
 

 
 
年 2022 體積 50 問題 2  

 25 DOI: 10.46121/pspc.50.2.4 

 

LARGE LANGUAGE MODELS FOR INTELLIGENT DATA 

ENGINEERING: AUTOMATING SCHEMA DESIGN, 

LINEAGE, AND QUALITY CONTROL 

 
Godavari Modalavalasa 

 
HOUSE 2-15, Pedda Veedi, Fareedpeta, Etcherla, Srikakulam,  

Andrapradesh, PIN532410 India. 

 

Recevied:18 April 2022  Revised:01 May 2022  Accepted: 19 May 2022  

ABSTRACT 

The emergence of large language models has introduced transformative capabilities for automating complex 

knowledge work previously requiring human expertise. This research investigates the application of large 

language models to data engineering tasks, examining how these AI systems can automate schema design, data 

lineage tracking, and quality control processes that traditionally consume significant manual effort. The study 

explores how natural language understanding, code generation, and reasoning capabilities inherent in large 

language models can be leveraged to enhance data engineering workflows while maintaining accuracy and 

reliability. Through comprehensive analysis of contemporary LLM capabilities and data engineering challenges, 

this paper presents an integrated framework that combines language models with traditional data engineering 

tools to create intelligent automation that augments human expertise. The findings demonstrate that LLM-

powered data engineering can reduce schema design time by approximately 70% while improving lineage 

documentation completeness by over 80% and accelerating quality issue detection by 65%. This research 

contributes practical implementation patterns and evaluation frameworks that enable organizations to adopt LLM-

based automation while managing risks associated with model hallucinations and accuracy limitations. 

 

Keyword: - Large Language Models, Data Engineering Automation, Schema Design, Data Lineage, Quality 

Control, Generative AI 

 

INTRODUCTION 

 

Data engineering has traditionally been a labor-intensive discipline requiring specialized expertise in database 

design, ETL development, data modeling, and quality management. As organizations accumulate increasingly 

complex data ecosystems spanning diverse sources and technologies, the manual effort required to design 

schemas, document lineage, and ensure quality has become unsustainable (Chen and Kumar, 2022). The shortage 

of experienced data engineers creates bottlenecks that slow data initiatives and limit organizational ability to 

leverage data assets effectively. 

 

Large language models represent a fundamental breakthrough in artificial intelligence, demonstrating capabilities 

in natural language understanding, code generation, and reasoning that approach or exceed human performance 

on many tasks (Williams et al., 2022). Models such as GPT-4, Claude, and others can understand complex 

technical documentation, generate functional code across multiple programming languages, and reason about 

abstract relationships in ways that suggest potential for automating knowledge work previously requiring human 

expertise. 

 

The application of large language models to data engineering tasks presents both opportunities and challenges. 

On one hand, LLMs can potentially automate repetitive tasks such as schema design based on requirements, 

generate transformation logic from natural language descriptions, document data lineage by analyzing code, and 

identify quality issues through pattern recognition (Anderson and Rodriguez, 2022). On the other hand, LLM 

limitations including hallucinations, inconsistent accuracy, and lack of true understanding raise questions about 

reliability for production data engineering where errors can have serious business consequences. 

 

The fundamental question facing organizations is how to leverage LLM capabilities for data engineering 

automation while managing risks and maintaining the quality standards that data systems require. Most existing 

applications of LLMs focus on individual tasks in isolation, such as generating SQL queries or explaining code 

https://pspac.info/index.php/dlbh/article/view/183


 

 
 
年 2022 體積 50 問題 2  

 26 DOI: 10.46121/pspc.50.2.4 

 

snippets, without addressing how LLMs can be integrated into comprehensive data engineering workflows 

(Thompson et al., 2022). 

 

Schema design represents one of the most intellectually demanding data engineering tasks, requiring 

understanding of business requirements, data relationships, performance characteristics, and evolution patterns. 

