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Abstract 

Artificial Intelligence (AI) is revolutionizing data interaction by making it more 

efficient, accessible, and user-friendly. Traditionally, extracting insights from structured data 

stored in CSV files, Excel spreadsheets, and databases required manual processing through 

SQL queries and mathematical formulas. These conventional methods were not only time-

consuming and prone to human error but also demanded significant technical expertise and 

also limiting accessibility for the non-technical users. To overcome these challenges, an AI-

powered Data Agent has been developed to automate data interaction through natural language 

queries. By utilizing advanced Large Language Models (LLMs) such as Google Gemini 1.5 

Pro, in combination with frameworks like Streamlit, LangChain, and Pandas, the system 

processes the structured data and retrieves relevant insights. Unlike traditional methods that 

return raw database records, this system generates responses in a conversational Q&A format, 

making complex data more comprehensible and actionable. This approach significantly 

reduces the manual effort involved in data extraction, minimizes the risk of errors, and 

enhances decision-making efficiency. Business analysts, researchers, students, and 

organizations can benefit from this solution. Moreover, the integration of Google Gemini 

provides a cost-effective alternative to expensive data analysis tools, enabling seamless 

automation and democratizing access to data-driven insights. By bridging the gap between raw 
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data and meaningful conclusions, this AI-based solution enhances productivity and enables 

informed decision-making across various domains. 

Keywords: Artificial Intelligence, Data Interaction, Natural Language Queries, Large 

Language Models, Google Gemini, Streamlit, LangChain, Automation, Conversational AI. 

 Introduction 

Data retrieval is the process of accessing, extracting, and presenting information from 

stored sources like CSV files, Excel spreadsheets, and SQL databases. Traditionally, retrieving 

data from these structured formats required technical expertise and manual effort [2]. In CSV 

files, data is stored in the form of plain text with values separated by commas, and retrieval 

methods range from basic manual searches in spreadsheet software to advanced filtering using 

programming languages like Python with Pandas [8]. Excel spreadsheets offer built-in 

functions like VLOOKUP, PivotTables, and VBA macros for data extraction, while SQL 

databases use structured queries (SELECT, JOIN, GROUP BY) to retrieve and manipulate data 

efficiently. However, these conventional approaches require knowledge of query syntax, 

formulas, or scripting, making data access difficult for non-technical users. Artificial 

Intelligence (AI), particularly the Large Language Models (LLMs) like Google Gemini, GPT-

4, Claude, and Llama, is revolutionizing data retrieval by enabling users to interact with 

structured data using natural language queries[9-12]. These models eliminate the need for 

complex queries, making data access more intuitive and efficient. This research presents an AI-

powered data retrieval system that automates the process by integrating Google Gemini 1.5 Pro 

with tools like Streamlit, LangChain. The system allows users to query structured files, such 

as CSV, Excel, and SQL databases, through conversational input and provides responses in a 

structured Q&A format rather than raw database records. This solution minimizes the manual 

effort, reduces errors, and accelerates the decision-making by making data retrieval more 

accessible to business analysts, students, and organizations. While designed for static datasets 

rather than real-time streaming data, this cost-effective AI-driven approach bridges the gap 

between raw data and meaningful insights, transforming the way structured data is accessed 

and analyzed[13-16]. 
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  Related Work 

Several studies have referred to the use of Natural Language Processing (NLP) for data 

querying, particularly in enabling users to retrieve information from structured data formats 

such as SQL databases, CSV files, and Excel (XLSX) files. While much of the existing work 

focuses primarily on SQL-based systems, these studies served as inspiration to extend AI-

driven data querying beyond SQL to support other structured file formats like CSV and Excel, 

thereby broadening the scope of data accessibility .Baig et al.[1] provides a comprehensive 

review of Natural Language to SQL (NL2SQL) systems, discussing various techniques for 

converting human language into structured queries and highlighting key challenges in handling 

complex queries. This work laid the foundation for further exploration of how natural language 

can interface with structured query languages. Katsogiannis-Meimarakis and Koutrika et al [3] 

examines deep learning approaches for text-to-SQL tasks, emphasizing the role of Large 

Language Models (LLMs) in improving query generation accuracy. Shaikh et al. [4] proposed 

an NLP-based system that utilizes machine learning techniques to optimize query structure, 

making data retrieval more accessible for non-technical users. Although these studies primarily 

focus on SQL databases, the present work extends the principles of NLP-driven querying to 

support not only SQL but also CSV and Excel files. This advancement bridges the gap between 

NLP-based database querying and broader data accessibility, enabling the systems to process 

and retrieve information from various file formats effectively. The idea for this approach 

emerged from recognizing the limitations of existing SQL-centric solutions and the need to 

make structured data more accessible across various formats [5-7]. 

