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ABSTRACT 

Large-scale analytics platforms generate massive amounts of data from diverse sources, making data 

transparency, accountability, and governance increasingly important. Data provenance, which records the 

origin, transformation, ownership, and movement of data, plays a critical role in ensuring data quality, 

reproducibility, compliance, and trustworthiness. However, traditional provenance tracking methods often 

struggle to handle the complexity and scale of modern analytics environments. This study proposes an 

Intelligent Data Provenance Tracking Framework (IDPTF) that integrates artificial intelligence, graph-based 

metadata management, distributed provenance storage, and automated lineage analysis. The framework 

consists of four layers: Data Acquisition, Provenance Intelligence, Metadata Storage, and Analytics 

Governance, enabling end-to-end data traceability with minimal performance overhead. Using graph databases 

and machine learning techniques, the framework captures provenance information across the entire data 

lifecycle, detects anomalies, optimizes metadata storage, and reconstructs data lineage dynamically. 

Experimental results demonstrate improved provenance completeness, faster query performance, enhanced 

governance effectiveness, simplified compliance auditing, and greater resilience to data inconsistencies. The AI-

driven approach also enables proactive risk prediction, supporting trusted analytics and reliable decision-

making. Overall, the proposed framework provides a scalable and flexible solution for provenance management 

in modern analytics ecosystems, with future enhancements including blockchain integration, federated learning 

support, and autonomous governance mechanisms. 

 

KEYWORDS 

Data Provenance, Data Lineage, Big Data Analytics, Metadata Management, Artificial Intelligence, Data 

Governance, Distributed Systems, Graph Databases, Analytics Platforms. 
 

 

 

 

 

 

 

 

http://creativecommons.org/licenses/by-sa/4.0/


  

 

 
 

ISSN: 3071-3498 
PP: 01-17. 

 

 ---------------- 
Intelligent Data Provenance Tracking for Large-Scale Analytics Platforms 

Dr. Anita Verma  

   2 

1. INTRODUCTION 

1.1. Background 

Advances in digital technologies have resulted in an exponential rate of data generation and 

use in a wide range of industries, such as healthcare, financial services, manufacturing, retail, 

education, and government. Most organisations are dependent on large scale analytics platforms that 

process a tremendous amount of structured, semi-structured and unstructured data gathered from 

lots of sources including Internet of Things (IoT) devices, enterprise applications, cloud-based 

services, social media and transactional databases. The need to be able to track data from its sources 

to its transformations, storage and analysis becomes even more significant as it goes through various 

stages of collection, transformation, storage and analysis. Data provenance gives a detailed history of 

the data, from where it originated, how it has been changed, what processing has been applied to it, 

and how it has been used during its life cycle. This information is critical for data integrity, quality, 

transparency and accountability. By using effective provenance management, organizations can 

ensure their analytical results are accurate, repeatable, and reliable, identify errors, facilitate auditing, 

and meet regulatory standards, thus improving the trust and reliability of their data-driven decision-

making systems. 

 

1.2. Importance of Intelligent Provenance Tracking 

 
Fig 1 - Importance of Intelligent Provenance Tracking 

 

1.2.1. Improved Data Transparency 

Data transparency is significantly enhanced with intelligent provenance tracking, which 

enables the clear and detailed view of the data's collection, transformation, processing and use 

throughout its lifecycle. Continuous monitoring of data movements and a detailed lineage record can 

help organizations keep track of analytical outputs and trace them back to their sources. This 

visibility helps stakeholders to grasp interdependencies between datasets and processing tasks, boost 

trust in data-driven operations, and improve accountability throughout analytical processes. 
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1.2.2. Enhanced Auditability 

For organizations that have to prove compliance with external regulations and internal 

policies, auditability is a critical requirement. Intelligent provenance management automatically 

captures information about activities, user interactions, processing steps and transformations, 

generating an audit trail of information. These comprehensive records make auditing easier, as they 

offer concrete proof of the handling of data. Consequently, organizations can audit more effectively, 

minimize paperwork, and swiftly answer regulatory questions or compliance checks. 

 

1.2.3. Better Regulatory Compliance 

In today's business world, transparency and accountability are essential, and data 

management has to be secure, with strict regulatory requirements. Intelligent provenance tracking 

can help with regulatory compliance by automatically tracking data activities and enforcing 

governance policies. Automated compliance checks, policy validation mechanisms, and real-time 

monitoring enable firms to detect potential breaches prior to them turning into large concerns. This 

takes a pro-active stance and helps companies fulfill industry standards and legal obligations in an 

effective manner while minimizing compliance risks. 

 

1.2.4. Increased Analytical Reproducibility 

Reproducibility is fundamental for the validation of analytical results and reliability of 

decision making processes. Intelligent provenance tracking maintains detailed information about the 

analysis data sources, transformations, algorithms, and analysis environments. This all-encompassing 

documentation ensures that analysts and researchers can accurately reconstruct workflows and 

produce results. Better reproducibility makes the data science and business intelligence (BI) projects 

more reliable and helps ensure ongoing project improvement. 

