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Abstract- The rapid growth of enterprise data has increased the complexity of documenting datasets, data structures, business 

definitions, data pipelines, metadata, and data lineage across heterogeneous information environments. Traditional data 

documentation practices frequently depend on manual processes, domain experts, and static documentation methods, resulting 

in incomplete, inconsistent, outdated, and difficult-to-maintain data descriptions. This research proposes an Automated 

Enterprise Data Documentation Using Generative Artificial Intelligence framework that leverages generative AI and natural 

language processing to automate the creation, enrichment, and maintenance of enterprise data documentation. The proposed 

framework integrates data discovery, schema analysis, metadata extraction, semantic interpretation, data lineage identification, 

business-term generation, and natural-language documentation into a unified architecture. Generative AI models are utilized to 

transform technical metadata and structural information into human-readable descriptions of datasets, tables, columns, 

relationships, transformation processes, and business rules. The framework also incorporates validation mechanisms to improve 

documentation accuracy, consistency, traceability, and governance. Automated documentation can be continuously updated 

when data structures, pipelines, or metadata change, thereby reducing documentation maintenance effort and improving data 

discoverability. The proposed approach supports data engineers, data stewards, analysts, governance teams, and business users 

by providing accessible and context-aware descriptions of enterprise data assets. The framework aims to establish a scalable and 

intelligent documentation process that improves metadata management, knowledge sharing, data governance, and 

organizational readiness for AI-driven data management. 
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I. INTRODUCTION 

 
Enterprise organizations increasingly depend on large, 

distributed, and heterogeneous data environments to support 

operational processes, analytical applications, artificial 

intelligence, and strategic decision-making. Modern 

enterprises generate data across relational databases, cloud data 

warehouses, data lakes, application systems, APIs, business 

intelligence platforms, and external data sources. As these 

environments expand, maintaining accurate and 

comprehensive documentation of data assets becomes 

increasingly difficult.  

 

Traditional documentation practices often depend on manual 

descriptions, spreadsheets, static data dictionaries, technical 

specifications, and individually maintained metadata 

repositories. Such approaches can become outdated when 

schemas, pipelines, business rules, and data sources change 

frequently. Consequently, organizations require intelligent 

mechanisms capable of continuously generating, updating, and 

maintaining enterprise data documentation. 

 

Generative Artificial Intelligence (GenAI) provides new 

opportunities for transforming the way enterprise data 

documentation is created and maintained. Unlike conventional 

metadata-management approaches that primarily capture 

predefined technical attributes, generative AI can interpret 

structured metadata, database schemas, transformation logic, 

pipeline configurations, business terminology, and data 

relationships to produce human-readable documentation. 

 

 Large language models can synthesize information from 

multiple technical sources and generate descriptions of 

datasets, tables, columns, data relationships, transformation 

processes, quality rules, and business definitions. This 

capability can reduce documentation effort while improving 

accessibility for both technical and non-technical stakeholders. 

 

Automated enterprise data documentation is particularly 

important in organizations operating complex data ecosystems. 

Data engineers, data architects, analysts, governance teams, 

compliance professionals, and business users often require 

different levels of documentation. Technical teams may need 

schema descriptions, lineage information, transformation logic, 

and dependency relationships, whereas business users may 

require understandable explanations of business terms, metrics, 

and data usage. A generative AI-based documentation 

framework can support these different requirements by 

transforming technical metadata into contextual and audience-

specific documentation. 

 

However, implementing generative AI for enterprise 

documentation also introduces challenges related to accuracy, 

hallucination, metadata consistency, security, privacy, 

governance, explainability, and human validation. Generated 

descriptions should accurately reflect underlying enterprise 

data assets rather than introducing unsupported assumptions. 

Sensitive metadata must also be protected from unauthorized 

exposure. Therefore, automated documentation should not be 

considered simply a text-generation problem; it should be 

treated as an integrated data-management and governance 

capability involving metadata extraction, contextual 

enrichment, generative processing, validation, version control, 

and continuous synchronization. 

