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I. INTRODUCTION
Database interaction is one of the key operations performed by almost any application nowadays, however, writing correct queries is quite complicated. Users need to know syntax and structure of the queries as well as their logical sense. In addition, even minor error might lead to inaccurate result or system malfunctioning, which may affect productivity negatively..In order to make queries more accessible to developers and regular users alike, several tools were created that allow users to enter a command in plain English that would automatically be converted into a database query. While these approaches seem promising at first sight, there's one main problem related to such platforms – inability to properly capture user's intentions, which means that resulting queries could still be wrong from logical point of view.
In order to fix aforementioned issue and make databases more accessible and easier to work with, the proposed system introduces an AI-powered multi-database chat application developed within MERN stack architecture. As opposed to other similar services, it implements intelligent pipeline of query processing, which means that a query will be entered via a chat window and processed by an AI to produce a correct database operation.
II. LITERATURE SURVEY
The issue of comprehending, constructing, and correcting SQL queries has been extensively researched in database systems, machine learning, and natural language processing. A number of solutions have been suggested over time, starting with rules-based methods all the way through to sophisticated AI-powered models.
1. Traditional SQL Error Detection Techniques
Initial studies concentrated on techniques such as rule-based systems and signature-based systems for identifying SQL errors and vulnerabilities. AMNESIA and SQLCheck, for instance, utilized pre-defined rules and pattern matching to determine any syntax problems or possible injection attacks within queries. These techniques proved useful for detecting known patterns, they

struggled with dynamic queries and failed to adapt to new or unseen error types. These systems also produced a high number of false positives and lacked flexibility in modern web applications.

2. Machine Learning-Based Approaches
Due to the development of machine learning algorithms, scientists have developed supervised and unsupervised machine learning algorithms for improving the performance of SQL error detection. In the former approach, supervised machine learning algorithms like SVM, Random Forest, and Naïve Bayes classification algorithms are applied to the data sets that are labeled into two classes: queries that do not contain any errors and those that include errors. The latter approach includes clustering and anomaly detection algorithms like Isolation Forest.
Despite their superior results compared to the traditional algorithm- based approaches, these algorithms depend heavily on huge and accurate data sets..
3. Deep Learning and NLP-Based Systems
In recent times, deep learning approaches have been examined to treat SQL queries as structured natural language. For example, LSTM, BiLSTM, CNN and Transformer-based models like BERT have been utilized in order to analyze the syntax and semantics of SQL statements. This analysis of SQL statements involves embeddings along with sequence modeling to learn the relationships between elements of the SQL statement. Deep learning-based models have demonstrated substantial improvements in terms of robustness and precision. They are efficient in recognizing semantic errors as well as handling text-to-SQL mappings.
4. AI-Based Text-to-SQL and Multi-Agent Systems
Today, there has been a move towards intelligent systems that can take natural language inputs and turn them into SQL queries. Some models used include Seq2SQL and RAT-SQL which utilize deep learning and reinforcement learning techniques to translate queries into SQL code. Nonetheless, such models tend to struggle with accuracy and ambiguity of queries.
Multi-agent AI models have thus been developed where various agents will play distinct roles in generating queries, validating, and refining queries, among other roles.
5. Hybrid and AI-Enhanced Frameworks
Hybrid methods that integrate static and dynamic analysis along with AI- driven reasoning have been highlighted by recent literature. Such approaches analyze not only the structure but also the run-time performance of queries to identify any anomalies. In addition, techniques such as anomaly detection, adversarial learning, and explainable artificial intelligence (XAI) are being employed to increase system robustness and transparency.
These approaches are more flexible and able to address changing query patterns.

1. Improvement with Machine Learning TechniquesSr No
Reference (Year)
Core Functionality
Key Contributio n
Limitation




1
Cen et al 2025
Multi-agent Text-to-SQL system for query parsing and correction
Introduced SQLFixAgen t with multi- agent system for SQL error detection and correction
Highly System
complexi ty




2
Sergeyu k et al,2024
Study of AI-based coding assistants in real-world developmen
t
Identified common use cases like testing and bug fixing; highlighted developer adoption
trends
Context loss; low trust in outputs



3
Christop her Troy et al,2023
Framewor k for automatic SQL
generation using grammar- based approach
Used ANTLR4
and EBNF
grammars for structured SQL
generation with strong syntax
control
Limited semantic understan ding; struggles with complex natural language queries