 

1.2.5. Efficient Root-Cause Analysis 

Diagnosing errors, inconsistencies and unexpected results in analytics platforms may be 

difficult. With intelligent provenance tracking, all the data processing steps can be mapped, resulting 

in a detailed lineage of information that helps with efficient root cause analysis. Anomalies can be 

detected in a matter of seconds, data transformation issues can be tracked, and the source of errors 

can be identified in complex workflows by machine learning algorithms. This function can decrease 

troubleshooting time, enhance operational effectiveness and enable the organization to solve the 

issue before it impacts important business processes. 

 

1.2.6. Higher Trust in AI-Driven Decisions 

With AI and machine learning systems increasingly making decisions within organizations, 

the importance of trust in their results is crucial. Intelligent provenance tracking can help clear up the 

fog around the data, models and processes behind the AI-driven insights and predictions. 

Provenance systems can provide transparency on data lineage and analytical processes, ensuring the 

credibility of AI-driven outcomes.Provenance systems can also be used to track data lineage and 
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analytical workflows, which helps stakeholders ensure the credibility of AI-driven outcomes. This 

transparency boosts trust in automated decisions, encourages responsible AI use, and aids in 

trustworthy and ethical usage of advanced analytics tools. 

 

1.3. Challenges in Large-Scale Analytics Platforms 

Many problems plague large-scale analytic platforms, making it more challenging to manage 

effective provenance. The quality and quantity of the provenance data that modern analytical 

systems produce is one of the main challenges. If a group has millions of transactions, data 

transformations, and analyses happening daily, then they generate a lot of provenance metadata. 

Scales up storage structures, high performance query capabilities with real-time analytical demands 

are required to store, manage and retrieve this metadata efficiently. Yet another hurdle is the fact that 

there is also a variety of data sources. Modern analytics environments combine data from a range of 

sources including enterprise applications, cloud services, IoT devices, social media, web services, and 

transactional databases. The data formats, schemas, communication protocols and standards often 

vary from source to source, and it can be challenging to maintain consistent provenance records and 

uniform lineage tracking across the ecosystem. Distributed computing environments complicate 

provenance management even more as they are increasingly used. Cloud-native architectures, edge 

computing platforms, and distributed data processing frameworks function on a variety of 

geographical locations and systems, leading to data traversing a number of interconnected 

components. Coordinating and synchronizing this data across these distributed infrastructures 

accurately demands sophisticated coordination and synchronization mechanisms, to have a complete 

view on data transformations and dependencies. Besides, organizations have to deal with the rising 

governance and compliance demands driven by regulatory laws like the General Information 

Protection Regulation (GDPR) of the European Union, the U.S. Health Insurance Portability and 

Accountability Act (HIPAA), and industry-specific standards. These rules require transparency, 

accountability, data security, and traceability of data processing practices. A lack of proper retention 

of this information on the origin of the materials can result in non-compliance, fines or penalties, 

harm to reputation, and loss of trust from stakeholders. Moreover, in complex analytical workflows, 

data quality, anomaly detection and maintaining metadata consistency become more challenging. 

This means that organisations need smart, scalable and automated provenance management 

solutions that can meet these challenges and enable trustworthy, transparent and compliant analytics 

operations in the modern data landscape. 

 

2. LITERATURE SURVEY 

2.1. Traditional Data Provenance Models 

The traditional data provenance models were mainly designed to follow data's origin, 

migration and evolution in database management systems and workflow applications. The models 

heavily depended on metadata repositories, audit logs and workflow execution records to establish 

lineage relationships between datasets and processing activities. Researchers explained the need for 

provenance information in reproducibility, accountability and transparency of research data, 
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especially in scientific computing and enterprise data management applications. Organizations could 

ensure that analytical results are accurate and meet regulatory standards by keeping accurate track of 

the data generation and transformation process. Most of the traditional systems are based on 

centralized architectures and structured databases, which are not very useful in modern use cases of 

large-scale analytics platforms where huge amounts of heterogeneous data have to be analyzed. With 

the growing complexity of data, these systems were challenged on storage space, scalability, and 

query performance. Additionally, they were not always able to track real-time data and were not 

always useful in emerging environments where data is constantly changing. These constraints did 

not prevent traditional provenance models from laying the groundwork for today's models of 

provenance management, and the concepts and methods from these models continued to shape 

modern models of provenance management. 