 

This research proposes an automated framework for enterprise 

data documentation using generative artificial intelligence. The 

framework focuses on integrating enterprise metadata with 

generative AI capabilities to automatically produce structured, 

contextual, and maintainable documentation. It considers 

metadata extraction, semantic understanding, documentation 

generation, validation, governance, lineage integration, and 

continuous updating as interconnected components. The 

objective is to establish a systematic approach through which 

organizations can improve documentation completeness, 

reduce manual maintenance, increase metadata accessibility, 

and support trustworthy enterprise data management. 
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 II. ENTERPRISE DATA DOCUMENTATION 

 

Enterprise data documentation represents the systematic 

description of an organization's data assets, structures, 

meanings, relationships, transformations, and usage 

characteristics. It provides the contextual information 

necessary for understanding how data is created, stored, 

processed, governed, and consumed throughout the enterprise. 

Effective documentation can include technical metadata, 

business metadata, operational metadata, data-quality 

information, lineage information, ownership details, security 

classifications, and business definitions. 

 

In conventional environments, documentation is frequently 

distributed across data dictionaries, architecture documents, 

spreadsheets, database comments, wiki pages, technical 

specifications, and governance repositories. This fragmentation 

creates difficulties in maintaining a consistent representation of 

enterprise data. When a database schema or transformation 

pipeline changes, associated documentation may not be 

updated immediately. As a result, users may encounter 

discrepancies between actual data structures and documented 

information. 

 

Automated documentation seeks to reduce this gap by 

connecting documentation processes directly with enterprise 

metadata and data-platform environments. Instead of 

depending entirely on manual authoring, an automated system 

can retrieve metadata from source systems, interpret structural 

and semantic information, and generate documentation 

according to predefined organizational standards. 

 

 

III. CHALLENGES IN TRADITIONAL DATA 

DOCUMENTATION 

 

Traditional data documentation processes are often labor-

intensive because subject-matter experts and technical teams 

must manually describe datasets, fields, business definitions, 

relationships, and transformation processes. Large 

organizations may contain thousands of tables and millions of 

data elements, making complete manual documentation 

difficult to achieve. Documentation can therefore remain 

incomplete or inconsistent across departments and platforms. 

Another major challenge is documentation obsolescence. 

Enterprise data environments continuously evolve as 

organizations introduce new applications, modify schemas, 

migrate workloads to cloud platforms, and redesign data 

pipelines. Documentation created during an initial 

implementation may become inaccurate after subsequent 

changes. Without automated synchronization, organizations 

can experience significant differences between the current data 

environment and its corresponding documentation. 

 

The lack of semantic consistency is another challenge. 

Different teams may use different terminology to describe the 

same business concept. For example, one department may use 

"customer identifier," another may use "client ID," and another 

may use "account number." Such variations can complicate 

enterprise-wide data discovery and governance. Automated 

semantic analysis can help identify related terminology and 

provide standardized descriptions. 

 

IV. GENERATIVE ARTIFICIAL 

INTELLIGENCE FOR DATA 

DOCUMENTATION 

 

Generative Artificial Intelligence refers to AI systems capable 

of producing new content based on patterns learned from large 

collections of information. In enterprise data management, 

generative AI can process metadata and contextual information 

and convert it into natural-language documentation. Large 

language models can interpret table names, column names, data 

types, constraints, SQL queries, transformation logic, lineage 

relationships, and business terminology to generate 

descriptions that are understandable to different categories of 

users. 
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 The application of generative AI extends beyond simple text 

generation. AI models can summarize complex transformation 

logic, explain relationships between data assets, identify 

potential documentation gaps, and generate standardized 

metadata descriptions. When combined with enterprise 

metadata repositories, these capabilities can provide a scalable 

mechanism for maintaining documentation across large data 

environments. 

