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Abstract  Review Article 

 

Large Language Models (LLMs) are transforming data engineering by automating complex tasks, enhancing 

accessibility, and improving efficiency. This paper explores the integration of LLMs into data engineering workflows, 

highlighting specific use cases such as ETL automation, query optimization, compliance reporting, and conversational 

interfaces. Through real world examples and scholarly insights, we demonstrate how LLMs are reshaping the role of 

data engineers and enabling more intelligent, scalable systems.  
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1. INTRODUCTION 
Data engineering is the foundation of modern 

analytics and machine learning systems. It involves 

designing, building, and maintaining robust data 

pipelines that ensure the availability, reliability, and 

usability of data across organizations. As data volumes 

grow exponentially and business demands become more 

dynamic, traditional data engineering approaches face 

challenges in scalability, agility, and accessibility. 

 

Large Language Models (LLMs), such as GPT 

4, Claude, and Gemini, offer a transformative solution. 

These models are trained on massive corpora of text and 

code, enabling them to understand and generate human 

like language, including structured queries, 

documentation, and executable scripts. Their integration 

into data engineering workflows introduces a paradigm 

shift from manual, code intensive development to 

intelligent, conversational automation. 

 

LLMs can interpret natural language prompts, 

generate SQL queries, document data pipelines, and even 

detect anomalies in datasets. This capability helps data 

engineers to accelerate development, reduce errors, and 

improve collaboration with non-technical stakeholders. 

Moreover, LLMs democratize access to data by enabling 

natural language interfaces, allowing business users to 

query data systems without writing code. 

This paper investigates the strategic integration 

of LLMs into data engineering workflows. We explore 

practical use cases, assess the benefits and limitations, 

and provide a roadmap for organizations seeking to 

leverage LLMs in their data infrastructure. 

 

2. BACKGROUND 
LLMs are deep learning models that use 

transformer architectures to process and generate text. 

They are trained on diverse datasets, including books, 

websites, and code repositories, allowing them to 

perform tasks such as translation, summarization, and 

code generation. In data engineering, these capabilities 

translate into powerful tools for automating repetitive 

tasks, enhancing documentation, and enabling intelligent 

data access. 

 

Data engineering traditionally relies on manual 

scripting, complex orchestration tools, and domain 

specific languages. While effective, these methods can 

be time-consuming and error prone. LLMs offer a 

complementary approach by interpreting intent, 

generating code, and providing contextual 

recommendations. This synergy between human 

expertise and machine intelligence opens new 

possibilities for scalable, adaptive data systems. 
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3. USE CASES 

3.1 Automated ETL Pipeline Generation 

LLMs can generate Python, SQL, or Spark 

scripts for ETL tasks based on natural language prompts. 

For example, a data engineer might input: “Extract 

customer data from PostgreSQL, clean null values, and 

load into BigQuery.” The LLM can produce a working 

script, reducing development time and errors. This 

automation is particularly valuable in agile environments 

where rapid prototyping and iteration are essential. 

 

3.2 SQL Query Generation and Optimization 

LLMs democratize data access by allowing 

users to ask questions in plain English. They translate 

these into optimized SQL queries, reducing the need for 

deep database expertise. Additionally, they can analyze 

query performance and suggest improvements, such as 

indexing strategies or query restructuring. This 

capability enhances both accessibility and efficiency. 

3.3 Data Quality and Anomaly Detection 

LLMs can analyze historical data and logs to 

identify patterns that deviate from expected norms. They 

can flag missing values, outliers, or inconsistent formats 

and even recommend validation rules. This proactive 

approach enhances data reliability and reduces 

downstream errors, supporting better decision-making 

and analytics. 

 

3.4 Metadata and Documentation Automation 

LLMs can auto-generate documentation for 

data pipelines, schemas, and transformations. They 

convert technical metadata into readable summaries, 

making it easier for new engineers to understand system 

architecture and for stakeholders to audit data flows. This 

improves transparency, compliance, and onboarding 

efficiency. 
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3.5 Natural Language Interfaces 

LLMs enable conversational interfaces for data 

platforms. Users can ask questions like “What was our 

revenue in Q2?” and receive accurate, SQL backed 

responses. This empowers business users and reduces the 

bottleneck of technical mediation, fostering a data-driven 

culture across the organization. 

 

3.6 Compliance and Audit Reporting 

LLMs assist in interpreting regulatory 

requirements and mapping them to data policies. They 

can generate audit trails, summarize compliance status, 

and flag potential violations, streamlining governance 

and reducing legal risk. This is especially relevant in 

industries with strict data regulations, such as finance 

and healthcare. 

 

3.7 Model-Driven Engineering Support 

In early-stage design, LLMs help generate use 

case models and classify repository content. They 

support system architects by translating requirements 

into technical models, accelerating development and 

ensuring alignment between technical and business 

teams. This integration enhances collaboration and 

reduces ambiguity in system design. 

 

4. BENEFITS AND CHALLENGES 

The integration of Large Language Models 

(LLMs) into data engineering workflows offers 

transformative benefits, but it also introduces new 

challenges that must be carefully managed. This section 

provides a comprehensive analysis of both dimensions. 