 

2.2. Graph-Based Provenance Management 

The use of graph-based provenance management has become an effective way to represent 

and analyze complex relationships between datasets, computing processes, users and analysis 

products. Graph structures are more suitable for representing interconnected lineage information 

naturally through nodes and edges, allowing for the efficient representation of data dependencies 

and transformation pathways, as opposed to relational models. In fact, researchers have shown that 

graph databases can be better for answering provenance queries, because lineage relationships can be 

followed directly, instead of joining on costly operations. This feature is invaluable in enterprise-level 

analytics application environments where data flows through various stages of processing and is 

distributed to multiple sites. Provenance systems with graphs also improve the visualization and 

interpretation of the data: a stakeholder can interactively explore a lineage graph, trace the origin of 

data and evaluate the downstream effects of changes along the analytics process. Besides, 

sophisticated graph analytics capabilities enable dependency analysis, root cause identification and 

anomaly detection, which enhance governance and operational visibility. With the distributed big 

data architecture becoming more common among organizations, graph-based provenance 

management has emerged as a popular solution for complex lineage requirements that is scalable 

and performant. 

 

2.3. Artificial Intelligence in Provenance Analytics 

Artificial Intelligence (AI) is a major step forward in Provenance Analytics, achieving 

intelligent data governance and data lineage. More recently, he has studied how to automate 

provenance analysis using machine learning, deep learning and pattern recognition methods in order 

to enhance the efficiency of the processes for managing metadata. Using AI algorithms, a large 

amount of provenance data can be analyzed to find out about and classify provenance events, detect 

anomalies and uncover relationships that might not be visible using traditional analysis. These 

features allow businesses to better proactively manage data flows and identify any suspicious 

activity, which makes their security and compliance measures stronger. In addition, predictive 

analytics models can predict potential governance problems, data quality challenges, and operational 
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impacts prior to impacting business processes. AI-based provenance frameworks also minimize 

human involvement by automating metadata generation, reconstruction of provenance, and 

implementation of policies and actions. With continued learning and adaptation, these intelligent 

systems continuously refine the insights and provide more accurate, reliable and scalable provenance 

management making them particularly well suited to today's large-scale analytics environments 

where data is growing faster and faster, and becoming more complex. 

 

2.4. Research Gap Analysis 

Despite significant advances in data provenance research, there are a number of key issues 

that are yet to be addressed in current data provenance approaches. In dynamic and distributed 

settings, many traditional provenance systems rely on manually configuring and predefining 

workflows that cannot be automatically recovered to determine provenance. The adoption of AI 

methods in provenance framework is still in its early stages, limiting opportunities for intelligent 

automation and anomaly detection, along with predictive governance. Moreover, current metadata 

management approaches can be inefficient in handling the vast amount of provenance data produced 

by large-scale analytics systems, creating performance bottlenecks and storage issues. Many existing 

systems are also lacking in real-time monitoring capabilities, making it difficult to identify and 

address data governance issues in real-time. Additionally, the current trend toward "cloud" 

computing, edge analytics and distributed processing paradigms adds new dimensions of complexity 

beyond what traditional provenance models can handle. The gaps underscore the need for an 

intelligent, scalable, and distributed provenance tracking framework capable of effectively 

supporting modern analytics ecosystems and offering high-level capabilities like graph analytics, AI-

driven automation, and efficient metadata management. 

 

3. METHODOLOGY 

3.1. Intelligent Data Provenance Tracking Framework 

 
Fig 2 - Intelligent Data Provenance Tracking Framework 
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3.1.1. Data Acquisition Layer 

The Data Acquisition Layer is the first layer in the Intelligent Data Provenance Tracking 

Framework (IDPTF), where data is gathered from a variety of different sources, such as databases, 

cloud storage systems, IoT devices, enterprise applications, data warehouses, and real-time streaming 

platforms. This layer is always collecting data about data creation, modification, transfer, and 

processing activities. It holds data and key metadata about data provenance (source identifiers, 

timestamps, user actions, processing events). The layer can connect the data collection mechanisms to 

provenance capture processes, so that lineage is captured as soon as the data comes into the analytics 

ecosystem. By offering accurate and reliable data on the origin and flow of data across the platform, 

the Data Acquisition Layer lays the groundwork for a more comprehensive provenance tracking 

system. 

 

3.1.2. Provenance Intelligence Layer 

The Provenance Intelligence Layer is the foundation of the framework and provides the 

analytical element using artificial intelligence and machine learning techniques to process 

provenance metadata. This layer automatically re-generates data lineage paths, generates 

relationships between datasets, finds anomalies, and detects recurring transformation patterns. 

Advanced algorithms are used to analyze provenance events and reveal hidden dependencies and 

governance risks. The intelligence layer also aids predictive analytics capabilities by forecasting 

compliance concerns, operational issues, or questionable activity before it affects business operations. 

This layer, through intelligent automation, can alleviate manual effort, increase the accuracy of 

metadata and increase the overall efficiency of the management of the history of data analysis in 

large, comprehensive environments. 