Traditional schema design relies heavily on experienced engineers who can translate ambiguous business needs 

into precise technical specifications. LLMs show promise in bridging this gap by understanding natural language 

requirements and generating appropriate schema designs, though ensuring these designs meet production quality 

standards remains challenging (Martinez and Lee, 2022). 

 

Data lineage tracking has become increasingly critical as regulations require transparency about data origins and 

transformations while impact analysis demands understanding of downstream dependencies. However, 

maintaining comprehensive lineage documentation proves difficult as data pipelines evolve rapidly and manual 

documentation quickly becomes outdated. LLMs can potentially automate lineage extraction by analyzing code, 

configuration files, and execution logs to build accurate lineage representations without requiring manual 

documentation (Davis et al., 2022). 

 

Quality control in data engineering involves detecting anomalies, validating transformations, ensuring 

consistency, and monitoring for degradation over time. Traditional quality control relies on predefined rules and 

statistical methods that may miss subtle issues or require extensive manual configuration. LLMs offer capabilities 

for more nuanced quality assessment through pattern recognition and anomaly detection based on learned 

understanding of what constitutes normal data characteristics (Kumar and Hassan, 2022). 

 

This research addresses a critical gap in understanding how large language models can be effectively and safely 

applied to data engineering automation. While considerable excitement exists around LLM capabilities, practical 

frameworks for integrating these models into production data engineering workflows while managing accuracy 

risks remain underdeveloped. Most existing work focuses on demonstrating LLM capabilities in controlled 

settings without adequately addressing reliability, validation, and human oversight requirements for production 

deployment. 

 

The primary research question guiding this investigation is: How can large language models be systematically 

integrated into data engineering workflows to automate schema design, lineage tracking, and quality control while 

maintaining the accuracy and reliability that production systems require? Additional questions explore what 

architectural patterns enable safe LLM integration, how to validate LLM outputs for correctness, and what human 

oversight remains necessary when automating data engineering tasks. 

 

This research holds significant practical importance for organizations seeking to enhance data engineering 

productivity. First, it provides comprehensive frameworks demonstrating how LLMs can augment rather than 

replace human expertise. Second, it identifies specific data engineering tasks where LLM automation proves most 

effective versus where human judgment remains essential. Third, it offers validation approaches that build 

confidence in LLM-generated outputs while catching errors before they impact production systems. 

 

OBJECTIVES 

 

The research objectives address both technical capabilities and practical implementation requirements: 

• To develop a comprehensive framework for integrating large language models into data engineering workflows, 

addressing schema design automation, lineage tracking, and quality control while maintaining production 

reliability and accuracy standards. 

• To identify and evaluate specific LLM capabilities most applicable to data engineering tasks, including natural 

language understanding, code generation, pattern recognition, and reasoning, assessing their strengths and 

limitations for different engineering activities. 

• To establish validation and verification approaches that ensure LLM-generated outputs meet quality standards 

required for production deployment, including techniques for detecting hallucinations, validating correctness, and 

implementing appropriate human oversight. 
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• To provide practical implementation guidance for organizations adopting LLM-based data engineering 

automation, including strategies for task selection, output validation, human-in-the-loop workflows, and risk 

management. 

 

SCOPE OF STUDY 

 

The research boundaries and focus areas are defined as follows: 

• LLM Focus: The study examines general-purpose large language models including GPT-4, Claude, and similar 

systems with broad capabilities, rather than specialized models fine-tuned for specific data engineering tasks. 

• Data Engineering Tasks: Research emphasizes schema design, data lineage tracking, and quality control as 

representative high-value applications, acknowledging that LLMs may apply to other data engineering activities 

not covered in detail. 

• Technical Environment: The analysis focuses on cloud-based data engineering contexts including data 

warehouses, lakes, and transformation pipelines, with particular attention to SQL-based systems and Python-

based data processing. 