 

A key advantage of generative AI is its ability to connect 

technical information with natural-language explanations. For 

example, a complex SQL transformation can be translated into 

a concise explanation describing how source attributes are 

filtered, joined, transformed, and loaded into a target dataset. 

This improves communication between technical and business 

stakeholders while reducing the need for every user to interpret 

low-level implementation details. 

 

V. PROPOSED AUTOMATED 

DOCUMENTATION FRAMEWORK 

 

The proposed framework establishes a structured pipeline for 

transforming enterprise metadata into continuously maintained 

documentation. The framework consists of several 

interconnected stages, including metadata acquisition, 

preprocessing, semantic enrichment, context construction, 

generative documentation, validation, governance, publication, 

and continuous synchronization. 

 

Metadata Acquisition 

The first stage collects metadata from enterprise data sources 

and platforms. Metadata may include database schemas, table 

structures, column names, data types, primary and foreign keys, 

constraints, database comments, pipeline configurations, SQL 

transformations, API specifications, and data lineage 

information. The acquisition layer can connect to relational 

databases, cloud data warehouses, data lakes, ETL platforms, 

BI systems, and metadata repositories. 

 

Metadata Preprocessing 

Raw metadata may contain inconsistent naming conventions, 

abbreviations, incomplete descriptions, and platform-specific 

technical information. The preprocessing layer standardizes 

metadata and removes unnecessary technical noise before it is 

supplied to the generative AI model. This stage can also 

normalize naming conventions, identify missing attributes, 

classify metadata types, and prepare structured metadata 

representations. 

 

Semantic Enrichment 

Semantic enrichment adds business and organizational context 

to technical metadata. Business glossaries, domain 

terminology, reference data, ownership information, existing 

documentation, and governance policies can be incorporated 

into the documentation-generation process. This enables the AI 

system to distinguish between technically similar fields that 

have different business meanings. 

 

Context Construction 

Context construction is responsible for assembling the 

information required by the generative AI model. Instead of 

providing isolated column names or table names, the system 

can construct a contextual representation containing schema 

information, relationships, business definitions, lineage, 

transformation rules, and relevant governance metadata. Rich 

contextual inputs can improve the consistency and usefulness 

of generated documentation. 

 

Generative Documentation 

At this stage, the generative AI model produces documentation 

based on the prepared metadata and organizational context. 

Generated content may include dataset descriptions, column 

definitions, business explanations, transformation summaries, 

relationship descriptions, lineage narratives, quality-rule 

explanations, and usage guidance. Documentation templates 

and prompt structures can be used to maintain consistent output 

formats across different data assets. 
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 VI. AUTOMATED METADATA 

DESCRIPTION GENERATION 

 

Automated metadata description generation is one of the 

primary capabilities of the proposed approach. The system can 

analyze technical metadata and generate descriptions for tables, 

views, columns, pipelines, and other data assets. For example, 

a column named cust_acct_status may be interpreted using 

surrounding schema information and business glossary terms to 

generate a standardized description explaining its purpose and 

possible values. 

 

Generated descriptions can be organized according to 

documentation standards defined by the organization. 

Technical descriptions can explain implementation 

characteristics, while business descriptions can explain the 

meaning and relevance of the data element. This dual 

representation can improve data accessibility for both technical 

and business users. 

 

VII. AUTOMATED BUSINESS GLOSSARY 

GENERATION 

 

Generative AI can also assist organizations in creating and 

maintaining business glossaries. By analyzing existing 

metadata, reports, database structures, data dictionaries, and 

business documentation, AI systems can identify recurring 

business concepts and propose standardized definitions. 

Automated glossary generation can support semantic 

consistency across departments. Related terms can be identified 

and connected with corresponding technical data assets. This 

creates a bridge between business terminology and physical 

data structures, allowing users to move from a business concept 

to the datasets and attributes where that concept is 

implemented. 

