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Abstract

In today’s data-driven environment, the ability to explore and manipulate datasets is essential, however, many existing
data analysis tools require technical expertise in platforms such as Excel, Python, or Power BI, creating accessibility
barriers for non-technical users. This project presents Quiksight, a web-based conversational data analysis system
powered by Large Language Models (LLMs) that enables users to interact with datasets using natural language. The
objective of this work was to develop an intuitive system that simplifies data analysis by allowing users to upload Excel
or CSV files and perform operations such as filtering, sorting, summarization, column modification, missing-value
handling, and data export without writing code. The system was implemented using Google Gemini as the LLM, FastAPI
for backend processing, and HTML, JavaScript, and Tailwind CSS for the frontend interface.Evaluation showed that
Quiksight successfully interpreted and executed a wide range of natural language data manipulation queries with high
accuracy. Testing recorded an average query response time of approximately 2 seconds, while dataset uploads up to
30MB remained below 20 seconds under suitable network conditions. Compared with existing platforms such as
Julius.ai and PowerDrill.ai, Quiksight demonstrated advantages through its lightweight architecture, simplified
interaction model, and focus on everyday users. The project demonstrates the feasibility of LLM-powered
conversational interfaces for democratizing data analysis. Future improvements include database integration, support
for larger datasets, and advanced analytical capabilities such as statistical modelling.

Keywords: Large Language Models (LLMs); Conversational Al; Data Analysis; Natural Language Processing (NLP); Data
Democratization

1. Introduction

In the contemporary data-driven landscape, structured data formats such as CSV and Excel remain fundamental to
organizational decision-making, scientific research, and operational planning [1]. The ability to efficiently explore and
manipulate such datasets is therefore essential. However, traditional data analysis workflows often require
programming knowledge or advanced spreadsheet skills, which limits accessibility for non-technical users [2] [3].
Recent advancements in Artificial Intelligence (Al), particularly Large Language Models (LLMs), have significantly
transformed human-computer interaction by enabling natural language interfaces. These models allow users to interact
with systems using everyday language rather than formal query languages or programming syntax, thereby reducing
technical barriers to data analysis [4] [5].

LLMs such as GPT-style architectures have demonstrated strong performance in language understanding and code
generation, enabling new paradigms for conversational analytics and automated data processing[6]. More recent
surveys highlight their growing role in data management tasks, including summarization, transformation, and
reasoning over structured datasets [5] [7]. Despite these advances, many existing systems remain oriented toward
technical users, exposing code outputs or requiring an understanding of underlying analytical processes. This creates a
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need for lightweight, conversational systems that allow users to perform common data operations without
programming expertise[8] .

This work introduces Quiksight, a web-based conversational data analysis system that integrates LLMs with traditional
data processing frameworks. The system enables users to upload datasets, interact through natural language, perform
transformations, and export results without writing code. The objectives of this research are: (1) to develop a web-
based platform for dataset upload and automated summarization; (2) to implement a conversational interface for data
manipulation; and (3) to evaluate usability and performance compared to existing conversational analytics tools. This
work contributes to the broader field of conversational Al by demonstrating how natural language interfaces can reduce
barriers to structured data analysis.

The remainder of this paper is structured as follows: Section 2 reviews pertinent literature on conversational Al and
LLM-based analysis; Section 3 details the methodology and system architecture; Section 4 presents the evaluation
results; and Section 5 offers concluding remarks and directions for future research.

2. Literature Review

Data quality is a foundational concern in data-driven systems and is commonly defined across dimensions such as
accuracy, completeness, consistency, timeliness, validity, and uniqueness[9]. Poor data quality directly affects
downstream analytics and machine learning performance [10]. As a result, data quality management is treated as a
continuous process spanning data ingestion, storage, transformation, and analysis [11]. Data cleaning and wrangling
involve detecting and correcting errors such as missing values, duplicates, inconsistencies, and invalid formats.
Traditional approaches model data cleaning as constraint enforcement or rule-based repair over structured
dependencies. Modern techniques incorporate statistical and machine learning methods to detect anomalies and
suggest repairs at scale [12]. A widely recognized foundation for data preprocessing is the “tidy data” framework [13],
which formalizes principles for structuring datasets to facilitate analysis and transformation. Preprocessing steps such
as normalization, encoding, and feature engineering remain critical, often having as much impact on model performance
as the choice of learning algorithm itself [14].