 Methodology 

The methodology section outlines the approach and techniques used to develop the AI-

driven data retrieval system that processes natural language queries and generates 

conversational responses based on structured data from CSV, Excel, and SQL database files. 

Mainly, it highlights the integration of large language models (LLMs) for query interpretation, 

ensuring an interactive and user-friendly way to extract insights from tabular data. 

3.1 Data Collection and Processing 

The sample dataset used in this research was manually created for demonstration 

purposes, although the developed system is designed to support large datasets as well. This 
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dataset consists of 10 student records containing details such as Name, Tamil, English, Maths, 

Science, Social Science, Total, and Rank. It was saved in multiple formats, including CSV, 

Excel (XLSX), and SQL database (.db), to showcase the system's ability to process different 

structured data sources. The dataset is well-organized with no missing values. This structured 

format allows the AI model to understand and respond to user queries in a natural, 

conversational manner, demonstrating how the system simplifies data interaction using NLP-

based querying. The dataset used in this study is shown in Table 1. 

Table 1. Student Data 

Name Tamil English Maths Science Social 

Science 

Total Rank 

Arun 37 55 81 99 96 368 2 

Bala 87 65 78 49 61 340 7 

Charan 42 92 93 92 100 419 1 

Deepak 92 44 38 71 87 332 8 

Elan 84 67 95 64 43 353 5 

Fathima 54 81 87 44 84 350 6 

Gokul 72 74 95 63 57 361 3 

Harini 92 95 42 80 52 361 3 

Irfan 74 92 91 36 63 356 4 

Jaya 38 48 43 81 82 292 9 

 

3.2 AI Model Selection 

For this research, a Large Language Model (LLM) was required to process the user 

queries and provide meaningful responses. While OpenAI’s GPT models, such as GPT-4, are 

widely used for natural language processing, they come with usage costs that limit accessibility 

for free applications. Similarly, other models like Anthropic’s Claude and Meta’s LLaMA offer 

advanced text generation and understanding but may have restrictions in terms of integration 

and dataset handling. In contrast, Google Gemini 1.5 Pro provides a more cost-effective and 

efficient solution, making it an ideal choice for this research. Gemini is used in natural language 

understanding, and it analyzes the structured data from CSV, Excel, and SQL files, enabling 

the data retrieval through conversational interactions. Its integration into applications offers 

several advantages, including real-time querying, ease of deployment with frameworks like 

Streamlit and LangChain, and support for multimodal data processing. Moreover, Gemini’s 

cloud-based architecture ensures accessibility without requiring extensive computational 

resources, making it suitable for both small-scale and large-scale data processing tasks. By 
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using Gemini, this research demonstrates a practical and easy approach to AI-driven data 

interaction, enabling users to extract insights from structured datasets efficiently without the 

need for complex query writing. 

3.3 System Architecture 

The system is designed to help users ask questions about their data and get AI-generated 

answers. It starts with the user uploading a file through the Streamlit UI. The system supports 

CSV, Excel, and SQLite files. Once uploaded, the file is processed, the CSV and Excel files 

are turned into tables using Pandas, while SQLite files are connected to a database. After the 

data is processed, the user can type a question in natural language. This question is processed 

by LangChain, which helps the AI understand it properly. Then, the Google Gemini API 

analyzes the data and generates a meaningful response. The answer is displayed back in the 

Streamlit UI in a simple and clear format. This system allows users to easily explore their data 

using AI, with the help of Python, Pandas, Streamlit, LangChain, and Google Gemini API for 

smooth processing and accurate responses. Figure 1 shows the system architecture. 

 

Figure 1. System Architecture 
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3.4 Natural Language Query Processing 

Natural Language Query Processing refers to the process of interpreting and 

transforming user input in natural language into meaningful queries that can interact with 

structured data, such as CSV, Excel, or SQL database files. In the system, this begins when the 

user submits a question or request about the uploaded data, such as "What is the total score of 

the highest-ranked student?" or "Show me students with grades above 80 in Maths." The system 

first processes the natural language query using Google Gemini AI, which understands the 

context, intent, and relevant dataset details. It breaks down the query, recognizes keywords, 

and maps them to the structured data. Figure 2 shows the Prompt Used for Gemini AI. 