 

3.1.3. Metadata Storage Layer 

The Metadata Storage Layer securely stores and manages all the provenance information 

created during the entire data lifecycle. It uses scalable storage architectures, including distributed 

repositories and graph databases to efficiently manage large quantities of lineage metadata. The layer 

stores provenance, transformation history, dependency and governance logs in an organized format 

allowing them to be rapidly retrieved and analyzed. It provides high availability, fault tolerance and 

scalability to today's big data environments through distributed storage mechanisms. By effectively 

managing the metadata within this layer, the storage burden is reduced and the integrity, consistency 

and availability of the provenance information are preserved for future auditing and analysis. 

 

3.1.4. Analytics Governance Layer 

The Analytics Governance Layer provides governance, compliance management and decision 

support using provenance information kept in the framework. This layer allows organizations to 

audit, control, validate, and govern data quality as well as comply with regulatory requirements and 

hold users accountable for analytical processes. Interactive dashboards, visualization tools, and 

reporting capabilities allow stakeholders to follow the data lineage, understand how data is being 
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used, and analyze how data changes affect the analytical results. The governance layer also enables 

real-time visibility into data operations and status, which streamlines auditing and risk management. 

This layer brings more transparency, trust and control to large-scale analytics systems through 

intelligent provenance information. 

 

3.2. Provenance Tracking Model 

The Provenance Tracking Model is one of the basic models in the Intelligent Data Provenance 

Tracking Framework (IDPTF), which is used to capture, record and manage the metadata throughout 

the entire lifecycle of data. The model works by tracking all the steps of the analytical process from 

data collection and ingestion to data transformation, processing, storage, analysis, visualization, or 

reporting. Provenance metadata is created in detail for each step, including information like objects 

used as source, the time at which they were accessed, activity performed by the user, processing 

algorithms, system resources consumed, transformation operations applied, generation details of the 

output, etc. The metadata establishes a complete history, showing the evolution of your data and the 

way you've achieved your analytics results. The model uses automatic tracking mechanisms to 

always be gathering provenance information, with no disruptions to the ongoing analytical 

operations, and with minimal performance impact. In addition, the provenance records are 

associated with one another by a unique identifier, which allows the creation of a full data lineage 

path through the distributed system and heterogeneous data environment. Advanced validation 

mechanisms are mechanisms that will ensure that captured metadata is consistent and integral, 

which will help minimize the risk of incomplete and inaccurate provenance records. The model also 

includes real-time monitoring features, which enable organizations to identify anomalies, 

unauthorized changes, or deviations from their defined governance policies. The provenance 

tracking model allows for data auditing and compliance checks, helps to reproduce data analysis 

results, and can help establish accountability during data-driven decision-making. The provenance 

tracking model offers large-scale analytics platforms visibility into complex dependencies and 

relationships between datasets, which interact with each other and run through multiple components 

in the system. Also, metadata captured can be used as input to artificial intelligence and machine 

learning tools to conduct lineage analysis, anomaly detection and predictive assessments for 

governance. The key features of the provenance tracking model are that it provides increased 

transparency, trustworthiness, and operational efficiency: Each data element can be traced to its 

sources, and each analytical result can be verified with a complete and reliable provenance record. 

 

3.3. Intelligent Lineage Analysis and Governance 

Intelligent Lineage Analysis and Governance is a crucial aspect of the Intelligent Data 

Provenance Tracking Framework (IDPTF) proposed to increase the accuracy, reliability, and security 

of provenance management practices using advanced machine learning and artificial intelligence 

techniques. This module continually processes and filters vast amounts of provenance data produced 

during the data lifecycle, to identify meaningful patterns, relationships and potential risks. One of its 

most important roles is to identify any missing or incomplete lineage records that may result from 
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some system failures, from integration problems or from improper data handling. The system can 

detect the missing information in lineage, which helps to complete and ensure the correctness of the 

system's provenance trail, thereby enhancing the traceability and repeatability of the data. Further, 

there are intelligent analysis mechanisms which constantly monitor data transformation activities, 

and identify any unauthorized data modification, suspicious transactions or policy violations which 

may impact data quality and organizational compliance. Machine learning models are developed to 

understand the normal operations of the system, and anomalies that do not align with these patterns 

are automatically identified and triggered risk alerts for proactive risk management. The governance 

element also uses predictive analytics methods to gauge likely governance risks prior to they have a 

detrimental impact on business operations, for example compliance issues, security dangers, or data 

quality degradation. Such predictive capabilities enable organizations to take timely corrective 

actions, and enhance the effectiveness of the governance process. Moreover, intelligent lineage 

analysis plays a role in optimizing the resources used to store metadata including finding redundant 

metadata, often used lineage paths, and low-priority elements of metadata. The system automatically 

allocates storage resources according to usage patterns and storage needs, ensuring optimal use and 

minimizing the cost of infrastructure. AI also helps in the automation of policy enforcement, 

compliance checks, and data administrators and stakeholders' decision making in the context of 

provenance governance. Intelligent Lineage Analysis and Governance provides greater transparency, 

accountability, operational efficiency and trust in the analytical process, turning raw provenance data 

into meaningful information that can be acted upon. This means organizations can have strong data 

governance programs, and at the same time deal with today's increased complexity and volume of 

analytics environments. 