Spreadsheet-based tools such as Microsoft Excel are still widely used for data manipulation, especially in business
environments. However, their limitations in scalability, reproducibility, and complex transformation logic have been
widely documented [15]. To address these limitations, tools like Tableau and Power BI provide low-code interfaces for
data transformation and visualization, though they still require structured user interaction rather than natural language
control [16]. Large language models (LLMs) such as GPT-3 and GPT-4 have demonstrated strong capabilities in
reasoning, code generation, and instruction following. These models are increasingly applied to data management tasks,
including SQL generation, data transformation, and explanation of data anomalies[17] . However, challenges such as
hallucination, schema misinterpretation, and lack of grounding remain significant concerns.

To mitigate these issues, retrieval-augmented generation (RAG) approaches have been proposed, allowing models to
access external knowledge sources during reasoning [18]. This improves factual consistency and enables better
handling of domain-specific datasets. Conversational interfaces for databases and analytics allow users to express
queries in natural language instead of SQL or programming languages. Early systems relied on rule-based semantic
parsers, while modern systems use deep learning models trained on large datasets such as Spider for text-to-SQL tasks
[19]. Recent surveys show that LLM-based approaches now dominate this field, though robustness and ambiguity
resolution remain active research challenges [20]. Classic data cleaning research has also highlighted the importance of
scalable detection and repair of inconsistencies, often using rule-based systems or statistical inference methods [21].
Despite progress, many of these systems still require expert intervention. Entity resolution and multi-table data
integration remain challenging problems in data management, typically addressed using probabilistic matching and
machine learning techniques [21]. These tasks are especially relevant in real-world datasets where inconsistencies span
multiple tables and sources.

Across this body of work, a clear gap remains: most systems focus either on querying (text-to-SQL) or visualization,
while relatively few support end-to-end conversational data manipulation, including cleaning, transformation, and
restructuring of datasets in an intuitive manner. This gap motivates the development of systems like Quiksight, which
aim to unify natural language interaction with practical data engineering operations.
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3. Materials and Methods

3.1. Research Design

This work employs an applied research and system development design to create a practical solution for data
accessibility. The research follows a development-oriented approach where the system is iteratively designed, tested,
and evaluated based on functional performance. An Agile Incremental methodology was selected to facilitate continuous
improvement. Development proceeded through distinct cycles, beginning with core file upload functionality and
expanding to include conversational querying, automated manipulation, and data export capabilities

3.2. .System Development Methodology

The development process utilized an Agile Incremental model, ensuring modular testing and refinement. The initial
increment established the Minimum Viable Product (MVP), enabling basic dataset interaction. Subsequent iterations
integrated advanced features such as dataset profiling, natural language processing (NLP) for data cleaning, and
transformation commands. This approach ensured that individual components were validated before final system
integration.

3.3. System Design and Architecture

The architecture of Quiksight was designed using a modular approach to separate user interaction, data processing, and
artificial intelligence components. The system follows a three-layer architecture consisting of the presentation layer,
application layer, and LLM processing layer. The overall architecture of the proposed system is presented in Figure 1.
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Figure 1 Conceptual Architecture of the Quiksight System

The presentation layer represents the user interface where users interact with the system. It provides functionalities
for uploading datasets, submitting natural language queries, viewing processed results, and downloading generated
outputs. This layer was implemented using HTML, JavaScript, and Tailwind CSS to provide a responsive and lightweight
interface. The application layer serves as the central processing component of the system. It is responsible for receiving
user requests, validating uploaded files, processing datasets, executing data manipulation operations, and managing
communication between the user interface and the Al model. The backend was implemented using FastAPI, while
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Pandas and NumPy were used for data processing tasks. The LLM layer provides the intelligence required for
conversational interaction. Google Gemini was integrated through the OpenRouter API to interpret user instructions
and convert natural language requests into executable data operations. The generated operations are processed by the
backend and applied to the uploaded dataset before results are returned to the user.

