governments and regulatory bodies have begun to recognize the importance of data provenance in AI governance. In 

the European Union, the General Data Protection Regulation (GDPR) enforces strict guidelines around data 

traceability, while the AI Act focuses on ensuring that AI systems meet fairness, transparency, and accountability 

requirements. Data provenance is essential for meeting these regulatory demands, as it supports both compliance and 

ethical decision-making (European Commission, 2021; Voigt & Von dem Bussche, 2017). 

 

TABLE: Key Provenance Tools in AI Systems 

 

Tool Data Lineage 
Model  

Lineage 

Transparency  

Features 

Bias Mitigation  

Support 
Open Source 

Apache Atlas Yes No Full Partial Yes 

OpenLineage Yes Yes Full High Yes 

MLflow Partial Yes Partial Medium Yes 

Pachyderm Yes Yes Full High Yes 

DVC (Data Version  

Control) 
Yes Yes Full Medium Yes 

Comet ML Partial Yes Partial High No 

 

Key Provenance Tools in AI Systems 

 

Tool Type Key Focus Strengths Used In 

MLflow 
Experiment 
tracking 

Model training 
provenance 

Tracks models, params, 
metrics, artifacts 

ML development, 
research, production 

Pachyderm 
Data pipeline + 
versioning 

Full data and model 
lineage 

Git-style data tracking, 
reproducible pipelines 

Scientific ML,  
regulated environments 

DVC (Data Version 
Control) Versioning 

Data + model  
provenance using Git 

Lightweight, file-based 
provenance 

Code-first ML projects 

Weights & Biases Experiment tracker Model training + artifact 
lineage 

Powerful visual tracking, 
collaboration 

Team-based ML,  
research labs 

Kubeflow Pipelines 
Orchestration + 
metadata 

Step-by-step ML  
workflow provenance 

Native tracking of each 
pipeline component 

MLOps, Kubernetes 
environments 

Neptune.ai Experiment tracker Metadata tracking for 
ML runs 

Centralized run metadata 
& model artifacts 

Model development 
lifecycle 

ProvONE 
Provenance 
ontology 

Scientific workflows 
(Provenance model) 

Semantic web-ready, W3C 
PROV extensions 

Research workflows, 
academic AI 

CamFlow 
System-level 
provenance 

OS-level data flow  
tracking 

Fine-grained process & 
access provenance 

Security, forensics in AI 
pipelines 

OpenLineage 
Metadata & lineage 
standard 

Pipeline-level data flow 
tracking 

Open standard with 
Airflow/dbt support 

Data-aware AI  
pipelines 

DataHub Metadata platform 
Lineage for datasets, 
models, features 

Powerful graph views, 
extensible metadata 

Enterprise AI data 
governance 

LakeFS 
Data version  
control 

Object storage (S3)  
provenance 

Git-style commits for 
large-scale data 

Big data + AI training 
datasets 

 

 

https://arxiv.org/abs/1906.10697
https://digital-strategy.ec.europa.eu/en/policies/european-approach-artificial-intelligence
https://link.springer.com/book/10.1007/978-3-662-53603-4
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III. METHODOLOGY 

 

This study adopts a qualitative research methodology, incorporating case studies of organizations that have 

successfully implemented data provenance to promote ethical AI practices. Through interviews with industry experts 

and practitioners, as well as an analysis of existing tools and frameworks, this research evaluates the effectiveness of 

data provenance in ensuring FATE compliance. The study also outlines best practices for integrating data provenance 

into AI workflows, offering a framework for organizations to follow when developing and deploying AI systems. 

 

FIGURE: AI Data Provenance Framework 

 

 
 

[Insert figure here: A diagram illustrating the process of data provenance in an AI pipeline, showing the flow from data 

collection, transformation, model training, evaluation, deployment, and auditing.] 

 

Key Components of an AI Data Provenance Framework 

1. Data Ingestion & Collection 

• Metadata Capture: Record data sources, access timestamps, format, and raw input details. 

• Data Source Identification: Track where the data originated (e.g., external datasets, user inputs, sensors). 

• Data Quality Monitoring: Capture any transformations or cleaning operations that occurred upon collection. 

• Tools: Apache Kafka, Apache NiFi, Airflow, DVC 

 

2. Data Transformation & Processing 

• Transformation Logs: Capture the processes applied to data, such as filtering, normalization, feature extraction, 

and aggregation. 

• Version Control: Track the versions of datasets and transformations (i.e., "data snapshots"). 

• Tool Tracking: Document the tools, libraries, or models used for each transformation (e.g., scikit-learn, 

TensorFlow). 

• Tools: Pachyderm, DVC, Apache Spark, DataHub 

 

3. Model Training & Evaluation 

• Training Metadata: Record details like hyperparameters, training data versions, and model configurations. 

• Model Evolution: Track changes made to models, such as weights, algorithms, and architectures. 

• Evaluation Metrics: Capture performance metrics, test data versions, and evaluation process logs. 

• Tools: MLflow, Weights & Biases, Neptune.ai, TensorBoard 

 

4. Model Deployment & Inference 

• Deployment Provenance: Track the deployment environment (e.g., hardware, cloud provider) and deployment 

logs. 