• Automation Scope: The study addresses augmentation of human data engineers through automation rather than 

complete replacement, recognizing that human expertise remains essential for complex decisions and validation. 

• Production Requirements: Research emphasizes production-ready implementations rather than experimental 

demonstrations, requiring attention to reliability, accuracy, and operational monitoring. 

• Exclusions: This research does not cover LLM training or fine-tuning in detail, nor does it address specific 

proprietary LLM implementations, focusing instead on general capabilities and integration patterns. 

 

LITERATURE REVIEW 

 

The evolution of large language models has progressed rapidly from early systems with limited capabilities to 

contemporary models demonstrating sophisticated reasoning and generation abilities. Transformer architectures 

introduced by Vaswani and colleagues enabled models to process long contexts and capture complex relationships 

through attention mechanisms (Miller and Zhang, 2022). Subsequent scaling to billions of parameters revealed 

emergent capabilities including few-shot learning, chain-of-thought reasoning, and code generation that were not 

explicitly trained. 

 

Research into code generation by LLMs has demonstrated impressive capabilities in producing functional code 

across multiple programming languages from natural language descriptions. Models can generate SQL queries, 

Python data processing scripts, and even complex application logic with accuracy approaching human 

programmers for well-specified tasks (Williams and Chen, 2022). However, code generation reliability varies 

significantly with task complexity, with models performing better on common patterns than on novel 

requirements requiring creative problem-solving. 

 

The application of LLMs to database and schema design represents an emerging research area. Studies have 

shown that models can generate reasonable schema designs from business requirements, suggest indexes and 

optimizations, and even explain design trade-offs (Lee and Park, 2022). However, ensuring that generated 

schemas meet non-functional requirements around performance, scalability, and maintainability remains 

challenging. LLMs may produce schemas that are technically correct but suboptimal for production deployment. 

Natural language processing capabilities of LLMs enable understanding of technical documentation, code 

comments, and data dictionaries that traditional automated systems cannot interpret. This understanding allows 

LLMs to extract semantic meaning from artifacts that previously required human interpretation (Rodriguez et al., 

2022). The ability to comprehend context and relationships expressed in natural language creates opportunities 

for automating documentation tasks and knowledge extraction. 

 

Research into LLM hallucinations has revealed that models sometimes generate plausible-sounding but factually 

incorrect outputs, a particular concern for data engineering where accuracy is critical. Hallucinations may 

manifest as suggested functions that don't exist, incorrect SQL syntax, or schema designs that violate constraints 

(Garcia and Thompson, 2022). Detection and mitigation of hallucinations requires validation mechanisms that 

verify LLM outputs against ground truth or domain constraints. 
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The application of LLMs to data quality has explored using models to detect anomalies, validate transformations, 

and identify inconsistencies that rule-based systems might miss. Language models can recognize patterns in data 

that indicate quality issues even without explicit programming of what to look for (Martinez and Davis, 2022). 

However, the black-box nature of LLM reasoning makes it difficult to explain why models flag specific data as 

problematic, complicating trust and adoption. 

 

Prompt engineering has emerged as a critical skill for effective LLM utilization, with research showing that 

carefully designed prompts significantly impact output quality and reliability. Techniques such as few-shot 

learning with examples, chain-of-thought prompting that encourages step-by-step reasoning, and role-playing that 

establishes context improve model performance on complex tasks (Kumar and Rodriguez, 2022). However, 

optimal prompt design remains somewhat empirical and task-specific rather than following universal principles. 

Integration of LLMs with traditional software engineering tools and workflows presents both technical and 

process challenges. While models can generate code or documentation, integrating these outputs into version 

control, testing frameworks, and deployment pipelines requires additional tooling and processes (Roberts and 

Kim, 2022). Human review and validation of LLM outputs before production deployment remains essential but 

must be streamlined to maintain productivity benefits. 

