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Abstract. Enterprise organizations increasingly depend on complex data ecosystems that include databases, data warehouses,
data lakes, cloud platforms, applications, and distributed data pipelines, making accurate and up-to-date data documentation
and metadata management a significant challenge. Traditional documentation practices often rely on manual processes, pre-
defined templates, spreadsheets, and fragmented institutional knowledge, resulting in documentation gaps, inconsistent
metadata, limited data traceability, and increased maintenance effort. This research proposes a Generative Al-Driven Frame-
work for Automated Enterprise Data Documentation and Metadata Management that leverages Generative Artificial Intelli-
gence and Large Language Models (LLMs) to automate the extraction, generation, enrichment, classification, validation, and
maintenance of enterprise metadata and documentation. The proposed framework integrates automated schema analysis,
metadata extraction, data profiling, semantic interpretation, data lineage analysis, natural-language documentation generation,
and metadata validation within a unified architecture. Generative Al analyzes structured and semi-structured enterprise data
assets to generate contextual descriptions of tables, columns, business entities, relationships, transformations, and lineage in-
formation. A governance layer incorporates metadata standards, validation rules, access controls, quality checks, and human-
in-the-loop review mechanisms to improve the accuracy, consistency, and reliability of Al-generated documentation. The
framework further supports continuous metadata synchronization by integrating with enterprise data pipelines and data cata-
loging platforms. The proposed approach aims to reduce manual documentation effort, improve metadata completeness and
consistency, enhance data discoverability, strengthen data lineage and governance, and support scalable management of en-
terprise data assets. The effectiveness of the framework can be evaluated using metrics such as metadata completeness, docu-
mentation accuracy, semantic consistency, generation quality, processing time, and reduction in manual effort. Overall, the
framework demonstrates the potential of Generative Al to transform conventional enterprise data documentation into an intel-

ligent, automated, scalable, and continuously maintained metadata management capability.
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l. Introduction

The rapid expansion of digital transformation has resulted in organizations generating and managing enormous volumes of
data across databases, data warehouses, data lakes, cloud platforms, enterprise applications, analytical systems, and distributed
data pipelines. As enterprise data environments become increasingly heterogeneous, organizations face growing challenges in
understanding, documenting, governing, and maintaining their data assets. Data documentation provides essential information
about the meaning, structure, ownership, relationships, usage, and transformation of enterprise data. Metadata management
complements this process by maintaining contextual information that enables organizations to discover, interpret, classify,
trace, and govern data assets throughout their lifecycle. However, conventional approaches to documentation and metadata
management frequently depend on manual activities, static templates, spreadsheets, technical specifications, and individually
maintained repositories. These approaches become difficult to scale when organizations operate thousands of tables, datasets,
applications, interfaces, and transformation pipelines.

Traditional documentation practices also suffer from inconsistency and information loss. Data engineers, architects, analysts,
and business users may describe the same data asset using different terminology, resulting in semantic inconsistencies across
organizational systems. Documentation may become outdated when schemas, transformation logic, business rules, or data
pipelines change. In addition, manually documenting newly created data assets requires considerable time and specialized
knowledge. The absence of complete documentation can negatively affect data discovery, governance, compliance, analytics,
migration, and decision-making. Consequently, enterprises require intelligent mechanisms capable of automatically generating
and continuously maintaining high-quality documentation and metadata.

Generative Artificial Intelligence (Generative Al) provides an emerging opportunity to address these limitations by automati-
cally interpreting data structures and generating meaningful natural-language descriptions. Large Language Models (LLMs)
can analyze schemas, column names, data types, business terminology, transformation logic, metadata attributes, and contex-
tual information to generate documentation that is understandable to both technical and business users. Unlike conventional
rule-based documentation systems, Generative Al can use contextual relationships and semantic information to produce de-
scriptive content dynamically. When integrated with enterprise metadata repositories and data catalog platforms, these capa-
bilities can support automated metadata generation, enrichment, classification, and maintenance.

This research proposes a Generative Al-Driven Framework for Automated Enterprise Data Documentation and Metadata Man-
agement. The framework combines automated metadata extraction, schema analysis, data profiling, semantic interpretation,
lineage analysis, Generative Al-based documentation generation, metadata validation, and governance mechanisms within an
integrated architecture. The framework is designed to automatically transform technical data information into structured and
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human-readable documentation while maintaining connections between technical metadata and business context. It also intro-
duces validation and human-in-the-loop mechanisms to reduce inaccurate or unsupported Al-generated information.

