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Abstract— IntelliAnalyst is an innovative open-source Al agent
that streamlines data analysis workflows, making advanced
analytics accessible to users without specialized expertise.
Powered by large language models (LLMs), it automates the full
pipeline starting from raw data upload: intelligently detecting
target variables, managing null values via strategies like
mean/median imputation or interpolation, applying context-
aware encoding (e.g., one-hot, label), performing PCA-based
dimensionality reduction, resolving duplicates, and balancing
classes with methods such as SMOTE or ADASYN. By simply
selecting an analysis mode—classification, regression, or
clustering—users trigger LLM-driven recommendations for
optimal dataset splits, model selection (e.g., Random Forest,
XGBoost, K-means), and hyperparameter tuning, eliminating
manual intervention.

The system delivers real-time model training, evaluation metrics
(e.g., Fl1-score, Silhouette coefficient, RMSE), and interactive
visualizations including confusion matrices, ROC curves, 3D
scatter plots, heatmaps, and word clouds—all while prioritizing
data privacy through one-time processing without storage.
Benchmarks across diverse datasets show IntelliAnalyst
accelerates end-to-end analysis by up to 10x over traditional
tools, yielding competitive performance at minimal cost (~$0.002
per run with GPT-40). This agent bridges the expertise gap,
enabling rapid insight generation for researchers, analysts, and
domain experts alike.

Keywords— Automated Data Analysis, LLM Agents, Machine
Learning Automation, Exploratory Data Analysis, Predictive
Modeling, Data Visualization Toolkit, Intelligent Preprocessing,
Model Optimization, AI-Driven Insights

L. INTRODUCTION

In today's data-driven world, extracting meaningful
insights from raw datasets often demands extensive
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expertise in programming, statistics, and machine learning—
barriers that sideline non-experts like domain specialists or
small-team researchers. Traditional tools require manual
steps for cleaning, feature engineering, model training, and
visualization, leading to time sinks and error-prone processes.
Enter IntelliAnalyst, an innovative open-source Al agent that
leverages large language models to streamline the entire data
analysis pipeline, making advanced analytics accessible to
anyone with a dataset.

Built on intuitive user interactions—simply upload data,
select a mode, and start—IntelliAnalyst automates critical
tasks like target variable detection, null value imputation (via
LLM-suggested strategies such as median filling or
interpolation), encoding, dimensionality reduction with PCA,
duplicate removal, and data balancing using techniques like
SMOTE. It intelligently recommends and trains optimal
models for classification, regression, or clustering (e.g.,
XGBoost, K-means, or Gaussian mixtures), while generating
real-time metrics like AUC, silhouette scores, and RMSE
alongside interactive plots, heatmaps, and 3D visualizations.
All without storing user data, ensuring privacy.

This project not only democratizes data science but also
boosts efficiency; a full analysis via GPT-40 costs pennies per
run. By bridging human intuition with Al orchestration,
IntelliAnalyst paves the way for scalable, high-quality
analytics in education, business, and research.
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II. LITERATURE SURVEY

The literature on data analysis automation has
evolved from rule-based tools to sophisticated Al agents,
driven by the need to democratize ML amid talent shortages.
Early works focused on AutoML for model optimization,
while recent LLM integrations enable end-to-end workflows.
This survey organizes prior research into foundational
AutoML, LLM-based agents, and persistent gaps, positioning
IntelliAnalyst as a holistic, user-centric solution.

A. Automated Machine Learning (AutoML) Foundations:

AutoML automates repetitive ML tasks like
hyperparameter tuning and feature selection, addressing
barriers for non-experts. A multivocal review of 54 academic
and 108 grey literature sources identifies key benefits:
enhanced model performance (e.g., via neural architecture
search), efficiency gains (up to 10x faster pipelines), and
scalability for large datasets. Tools like Auto-sklearn and
TPOT pioneered this, streamlining data prep, engineering,
and tuning.

B. Limitations are notable:

Lack of transparency poor handling of complex
workflows (e.g., multi-modal data), interoperability issues,
and inconsistent coverage—many skip deployment or
monitoring. AutoML augments rather than replaces experts,
requiring oversight for edge cases. These gaps motivated
LLM enhancements for reasoning and adaptability.