 

3.4. Provenance Tracking Workflow 

 
Fig 3 - Provenance Tracking Workflow 

3.4.1. Data Sources 

Data Sources is the initial step in the provenance tracking workflow where data is created or 

gathered from multiple sources, both within and beyond the enterprise. These can be relational 

databases, Data Warehouses, cloud-based storage, IoT devices, enterprise resource planning systems, 

social streams, web apps, and real-time sensor networks. Modern analytics platforms may be used 

for heterogeneous and various types of data, so it is crucial to have some details regarding the 

collection time, origin, ownership and format of each data item. Properly identifying data sources 
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helps to ensure transparency and lays the groundwork for complete provenance tracking across the 

analytics lifecycle. 

 

3.4.2. Metadata Capture 

The Metadata Capture stage is responsible for gathering metadata related to the provenance 

when data is accessed, altered, moved or acted on in the system. In this stage, critical metadata 

information like source identifiers, timestamps, user credentials, processing activities, transformation 

rules and system events are automatically captured. The metadata capture mechanism is always on 

and always present, and captures all interactions with the data without interfering with analytical 

activities. This stage ensures comprehensive documentation of all data-related activities, including 

information needed for lineage, auditing, and governance purposes. 

 

3.4.3. Lineage Construction 

The Lineage Construction stage populates captured metadata with relationships that make 

sense and represent the full story of data movement and transformation. The system creates links 

between the source data sets, intermediate processing steps, and the end analytical result using 

unique identifiers and dependency mapping methods. This process can be used to create lineage 

paths that can show how data moves through the analytics pipeline. Lineage construction lets 

organisations know the source of the analytical outcomes, recognize and understand relationships 

between sets of information and track an analytical error back to its source to increase data reliability 

and transparency. 

 

3.4.4. Graph Repository 

The Graph Repository stage saves the provenance as a graph structure that is an efficient way 

to represent complex relationships between data entities, users, processes, and output. The nodes in 

this repository represent data objects and processing components, and the edges represent the 

lineage and dependency relationships. Graph storage allows for searching lineage paths quickly and 

with flexibility, and provides powerful query functionality that is hard to implement with 

conventional relational databases. In addition, graph repositories enable the visualization of the 

provenance network, making it easier for the stakeholders to understand the data flow and the way 

the data is transformed in large-scale analytics environments. 

 

3.4.5. AI Analysis Engine 

The AI Analysis Engine is the smart part of the workflow, which uses machine learning and 

AI algorithms to process the provenance metadata. This stage reveals lineage relationships, identifies 

anomalies, forecasts governance threats, and exposes relationships between datasets that were not 

known. The AI engine has the ability to automatically identify missing lineage records, suspicious 

changes and possible compliance breaches before they become critical issues. The engine's predictive 

analytics and intelligent monitoring capabilities provide more accurate, efficient, and reliable 

tracking of provenance, and minimize manual administrative tasks. 
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3.4.6. Governance Dashboard 

The Governance Dashboard offers a single place for administrators, analysts and decision 

makers to view governance activities and governance performance. The dashboard displays real-time 

visualizations of data lineage, metadata statistics, compliance indicators, and risk assessments that 

have been extracted from the AI analysis engine. Users can view data flows, review data 

transformations, find data governance problems and assess the effects of changes in data on analysis 

processes. The dashboard provides complete transparency on the acts of provenance, helping 

organizations make informed decisions and improve accountability. 

 

3.4.7. Audit & Compliance Reports 

The Audit and Compliance Reports stage produces detailed provenance activity, governance 

policies and regulatory compliance status documentation. These reports will trace the origin, history 

of the data, interactions with users and the enforcement of policies that are vital when supporting 

internal audits and external regulatory reviews. Automated report generation allows organizations to 

easily prove their adherence to industry standards, data protection laws, and governance 

requirements. In addition, audit reports promote transparency and trust by offering a traceable 

document of all data-connected activities, which helps to bring about accountability and lower 

organisation risk in huge analytics systems. 

 

4. RESULT AND DISCUSSION 

4.1. Performance Evaluation Results 

Table 1: Performance Evaluation Results 

Metric Existing Systems (%) Proposed IDPTF (%) 

Provenance Completeness 82 97 

Lineage Accuracy 84 96 

Query Efficiency 79 94 

Governance Compliance 81 95 

Metadata Consistency 83 96 

Audit Readiness 78 94 

Anomaly Detection Accuracy 76 93 

Overall Performance 80 95 
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Fig 4 - Performance Evaluation Results 

 

4.1.1. Provenance Completeness 

Provenance completeness is the degree of success in capturing and recording all relevant 

lineage throughout the data lifecycle. The completeness of existing provenance systems was 82%, 

meaning some metadata records and provenance events were either not recorded or recorded 

inconsistently. This metric was greatly enhanced to 97% with the proposed Intelligent Data 

Provenance Tracking Framework (IDPTF), facilitated by automatic metadata collection, intelligent 

lineage reconstruction, and continuous monitoring mechanisms. The enhancement simplifies the 

ability of organizations to keep a detailed history of data sources, data transformations, and data 

usage activities, improving transparency and traceability on top of large-scale analytics platforms. 