• Input-Output Tracking: Capture input data and its processed model output during inference. 

• Model Monitoring: Log model predictions over time to monitor for issues like concept drift. 

• Tools: Kubeflow, MLflow, Seldon, TFX, ModelDB 
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5. Audit & Compliance 

• Audit Trails: Record access logs for data and models, noting which users accessed or modified what and when. 

• Regulatory Compliance: Ensure traceability for compliance with laws such as GDPR, HIPAA, or industry-

specific standards. 

• Reproducibility: Guarantee that all steps in the process can be retraced, allowing the entire pipeline to be rerun for 

verification. 

• Tools: OpenLineage, Apache Atlas, DataHub, CamFlow 

 

6. Visualization & Reporting 

• Lineage Graphs: Use graphical representations of data flow from source to output, showing dependencies 

between steps in the pipeline. 

• Audit Dashboards: Present metadata, model evaluations, and data provenance to stakeholders for review. 

• Reproducibility Reports: Provide detailed logs that can recreate the entire data processing pipeline. 

• Tools: DataHub, MLflow, OpenLineage, Apache Atlas, Neptune.ai 

 

Framework Layers 

1. Data Layer: Tracks the data's journey from ingestion, transformation, and versioning. 

2. Model Layer: Tracks model development, training, testing, and versioning. 

3. Pipeline Layer: Tracks all the processes and operations that data and models go through in the pipeline. 

4. Governance Layer: Ensures compliance, access control, security, and auditability for the entire system. 

 

Principles of an Effective AI Data Provenance Framework 

1. Traceability: Ensure every data point, transformation, model, and output is traceable to its origin. 

2. Transparency: Make lineage data visible and accessible to stakeholders for auditing, debugging, and decision-

making. 

3. Reproducibility: Provide mechanisms for recreating the same AI workflows with the same results based on 

captured provenance. 

4. Security: Safeguard the provenance data from unauthorized access and modification. 

5. Interoperability: Enable integration with other AI systems, tools, and compliance frameworks. 

6. Versioning: Implement version control for datasets, models, and pipeline configurations to allow rollback and 

consistency. 

 

Tools That Fit into an AI Data Provenance Framework 

 

Tool/Platform Focus Provenance Capabilities 

MLflow Model tracking Experiment & model lineage 

Weights & Biases Experimentation Tracking of model artifacts, hyperparameters, and evaluations 

DVC Data versioning Tracks datasets and pipelines 

Pachyderm Data pipelines Full data lineage, data versioning, and reproducibility 

OpenLineage Metadata standard Data pipeline lineage (job execution details) 

Kubeflow Pipelines Workflow orchestration Provenance through pipeline steps, models, and metrics 

DataHub Metadata management Captures lineage of datasets, features, and models 

Apache Atlas Data governance Metadata & data lineage, compliance 

CamFlow Data provenance Fine-grained system-level tracing (for security) 

LakeFS Data versioning Git-style versioning for data lakes 

 

Steps to Build an AI Data Provenance Framework 

1. Assess Requirements: Identify the specific needs of your AI system (e.g., compliance, transparency, 

reproducibility). 

2. Select Tools: Choose the tools that best integrate with your existing workflows. 

3. Define Provenance Data Types: Decide what metadata needs to be captured (e.g., dataset versions, model 

configurations, training logs). 

4. Establish Metadata Standards: Use standards like W3C PROV-O, OpenLineage, or custom schemas for 

consistent tracking. 

5. Implement Monitoring: Continuously monitor and log each step in your AI pipeline. 
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6. Visualize Lineage: Ensure that stakeholders can visualize data flow and model transformations easily. 

7. Ensure Compliance & Security: Implement role-based access and secure the provenance data. 

 

Benefits of AI Data Provenance Frameworks 

1. Improved Debugging: Quickly trace issues back to specific data points, transformations, or models. 

2. Reproducibility: Easily rerun the entire pipeline or experiment with the same parameters. 

3. Compliance: Fulfill regulatory requirements by documenting the full history of datasets and models. 

4. Trust and Transparency: Increase confidence in the AI system by showing how data and models are derived. 

 

IV. CONCLUSION 

 

The ethical deployment of AI systems requires more than just sophisticated algorithms and data models; it necessitates 

a strong foundation of transparency, fairness, accountability, and ethics (FATE) throughout the entire AI lifecycle. 

Data provenance is at the heart of this effort. By ensuring that every data point, transformation, and model decision is 

traceable and auditable, data provenance enables organizations to build trust in AI systems and address ethical 

challenges such as bias, discrimination, and opacity. Moreover, integrating data provenance with FATE principles 

provides a powerful framework for mitigating risks and enhancing the ethical design of AI systems. 

 

Moving forward, organizations must prioritize data provenance as an essential component of AI governance and 

ethical frameworks. This will not only improve transparency and accountability but also ensure that AI technologies 

contribute positively to society. As regulatory bodies continue to tighten their oversight of AI systems, data provenance 

will play a crucial role in helping organizations meet compliance standards while fostering responsible AI practices. 
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