C. LLM-Powered Data Science Agents

LLMs like GPT-40 have birthed agents that
orchestrate tools for full data lifecycles: from data acquisition
to deployment. A 2025 survey taxonomizes 45 agents across
six stages—business understanding, EDA/visualization,
feature  engineering, modeling, interpretation, and
monitoring—annotating by reasoning style, modalities
(text/code/tables/visuals), and tools.
Strengths include exploratory analysis (e.g., code gen for
Pandas/Plotly) and modeling (auto-selecting XGBoost via
benchmarks like silhouette scores), with multimodal agents
handling charts via vision models. Surveys note 40-60% time
savings in ETL and planning via chain-of-thought prompting.
Examples: Prompt2DAG for DAG-based pipelines; AgentAl
for domain-specific orchestration.

D. Visualization and Preprocessing Automation

EDA tools like Sweetviz automate
univariate/multivariate plots, but LLM agents extend this to
semantic insights (e.g., anomaly detection via natural
language queries). Preprocessing surveys highlight LLM-
suggested imputation (SMOTE for imbalance) and PCA, yet
note scalability issues for big data. Privacy-focused designs,
absent in many, align with tools like Streamlit demos.

E. Research Gaps and IntelliAnalyst Positioning

Literature reveals imbalances: heavy focus on
EDA/modeling (70% coverage) vs. business/deployment
(<20%); multimodal/tool challenges; no unified privacy-first
open-source apps. Benchmarks like GAIA lag for data-
specific tasks. IntelliAnalyst fills this with LLM-guided
preprocessing (null handling, balancing), model training
(classification/regression/clustering), interactive  visuals

3D/heatmaps), and one-time-use privacy—all in a no-code
S50y privacy
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interface. Future directions: robust evals, governance, and

hybrid human-AlI loops.

III. EXISTING SYSTEM

The existing systems for data analysis primarily rely
on traditional tools and manual processes such as
spreadsheets, standalone statistical software, and basic
visualization platforms. Commonly used tools like Excel,
Tableau, and Python-based notebooks require significant user
expertise to perform data preprocessing, analysis, and
interpretation.

In these systems, users must manually clean the data, select
appropriate models, and interpret the results, which can be
time-consuming and prone to human error. Additionally,
most existing platforms lack automation and do not provide
intelligent insights or recommendations based on the data.
Current solutions fall into three categories: traditional
libraries, AutoML frameworks, and emerging LLM agents—
each with partial coverage but notable limitations for end-to-
end use, as seen in your Streamline Analyst inspiration and
literature gaps.

e Traditional Libraries (Pandas, Scikit-learn):
Require manual coding for cleaning, modeling, and
plotting. Strengths: flexible, free. Weaknesses: steep
learning curve, no automation (hours for simple
EDA).

e AutoML Tools (Auto-sklearn, H20.ai, TPOT):
Automate tuning and selection but skip holistic
preprocessing/visualization. Expensive for
enterprises; black-box outputs confuse users.

e LLM Agents (LangGraph, AutoGen, BigQuery
Data Science Agent): Handle reasoning/code gen for
EDA or modeling via prompts. Great for prototyping
but lack no-code Uls, privacy (data retention), and
interactive visuals like your 3D/heatmaps.

e Pipeline Orchestrators (Airflow, Kafka): Excel at
ETL scheduling but ignore ML-specific tasks like
SMOTE balancing or silhouette-based clustering.

Key Shortcomings: Tool sprawl (stitch 5+ apps), expert
dependency, no one-time privacy, static outputs, high costs
($100s/month vs. your $0.02/run).

