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Abstract—Extracting insights from complex datasets and
training machine learning models can be challenging due to
data preprocessing complexities, lack of automation, and
limited interpretability. To address these issues, we propose
an automated data analysis and model training system that
streamlines data ingestion, preprocessing, statistical
analysis, visualization, and model evaluation. The platform
leverages Streamlit for an interactive interface, CrewAl for
intelligent query handling, and Scikitlearn for model
selection and evaluation. Our results demonstrate that
automating the entire workflow significantly reduces
effort, enhances interpretability through
visualization, and improves model performance with
optimized hyperparameter tuning. The proposed system
makes data-driven decision-making more efficient and
accessible, providing a robust framework for both
exploratory data analysis and machine learning model
deployment.
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Index Terms—Data analysis, automation, machine learning,
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1. INTRODUCTION

With the exponential growth of data across industries,
there is an increasing need for efficient and user-friendly
data analysis and machine learning solutions. Existing
tools such as Pandas, Scikit-learn, and Pandas Profiling
provide robust functionalities but often require extensive
programming knowledge, making them less accessible to
non-technical users [2]. Additionally, data preprocessing,
feature engineering, and model selection remain complex
and time-consuming tasks, even for experienced
practitioners.

To overcome these challenges, we propose a unified
platform that streamlines the entire data analysis and
machine learning workflow. Our system automates
exploratory data analysis (EDA), provides interactive
visualizations, and enables seamless model training with
minimal coding. It consists of four key modules:
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. Data Visualization Module: This module simplifies
data exploration by offering an intuitive graphical
interface for generating visualizations. Inspired by
PyGWalker, it allows users to drag and drop attributes
to create dynamic charts, automatically suggesting
appropriate visual representations [1]. Users can
perform univariate and bivariate analysis using
histograms, scatter plots, and heatmaps, helping them
identify trends and patterns in the data.

. Statistical Analysis Module: This module automates
statistical computations such as correlation analysis,
missing value detection, and outlier identification.
Built on DataPrep.EDA’s task-centric methodology, it
prioritizes relevant statistical summaries, reducing
cognitive load and improving interpretability [2].

. Model Training Module: Designed to simplify
machine learning workflows, this module automates
key preprocessing steps, including handling missing
values, encoding categorical data, and feature scaling.
Users can train various classification and regression
models, such as Random Forest and Support Vector
Machines (SVM), while benefiting from automatic
model evaluation and hyperparameter tuning.

. DataChat Module: This Al-powered module allows
users to interact with their data through natural
language queries. Inspired by automation techniques in
PyGWalker and powered by CrewAl, it dynamically
generates insights, visualizations, and code snippets,
making data analysis more accessible [1].

By integrating these modules into a single, low-code

platform, our system reduces the complexity of data

analysis and machine learning. It bridges the gap between
technical and nontechnical users, enabling efficient data-
driven decision-making with minimal effort.

II. RELATED WORK

The field of data analysis and machine learning has
witnessed significant advancements, with various tools
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and frameworks designed to streamline the exploratory
data analysis (EDA) process, statistical analysis, model
training, and Alpowered interactions. Our proposed
platform builds upon key concepts from existing research,
integrating the best practices from visualization,
automation, and machine learning toolkits to create an
end-to-end, user-friendly system. This section reviews
related work corresponding to the four primary modules
of our platform: Data Visualization, Statistical Analysis,
Model Training, and DataChat.

A. Data Visualization

Visual data exploration plays a critical role in
understanding datasets and extracting meaningful
insights. PyGWalker, a Python-based library, bridges the
gap between programmatic data analysis and interactive
visualizations by offering an intuitive graphical user
interface (GUI) within computational notebooks [1]. It
allows users to seamlessly generate visual representations
of data with minimal coding effort. Similarly, tools like
Voyager  and provide automated chart
recommendations based on dataset characteristics,
enhancing the exploratory workflow. Inspired by these

Lux

approaches, our Data Visualization Module integrates a
highly interactive interface for generating univariate and
bivariate visualizations such as histograms, scatter plots,
and heatmaps. Unlike traditional static visualization
libraries such as Matplotlib and Seaborn, our system
dynamically suggests and refines visual representations
based on user interactions, making exploratory analysis
more accessible.