3.4. System Workflow Design

The interaction process between the user and the system is illustrated using the sequence diagram shown in Figure 2.
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Figure 2 Sequence Diagram of the Quiksight System Workflow

The workflow begins when the user uploads a dataset through the web interface. The backend receives the file, validates
the format, and converts the dataset into a structured DataFrame. The system then performs initial data profiling by
identifying column names, data types, missing values, and basic statistical information. When a user submits a natural
language query, the request is forwarded from the frontend to the backend. The backend combines the user query with
dataset context and sends it to the LLM. The LLM interprets the request and generates an appropriate response or data
manipulation instruction. The backend executes the required operation and returns the processed result to the user
interface. The final stage involves exporting the processed dataset. Users can request the modified dataset in CSV or
Excel format, which is generated by the backend and made available for download.

3.5. Functional Modelling

The functional behaviour of the system is represented using a use case diagram shown in Figure 3.
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Figure 3 Use Case Diagram of Quiksight
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The primary actor in the system is the user. The user interacts with the system through four major functions:

e Dataset Upload: Users upload CSV or Excel files which are validated and processed by the system.

e Dataset Preview: The system displays dataset information including column names, sample records, data types,
and detected data quality issues.

e (Conversational Data Manipulation: Users submit natural language instructions to perform operations such as
filtering records, sorting values, renaming columns, summarizing information, and handling missing values.

e Dataset Export: Users can download the processed dataset for further use in external applications.

3.6. Implementation Tools and Technologies

The system was implemented using a combination of programming languages, frameworks, libraries, and artificial
intelligence services. Python was selected as the primary backend programming language due to its strong ecosystem
for data analysis and machine learning applications. Pandas was used for dataset manipulation, while NumPy supported
numerical operations. FastAPI was used as the backend framework because of its high performance, lightweight
structure, and support for building REST APIs. The frontend interface was developed using HTML, JavaScript, and
Tailwind CSS. Google Gemini API was integrated as the Large Language Model responsible for natural language
understanding and query interpretation. It was selected due to its ability to reason over structured data and generate
relevant responses for conversational analysis. Additional development tools included Git and GitHub for version
control, Visual Studio Code as the development environment, and Postman for API testing.

3.7. System Implementation Process

The implementation process consists of four main stages:

e Users upload datasets through the frontend interface. The backend validates the file extension and ensures that
only supported CSV and Excel formats are accepted. Valid datasets are converted into Pandas DataFrames for
processing.

e  After successful upload, the system analyses the dataset to identify important characteristics such as column
names, data types, missing values, and duplicate records. This information is used as contextual information
for the LLM during subsequent interactions.

e The conversational analysis component allows users to interact with datasets using normal language. The user
query and dataset information are provided to the LLM, which determines the required operation. The backend
executes the generated instruction and returns the result. After processing, users can export the updated
dataset. The system converts the DataFrame into CSV or Excel format and provides the file for download.

3.8. System Evaluation

The developed system was evaluated based on functionality, performance, and usability. Functional testing was
conducted to verify that all major components operated correctly, including dataset upload, data manipulation, query
processing, and file export. Performance evaluation focused on measuring query response time, dataset upload time,
and processing speed across different dataset sizes. The accuracy of natural language interpretation was tested using
multiple user queries involving different data manipulation tasks. Usability evaluation assessed the ease of interaction,
interface simplicity, and effectiveness of the conversational approach for users with limited programming experience.

4., Results and Discussion

This section presents the implementation and evaluation of Quiksight, a conversational data analysis system designed
to simplify dataset exploration and manipulation for non-technical users. The system integrates Large Language Model
(LLM) capabilities with traditional data processing techniques to provide a natural language interface for structured
data analysis.