4
Zhou et al,2022
Analysis of AI tools like Copilot in coding environmen ts
Highlighte d usability, integration challenges
, and need for better explanatio n features
Trust issues and lack of transparen cy in generated outputs;


Machine learning models significantly improved the detection of SQL anomalies by learning patterns from data. Supervised models provided good accuracy for known query types, while unsupervised models enabled detection of unknown or zero-day anomalies. However, their performance depended heavily on dataset quality and size
2. Deep Learning Enhanced Semantic Understanding
Deep learning and NLP-based approaches demonstrated better capability in understanding both syntax and semantics of SQL queries. Models such as LSTM, BiLSTM, and Transformers improved performance in handling complex queries and natural language inputs.
3. Rise of Text-to-SQL Systems
Text-to-SQL systems made database interaction easier by allowing users to write queries in natural language. While these systems improved accessibility, they often failed to capture exact user intent, leading to logically incorrect queries despite correct syntax
.
B. Research Gaps Identified
(1) Though there have been many breakthroughs in the domain of processing SQL queries using artificial intelligence techniques, a number of problems remain unsolved till date. The common problem among all text-to-SQL systems and even machine learning techniques is their inability to interpret the intention behind user-generated queries, resulting in logically wrong outputs despite syntactically correct results. Apart from that, though some systems excel in error detection, they are unable to detect semantic errors in queries. Another critical limitation associated with many text-to-SQL systems is their heavy dependence on large-scale, high-quality training data that are not available in case of rare query patterns. Another problem faced by various systems is their inability to learn in order to generalize unseen queries or dynamically changing databases as well as nesting in queries. Existing solutions also lack user- friendly real-time user interfaces that make them impractical to use. On top of that, the majority of text-to-SQL systems are single database-oriented systems and cannot handle multi- database environments. There is clearly a need for designing a multi-platform, real-time text-to-SQL system that uses artificial intelligence to perform its functions
III. PROBLEM DEFINITION



TABLE I. LITERATURE SURVEY OF SQL AGENT
SYSTEMS
A. Key Findings from Literature
The review of existing research on SQL query processing, error detection, and AI-based systems highlights several important observations:error detection, and AI-based systems highlights several important observations:

Interacting with modern databases is still challenging for non-tech users owing to syntax and semantic issues. Conventional approaches and general-purpose LLMs do not have the capability to perform schema grounding in real-time, leading to hallucinations and user inconvenience while debugging. The present work aims to address the need for a system that can unify the process and heal itself from dialect mismatches in relational and warehousing contexts.

IV. SYSTEM ARCHITECTURE
A. Frontend-Layer
This represents the initial point of interaction within the system and allows users to engage via a chat-based application. Queries can be entered using normal language (such as “Display top customers”) or file/image uploads if the application supports them. The front-end is developed using React.js technology, which offers functionalities such as chat history and instant responses.
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Fig 1. Proposed System Architecture

B. Backend Layer

The backend, built using Node.js and Express.js, acts as a mediator between the frontend and the AI engine. It is responsible for routing API calls and handling incoming requests efficiently, while also managing authentication and authorization to ensure secure access. Additionally, it validates input data to prevent errors or misuse and formats responses in a structured manner before sending them back to the frontend for proper display.

C. AI Processing Engine

This module forms the intelligent core of the system, handling user queries through a structured, multi-step process. It begins with intent determination, using NLP or LLM techniques to understand the user’s request. Next, it performs query formulation by translating natural language into SQL or database queries. The generated queries are then validated for both syntax and semantic correctness, followed by query optimization to enhance performance and efficiency. This comprehensive approach ensures that the final queries produced are both accurate and efficient.

D. Query Execution Layer

After query generation, this layer takes care of executing the query:
1. Query Executor directs the query to the right database
2. Connection Manager takes care of the database connection
3. Error Handler & Logger deals with errors system logging


E. Multiple Database Layer

This system supports multiple databases, providing flexibility for real-world applications. It includes MongoDB for non-SQL data handling, MySQL and SQLite for SQL-based operations, and BigQuery for scalable, cloud-based SQL querying.

F. Memory & Context Store
This module stores conversation history, user preferences, and frequently used queries, enabling personalized interactions, improving response relevance, and ensuring continuity across sessions for a more efficient and user-friendly experience

V. TECHNOLOGY STACK


The system is developed using a robust, full-stack architecture designed to bridge the gap between natural language processing and heterogeneous database management. The frontend layer focuses on real-time interaction and visual data handling, built using React.js for a component-based, high-performance user interface. Styling is handled with Tailwind CSS to ensure a modern and professional look, while React Flow enables users to create UML or class diagrams through a drag-and-drop canvas. Communication between the frontend and backend is managed using Axios for seamless data exchange.