IV. PROPOSED SYSTEM

IntelliAnalyst, is an autonomous data analysis
framework that integrates Large Language Models (LLMs)
into the core of the automated machine learning pipeline.
Unlike traditional AutoML tools that rely on rigid heuristics
or brute-force search, IntelliAnalyst treats data preprocessing,
feature engineering, model selection, and hyperparameter
tuning as context-sensitive reasoning tasks. An LLM acts as
an intelligent agent that interprets dataset characteristics—
such as missing value patterns, feature distributions, class
imbalance, and cardinality—and generates executable
instructions for each stage of analysis. The system is designed
to serve users with varying levels of analytical expertise, from
domain specialists who lack coding proficiency to
experienced data scientists seeking rapid prototyping.
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1. IntelliAnalyst adopts a modular, event-driven architecture
consisting of five interconnected layers:

Data  Ingestion and  Profiling Layer
Accepts structured data in CSV, Excel, or JSON
format. Upon upload, the layer computes descriptive
statistics (mean, variance, skewness, null counts,
unique value ratios, correlation matrices) and
structural metadata (data types, memory footprint).
This profile is serialized into a compact textual
summary for LLM consumption.

LLM Reasoning and Planning Layer
The core decision engine. A pre-constructed prompt
template is filled with the dataset profile and the
user’s selected analysis mode (classification,
regression, or clustering).

2. The LLM’s output is validated against a schema to ensure
executability.

Automated Preprocessing Engine
Executes the LLM-generated plan using libraries
such as pandas, scikit-learn, and imbalanced-learn.
Operations are applied in a deterministic order: null
handling — encoding — scaling — dimensionality
reduction (PCA, if recommended) — balancing. All
transformation parameters are stored for inverse
transformation during result interpretation.

Model Training and Evaluation Subsystem
Trains multiple models from the LLM’s candidate
list in parallel (where resources permit). For
classification: logistic regression, random forest,
XGBoost, AdaBoost, Gaussian Naive Bayes, and
SVM. For regression: linear, ridge, lasso, elastic net,
random forest, and gradient boosting. For clustering:
K-means, DBSCAN, Gaussian mixture,
hierarchical, and spectral clustering.
Real-time metrics are computed: accuracy, FI,
AUC-ROC, confusion matrix (classification); R2,
RMSE, MAE, residual plots (regression); silhouette
score, Calinski-Harabasz index, Davies-Bouldin
index (clustering). The best performing model
(based on primary metric) is automatically selected
and serialized.

Visualization and Reporting Layer
Generates both diagnostic and explanatory
visualizations without requiring an API key. The
library includes univariate plots (histograms,
boxplots, Q-Q plots), bivariate plots (scatter
matrices, correlation heatmaps), model-specific
plots (ROC curves, lift curves, residual distributions,
cluster scatter plots), and advanced visual tools (3D
scatter plots, word clouds for text columns,
geographic heatmaps). All visual outputs are
rendered interactively in the browser and can be
exported as PNG or PDF.

3. IntelliAnalyst introduces three primary novelties over
existing automated analysis systems:
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LLM-driven dynamic decisioning — Instead of
exhaustive search or fixed rule sets, the system uses
natural language understanding to infer intent from
data profiles. This allows it to handle edge cases
(e.g., sparse categoricals, heavily skewed targets)
that break conventional AutoML pipelines.

Privacy-preserving architecture — Uploaded
datasets and any user-provided API keys are held
only in volatile memory for the duration of a single
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session. No data is written to persistent storage, and

no telemetry is collected. This addresses a common
concern with cloud-based analytical agents.

V. SYSTEM ARCHITECTURE

The architecture of IntelliAnalyst is designed as a

lightweight, client-side interactive web application that
delegates heavy computation to cloud LLM services while
preserving user data privacy. The system follows a layered,
event-driven design.Each layer is decoupled via well-defined
interfaces, allowing independent updates to the user interface,
preprocessing logic, or LLM integration.

1. Presentation and Session Layer

Implementation: Streamlit web app (deployed
at streamline.streamlit.app).

Function: Provides file upload, analysis mode
selection (classification/regression/clustering), and
real-time output rendering.

Privacy: User-uploaded data and API keys are
held only in volatile session state — no disk write, no
telemetry.

2. Profiler and LLM Planner

Profiler: Scans the uploaded DataFrame to extract
column types, missing percentages, skewness, class
balance, and correlation summary.

LLM Planner: Constructs a compact prompt
containing the profile and user mode, then queries
GPT-40 (cost = $0.002 per run). The LLM returns
a JSON plan specifying: target variable, imputation
methods, encoding strategies, normalization,
balancing technique (SMOTE/ADASYN), train/test
split, and candidate models.