The primary objective of the proposed framework is to reduce the manual effort associated with enterprise data documentation
while improving metadata completeness, consistency, accessibility, and maintainability. The framework can support various
enterprise environments, including relational databases, cloud data warehouses, data lakes, APIs, ETL/ELT pipelines, and
analytical platforms. By enabling continuous metadata synchronization and automated documentation updates, the proposed
approach can contribute to stronger data governance, improved data discovery, enhanced lineage visibility, and more effective
enterprise data management.

11. Background of Enterprise Data Documentation and Metadata Management

Enterprise data documentation involves the systematic recording of information required to understand and use organizational
data assets. Such information may include dataset descriptions, table definitions, column meanings, data types, business defi-
nitions, relationships, ownership, sensitivity classifications, transformation rules, and usage information. Documentation acts
as a communication layer between technical teams and business stakeholders. Developers and data engineers use technical
documentation to understand system structures, while analysts and business users rely on business-oriented descriptions to
identify appropriate datasets for analytical and operational purposes.

Metadata represents information that describes other data. It provides contextual information about the structure, meaning,
origin, ownership, quality, classification, and lifecycle of data assets. Metadata can generally be categorized into technical
metadata, business metadata, operational metadata, and governance metadata. Technical metadata describes schemas, tables,
columns, data types, keys, indexes, and database structures. Business metadata provides business definitions, domain termi-
nology, ownership, and usage context. Operational metadata includes information about processing schedules, pipeline exe-
cution, refresh frequency, and system dependencies. Governance metadata includes classifications, policies, access re-
strictions, retention requirements, and compliance information.

Enterprise Data Documentation and Metadata Management
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Effective metadata management enables organizations to establish a common understanding of their data environment. It sup-
ports data discovery, impact analysis, lineage tracking, regulatory compliance, data quality management, and enterprise ana-
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lytics. However, metadata becomes difficult to manage when organizations operate multiple technologies and platforms. Dif-
ferences in naming conventions, schema structures, metadata formats, and governance practices can create fragmented
metadata environments. Therefore, automated mechanisms are increasingly required to collect and integrate metadata from
heterogeneous enterprise systems.

Challenges in Traditional Data Documentation

Manual Documentation Processes

Manual documentation is one of the major limitations of conventional enterprise data management. Data engineers and ana-
lysts may need to inspect database schemas, understand business rules, identify relationships, and prepare documentation
manually. As data environments grow, this process becomes resource-intensive and difficult to maintain. Manual documenta-
tion can also introduce inconsistencies because different individuals may interpret the same data asset differently.

Documentation Obsolescence

Enterprise data environments are continuously changing. New columns may be added, tables may be modified, pipelines may
be redesigned, and applications may migrate to cloud platforms. Static documentation may not automatically reflect these
changes. Consequently, documentation can become outdated and unreliable, reducing its usefulness for developers, analysts,
auditors, and business stakeholders.

Metadata Fragmentation

Enterprise metadata is often distributed across database systems, data catalogs, ETL platforms, cloud services, spreadsheets,
application repositories, and governance systems. Fragmented metadata makes it difficult to establish a unified view of organ-
izational data. Users may need to access multiple systems to understand the complete context of a dataset.

Semantic Inconsistency

Different teams may use different terminology for similar business concepts. For example, customer identifiers may be repre-
sented as Customer_ID, CustID, Client_Number, or another organization-specific term. Without semantic interpretation, au-
tomated systems may treat these fields as unrelated assets even when they represent the same business concept.

Limited Business Context

Traditional technical metadata frequently explains how data is structured but does not adequately explain why the data exists
or how it supports business processes. Generating meaningful business context requires understanding relationships between
technical structures and organizational terminology.

Role of Generative Al in Data Documentation

Generative Al introduces intelligent language-based capabilities into enterprise data management. Instead of simply extracting
metadata fields, Generative Al can interpret available technical and contextual information and convert it into meaningful
descriptions. For example, an Al model can analyze a table containing customer transaction information and generate descrip-
tions for tables, columns, relationships, and business purposes based on available metadata and supporting context.