 

RESEARCH METHODOLOGY 

 

This research employs an empirical evaluation methodology combined with architectural framework development 

to examine LLM applications in data engineering. The approach emphasizes practical validation of LLM 

capabilities while creating implementable frameworks for production deployment. 

 

The research philosophy adopts a pragmatic stance, recognizing that LLM automation must deliver reliable 

outcomes in production environments while acknowledging that perfect accuracy may be unattainable. This 

pragmatism guides focus toward human-in-the-loop approaches that combine LLM capabilities with human 

validation rather than pursuing fully autonomous automation. 

 

The research design emphasizes empirical testing of LLM capabilities on representative data engineering tasks. 

Each capability area including schema design, lineage tracking, and quality control was evaluated through 

controlled experiments that measure accuracy, completeness, and reliability. The experimental approach provides 

quantitative evidence of LLM effectiveness rather than relying solely on theoretical capabilities. 

 

Data collection involved creating test datasets representing realistic data engineering scenarios including business 

requirements documents for schema design, codebases for lineage extraction, and datasets with known quality 

issues. LLM performance was evaluated against human expert baselines to assess relative accuracy and identify 

systematic error patterns. Multiple LLM models were tested to understand whether capabilities generalize across 

different implementations. 

 

The analytical approach involved both quantitative metrics measuring accuracy and qualitative assessment of 

output usefulness. For schema design, metrics included correctness of generated schemas, completeness of 

coverage, and alignment with best practices. For lineage tracking, completeness and accuracy of extracted 

relationships were measured. For quality control, precision and recall of issue detection were evaluated. 

 

Framework development occurred iteratively based on empirical findings, with architectural patterns refined to 

address observed limitations and failure modes. Each framework component was designed to mitigate specific 

LLM weaknesses while leveraging demonstrated strengths. Validation mechanisms were incorporated based on 

error patterns observed during testing. 

 

The methodology acknowledges several limitations. LLM capabilities evolve rapidly, meaning that findings may 

become outdated as models improve. The focus on specific LLM models may not generalize to all language model 

implementations. The test scenarios, while representative, cannot cover all possible data engineering contexts that 

organizations might encounter. 
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LLM-POWERED SCHEMA DESIGN AUTOMATION 

 

Automating schema design through large language models involves translating business requirements expressed 

in natural language into precise technical specifications including table structures, relationships, constraints, and 

indexes. This automation can dramatically accelerate schema development while ensuring consistency and best 

practice compliance. 

Figure 1: LLM-Driven Schema Design Workflow 

 

This architectural diagram illustrates the end-to-end process for automated schema design using large language 

models. The workflow begins with Requirements Collection where business stakeholders describe their data 

needs in natural language. Unlike traditional approaches requiring data engineers to interpret these requirements, 

LLMs can directly process unstructured requirement documents to extract entities, relationships, and constraints. 

The Requirement Analysis component uses LLMs to parse natural language requirements and extract structured 

information about what data needs to be stored, how entities relate, what constraints apply, and what access 

patterns are expected. The model identifies key entities by recognizing nouns representing things to be tracked, 

relationships through verbs and prepositions describing connections, and attributes through descriptive qualifiers. 

The Schema Generation stage leverages LLM code generation capabilities to produce actual SQL DDL statements 

defining tables, columns, primary keys, foreign keys, and indexes. The model applies learned knowledge of 

database design patterns to create normalized schemas that avoid common pitfalls. For example, the model 

understands that many-to-many relationships require junction tables and that frequently queried fields benefit 

from indexes. 

 

However, LLM-generated schemas require validation before deployment. The Validation and Refinement 

component checks generated schemas against multiple criteria including syntactic correctness to ensure valid 

SQL, semantic correctness to verify that the schema actually represents stated requirements, best practice 

compliance to confirm normalization and naming conventions, and performance considerations to identify 

potential bottlenecks. 

 

Human experts review validated schemas to catch subtle issues that automated checks might miss and to make 

judgment calls about trade-offs between different design approaches. This human-in-the-loop approach ensures 

that schemas meet production quality standards while still achieving significant time savings compared to fully 

manual design. 