The backend and orchestration layer ensures secure, scalable, and efficient system operations. It uses JWT for secure user authentication and session management. The system supports multiple databases, including MySQL and PostgreSQL for structured data storage, along with Google BigQuery for large- scale data analytics. Additionally, MongoDB is used to store unstructured data and maintain a failure memory repository for tracking query errors and fixes, while SQLite supports lightweight, file-based operations and rapid prototyping.

VI. RESULTS AND EVALUATION
A. Successful Execution of Queries
The system executes SQL queries that are provided by the user via the chat interface. As evidenced from the output below, the system was able to execute the query select * from student, returning 2 results from the MySQL database.
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Fig 1. Example Proper UI visible



B. Detection of Errors and Auto-Fixing Facility

This system has the capability to detect any errors in the query. As in the case of the query insert into student values(101,'omkar'); an error was encountered, and the same was detected by the system. AutoFix provides suggestions for correction and helps users run the query again without much effort.

The system enables users to communicate with it through basic text commands rather than having to formulate intricate SQL commands. The system then interprets the intentions of the users and executes the queries accordingly.
The application has an option to link with various databases like MySQL, PostgreSQL, Oracle, MongoDB, SQLite, and BigQuery.
The chat interface allows users to interact with the system using functions like: Chat history, Query summary, Upload files (supports CSV format), Immediate response visualization
The system processes queries in real-time with minimal delay. The integration of AI reduces the time required for writing and debugging queries, thereby increasing overall efficiency
The system ensures high accuracy by validating queries before execution and refining them using AI. It reduces syntax and logical errors, providing reliable outputs.


C. Outputs of the System






Fig 2. Autofix-Assistant Application UI
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VII. DISCUSSION

Fig 4. Data Visualization

guarantees proper interactions among various system components, and the AI processor optimizes the query results. On the other hand, the use

In summary, the suggested approach of implementing the AI- enabled multi-database chatbot represents a considerable enhancement compared to conventional methods of working with databases. The use of natural language processing in combination with the possibility of executing database queries creates an environment that makes it much easier for users to manage their data without having to be familiar with SQL commands. Query validation and auto-fixing are some additional improvements that help to ensure the accuracy of the executed operations.

The test results reveal that the software is efficient for use in live environments due to its ability to give precise output queries.
Furthermore, the software supports several databases including MySQL, MongoDB, and BigQuery. The multi-layered system

of a chat interface makes the interaction more interesting for the users. However, the difficulties with handling complicated queries and dependence on the precision of AI models are still there.

In conclusion, the proposed system has emphasized the significance of AI in database management and highlighted the capability of AI to link up with both tech-savvy and non-tech-savvy users. The combination of AI technology with MERN stack is an example of what makes the system applicable to the real world. In future, areas that could be improved include semantic knowledge, voice commands, and scalability.



VIII. CONCLUSION

The suggested chat system based on artificial intelligence that utilizes multiple databases has been able to overcome the drawbacks of conventional database querying systems by allowing queries to be made through natural language. With the use of AI and MERN stack, the process of creating queries has become much simpler, there is reduced reliance on experts, and there are no mistakes when executing SQL commands.

The capability of the system to facilitate the creation of different databases, like MySQL, MongoDB, SQLite, and BigQuery, makes the system versatile and flexible, making it applicable in practical applications. The chat interface is another feature that ensures a user-friendly system, as it provides an interactive interface for data retrieval. Based on the evaluations, the system operates efficiently, producing accurate outputs while minimizing the complexity and processing time of queries.

IX. FUTURE WORK
However, the above-discussed system represents a good basis for AI- powered database interfacing operations. Nonetheless, a number of improvements may be done in order to increase the efficiency of such a solution even more. Thus, in the future, one can implement voice-based query input in the system, which will allow a user to use a spoken language for querying. Improving the understanding of more complicated and nested queries can also help boost the accuracy of the process.
Furthermore, introducing more sophisticated AI models and fine- tuning existing datasets is also a potential step for enhancing the performance of the system. It may be helpful to develop certain visualization features for displaying results. Finally, introducing role-based access control mechanisms will help provide safe interaction with the database.
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