B. Statistical Analysis

Efficient exploratory data analysis requires automated
statistical insights to identify patterns, detect anomalies,
and quantify relationships  between  variables.
DataPrep.EDA introduces a task-centric approach,
allowing users to declaratively specify EDA tasks with a
single function call [2]. It offers automated correlation
analysis, missing value identification, and summary
statistics ~ generation, significantly improving the
efficiency of data exploration. Our Statistical Analysis
Module builds upon these concepts by providing in-depth
statistical insights, including skewness detection, outlier
identification, percentile and categorical
summaries. Additionally, we extend DataPrep.EDA’s
methodology by enabling real-time, interactive statistical

analysis,

reporting that adapts dynamically to userspecified
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parameters, making complex statistical evaluations more
intuitive.

C. Model Training

Traditional machine learning workflows require
extensive expertise in data preprocessing, model
selection, and evaluation, making it challenging for non-
experts to build and optimize predictive models. Tools
such as Scikit-learn provide a rich set of machine learning
algorithms but require users to manually handle feature
scaling, encoding, and hyperparameter tuning.
DataPrep.EDA improves upon this by automating key
steps such as feature engineering and performance
evaluation [2]. Our Model Training Module further
enhances this process by integrating advanced automation
for data preprocessing, feature selection, and model
evaluation across multiple machine learning algorithms,
including Random Forest, Gradient Boosting, and
Support Inspired by AutoML
frameworks, our system streamlines model selection and

Vector Machines.
hyperparameter tuning, reducing the manual effort
required to achieve optimal performance.

D. AI-Powered Data Interaction

Recent advancements in Al-driven interfaces have
enabled users to interact with data through natural
language processing (NLP)-based systems. PyGWalker
introduces automated visualization generation based on
user queries, allowing for a more intuitive data
exploration experience [1]. Additionally, tools like
OpenAI’s Codex and CrewAl leverage large language
models (LLMs) to generate code snippets and analytical
summaries based on human instructions. Our DataChat
Module incorporates these advancements by providing an
Al-powered conversational interface for querying
datasets, generating code-based insights, and producing
visualizations dynamically. Unlike static chatbot-based
systems, our module offers contextual awareness,
adapting responses based on ongoing user interactions,
thereby making data analysis more interactive and
accessible.

E. Summary

Our platform integrates and extends concepts from
existing tools such as PyGWalker and DataPrep.EDA,
providing an end-to-end solution that bridges the gap

between  exploratory data  analysis, statistical
computation, machine learning automation, and Al-
driven data interaction. By combining intuitive
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visualization, automated statistical reporting, efficient
model training, and Al-powered natural language
querying, our system enhances data exploration and
model building, making these processes more accessible
to both technical and non-technical users.

III. METHODOLOGY

Our proposed platform is designed to streamline the data
analysis and machine learning workflow by integrating
four key modules: Data Visualization, Statistical
Analysis, Model Training, and DataChat. This section
describes the methodology used to develop each module
and details the techniques and algorithms used to enhance
user experience and automation.

A. Data Visualization Module

The Data Visualization Module provides an interactive
and intuitive interface for exploratory data analysis.
Inspired by PyGWalker [1], we adopt a GUI-based drag-
and-drop approach that allows users to dynamically

generate visual representations without requiring
extensive programming knowledge. The module
supports:

. Univariate Analysis: Includes histograms, box plots,
violin plots, and QQ plots to examine individual
feature distributions.

. Bivariate Analysis: Provides scatter plots, line plots,
pair plots, and correlation heat maps to visualize
relationships between variables.

. Advanced Visualization: Support 3D scatter plots,
contour plots, and hexbin plots for in-depth exploration
of complex datasets.

The visualization system is built using Matplotlib,
Seaborn, and Plotly to render interactive charts. Data
preprocessing is optimized to automatically infer variable
types and suggest the most relevant visualization
techniques based on statistical properties, similar to
PyGWalker’s visualization recommendation system [1].

B. Statistical Analysis Module

The Statistical Analysis Module automates essential
statistical computations, enabling users to derive
meaningful insights without extensive manual effort.
Inspired by DataPrep.EDA [2], this module performs the
following:

. Basic Descriptive Statistics: Computes mean, median,
standard deviation, skewness, and kurtosis.
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. Correlation Analysis: Generates correlation matrices
using Pearson, Spearman, and Kendall correlation
coefficients.

. Missing Data Analysis: Identifies missing values and
visualizes their distribution using missing spectrum
plots. - Outlier Detection: Employs Z-score and IQR
methods to detect anomalies.