 

VIII. DATA LINEAGE AND 

DOCUMENTATION INTEGRATION 

 

Data lineage provides information about the movement and 

transformation of data between source and destination systems. 

Integrating lineage with generative AI can enable the system to 

produce natural-language explanations of data movement and 

transformation processes. 

 

For example, rather than presenting only a graphical lineage 

path, the system can generate a narrative explaining that a 

customer dataset is extracted from an operational database, 

filtered according to defined business conditions, joined with 

reference information, transformed through calculated 

attributes, and subsequently loaded into an analytical 

warehouse. Such explanations can improve understanding of 

complex data pipelines. 

 

Lineage-aware documentation can also help organizations 

investigate the potential impact of changes. When a source 

attribute is modified, the documentation system can identify 

related downstream assets and update their descriptions 

accordingly. 

 

IX. AUTOMATED DOCUMENTATION OF 

DATA TRANSFORMATION LOGIC 

 

Modern data pipelines frequently contain complex SQL 

statements, transformation rules, stored procedures, 

orchestration workflows, and business logic. Understanding 

this logic can be difficult when documentation is incomplete. 

Generative AI can interpret transformation code and produce 

human-readable explanations. 

 

The generated documentation can describe source datasets, 

filtering conditions, joins, aggregations, derived fields, data 

cleansing operations, and target destinations. This capability 

can be particularly useful for legacy systems where original 

developers may no longer be available and transformation logic 

is embedded primarily within technical implementations. 

 

X. DATA QUALITY DOCUMENTATION 

 

Data-quality rules are an important component of enterprise 

documentation. Automated documentation systems can capture 

and explain rules relating to completeness, uniqueness, 

validity, consistency, accuracy, and timeliness. 

 

Generative AI can transform technical quality rules into 

understandable descriptions. For example, a validation rule 

requiring a customer identifier to be non-null and unique can 

be documented in business-oriented language while preserving 

the underlying technical specification. This makes quality 

expectations easier for business users, analysts, and governance 

teams to understand. 
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 XI. HUMAN-IN-THE-LOOP VALIDATION 

 

Although generative AI can automate documentation 

generation, human validation remains important for enterprise 

environments. Generated documentation may occasionally 

contain ambiguous interpretations or unsupported descriptions. 

A human-in-the-loop architecture therefore allows data 

stewards, data engineers, and domain experts to review 

generated content before it becomes an authoritative 

organizational record. 

 

The validation process can include confidence indicators, 

source traceability, approval workflows, exception handling, 

and change tracking. Approved documentation can 

subsequently be published to enterprise catalogs or governance 

platforms. Feedback from reviewers can also be used to 

improve prompts, templates, retrieval mechanisms, and 

documentation policies. 

 

XII. GOVERNANCE AND SECURITY 

CONSIDERATIONS 

 

Enterprise documentation may contain sensitive information 

about databases, business processes, data structures, security 

controls, and regulated data. Consequently, generative AI-

based documentation systems must incorporate appropriate 

access control, data classification, privacy protection, and 

security mechanisms. 

 

The framework should enforce role-based access to metadata 

and generated documentation. Sensitive fields should be 

appropriately masked or restricted, and AI processing should 

follow organizational security policies. Documentation should 

also maintain provenance information identifying the metadata 

sources used to generate each description. This improves 

transparency and supports auditing. 

 

XIII. CONTINUOUS DOCUMENTATION 

SYNCHRONIZATION 

 

A major advantage of automated documentation is the ability 

to synchronize documentation with changes in the underlying 

data environment. Metadata monitoring mechanisms can detect 

changes to schemas, pipelines, tables, columns, relationships, 

and transformation logic. 

 

When a change is detected, the system can identify affected 

documentation and regenerate or update the relevant sections. 

Version control can preserve previous descriptions while 

recording the latest documentation state. This creates a 

continuously evolving documentation environment rather than 

a static collection of manually maintained documents. 

