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ABSTRACT: As AI systems increasingly influence critical decisions in healthcare, finance, and justice, ensuring they 

are responsible becomes paramount. Provenance and lineage verification are emerging as essential mechanisms to 

establish transparency, trust, and accountability in AI systems. This paper examines the role of provenance (tracking 

the origin and ownership of data and models) and lineage (mapping data transformation over time) in reinforcing 

responsible AI. We review existing tools and methodologies, analyze their strengths and weaknesses, and propose an 

integrated verification framework aligned with ethical and regulatory standards. Our framework empowers 

organizations to meet governance requirements, conduct audits, and build public trust through verifiable AI workflows. 
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I. INTRODUCTION 

 

Artificial intelligence (AI) is transforming decision-making across nearly every sector. From predicting disease risk in 

healthcare to automating loan approvals in finance, AI systems wield enormous influence. However, this power also 

brings risks—bias, opacity, and lack of accountability can cause real harm. To counter these issues, the concept of 

Responsible AI has emerged, focusing on ethical design, transparency, and risk mitigation. Within this framework, 

provenance and lineage verification are critical enablers of transparency and accountability. 

 

Provenance refers to the ability to track the history, ownership, and processing of data and models. Lineage extends this 

by capturing how data moves and transforms within systems over time. Together, they offer a comprehensive view of 

the AI lifecycle, from raw input to final decision. This paper argues that responsible AI cannot be achieved without 

robust mechanisms to verify the integrity, origin, and transformation of data and models. 

 

While several tools exist to monitor data pipelines and workflows, many fail to provide verification capabilities that 

align with ethical and regulatory demands. Furthermore, most implementations are either too coarse-grained for ethical 

audits or not integrated with model monitoring systems. We propose a new framework that combines provenance 

tracking, lineage mapping, and verification layers—supporting traceability, explainability, and compliance across 

the AI pipeline. 

 

II. LITERATURE REVIEW 

 

The concept of data provenance has its roots in database theory and scientific computing (Moreau et al., 2011), where 

reproducibility and transparency were critical. Over time, provenance systems evolved to support metadata tracking, 

enabling users to trace the "how" and "why" behind datasets and models (Davidson & Freire, 2008). In the realm of AI, 

provenance has become a focus due to increasing demand for accountability and explainability (Gebru et al., 2018; 

Doshi-Velez & Kim, 2017). 

 

Lineage systems such as Apache Atlas, OpenLineage, and DataHub provide mechanisms for tracing how data is 

transformed within data pipelines. However, these tools often focus on data engineering and are limited in capturing 

model behavior, fairness issues, or bias propagation. Some researchers have proposed combining lineage with model 

interpretability frameworks to enhance transparency (Schelter et al., 2018), yet industry adoption remains limited. 

 

In parallel, Responsible AI initiatives from companies like Microsoft and Google emphasize the need for "traceability" 

(Microsoft, 2022), though implementation strategies vary widely. Regulatory bodies such as the EU AI Act and NIST 

AI RMF have explicitly outlined traceability and documentation as requirements for high-risk AI systems. Despite this, 
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there remains a gap between policy and practice—particularly in how verification of provenance and lineage can be 

automated and operationalized. 

 

The literature highlights several key challenges: (1) ensuring that lineage data is trustworthy and tamper-resistant, (2) 

integrating lineage across both data and model artifacts, and (3) aligning provenance tools with evolving governance 

frameworks. Our paper addresses these gaps by proposing a multi-layered verification framework that bridges lineage 

capture with ethical compliance and regulatory reporting. 

TABLE: Comparison of Provenance & Lineage Tools 

 

Tool Provenance Support Lineage Granularity Model Integration Verification Support Open Source 

Apache Atlas Medium Dataset/Column Limited No Yes 

DataHub Medium Field-Level Basic No Yes 

OpenLineage High Pipeline-Level No No Yes 

MLflow Low Experiment-Level High Partial Yes 

Pachyderm High File + Data Version Moderate Yes Yes 

Comet ML Medium Experiment-Level High Yes No 

 

Quick Definitions 

 

Term Description 

Data Lineage 
The high-level path data takes through systems: where it  
originated, how it's transformed, and where it goes. 

Data Provenance 
The detailed, fine-grained history of a specific data item  
or piece of data—often down to the cell or record level. 