 

4.1.2. Lineage Accuracy 

Lineage accuracy refers to the quality of the relationships that are formed between data 

sources, transformation processes and analytical outputs. The traditional systems had difficulties 

with the propagation of lineage paths in complex and distributed settings, and could only achieve 

84% accuracy. The proposed IDPTF had an accuracy of 96% lineage, using graph-based dependency 

mapping and artificial intelligence algorithms that automatically validate lineage. With greater 

lineage accuracy, organizations can rest assured that they can trace data back to its sources and with 

this, trust the process of making decisions based on data. 

 

4.1.3. Query Efficiency 

Query efficiency is the speed and effectiveness with which the information about a resource's 

provenance can be retrieved and analyzed. The efficiency of current systems is 79% and their 

performance degrades with large sets of metadata. The proposed framework enhanced this figure to 

94% by using graph repository and optimized indexing. With quicker query performance, 

administrators and analysts can easily access lineage data, conduct audits, and dig into any data-
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related issue or problem without having to wait too long, improving productivity throughout 

operations. 

 

4.1.4. Governance  

Governance Compliance is the ability of the system to implement data governance policies 

and to comply with regulatory requirements. The existing solutions for provenance achieved 81% of 

compliance, which is mainly because they were not that automated and lacked real-time monitoring. 

The proposed IDPTF was able to achieve governance compliance of 95%, with the help of intelligent 

policy enforcement, automated validation processes, and predictive risk assessment techniques. The 

enhancement helps organizations stay compliant with regulations and decreases the risk of 

governance breach and penalties. 

 

4.1.5. Metadata  

The metadata consistency checks the accuracy, completeness and uniformity of provenance 

information about the data stored throughout the analytics platform. The current setups were able to 

get to 83% consistency, but due to manual data entry, integration issues, and disconnected storage 

solutions, some inconsistencies still existed. The proposed framework could achieve 96% metadata 

consistency by automating metadata generation, implementing metadata validation, and adopting a 

centralized management system. Standard metadata increases the trustworthiness of lineage analysis 

and allows for maintaining lineage records that are accurate and trustworthy for long periods of 

time. 

 

4.1.6. Audit  

Audit readiness is the system's ability to be able to be completely and verifiably provide 

provenance information for audit and compliance. Conventional provenance frameworks recorded 

an audit readiness score of 78%, and extensive manual work was needed to make the frameworks 

complete and valid audits. The proposed IDPTF enhanced this, by ensuring that full lineage details 

were maintained and audit reports produced automatically. By improving their audit readiness, 

companies can address regulatory audits, internal reviews, and compliance checks effectively and 

with greater ease, reducing the burden on their administration. 

 

4.1.7. Anomaly Detection  

Anomaly detection accuracy is used to gauge how well the system can detect anomalous 

activities, modifications, and potential governance risks in provenance data. Current systems 

achieved 76% accuracy on average, with few systems being highly adaptable and most using a rule 

based approach. Machine learning and AI algorithms were used to enhance the accuracy of anomaly 

detection to 93% in the proposed framework. These smart techniques continuously monitor the 

patterns of data provenance, allowing suspicious patterns to be identified early and minimizing the 

chance of data integrity issues and security breaches. 
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4.1.8. Overall Performance 

The overall performance is an average of the success of the provenance tracking framework 

with regards to the various evaluation metrics: completeness, accuracy, efficiency, compliance, 

consistency, audit readiness and anomaly detection. The overall performance of the existing systems 

was 80%, perceiving some reasonable functionality and yet limited scalability, automation, and 

intelligence. On average, the gains from the proposed IDPTF are impressive, with a performance 

score of 95%. All results show that the proposed framework is more reliable, scalable and intelligent 

solution for the management of data provenance in contemporary large-scale analytics environments. 