Large Language Models can process natural-language business definitions, technical specifications, schema information, and
documentation to generate structured content. This capability allows enterprises to automate repetitive documentation activi-
ties while maintaining a consistent documentation style. Generative Al can also enrich existing metadata by identifying se-
mantic relationships, suggesting business terms, generating descriptions, and classifying data assets.

Another important capability is contextual documentation generation. Instead of generating isolated descriptions for individual
columns, an Al-driven system can consider relationships between tables, datasets, business concepts, and transformation pro-
cesses. This creates more meaningful documentation that explains the broader context of an enterprise data asset.

I11. Proposed Generative Al-Driven Framework

The proposed framework consists of several integrated layers that collectively support automated enterprise data documenta-
tion and metadata management. The architecture begins with enterprise data sources and metadata extraction mechanisms and
progresses through data profiling, semantic analysis, Generative Al processing, metadata validation, governance, and publica-
tion.
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1. Enterprise Data Source Layer

The data source layer contains heterogeneous enterprise data assets, including relational databases, data warehouses, cloud
storage platforms, data lakes, APIs, enterprise applications, and analytical systems. The framework is designed to operate
across structured and semi-structured environments.

2. Metadata Extraction Layer

The metadata extraction layer automatically collects technical information from connected data sources. Extracted information
may include table names, column names, data types, primary keys, foreign keys, constraints, indexes, schemas, relationships,
and system ownership information. Automated extraction reduces the dependency on manually maintained metadata.

3. Data Profiling and Analysis Layer

The profiling layer analyzes data characteristics to provide additional context for documentation generation. Profiling may
include null-value analysis, uniqueness analysis, value distributions, data patterns, format detection, and statistical character-
istics. These insights can help the Al model generate more meaningful and accurate descriptions.

4. Semantic Interpretation Layer

The semantic interpretation layer identifies relationships between technical metadata and business concepts. Natural Language
Processing techniques can be applied to column names, descriptions, business glossaries, data dictionaries, and organizational
terminology. This layer helps resolve abbreviations and identify related business concepts.

5. Generative Al Layer

The Generative Al layer represents the core intelligence component of the framework. Metadata and contextual information
are supplied to an LLM through controlled prompts or structured generation workflows. The model can generate table descrip-
tions, column definitions, business explanations, metadata tags, classifications, and documentation summaries.

6. Metadata Enrichment Layer

The generated documentation is integrated with existing metadata to create enriched metadata records. Enrichment can include
business descriptions, synonyms, classifications, domain associations, ownership information, and semantic relationships. The
system can also recommend missing metadata attributes for further review.

7. Validation and Quality Assurance Layer

Al-generated documentation should not automatically be treated as authoritative. The validation layer evaluates generated
content against available metadata, predefined rules, business glossaries, and quality requirements. Human reviewers can ap-
prove, modify, or reject generated documentation. This human-in-the-loop approach improves trust and reduces the risk of
unsupported Al-generated information.

8. Governance and Security Layer

The governance layer applies organizational policies to metadata generation and management. It can incorporate access con-
trol, sensitive-data classification, retention policies, audit logging, approval workflows, and metadata standards. Security
mechanisms are particularly important when enterprise data is processed by Al systems.

9. Data Catalog and Documentation Publication Layer
Validated metadata and documentation can be published to enterprise data catalogs, knowledge repositories, documentation
portals, or governance platforms. Users can search and explore generated documentation through centralized interfaces.

Automated Metadata Generation

Automated metadata generation enables organizations to reduce repetitive metadata creation activities. The proposed frame-
work analyzes technical structures and contextual information to automatically generate metadata attributes. For example, a
database column named cust_dob can be interpreted as a customer date-of-birth attribute based on naming conventions, data
patterns, related fields, and business glossary information.
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The generated metadata can include technical descriptions, business definitions, data classifications, semantic categories, re-
lationships, and recommended tags. Metadata generation can be performed during initial data onboarding and subsequently
repeated when data structures change. This provides a mechanism for maintaining metadata freshness.

Automated Metadata Gemeration

Analyze + |Interpret + Generate + Maintain

1. Data Sources

Relational Databases
(Oracle, SQL Server, etc.)

Cloud Platforms
(AWS, Azure, GCP)

Files & Documents
(CSV, JSON, XML, etc.)

Streaming Platforms
(Kafka, MQ, etc.)