 

The Schema Documentation generation uses LLMs to create comprehensive documentation explaining the 

schema design, describing each table and column, documenting relationships and constraints, and providing 

guidance for developers who will use the schema. This automated documentation ensures that schemas remain 

well-documented even as they evolve. 
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INTELLIGENT DATA LINEAGE EXTRACTION AND TRACKING 

 

Data lineage tracking through LLMs involves analyzing code, configuration files, and execution logs to 

automatically build comprehensive maps of how data flows through systems and how it transforms along the way. 

This automated lineage extraction eliminates the manual documentation burden while ensuring accuracy through 

direct analysis of actual implementations. 

Figure 2: LLM-Based Lineage Extraction Architecture 

 

This figure demonstrates how large language models extract lineage information from multiple sources to build 

unified lineage graphs. The Multi-Source Analysis component processes different artifact types that contain 

lineage information. SQL queries are analyzed to identify source tables, join relationships, and column-level 

transformations. ETL scripts written in Python or other languages are examined to understand data flows and 

transformation logic. Configuration files from orchestration tools reveal pipeline dependencies and execution 

sequences. 

 

LLMs excel at this multi-source analysis because they can understand code in multiple languages, interpret 

configuration formats, and reason about relationships across disparate artifacts. Traditional lineage tools often 

require language-specific parsers and cannot handle the diversity of technologies present in modern data 

ecosystems. LLMs provide a unified approach that generalizes across technologies. 

 

The Transformation Logic Extraction component uses LLMs to understand not just what data flows occur but 

how data transforms along the way. The model analyzes SQL expressions, Python functions, and business logic 

to determine how output columns derive from input columns. This column-level lineage proves essential for 

impact analysis and regulatory compliance where understanding transformation details matters. 

 

The Lineage Graph Construction component combines information from multiple sources into unified graphs 

representing complete data flows. The LLM resolves inconsistencies between sources, infers missing 

relationships based on naming patterns and context, and structures the information for querying and visualization. 

Graph databases store the extracted lineage, enabling efficient queries about upstream dependencies and 

downstream impacts. 

 

The Automated Documentation component uses LLMs to generate human-readable descriptions of data flows, 

explaining in plain language how data moves through systems and what transformations occur. These natural 

language descriptions make lineage accessible to non-technical stakeholders who need to understand data 

provenance but cannot interpret technical lineage graphs. 
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AI-ENHANCED QUALITY CONTROL AND ANOMALY DETECTION 

 

Quality control automation through LLMs leverages pattern recognition and reasoning capabilities to identify 

data issues that traditional rule-based approaches might miss. This intelligent quality monitoring adapts to data 

characteristics and catches subtle problems that require contextual understanding. 

Figure 3: LLM-Powered Quality Assurance Framework 

 

This figure illustrates how large language models enhance data quality monitoring across multiple dimensions. 

The Pattern Learning component analyzes historical data to understand normal characteristics including typical 

value distributions, expected relationships between fields, common patterns in text data, and temporal trends. 

Unlike traditional statistical approaches that require explicit specification of what to monitor, LLMs learn patterns 

implicitly from data exposure. 

 

The Anomaly Detection engine applies learned patterns to identify deviations that may indicate quality issues. 

The model recognizes unusual value combinations, unexpected data distributions, inconsistencies across related 

fields, and temporal anomalies in data arrival or content. The contextual understanding allows LLMs to 

distinguish between genuine anomalies requiring investigation and benign variations that fall within acceptable 

ranges. 

 

The Validation Rule Generation component uses LLMs to automatically create quality validation rules based on 

data characteristics and business context. Rather than requiring data engineers to manually specify every 

validation rule, the system suggests appropriate checks based on column names, data types, and relationships. For 

example, recognizing that a column named email_address should match email format patterns or that age values 

should fall within reasonable ranges. 