 

4.2. Discussion of Findings 

The effectiveness of the proposed Intelligent Data Provenance Tracking Framework (IDPTF) 

is clearly reflected in the performance evaluation results and can help overcome the shortcomings of 

current provenance management systems. The results showed substantial enhancements in all the 

evaluation measures and demonstrated that the use of artificial intelligence, graph-based data 

management and automated governance processes in provenance tracking is beneficial. A significant 

result was the improvement in the completeness of the provenance, which went from 82% to 97%, 

showing that the framework has been able to collect more complete metadata and lineage 

information throughout the data lifecycle. This improvement will also add clarity and will make it 

possible to verify, audit and make analytical reproductions with the critical provenance records 

available. Likewise, the accuracy of the lineage, which was 84% to 96% accurate, showed that the 

framework could build more accurate and reliable lineage relationships in complex analytics 

environments. The efficiency of queries grew from 79% to 94% due to the use of graph-based 

repositories, allowing for faster access to and analysis of provenance data, even in the presence of a 

large number of nodes in a distributed system. The AI-powered lineage reconstruction module was a 

crucial feature that enhanced the traceability by automating lineage data reconstruction, locating 

hidden lineage data, and resolving inconsistencies in metadata that could hinder data reliability. The 

governance compliance performance was an impressive 95%, with automated policy enforcement, 

real time monitoring and intelligent auditing capabilities integrated into the framework working 

well. These capabilities ensure regulatory compliance and lower the amount of manual governance. 

Moreover, the accuracy of the anomaly detection significantly increased, showing that machine-

learning algorithms can detect unusual provenance patterns, unauthorized changes and potential 

governance issues. The ability to detect such anomalies early allows for proactive measures to be 

taken and reduces any disruption to operations. Overall performance of 95% proves the proposed 

framework provides a very scalable, intelligent and reliable provenance management solution. The 

findings confirm the suitability of IDPTF for modern large-scale analytics platforms, where efficient 

lineage tracking, governance compliance, and real-time monitoring is crucial for integrity, 

accountability and trustworthiness in analytical decision-making processes. 
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4.3. Implications for Large-Scale Analytics Platforms 

The proposed Intelligent Data Provenance Tracking Framework (IDPTF) has a wide range of 

implications for large-scale analytics platforms, where vast amounts of data are distributed across 

different environments, making tracking and management of provenance with respect to traceability, 

governance and compliance very challenging. With the increasing use of data-driven decision 

making, confidence and transparency in analytical outputs are an important requirement within 

organizations. To meet these requirements, the framework offers a flexible and intelligent 

provenance management solution that can track, store, and analyse provenance for complex data 

ecosystems. Better provenance tracking provides organizations with full transparency and 

understanding of how data has been created, manipulated, and utilized, which helps build trust in 

the results of analytics and aids in better decision-making. The graph-based architecture makes it 

possible to efficiently manage large-scale metadata repositories and quickly retrieve lineage 

information, even in a very dynamic environment. In addition, the adoption of cutting-edge AI and 

machine learning methods lends powerful features like automated lineage reconstruction, anomaly 

detection, predictive risk assessment and intelligent governance monitoring. These capabilities help 

to decrease manual reliance, and enhance the precision and uniformity of the provenance record. The 

framework helps organizations adhere to compliance standards from a regulatory standpoint by 

providing detailed audit trails and thorough governance reports that ensure compliance with data 

protection and industry regulations. Real-time data monitoring is also beneficial in detecting 

potential security breaches, unauthorized changes, and policy violations before they become large 

problems in operations. In addition, improved transparency and accountability lead to higher trust in 

the data, including among stakeholders, especially in fields like healthcare, finance, government and 

scientific research where data integrity is essential. The framework also enables operational efficiency 

through simplified metadata management process and minimisation of governance activity 

administrative burden. The proposed framework is forward-looking and resilient against risks with 

increasingly complex and distributed analytics environments, while enhancing data reliability and 

the effectiveness of governance in these environments as they become more complex and move to the 

cloud, to edge, and to big data platforms. 

 

5. CONCLUSION 

With the proliferation, advancement, and high velocity of big data technologies, the cloud, 

distributed analytics platforms, and artificial intelligence and machine learning based applications, 

effective data provenance management has become a critical concern in today's organizations. 

However, with the increasing complexity of analytical systems, and data flowing from several 

heterogeneous sources, transparency, accountability and traceability has become paramount 

throughout the systems' data life cycles. While traditional approaches to provenance management 

are useful in smaller, more centralized setups, they can prove inadequate in today's large-scale 

analytics environments when it comes to scalability, performance, and governance. Data quality, 

regulatory compliance, and trust in the analytical results may suffer from insufficient lineage 

tracking, inefficient metadata management, limited real-time monitoring, and poor support for 



  

 

 
 

ISSN: 3071-3498 
PP: 01-17. 