 

XIV. EVALUATION FRAMEWORK 

 

The effectiveness of an automated documentation system can 

be evaluated using multiple dimensions. Documentation 

completeness can measure the proportion of enterprise data 

assets that contain required documentation. Documentation 

accuracy can assess whether generated descriptions correctly 

represent the underlying technical and business context. 

 

Other evaluation dimensions may include semantic 

consistency, generation latency, human-review effort, 

documentation freshness, coverage of lineage relationships, 

and user satisfaction. Human experts can compare AI-

generated descriptions with authoritative documentation to 

identify inaccuracies and areas requiring improvement. 

 

A comprehensive evaluation framework should therefore 

combine automated metrics with expert assessment. This 

provides a more reliable understanding of whether generated 

documentation is technically correct, semantically meaningful, 

and useful to enterprise stakeholders. 

 

XV. BENEFITS OF GENERATIVE AI-BASED 

ENTERPRISE DOCUMENTATION 

 

The proposed approach can provide several organizational 

benefits. Automation can reduce the manual effort required to 

create and maintain documentation across large data 

environments. Generative capabilities can improve the 

readability of technical metadata and make complex data 

structures more accessible to non-technical users. 

 

The approach can also improve documentation consistency by 

applying standardized templates and terminology across 

datasets. Continuous synchronization can improve 

documentation freshness, while integration with lineage and 

governance systems can strengthen enterprise data 

transparency. These capabilities can contribute to improved 
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 data discovery, governance, analytics enablement, and 

organizational knowledge management. 

 

XVI. IMPLEMENTATION ARCHITECTURE 

 

The implementation architecture can be organized into several 

layers: enterprise data sources, metadata extraction, metadata 

processing, semantic enrichment, context and retrieval 

management, generative AI, validation and governance, and 

documentation publication. 

 

The data-source layer contains databases, warehouses, lakes, 

applications, APIs, and data pipelines. The metadata layer 

extracts structural and operational information from these 

sources. The semantic layer incorporates business glossaries 

and organizational knowledge. The AI layer generates 

documentation using contextualized metadata. Finally, the 

validation and publication layer manages review, approval, 

versioning, and distribution through enterprise data catalogs or 

documentation repositories. 

 

 
  

XVII. FUTURE RESEARCH DIRECTIONS 

 

Future research can investigate domain-specific generative AI 

models for specialized enterprise environments such as 

healthcare, banking, manufacturing, telecommunications, and 

government. Research can also examine retrieval-augmented 

generation techniques that connect language models with 

authoritative enterprise metadata repositories. 

 

Another important research direction is the development of 

quantitative frameworks for measuring hallucination rates and 

documentation reliability. Future systems may incorporate 

automated fact-checking mechanisms that compare generated 

descriptions against source metadata before publication. 

Knowledge graphs, agentic AI, multimodal documentation, and 

autonomous metadata governance may further extend the 

capabilities of automated enterprise documentation. 

 

XVIII. CONCLUSION 

 

Automated Enterprise Data Documentation Using Generative 

Artificial Intelligence represents an emerging approach for 

addressing the scalability, consistency, and maintenance 

challenges associated with modern enterprise data 

environments. By integrating metadata extraction, semantic 

enrichment, contextual processing, generative AI, validation, 

lineage, and governance, organizations can establish a more 

dynamic mechanism for producing and maintaining data 

documentation. 

 

The proposed framework moves enterprise documentation 

from a predominantly manual and static activity toward a 

continuously updated and intelligent capability. Generative AI 

can translate complex technical metadata and transformation 

logic into understandable documentation while supporting 

different technical and business audiences. However, accuracy, 

security, provenance, governance, and human validation 

remain essential components of a trustworthy implementation. 

A carefully governed AI-enabled documentation architecture 

can therefore contribute to improved data discovery, 

knowledge sharing, data governance, and long-term enterprise 

data management. 
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