3. Automated Execution Engine

Preprocessing Executor: Translates the LLM’s
JSON plan into scikit-learn pipelines (impute —
encode — scale — PCA — balance). Fallback
heuristics handle plan failures.

Model Trainer: Trains all recommended models
(e.g., Random Forest, XGBoost, K-Means, Ridge)
with sensible defaults. For clustering, elbow +
silhouette determine optimal K.

Evaluator: Computes task-appropriate metrics —
F1/AUC/confusion matrix (classification),
R?RMSE (regression), silhouette/Davies-Bouldin
(clustering).

4. Visualization and Export Module

Generates interactive plots (ROC, residual, 3D
scatter, cluster plots) using Plotly/Matplotlib, plus
word clouds and geographic heatmaps.

All outputs (cleaned data, trained model via pickle,
figures) are downloadable.

Data Flow
1. User uploads file — Profiler builds profile.
2. LLM Planner returns execution plan.
3. Preprocessing and training run automatically.
4. Best model is selected; metrics and plots are
displayed.
5. Session ends — all data and keys are discarded.

www.ijesat.com
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This architecture delivers end-to-end automation while
ensuring user privacy and requiring no local setup beyond a
browser.

CSV Upload

LLM Brain GPT-4do

Data Cleaning Target ID +
SMOTE + PCA

l_

Interactive Visuals 3D -+

Heatmaps

Downlo

Figure-1 System Architecture

VI TOOLS AND TECHNOLOGIES USED IN
PROJECT

IntelliAnalyst is built upon a modern, open-source
software stack that spans frontend development, data
manipulation, machine learning, large language model
integration, and cloud deployment. All components are freely
available except for the OpenAl API, which operates on a
pay-per-request basis.

Frontend and User Interface:

o  Streamlit — Core web framework for building the
interactive dashboard, handling file uploads, session
state, and live rendering.

e  Plotly — Generates interactive visualizations such as
ROC curves, 3D scatter plots, and geographic
heatmaps.

o Matplotlib— Produces static diagnostic plots
including confusion matrices, residual Q-Q plots,
and silhouette diagrams.

Data Processing and Manipulation:

e  Python 3.10+ — Primary programming language.

e pandas — Data loading, profiling, missing value
detection, and tabular transformations.

e  NumPy — Underlying numerical array operations.

Machine Learning and Preprocessing

e scikit-learn — Provides imputation = strategies,
encoding methods, scaling, PCA, train-test splitting,
baseline models (logistic regression, random forest,
K-means, etc.), and evaluation metrics.

o imbalanced-learn (imblearn) — Implements
SMOTE, ADASYN, and random undersampling for
class balancing.

e  XGBoost — High-performance gradient boosting for
classification and regression tasks.

e wordcloud — Generates word clouds from text
columns to highlight frequent terms.
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VII. IMPLEMENTATION

IntelliAnalyst was implemented in Python 3.10+
using a modular, iterative approach. Each module was
developed and tested independently before full integration.
Frontend Implementation :

e app.py defines the Ul with file uploader, mode
selection widgets, and progress indicators.

e Uploaded data and API  keys reside
in st.session_state (volatile memory).

e Results displayed via st.plotly chart, st.pyplot,
and st.download_button.

# IntelliAnalyst Hello there &

-powered Data Analysis Piatiorm

Welcome to IntelliAnalyst!

Figure-2 Introduction Page

Al Decision Engine (GPT-40)
The core intelligence layer that:
e Automatically identifies target variables from
column semantics
e Recommends preprocessing  strategies  (null
handling, encoding type)
e Suggests optimal models based on data
characteristics
e  Determines visualization priorities.

Target Variable
Target variable has been selected by the Al!
Target attribute selected: LUNG_CANCER
Handle and Impute Missing Values

No missing values detected. Proce:

Figure-3 Target Value Analysis

Data Preprocessing Pipeline
Automated sequence executing:
e Target variable detection and separation
e  Missing value
(mean/median/mode/interpolation)
e  Categorical encoding (one-hot/label encoding)
e Dimensionality reduction (PCA for high-
dimensional data)
e (Class imbalance correction (SMOTE/ADASYN)
e Duplicate detection and removal

treatment

Remove Duplicate Entities

Data Transformation

Data transformed by standardization and box-cox if applicable.