. Feature Distribution: Analyzes categorical and
numerical data distributions for further pre-processing.

To enhance computational efficiency, the statistical
analysis module is optimized with NumPy and Pandas,
ensuring realtime responsiveness. DataPrep.EDA’s task-
centric approach [2] is leveraged to modularize statistical
computations, allowing integration

exploratory workflows.
TABLE I SUMMARY OF STATISTICAL ANALYSIS TECHNIQUES

seamless into

Category Techniques Used
Descriptive Statistics Mean, Median, Std. Dev, Skewness,
Kurtosis

25th, 50th (Median), 75th Percentiles
Null counts, Missing % per column

Percentile Analysis

Missing Data Analysis

Correlation Analysis Pearson, Spearman, Kendall

Correlation

Z-score, IQR Method
Histograms, KDE Plots
Frequency, Relative Frequency

QOutlier Detection

Feature Distribution

Categorical Summary

Feature Importance Random Forest Feature Importance

Data Relationships Scatter Plot, Pair Plot, 3D Scatter
Advanced Violin Plot, Hexbin Plot, Contour
Visualizations Plot

C. Model Training Module

The Model Training Module simplifies machine learning

workflows by automating data pre-processing, model

selection, and evaluation. Unlike traditional frameworks

like Scikitlearn that require manual pre-processing, our

system integrates automated feature engineering and

hyperparameter tuning, inspired by DataPrep.EDA’s

automation techniques [2]. The module follows a three-

stage process:

1) Data Preprocessing:

. Handling Missing Values: Uses mean, median, and
KNN imputation techniques.

. Categorical Encoding: Supports one-hot encoding,
label encoding, and target encoding.

. Feature Scaling: Applies standardization (Z-score) and
normalization (min-max scaling).

2) Model Selection and Training: Users can select from a
predefined set of classification and regression algorithms:
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. Classification Models: Random Forest, Logistic
Regression, Gradient Boosting, SVM, and KNN.

. Regression Models: Linear Ridge
Regression, Lasso Regression, and Decision Trees.

Regression,

The system optimizes hyperparameters using Grid Search

and Bayesian Optimization, reducing the need for manual

tuning.

3) Model Evaluation:

. Classification Metrics: Accuracy, precision, recall, F1
score, and ROC-AUC.

- Regression Metrics: Mean Squared Error (MSE),
Rsquared score, and Mean Absolute Error (MAE).

. Feature Importance Analysis: Provides information on
which features contribute the most to the model
predictions.

All machine learning operations are built using Scikit-
learn and XGBoost, ensuring efficiency and scalability.
D. DataChat Module

The DataChat Module
conversational analysis, allowing users to query datasets
using natural language. Inspired by PyGWalker’s
automated data exploration [1], this module utilizes a
large language model (LLM) to interpret queries and
generate insights. The workflow involves:

introduces  Al-powered

« Query Understanding: Translates user questions into
structured SQL or Pandas operations.

. Automated Data Analysis: Suggests relevant statistics,
visualizations, and model training steps based on the
query context.

. Code Generation: Generates executable Python code
snippets for users who want deeper customization.

. Visualization Generation: Dynamically creates charts
based on requested insights.

. Interactive Responses: Maintains conversation history
for context-sensitive analysis.

This module is built using CrewAl, OpenAI’s GPT-based

models, and LangChain for seamless integration with

structured data queries.

E. System Workflow

Figure 5 illustrates the overall workflow of our system,
from data ingestion to model training and interactive
querying.

F. Summary

The proposed system integrates advanced techniques
from existing research while enhancing accessibility
through automation and Al-driven interaction. The Data
Visualization and Statistical Analysis modules improve
exploratory workflows, the Model Training module
simplifies machine learning processes, and the DataChat
module enables intuitive querying, making data analysis
more efficient for both technical and nontechnical users.

G. System Architecture

The system is built using a modular architecture, with
independent components for data processing, statistical
analysis, visualization, model training, and Al-driven
insights. This structure ensures scalability, ease of
integration, and adaptability for future enhancements.

Insightful Data Analysis Platform Worflow
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Fig. 1. System workflow integrating data visualization, statistical analysis, model training, and Al-powered interaction
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IV. RESULTS

This section presents the evaluation of our proposed
system across four key modules: Data Visualization,
Statistical Analysis, Model Training, and DataChat. Our
findings demonstrate the platform’s efficiency, usability,
and effectiveness in streamlining data analysis and
machine learning workflows.