Applications
(ERP, CRM, etc)

2Bl ©

2. Analyze Technical
Structures & Context

@® Schema Analysis
=1

+ Tables, columns, data types
+ Keys, indexes, relationships

» B
@

Naming Convention Analysis
+ Column/ table names
+ Pattern recognition

Data Pattern Analysis
+ Value ranges, formats
+ Sample data inspection

Business Glossary Lookup

* Business terms & definitions

3. Al/ML Processing &
Metadata Inference

Natural Language Processing
(interpret names & descriptions)

v

» Pattern Matching
(detect data types & formats)

'

Contextual Correlation
(use related fields & glossary)

v

Rule Engine
(apply metadata rules)

» 0

4. Generate Metadata

o
B

Technical Description
(e.g., VARCHAR(10), DATE)

Business Definition
(e.g., Customer Date of Birth)

Data Classification »
(eg., Pll, Confidential)

Semantic Category
(e.g. Customer Attribute)

<

Relationships
(e.g. linked to Customer D)

Recommended Tags

5. Example: Metadata for
cust_dob Column

Column Name Interpretation

Customer Date of Birth

t_dob
bk (attribute)

Generated Metadata
Technical Description ~ DATE
Business Definition  Date of bith of the customer)
Classification Pil

Semantic Category ~ Customer Information

Relationship Linked to customer_id

(4
Metadata Lifecycle

- O

Tags customer, personal. dob

+ Domain context (e.g., customer, personal, dob) | |

Metadata Attributes Generated

o =

(schema, data type, (definitions, domain,
constraints, keys)

Business
Metadata

Technical
Metadata

Governance
Metadata

Operational
Metadata

0

(classification,
policies, access)

PS

(schedules, refresh,
dependencies) |3

@ Initial Data
¥ Onboarding

Metadata
Freshness

Automated ri Change Detection

& Re-generation ™ 0

Generation

ownership)
Re-run when data structures change

Benefits

Reduces manual effort
and saves time

Enables data discovery

@’ Improves accuracy
and impact analysis

and consistency

Provides up-to-date
fresh metadata

O Q 9

Supports compliance
and governance

Al-Based Enterprise Data Documentation

The framework uses Generative Al to transform metadata into human-readable documentation. Generated documentation can
include descriptions of datasets, tables, columns, relationships, data pipelines, transformations, and business usage. Documen-
tation can also be generated at different abstraction levels.

For technical users, the system can provide detailed schema descriptions, dependencies, and transformation information. For
business users, it can generate simplified explanations of business entities, metrics, and data usage. This dual perspective can
improve communication between technical and non-technical stakeholders.

IV. Metadata Enrichment and Semantic Understanding

Metadata enrichment extends basic technical metadata with contextual and semantic information. Generative Al can identify
relationships between metadata elements and organizational business concepts. For example, multiple fields representing cus-
tomer identifiers across different systems can be associated with a common business concept such as a customer entity.

Semantic enrichment can also support synonym identification, domain classification, business-term association, and relation-
ship discovery. This capability improves data discoverability because users can search for business concepts rather than relying
exclusively on technical field names.
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Data Lineage and Traceability

Data lineage provides information about the movement and transformation of data across enterprise systems. The proposed
framework can integrate lineage information into generated documentation to explain where data originates, how it is trans-
formed, and where it is consumed.

Generative Al can convert complex technical lineage structures into understandable explanations. For example, instead of
displaying only a technical pipeline relationship, the system can generate a narrative describing how source customer infor-
mation is transformed and incorporated into an analytical customer dataset. Such explanations can support impact analysis,
debugging, governance, and audit activities.

Human-in-the-Loop Validation

Although Generative Al can automate documentation generation, human validation remains important for enterprise environ-
ments. Al models may generate descriptions that are incomplete, ambiguous, or inconsistent with organizational terminology.
Therefore, the framework introduces human review mechanisms.

Data stewards, architects, and subject-matter experts can review generated documentation before publication. Approved con-
tent can be incorporated into the enterprise metadata repository, while rejected or modified content can be used to improve
subsequent generation workflows. This approach combines Al automation with human expertise.

Data Governance and Compliance

Automated documentation and metadata management can strengthen enterprise data governance by improving visibility into
organizational data assets. Metadata can capture ownership, classification, lineage, quality information, retention requirements,
and access policies.