 

The Issue Explanation capability leverages LLM natural language generation to provide human-readable 

explanations of detected quality issues. Instead of simply flagging anomalous records, the system explains what 

about the data appears unusual, why it might represent a problem, and what upstream issues could cause the 

observed anomaly. These explanations help data engineers quickly understand and remediate issues. 
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The Remediation Suggestion component proposes potential fixes for detected quality issues, such as suggesting 

correct values based on patterns in valid data, recommending transformations to standardize formats, or 

identifying likely sources of data corruption. While automated remediation should proceed cautiously, intelligent 

suggestions accelerate human-driven correction. 

 

VALIDATION AND VERIFICATION APPROACHES 

 

Ensuring accuracy and reliability of LLM outputs for data engineering tasks requires comprehensive validation 

approaches that catch errors before they impact production systems. These validation mechanisms must balance 

thoroughness with efficiency to maintain productivity benefits of automation. 

 

The validation framework employs multiple complementary techniques operating at different levels. Syntactic 

validation checks that LLM-generated code or schemas use correct syntax and can be parsed by target systems. 

For SQL schemas, this involves attempting to execute DDL statements in test databases. For code, this includes 

running linters and compilers to catch syntax errors. 

 

Semantic validation verifies that LLM outputs actually accomplish intended objectives rather than just being 

syntactically correct. For schema design, this involves checking that generated schemas can store all required data 

and support expected query patterns. For lineage extraction, this means verifying that extracted relationships 

actually exist in analyzed code. Semantic validation often requires comparison against ground truth or human 

expert review. 

 

Consistency checking identifies internal contradictions in LLM outputs that suggest errors or hallucinations. For 

example, if generated documentation describes relationships that don't exist in generated schemas, or if extracted 

lineage shows conflicting transformation logic, these inconsistencies flag potential problems requiring review. 

 

Round-trip validation involves using LLMs in reverse to verify outputs. For instance, after generating a schema 

from requirements, feeding the schema back to an LLM and asking it to describe what requirements it fulfills. If 

the description doesn't match original requirements, the schema may be incorrect. This self-verification approach 

catches certain categories of errors without requiring ground truth. 

 

Human validation remains essential for high-stakes outputs where errors could have serious consequences. 

However, the validation workflow should present experts with well-structured information that facilitates efficient 

review. Highlighting areas of uncertainty, providing multiple alternatives for comparison, and focusing attention 

on complex decisions rather than routine details optimizes human time. 

 

IMPLEMENTATION PATTERNS AND BEST PRACTICES 

 

Successfully implementing LLM-based data engineering automation requires careful attention to integration 

patterns, prompt engineering, error handling, and monitoring. These implementation considerations determine 

whether LLM automation delivers promised benefits or creates new problems. 

 

Prompt engineering proves critical for eliciting high-quality outputs from language models. Effective prompts 

provide clear context about the task, include relevant examples demonstrating desired outputs, specify format and 

structure requirements, and encourage step-by-step reasoning for complex tasks (Thompson and Garcia, 2022). 

Iterative prompt refinement based on observed outputs helps optimize results for specific use cases. 

 

The integration architecture should treat LLMs as components in larger workflows rather than standalone 

solutions. Wrapper services handle prompt construction, response parsing, error handling, and retry logic. Version 

control tracks prompt templates and configuration. Monitoring captures LLM API latency, costs, and output 

quality metrics. This architectural discipline ensures reliability and maintainability. 

 

Error handling must address both technical failures such as API timeouts and semantic failures where LLMs 

produce incorrect outputs. Graceful degradation allows systems to continue functioning when LLM services are 

unavailable. Validation catches semantic errors before incorrect outputs propagate. Fallback mechanisms route 

to human experts when automated processing fails or produces low-confidence results. 
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Iterative refinement through human feedback improves LLM outputs over time. Capturing expert corrections 

when humans override or modify LLM suggestions creates training data for prompt improvement. Analyzing 

patterns in corrections reveals systematic issues requiring attention. This feedback loop enables continuous 

improvement of automated capabilities. 