A. Evaluation Setup

To evaluate our system, we conducted experiments on
datasets from finance, healthcare, and e-commerce. These
datasets varied in size, feature complexity, and data types
to test the robustness of our modules. The experiments
were performed on a system with:

. Processor: Intel Core i3-11th Generation

.- RAM: 8§ DDR4

. Storage: 512GB NVMe SSD

. Software Stack: Python 3.10, Pandas,
Scikitlearn, CrewAl, LangChain, Streamlit

Seaborn,

Performance was assessed based on execution time,
accuracy, interpretability, and user experience for each
module.

B. Data Visualization Module Performance

The Data Visualization Module was evaluated based on
rendering speed, user interaction efficiency, and Al-
assisted visualization recommendations. Effective data
visualization enhances exploratory data analysis (EDA)
by helping users identify trends, patterns, and anomalies
efficiently.

To assess performance, we tested datasets ranging from
10,000 to 100,000 rows, measuring response times to
generate common plots such as histograms, scatter plots,
and heat maps.

Our system generated interactive visualizations with
rendering times under 2.3 seconds, outperforming
traditional libraries such as Matplotlib and Seaborn. Al-
powered insights, enabled by LangChain and CrewAl,
dynamically suggest relevant visualizations and provide
contextual explanations, reducing manual effort and
improving interpretability. As shown in Figure 2, the
visualization interface provides an intuitive environment
for interactive data exploration with Al-powered
recommendations.
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the y-coordinate corresponding to the ID.

Fig. 2. Visualization Module: Al-Powered Interactive Data Exploration

C. Statistical Analysis Module Performance

The Statistical Analysis Module was tested for

correctness by comparing computed metrics against

reference values from Pandas and NumPy.

. Missing Value Detection: Achieved 100% accuracy in
identifying missing entries across multiple datasets.

« Outlier Detection: Z-score and IQR-based methods
detected 98.5% of anomalies compared to manually
validated ground truth.

. Correlation Analysis: Pearson

showed a 99.98%

established statistical libraries.

and Spearman

coefficients agreement with

These results indicate that our statistical analysis
capabilities are highly reliable and aligned with task-
centric EDA methodologies from DataPrep.EDA. Figure
3 illustrates the automated statistical insights generated by
our module, providing users with comprehensive data
summaries and statistical metrics at a glance.

D. DataChat Module Evaluation

The DataChat Module was tested for natural language

query processing, accuracy of generated insights, and

execution speed.

 Query Processing Time: Average response time of 0.89
seconds per query.

. Code Generation Quality: 92.3%
translating user queries into executable Python scripts.

accuracy in

The Al-powered query engine significantly enhances
accessibility, allowing users to interact with data more
intuitively
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Correlation Matrix users to perform complex data analysis tasks through
natural language interactions.
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Fig. 5. Model Training Module: Automated Model Selection and Evaluation
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E. Model Training Module Performance

The Model Training Module was evaluated based on data
preprocessing efficiency, model training time, and
predictive accuracy.

Automated preprocessing techniques, including missing
value imputation, categorical encoding, and feature
scaling, reduced manual effort while maintaining model
interpretability. The model selection process, powered by
CrewAl and LangChain, optimized hyperparameters
dynamically, achieving results comparable to Scikit-
learn’s AutoML frameworks. Figure 5 showcases the
automated model selection and evaluation interface that
streamlines the machine learning pipeline for users.

F. Comparison with Existing Tools

Our system was compared with PyGWalker and
DataPrep.EDA, focusing on execution speed, accuracy,
and automation capabilities.

Our system outperforms existing tools in terms of speed,
automation, and Al-powered interaction while
maintaining high accuracy.

G. Summary

The evaluation results confirm that our platform enhances
data analysis and machine learning workflows by
integrating automation and Al-driven interactions. The
Data Visualization module (Figure 2) facilitates rapid
insights, the Statistical Analysis module (Figure 3)
provides comprehensive data understanding, the Model
Training module (Figure 5) optimizes predictive
modeling, and the DataChat module (Figure 4) provides
an intuitive Al-powered interface. These advancements
collectively improve accessibility, usability, and
efficiency for both technical and non-technical users.
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