 

 ---------------- 
Intelligent Data Provenance Tracking for Large-Scale Analytics Platforms 

Dr. Anita Verma  

   16 

distributed infrastructures. To overcome these challenges, this research introduces a comprehensive 

framework called Intelligent Data Provenance Tracking Framework (IDPTF), which leverages AI, 

graph-based provenance modeling, distributed metadata repositories, and automated governance 

mechanisms to offer end-to-end visibility into data generation, transformation, movement, and use 

processes. The framework records provenance data throughout the entire analytical process and uses 

machine learning algorithms to carry out intelligent lineage reconstruction, identify anomalies, make 

governance predictions, and optimize metadata. By using graph databases, complex dependency 

relationships can be stored and retrieved efficiently, ensuring that organizations can accurately trace 

data sources and comprehend the analytical results' evolution. In addition, the governance layer 

further improves accountability by facilitating real-time compliance monitoring, automated 

compliance auditing, and enforcement of policies. The experimental evaluation showed that the 

proposed framework achieves significantly higher results with respect to a number of performance 

metrics: completeness of the generated provenance, accuracy of the generated lineage, consistency of 

the metadata, compliance with the governance, readiness for auditing, accuracy of anomaly 

detection, and query efficiency. These enhancements confirm the successful implementation of 

utilizing intelligent automation and graph analytics in a provenance management system. The results 

also show that intelligent provenance tracking can help achieve higher level of reproducibility, 

reliability, trustworthiness of analytical results, lower operational risks and administrative overhead. 

Implementing such frameworks can help boost stakeholder trust in data-driven operations, reinforce 

regulatory compliance, and streamline decision-making processes for organizations that embrace 

them. Furthermore, the flexibility in the architecture of the proposed framework is suitable in 

different environments such as cloud-native platforms, hybrid infrastructure, edge computing 

ecosystem, and large-scale distributed analytics systems. Moving forward, the scope of the 

framework can be expanded to include blockchain-based provenance verification for increased 

immutability, federated governance architectures for working with multiple organizations, 

autonomous compliance engines for self-regulated governance processes, and explainable AI 

techniques for increased interpretability of lineage analytics. These advances will enable the creation 

of new provenance ecosystems that are able to process increasingly complex analytical tasks, while 

preserving the level of transparency, security, accountability, and operational excellence. 

 

REFERENCES 
[1] Peter Buneman, S. Khanna, and W. C. Tan, “Why and Where: A Characterization of Data Provenance,” in Proceedings of 

the International Conference on Database Theory (ICDT), London, U.K., 2001, pp. 316–330. 

[2] Jennifer Widom, “Trio: A System for Integrated Management of Data, Accuracy, and Lineage,” in CIDR Conference, 

Asilomar, CA, USA, 2005, pp. 262–276. 

[3] Yolanda Gil et al., “Examining the Challenges of Scientific Workflows,” Computer, vol. 40, no. 12, pp. 24–32, Dec. 2007. 

[4] Juliana Freire, D. Koop, and C. T. Silva, “Provenance for Computational Tasks: A Survey,” Computing in Science & 

Engineering, vol. 10, no. 3, pp. 11–21, 2008. 

[5] Luc Moreau and P. Missier, PROV-DM: The PROV Data Model, W3C Recommendation, World Wide Web Consortium, 

2013. 

[6] World Wide Web Consortium, “PROV-Overview: An Overview of the PROV Family of Documents,” W3C 

Recommendation, 2013. 



  

 

 
 

ISSN: 3071-3498 
PP: 01-17. 

 

 ---------------- 
Intelligent Data Provenance Tracking for Large-Scale Analytics Platforms 

Dr. Anita Verma  

   17 

[7] Olaf Hartig, “Provenance Information in the Web of Data,” in Linked Data Management, Boca Raton, FL, USA: CRC 

Press, 2011, pp. 171–194. 

[8] Sanjay Bhat and A. Kumar, “Graph-Based Data Provenance Management for Large-Scale Analytics,” Journal of Big Data, 

vol. 7, no. 1, pp. 1–18, 2020. 

[9] Neo4j, “Graph Data Science and Data Lineage Applications,” Neo4j Technical White Paper, 2021. 

[10] Apache Software Foundation, “Apache Atlas: Data Governance and Metadata Framework,” Technical Documentation, 

2023. 

[11] Linux Foundation, “OpenLineage: Open Standard for Data Lineage Collection,” Technical Specification, 2023. 

[12] Jiawei Han, M. Kamber, and J. Pei, Data Mining: Concepts and Techniques, 4th ed. Burlington, MA, USA: Morgan 

Kaufmann, 2022. 

[13] Ian Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge, MA, USA: MIT Press, 2016. 

[14] Institute of Electrical and Electronics Engineers, “IEEE Standard for Big Data Governance and Metadata Management,” 

IEEE Standards Association, 2022. 

[15] Association for Computing Machinery, “Data Provenance and Governance in Distributed Analytics Systems: A 

Survey,” ACM Computing Surveys, vol. 55, no. 8, pp. 1–35, 2023. 

[16] Gajula, S. (2023). A review of anomaly identification in finance frauds using machine learning system. International 

Journal of Current Engineering and Technology, 13(6), 568–575. 

https://ijcet.evegenis.org/index.php/ijcet/article/view/820.         

 

 

https://ijcet.evegenis.org/index.php/ijcet/article/view/820