Figure 2. Prompt used for Gemini AI 

To ensure accuracy, Gemini also addresses the ambiguities by asking clarifying 

questions or making logical assumptions. For instance, if a user asks, "Show me top students," 

the AI might infer that they are referring to students with the highest total score and return the 

relevant data. Once the query is processed, it is converted into a structured SQL query (for 

databases) or a Pandas command (for CSV/Excel) for data retrieval. 

For example: If a user asks, "What is the total score of the highest-ranked student?" 

SQL Query: "SELECT Total FROM students ORDER BY Rank ASC LIMIT 1; 

Pandas Command: "df.loc[df['Rank'].idxmin(), 'Total'] 

If a user asks, "Show me students with grades above 80 in Maths,  

"You are an AI assistant that helps users interact with structured data, such as CSV, 

Excel, and SQL databases, using natural language. When a user asks a question about their 

dataset, analyze the query, understand its intent, and generate an appropriate structured query 

in SQL (for databases) or Pandas (for CSV/Excel). Ensure accuracy by considering column 

names, values, and possible ambiguities. If necessary, make logical assumptions or ask for 

clarification. Return the results in a human-readable format, making the response easy to 

interpret." 
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SQL Query: "SELECT * FROM students WHERE Maths > 80; 

Pandas Command: "df[df['Maths'] > 80]" 

The final output is displayed in the Streamlit UI, formatted in a human-readable 

manner, ensuring that users can access insights without needing to understand SQL or Python. 

 Result and Discussion 

This section deals with the results and discussion of the AI Data Chatbot, which 

supports CSV, Excel, and SQLite files. 

 

Figure 3. Streamlit Interface 

As shown in Figure 3, The interface, built using Streamlit in Python, offers an easy platform 

for uploading files through a drag-and-drop feature or the "Browse Files" button. After a file, such 

as stu_marks.csv, is uploaded, the system displays a preview of the dataset in a table, as shown in 

Figure 4. Below the table, an input field labelled "Ask a question about your file" allows for natural 

language queries. The AI model processes these questions, interprets the data, and generates 

appropriate responses. 
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Figure 4. User Uploads a CSV File 

A notable strength of the system is its ability to handle ambiguous or incomplete 

queries. For instance, when the query "Show me top students" was asked, the system 

understands that "top students" referred to those with the highest total scores and provided the 

expected results. Figure 5 demonstrates how the chatbot handles queries related to CSV files. 

 

Figure 5. AI Response 

In cases where queries were missing details, the system either made reasonable guesses 

based on the dataset structure or prompted for clarification, improving accuracy. Table 2 

compares user queries with the system’s responses, showcasing the system’s ability to adapt to 

various data-related questions. 

Table 2. Tested Queries and their AI responses 

User Queries AI Response 

1. Who got First Rank? Charan got the first rank 
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2. Who got Top 3 marks? Charan (419), Arun (368), Harini 

(361) 

3. What is the Rank of Jaya? Jaya got the 9th Rank 

4. What is Harini’s Tamil 

Mark? 

Harini got 92 in Tamil 

 

This AI-powered approach enhances data accessibility, allowing non-technical users to 

extract meaningful insights without needing SQL knowledge. The conversational interface 

simplifies data retrieval, reducing the time and effort required for analysis. While the system 

performed well in most cases, some limitations were observed. The chatbot occasionally 

struggled with complex, multi-part queries that required advanced reasoning beyond basic data 

retrieval. Additionally, response times varied depending on the dataset size and query 

complexity, suggesting areas for optimization. Overall, the results demonstrate that the AI-

powered chatbot processes natural language queries, retrieves accurate information, and 

improves user interaction with structured data. Future enhancements could focus on refining 

the query interpretation mechanism, handling multi-step queries more effectively, and 

optimizing performance for larger datasets. 

 Conclusion  

In conclusion, the AI Data Chatbot makes it easy for users to ask questions and get 

answers from CSV, Excel, and SQLite files without needing to know SQL or programming. It 

uses Streamlit, LangChain, and Google Gemini API to process queries and clearly show results. 

This chatbot works well for medium-sized datasets, but it is not designed for live or streaming 

data. In the future, it can be improved to handle larger datasets and real-time data updates. 
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