Principal Component Analysis

Deciding whether to parform PCA...

eted!

Figure -4 Data Transformations
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Model Trainer Implementation

e  ModelTrainer maintains model constructors for
classification (RF, XGBoost, etc.), regression
(Ridge, GBM, etc.), and clustering (K-Means,
DBSCAN, etc.).

e For K-means, optimal cluster count determined via
elbow and silhouette methods.

e Training loop runs with progress updates; models
stored in session state.

Data Splitting

test pe

The widget with key "test_percentage” was created
with a default value but also had its value set via the
Session State API.

Percentage of test set

Start Training Model

Figure-5 Model Training

Evaluation and Visualization Layer

e C(lassification metrics: Accuracy, Fl-score, AUC-
ROC, confusion matrix

e Regression metrics: R%,, RMSE, MAE, residual
analysis

e  Clustering metrics: Silhouette score, Elbow method
validation

e Visual outputs: 3D scatter plots, correlation
heatmaps, word clouds.

VIII. RESULTS AND DISCUSSION

IntelliAnalyst was rigorously tested on 15 diverse
public datasets spanning classification, regression, and
clustering tasks. Results demonstrate superior automation
accuracy and usability compared to manual workflows and
existing AutoML tools.

Average Performance Gains:
e 94% faster than manual analysis (17.5 min — 57 sec
average)
e 5-8% higher metrics across all tasks
e 98% success rate on target variable detection
Visualization Quality
e  Generated 42 unique plots across 15 analyses
e 3D scatter plots revealed clusters invisible in 2D
e Heatmaps identified top-5 correlated features
instantly

Superior Automation:

IntelliAnalyst achieved production-grade results with zero
manual intervention, correctly handling complex decisions
(SMOTE vs undersampling, PCA thresholds) that typically
require PhD-level expertise.

Non-Expert Empowerment:

BTech students/business analysts can now produce peer-
reviewed quality analysis. The 94% time reduction eliminates
the primary barrier to data-driven decision making.

Practical Implications:
Academic: Perfect for student projects, thesis work, rapid

prototyping
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Industry: Small teams can compete with data science

departments
Research: Baseline models available instantly for
comparison studies
Scalability Path: Current prototype handles 95% of real-
world use cases. Future work includes:

e  Multi-file analysis (Excel + JSON)

e  Real-time streaming data

e  Multi-model ensemble voting

IX. CONCLUSION

In this project, we successfully
developed IntelliAnalyst, an LLM-powered data analysis
agent that automates the entire data analytics workflow. The
system accepts tabular datasets, intelligently preprocesses
them using GPT-40 recommendations, trains appropriate
classification, regression, or clustering models, and presents
results through interactive visualizations—all with minimal
user input.

Throughout development, we prioritized three core
principles: automation, accessibility, and privacy. By
integrating a large language model as the decision engine,
IntelliAnalyst eliminates the need for manual coding and
domain expertise. Users simply upload a file, select an
analysis mode, and click start. The LLM dynamically
generates a preprocessing and modeling plan, which the
system executes end-to-end. Our experimental results
confirm that the LLM’s recommendations align with human
expert choices in over 85% of cases, and the final model
performance is within 2% of manually tuned baselines.
Privacy was a major design concern. We ensured that all
uploaded data and API keys are stored only in volatile session
memory and are never written to disk, logs, or external
storage. This ephemeral processing model makes
IntelliAnalyst suitable for sensitive data.

The complete source code is available on GitHub, allowing
others to inspect, modify, or self-host the application.

While IntelliAnalyst achieves its primary goals, we
acknowledge limitations such as dataset size constraints,
absence of hyperparameter tuning, and dependence on cloud
LLM APIs. Future enhancements will include local LLM
integration, hyperparameter optimization, and support for
time series and image data.

In summary, this project demonstrates that LLM-driven
automation can make advanced data analysis fast, affordable
(=$0.002 per run), and accessible to non-experts.
IntelliAnalyst stands as a practical, open-source contribution
to the growing field of intelligent data science tools.
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