 

Tools: Lineage vs. Provenance 

 

Feature / Aspect Lineage Tools Provenance Tools 

Granularity Pipeline or table-level (coarse-grained) Record-level or field-level (fine-grained) 

Use Cases 
Governance, compliance, impact 
analysis 

Auditing, scientific reproducibility,  
forensic tracing 

Common 
Technologies 

OpenLineage, DataHub, Apache Atlas,  
Microsoft Purview 

ProvONE, YesWorkflow, PASOA, CamFlow 

Primary Users Data engineers, compliance teams Researchers, forensic analysts, auditors 

Typical Output Visual lineage graphs (table  
A → B → C) 

Provenance graphs, provenance metadata  
in RDF or PROV-O 

Compliance Focus 
Data flow documentation  
(GDPR, HIPAA) 

Full data traceability (e.g., in science or security 
contexts) 

Real-Time 
Monitoring 

Sometimes Rare 

Integration with  
Workflows 

Deep integration with ETL,  
orchestration (Airflow, dbt) 

More common in scientific workflows  
or containerized environments 

 

Example Analogy 

Imagine baking a cake: 
• Lineage = The recipe: flour came from the pantry, eggs from the fridge, baked into batter, turned into cake. 
• Provenance = The backstory: which farm the eggs came from, the batch number on the flour bag, time of mixing, 

temperature of oven, etc. 
 

III. METHODOLOGY 
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We propose a five-phase framework to implement and verify provenance and lineage in AI systems, particularly within 

high-risk environments: 

1. Data & Model Inventory: Catalog datasets, models, and their versions across the AI lifecycle using standard 

metadata schemas (e.g., DCAT, ML Schema). 

2. Lineage Mapping: Use tools like OpenLineage or Pachyderm to trace transformations across data pipelines and 

model training workflows. 

3. Provenance Recording: Capture cryptographically signed logs of data origins, transformations, and ownership 

using blockchain or tamper-proof logs. 

4. Verification Layer: Implement automated checks to verify the completeness, consistency, and integrity of 

provenance chains using smart contracts or hash trees. 

5. Governance Mapping: Align captured lineage and provenance to regulatory frameworks (e.g., EU AI Act, NIST 

AI RMF) through custom reporting dashboards and audit tools. 

This layered approach ensures not only technical traceability but also verifiable and reportable compliance aligned with 

Responsible AI values. 

 

FIGURE: Responsible AI Lineage Verification Framework 

 

 
 

 

[Figure Description] 

A flowchart with five vertical layers: 

1. Data Ingestion → 

2. Preprocessing & Feature Engineering → 

3. Model Training & Validation → 

4. Inference & Monitoring → 

5. Governance Reporting 

 

Horizontal overlays show: 

• Lineage Tracking at every phase 

• Provenance Capture (origin, version, timestamp) 

• Verification Layer (hashing, digital signatures) 

• Ethical Compliance Metrics (fairness, bias, auditability) 
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IV. CONCLUSION 

 

In an age where AI systems are deeply embedded in decision-making processes, trust and accountability are more 

than aspirations—they are imperatives. This paper has explored how provenance and lineage verification can 

reinforce the principles of Responsible AI by making data and model lifecycles transparent, traceable, and auditable. 

By combining technical rigor with ethical foresight, these mechanisms serve as both defensive and proactive tools: 

they protect against risk and ensure systems are built responsibly from the ground up. 

 

Provenance gives visibility into where data and models come from, who created them, and how they have changed over 

time. Lineage provides the dynamic view—how data flows, transforms, and influences model outcomes. When these 

two systems are coupled with robust verification, organizations can build AI systems that are explainable, fair, and 

aligned with regulations. Moreover, by incorporating cryptographic verification and governance overlays, AI 

workflows become resistant to tampering and manipulation—ensuring not just traceability but trustworthiness. 

 

Despite the availability of tools, many organizations face challenges in operationalizing these principles. The 

integration of provenance and lineage into fast-moving AI workflows, especially in real-time or federated 

environments, remains complex. This is where our proposed methodology provides value—offering a scalable and 

auditable framework that aligns with both current regulations and emerging best practices in ethical AI. 

As future AI regulations grow more specific and enforcement mechanisms more robust, organizations that invest in 

lineage and provenance verification today will be better prepared—not only to comply but to lead responsibly. The 

road to responsible AI is not paved solely with technical innovation, but with verifiable integrity across every stage of 

the AI pipeline. 
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