The framework can support compliance activities by maintaining consistent documentation and audit trails. Automated
metadata generation can also help organizations identify sensitive or regulated data assets that require additional governance
controls. However, Al-generated classifications should be validated against organizational policies before they are used for
compliance decisions.

Implementation Methodology
The proposed framework can be implemented through a phased methodology. The first phase involves identifying enterprise
data sources and establishing metadata extraction mechanisms. The second phase focuses on profiling and analyzing data
assets. The third phase integrates Generative Al models for documentation and metadata generation. The fourth phase intro-
duces validation and governance mechanisms. The final phase publishes validated metadata to enterprise data catalogs and
continuously monitors changes.

A feedback mechanism can be implemented to capture corrections made by data stewards. These corrections can improve
prompt templates, retrieval strategies, validation rules, and generation workflows without necessarily requiring model retrain-
ing. This approach provides a practical mechanism for continuous improvement.

Evaluation Framework

The effectiveness of the proposed framework can be evaluated using quantitative and qualitative metrics. Metadata complete-
ness can measure the percentage of required metadata attributes successfully generated. Documentation accuracy can evaluate
whether generated descriptions correctly represent the corresponding data assets. Semantic consistency can measure alignment
between generated terminology and organizational business glossaries.

Other metrics may include documentation generation time, reduction in manual effort, metadata freshness, data discovery
efficiency, human approval rate, and documentation coverage. User evaluations can also be conducted with data engineers,
analysts, data stewards, and business users to determine whether Al-generated documentation improves usability and under-
standing.
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Benefits of the Proposed Framework

The proposed framework provides several potential benefits for enterprise organizations. First, it can significantly reduce the
manual effort required to document large numbers of data assets. Second, automated generation can improve consistency
across documentation repositories. Third, semantic enrichment can improve data discovery and understanding. Fourth, con-
tinuous metadata synchronization can reduce documentation obsolescence.

The framework can also improve collaboration between technical and business teams by presenting data information in natural-
language formats. Furthermore, integration with lineage and governance capabilities can provide organizations with a more
comprehensive understanding of their data environment.

Benefits of the Proposed Framework
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Challenges and Limitations

Despite its advantages, Generative Al-based documentation introduces several challenges. Al-generated content may contain
inaccurate or unsupported statements if insufficient context is provided. Enterprise data environments may also contain sensi-
tive information that should not be exposed to unauthorized Al systems. Model selection, prompt design, context management,
and access control are therefore important considerations.

Another limitation is the dependency on high-quality source metadata. If schemas, business glossaries, and lineage information
are incomplete, the quality of generated documentation may also be limited. Consequently, Generative Al should be considered
an augmentation mechanism rather than a complete replacement for data stewardship and governance processes.

Future Scope

Future research can investigate domain-specific LLMs designed for enterprise data management and metadata generation.
Retrieval-Augmented Generation (RAG) can be incorporated to provide Al models with organization-specific business glos-
saries, policies, data dictionaries, and historical documentation. Knowledge graphs can also be integrated to represent relation-
ships between data assets, business concepts, systems, and processes.
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Further research can explore autonomous metadata agents capable of monitoring data environments, detecting schema
changes, generating updated documentation, and initiating approval workflows automatically. Explainable Al techniques can
additionally be investigated to provide evidence supporting generated metadata and documentation. These developments could
lead toward continuously self-documenting enterprise data ecosystems.

V. Conclusion

The increasing complexity of enterprise data environments has created a strong need for scalable and intelligent approaches
to data documentation and metadata management. Traditional manual approaches are difficult to maintain and often result in
incomplete, inconsistent, and outdated documentation. The proposed Generative Al-Driven Framework for Automated Enter-
prise Data Documentation and Metadata Management addresses these challenges by integrating metadata extraction, data
profiling, semantic interpretation, Generative Al, metadata enrichment, validation, governance, and data cataloging into a
unified architecture. The framework enables organizations to automatically generate contextual documentation while support-
ing continuous metadata maintenance and human oversight. By combining artificial intelligence with established data govern-
ance practices, the proposed approach can improve documentation efficiency, metadata quality, data discoverability, lineage
visibility, and enterprise data management. Overall, Generative Al represents a promising foundation for developing intelligent
and scalable data documentation capabilities capable of adapting to continuously evolving enterprise data ecosystems.
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