The system follows a three-tier architecture consisting of a frontend layer, application layer, and data processing layer.
The frontend was implemented using HTML, Tailwind CSS, and JavaScript to provide an interactive interface for dataset
upload and conversational interaction. The backend was developed using FastAPI and Python, with Pandas used for
data processing and Google Gemini integrated through OpenRouter for natural language understanding. Redis was used
for maintaining session state and conversation context.

Users can upload CSV and Excel files through the interface, after which the system automatically processes the dataset
and generates an initial summary. The uploaded file is converted into an in-memory DataFrame, allowing the system to
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extract information such as dataset size, column names, data types, and missing value statistics. The upload workflow
and generated dataset preview are shown in Figure 4, while the column-level statistical summary is presented in Figure

5

Quiksight

Upload Your Data

Upload your file and start asking questions.

Click to upload or drag & drop

Figure 4 File Upload and Data Preview Interface
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Figure 5 Column Statistics Preview
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The conversational interface enables users to interact with datasets using natural language instructions. User queries
are interpreted by the LLM and converted into executable Pandas operations that modify the active dataset. The
processed results are returned as updated previews or analytical summaries without exposing implementation details
or requiring programming knowledge. Figure 4 demonstrates the interaction between the user and the system through
a natural language query, while Figure 5 illustrates the generation of data analysis outputs through the conversational

interface.
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This is an e-commerce customer dataset with 5,630 customers and their behavioral and demographic
information.

The data appears designed to analyze customer churn — whether customers stay or leave. The key
outcome variable is Churn, where about 16.8% of customers have churned.

The dataset captures several dimensions of each customer:

Engagement: Tenure, hours spent on app, order count, days since last order, coupon usage

Preferences: Login device, payment mode, preferred order category
Demographics: Gender, marital status, city tier, number of addresses
Satisfaction: Satisfaction score, complaints filed
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Figure 6 Chat Interface
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Figure 7 Chat Interface Showing Data Visualization Result

The system was evaluated using datasets ranging from small files to medium-sized datasets up to 30MB. Testing covered
common data manipulation operations, including filtering, sorting, column modification, missing value handling,
grouping, and data export. The evaluation showed that Quiksight successfully executed the tested operations with
reliable results and acceptable response times for the intended use case.

A comparative evaluation with existing conversational analytics platforms, including Julius.ai and PowerDrill.ai, showed
that Quiksight emphasizes simplicity and accessibility. Unlike systems that expose programming workflows or focus on
advanced analytics, Quiksight abstracts code execution and provides direct interaction with processed datasets. This
design choice improves usability for users without programming backgrounds.

Although the system performs effectively on small and medium datasets, limitations were observed when processing
larger files due to in-memory computation and external LLM API constraints. Additionally, the current version supports
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only single-sheet Excel files. Future improvements will focus on enhanced dataset scalability, broader file format
support, improved visualization capabilities, and optional local LLM deployment.

5. Conclusion

This study addressed the limited accessibility of data analysis tools for non-technical users by developing Quiksight, a
web-based conversational data analysis system powered by a Large Language Model. The system allows users to upload
CSV and Excel files and perform data manipulation tasks such as filtering, sorting, cleaning, and summarization through
natural language commands. It was implemented using an Agile-Incremental approach with a three-tier architecture
consisting of a frontend built with HTML, Tailwind CSS, and JavaScript, a FastAPI backend with Pandas for data
processing, and Google Gemini for language understanding, with Redis used for session management.

The results show that all objectives were achieved, including dataset upload and preview, natural language-driven data
manipulation, and system evaluation against existing tools such as Julius.ai and PowerDrill.ai. Experimental testing
demonstrated that the system accurately interprets user commands and performs reliably on small to medium-sized
datasets with acceptable response times.

Overall, the work demonstrates that Large Language Models can effectively enable intuitive, code-free data
manipulation within lightweight web applications. Quiksight highlights the potential of conversational interfaces to
bridge the gap between complex data processing systems and non-technical users by translating natural language
directly into executable data transformations. The work contributes to the growing field of conversational Al for data
management and provides a foundation for further research into scalable, user-friendly data analytics systems.
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