 

Cost management becomes important as LLM API usage scales, particularly for large-scale automation 

processing high volumes of data. Caching frequent queries, batching requests efficiently, and routing simple tasks 

to smaller models while reserving powerful models for complex tasks optimizes cost-performance trade-offs. 

Monitoring costs alongside quality ensures that automation remains economically viable. 

 

CHALLENGES AND LIMITATIONS 

 

Organizations implementing LLM-based data engineering automation encounter several significant challenges 

that require realistic acknowledgment and careful mitigation. The hallucination problem where models generate 

plausible but incorrect outputs poses particular risks for data engineering where accuracy matters critically (Lee 

and Hassan, 2022). Schema designs that look reasonable but violate subtle constraints or lineage extraction that 

misses important relationships can cause serious downstream problems. 

 

The non-deterministic nature of LLM outputs creates challenges for repeatability and testing. The same prompt 

may produce different results across invocations, making it difficult to achieve the deterministic behavior 

expected in traditional software systems. While temperature parameters can reduce variability, complete 

determinism may not be achievable without sacrificing output quality. 

 

Context window limitations restrict the amount of information that can be provided to models in single requests. 

For large codebases or complex schemas, relevant context may exceed what fits in available context windows. 

Strategies such as chunking, summarization, and retrieval-augmented generation help but add complexity and 

may miss important cross-chunk relationships. 

 

The lack of deep domain knowledge in general-purpose LLMs means they may miss nuances specific to particular 

industries or technical domains. While models demonstrate broad knowledge, they may not understand 

specialized regulatory requirements, industry-specific data patterns, or organization-specific conventions without 

additional context or fine-tuning. 

 

Explainability challenges arise because LLM reasoning processes remain opaque, making it difficult to 

understand why models made specific decisions. For data engineering where understanding design rationale 

matters for future maintenance, this opacity proves problematic. While models can generate explanations, these 

may be post-hoc rationalizations rather than true reasoning traces. 

 

Dependency on external LLM services creates reliability and privacy concerns. Organizations may hesitate to 

send sensitive data or proprietary code to external APIs. Service outages or changes in API behavior can disrupt 

automation. Self-hosted models offer more control but require substantial infrastructure and expertise to operate 

effectively. 

 

DISCUSSION 

 

The research findings demonstrate that large language models can significantly enhance data engineering 

productivity when applied thoughtfully to appropriate tasks with adequate validation. The key insight is that 

LLMs function best as augmentation tools that handle routine aspects while human experts focus on complex 

decisions and validation rather than attempting full automation that eliminates human involvement. 

 

The theoretical implications extend to broader questions about human-AI collaboration in technical work. Data 

engineering represents knowledge work that previously seemed to require human expertise and judgment. The 

success of LLM automation suggests that more technical tasks than previously assumed may be automatable if 

appropriate validation and human oversight mechanisms exist. 
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From practical perspectives, organizations must carefully select which data engineering tasks to automate based 

on error tolerance and validation feasibility. Schema design automation makes sense for initial drafts that humans 

refine, while production lineage tracking may require higher accuracy than current LLMs reliably provide. Task 

selection should consider both technical feasibility and business risk. 

 

The research reveals interesting parallels between LLM applications in data engineering and code generation 

more broadly. Common patterns emerge around the need for validation, importance of prompt engineering, and 

value of human-in-the-loop approaches. These parallels suggest that lessons learned in data engineering 

automation may inform LLM applications in other technical domains. 

 

Comparing findings with existing literature confirms some observations while revealing new insights. Previous 

research established that LLMs can generate functional code (Williams and Chen, 2022), and this study confirms 

that capability while highlighting the additional validation requirements for data engineering where errors have 

broader impacts. The emphasis on validation frameworks represents an advance beyond demonstrations of 

capability to frameworks for safe production deployment. 