 

4.1 Benefits 

4.1.1 Productivity Gains 

LLMs significantly reduce the time required to 

perform routine tasks such as writing ETL scripts, 

generating SQL queries, and documenting data pipelines. 

For example, instead of manually coding a data 

transformation, an engineer can prompt an LLM with 

“Convert this JSON to a normalized PostgreSQL 

schema,” and receive a working solution. This 

accelerates development cycles and frees engineers to 

focus on higher level architecture and optimization. 

 

4.1.2 Accessibility and Democratization of Data 

One of the most profound impacts of LLMs is 

their ability to bridge the gap between technical and non-

technical users. Business analysts, product managers, 

and executives can interact with data systems using 

natural language, without needing SQL expertise. This 

democratizes data access and fosters a more data driven 

culture across organizations. 

 

4.1.3 Scalability of Documentation and Reporting 

LLMs can generate consistent, readable 

documentation for data pipelines, schemas, and 

transformations. This is especially valuable in large 

organizations where maintaining up-to-date 

documentation is a persistent challenge. Similarly, LLMs 

can automate the generation of compliance reports and 

audit summaries, ensuring that regulatory requirements 

are met without manual intervention. 

 

4.1.4 Enhanced Data Quality and Intelligence 

By analyzing historical data and system logs, 

LLMs can detect anomalies, suggest validation rules, and 

flag inconsistencies. This proactive approach to data 

quality improves reliability and reduces the risk of 

downstream errors in analytics and machine learning 

models. 

 

4.1.5 Improved Collaboration 

LLMs facilitate better communication between 

data engineers and stakeholders by translating technical 

jargon into business-friendly language. They can 
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summarize pipeline logic, explain schema changes, and 

generate executive summaries, enhancing cross-

functional collaboration and reducing 

misunderstandings. 

 

 

4.1.6 Rapid Prototyping and Experimentation 

In agile environments, LLMs enable rapid 

prototyping of data workflows. Engineers can iterate 

quickly by generating and testing multiple pipeline 

configurations or query variants, accelerating innovation 

and responsiveness to business needs. 

 

 
 

4.2 Challenges 

4.2.1 Interpretability and Transparency 

LLMs often produce outputs that are 

syntactically correct but lack transparency in logic or 

intent. For example, a generated SQL query may work 

but include unnecessary joins or ambiguous filters. This 

makes debugging and validation difficult, especially in 

production environments where accuracy is critical. 

 

4.2.2 Accuracy and Hallucination Risks 

LLMs can generate plausible but incorrect 

outputs a phenomenon known as “hallucination.” In data 

engineering, this could mean generating a query that 

references nonexistent tables or misinterprets schema 

relationships. Without rigorous validation, these errors 

can propagate through systems and lead to flawed 

insights. 

 

4.2.3 Cost and Latency 

Running large models like GPT-4 can be 

computationally expensive and introduce latency, 

especially in real-time applications. Organizations must 

balance the benefits of LLM integration with 

infrastructure costs and performance constraints, 

particularly when scaling across teams or departments. 

 

4.2.4 Security and Governance 

Integrating LLMs into data systems raises 

concerns about data privacy, security, and compliance. 

Prompts may inadvertently expose sensitive information, 

and model outputs may not align with regulatory 

standards. Organizations must implement safeguards 

such as prompt filtering, access controls, and audit 

logging to mitigate these risks. 

 

4.2.5 Dependence and Skill Degradation 

Over-reliance on LLMs can lead to skill 

degradation among engineers, who may become 

accustomed to automated solutions and lose proficiency 

in core technical skills. It is essential to maintain a 

balance between automation and manual expertise, 

ensuring that teams retain the ability to audit, optimize, 

and troubleshoot systems independently. 

 

4.2.6 Integration Complexity 

Seamlessly integrating LLMs into existing data 

platforms, orchestration tools, and CI/CD pipelines 

requires careful planning. Compatibility issues, API 

limitations, and versioning conflicts can hinder adoption. 

Organizations must invest in robust integration 

frameworks and training to ensure smooth deployment. 

 

5. Future Outlook 

As LLMs evolve, their integration into data 

engineering will deepen. We anticipate more robust 

conversational agents, multilingual support, and tighter 

coupling with orchestration tools. Emerging trends such 

as Retrieval-Augmented Generation (RAG), fine-tuning 

on enterprise data, and hybrid human-AI workflows will 

further enhance capabilities. Ethical considerations and 

governance frameworks will be essential to ensure 

responsible use and mitigate risks. 

 

6. CONCLUSION 
LLMs offer transformative potential for data 

engineering, automating routine tasks and enabling 

intelligent interfaces. By understanding their capabilities 

and limitations, organizations can harness LLMs to build 

more efficient, accessible, and compliant data systems. 

The integration of LLMs into data engineering is not 
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merely a technological upgrade it is a strategic shift 

toward more adaptive, collaborative, and intelligent data 

ecosystems. 
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