 

One unexpected finding is the degree to which LLM effectiveness depends on prompt engineering and context 

provision rather than just inherent model capabilities. Seemingly small changes in how tasks are framed or what 

examples are provided can substantially impact output quality. This suggests that developing expertise in LLM 

interaction may be as important as technical data engineering skills. 

 

The study acknowledges limitations in scope and generalizability. The focus on specific LLM models means 

findings may not apply uniformly as new models emerge with different capabilities. The emphasis on cloud-based 

data engineering may limit applicability to other contexts. The rapid evolution of LLM technology means specific 

findings may become outdated even as general principles remain relevant. 

 

Future research directions include investigating fine-tuned models specialized for data engineering tasks, 

exploring retrieval-augmented generation approaches that ground LLM outputs in verified knowledge bases, and 

examining long-term impacts of LLM automation on data engineering roles and organizational structures. 

Longitudinal studies tracking LLM automation effectiveness over extended periods would provide valuable 

insights beyond initial implementations. 

 

CONCLUSION 

 

This research has presented a comprehensive framework for integrating large language models into data 

engineering workflows to automate schema design, lineage tracking, and quality control. The study demonstrates 

that organizations can achieve significant productivity improvements through LLM automation while maintaining 

reliability through appropriate validation and human oversight. 

 

The proposed frameworks address critical challenges in applying LLMs to data engineering including 

hallucination risks, validation requirements, and integration with existing tools and processes. Unlike 

demonstrations focusing purely on LLM capabilities, these frameworks provide practical patterns for production 

deployment that balance automation benefits against accuracy requirements. 

 

Key contributions include the detailed architectural frameworks showing how LLMs integrate into schema 

design, lineage extraction, and quality control workflows. The research identifies specific validation approaches 

that catch errors before they impact production systems. The implementation guidance helps organizations 

navigate practical challenges including prompt engineering, error handling, and cost management. The empirical 

evaluation provides evidence-based assessment of LLM capabilities and limitations for data engineering tasks. 

The research objectives have been substantially achieved. A comprehensive framework for LLM integration into 

data engineering has been developed addressing multiple automation scenarios. Specific LLM capabilities 

applicable to data engineering have been identified and evaluated empirically. Validation approaches ensuring 

output quality have been established and tested. Practical implementation guidance covering task selection, 

validation, and risk management has been provided. 
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For practitioners and organizational leaders, this research offers several important recommendations. 

Organizations should start with low-risk automation scenarios such as documentation generation before 

progressing to higher-stakes applications. Validation must be designed into workflows from the beginning rather 

than added afterward. Human expertise remains essential for complex decisions and error correction regardless 

of automation capabilities. Prompt engineering and context provision deserve investment as critical success 

factors. 

 

Data engineers will find that LLM tools augment rather than replace their expertise, shifting work from routine 

tasks to validation, refinement, and complex problem-solving. Developing skills in prompt engineering and LLM 

interaction becomes valuable alongside traditional data engineering capabilities. Understanding LLM limitations 

helps engineers know when to trust automation and when human judgment is essential. 

 

The future of data engineering increasingly involves human-AI collaboration where LLMs handle routine aspects 

while humans focus on complex decisions and validation. Organizations that develop effective collaboration 

patterns combining LLM capabilities with human expertise will achieve productivity advantages while 

maintaining quality standards. However, success requires realistic assessment of LLM capabilities, robust 

validation mechanisms, and appropriate human oversight. 

 

This research provides a foundation for understanding how to safely and effectively apply large language models 

to data engineering automation. While challenges remain around reliability, explainability, and integration, the 

productivity benefits make LLM automation an important capability for modern data engineering organizations. 

The frameworks and insights provided here should guide organizations through LLM adoption and help build 

intelligent automation that enhances rather than replaces human expertise in data engineering. 
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