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Abstract

The thesis introduces ieeAutoML as a web application which performs automated ma-
chine learning for supervised learning tasks. The system provides users with a simple
interface to handle datasets and perform preprocessing and feature selection and model
training and evaluation and prediction tasks. The system combines AutoML engines
with custom training capabilities through ieeAutoML to deliver high performance to
non-experts. The application uses Python FastAPI as its modular backend and React
as its frontend with Supabase serving as the database and storage solution. The system
undergoes extensive testing which proves its usability and efficiency and accessibility.



Dedication

First and foremost, I would like to express my heartfelt gratitude to my family for their
unwavering encouragement and support throughout the course of my studies. I am equally
thankful to the friends who stood by me and made my student years truly memorable.

Finally, I owe special thanks to my thesis supervisor, Assistant Professor Mr. Stefanos
Ougiaroglou, for his invaluable guidance, trust, and support during the preparation and
completion of this thesis.



Contents

Contents

Abstract 2
Dedication 3
1 Introduction 11
1.1 Supervised Learning (Classification) . . . . . .. ... ... ... ... .. 11
1.2 Automated Machine Learning (AutoML) . . . . .. ... ... ... ... 11
1.3 Motivation . . . . . . ..o 11
1.4 Contribution. . . . . . . . ... 12
1.5 Thesis Organization . . . . . . . . . . .. .. 12

2 Data Preprocessing for Supervised Learning 14
2.1 Data Imputation . . . . . ... ... L 14
2.2 Feature Selection . . . . . . . . . . ... 15
2.3 Class Balancing Techniques . . . . . . .. ... .. ... ... ...... 15
2.4 Feature Scaling and Normalization . . . . ... .. .. ... ... .... 16

3 Classification algorithms 18
3.1 Logistic Regression . . . . . . . . . ... . 18
3.1.1 Overview . . . . .. 18

3.1.2 Mechanics . . . . . . ... 18

3.1.3 Advantages . . . . .. ... 19

3.1.4  Limitations . . . . . . . ..o 19

3.1.5  Available Hyperparameters in ieeAutoML . . . . . . . . . ... .. 19

3.2 Linear Regression . . . . . . . . . ... Lo 19
3.2.1 Overview . . . ... 19

3.2.2 Mechanics . . . . . . ... 20

3.2.3 Advantages . . . . ... 20

3.2.4  Limitations . . . . . . . . ... 20

3.2.5 Available Hyperparameters in iecAutoML . . . . . . . . .. . ... 21

3.3 Decision Tree . . . . . . . . . . . 21
3.3.1 Overview . . . . ... 21

3.3.2 Mechanics . . . . ... 21

3.3.3 Advantages . . . . ... 22

3.3.4 Limitations . . . . . . . . ... 22

3.3.5 Available Hyperparameters in teeAutoML . . . . . . . . . ... .. 22

3.4 Random Forest . . . . . . .. . .. ... 23
3.4.1 Overview . . . . .. 23



Contents

3.4.2 Mechanics . . . . . .. 23
3.4.3 Advantages . . . . ... 23
3.4.4 Limitations . . . . . . . . . . .. 24
3.4.5 Available Hyperparameters in iecAutoML . . . . . . . . .. .. .. 24
3.5 XGBoost . . . . . .. 24
3.5.1 Overview . . . . . .. 24
3.5.2 Mechanics . . . . . .. 24
3.5.3 Advantages . . . ... ... 25
3.5.4 Limitations . . . . . . . ... ... 25
3.5.5  Available Hyperparameters in ieeAutoML . . . . . . . . .. .. .. 25
3.6 LightGBM . . . . . . . . . . 26
3.6.1 Overview . . . . . . .. 26
3.6.2 Mechanics . . . . ... 26
3.6.3 Advantages . . . . .. ... 26
3.6.4 Limitations . . . . . . . . .. 27
3.6.5 Available Hyperparameters in iecAutoML . . . . . . . . .. . ... 27
3.7 CatBoost . . . . . . .. 27
3.7. 1 Overview . . . . ... 27
3.7.2 Mechanics . . . . . . .. .. 27
3.7.3 Advantages . . . . . ... 28
3.7.4 Limitations . . . . . . . . .. 28
3.7.5 Available Hyperparameters in teeAutoML . . . . . . . . . ... .. 28
3.8 Neural Networks / MLP Classifier . . . . . .. .. ... ... ... .... 29
3.8.1 Overview . . . . ... 29
3.8.2 Mechanics . . . . . . ... 29
3.8.3 Advantages . . . . .. ... 29
3.8.4 Limitations . . . . . . . . . 29
3.8.5 Available Hyperparameters in ieeAutoML . . . . . . . . . ... .. 30
3.9 Extra Trees Classifier . . . . . . . . . . . . .. .. ... . ... 30
3.9.1 Overview . . . . . . .. 30
3.9.2 Mechanics . . . . . . ... 30
3.9.3 Advantages . . . . .. ... 31
3.9.4 Limitations . . . . . . . . .. 31
3.9.5 Available Hyperparameters in ieeAutoML . . . . . . . . .. .. .. 31
3.10 K-Nearest Neighbors (K-NN) Classification . . . . .. ... ... ... .. 31
3.10.1 Overview . . . . . . .. 31
3.10.2 Mechanics . . . . . . . . ... 31
3.10.3 Advantages . . . . . ... 32
3.10.4 Limitations . . . . . . . . . . 32
3.10.5 Available Hyperparameters in ieeAutoML . . . . . . . . .. .. .. 32
Languages and Technologies 33
4.1 Programming Languages . . . . . . . . . . . ... 33
4.2 Frontend Technologies . . . . . . . . .. . .. ... . ... ... ..., 33
4.3 Backend Technologies . . . . . . . . . . . . . ... ... ... ... 34
4.4 Database and Storage . . . . . . . .. .. 35
4.5 Machine Learning Libraries . . . . . . . . .. .. ... ... ....... 35
4.6 DevOps and Deployment . . . . . . . .. ... ... . L. 35



Contents

4.7 Third-Party Tools and Integrations . . . . . . . . .. ... ... .. ... 35
Automated Machine Learning Tools 36
5.1 AutoML Tools. . . . . . . . . . . 36
5.2 H20 AutoML . . . . . . . . 36
5.3 MLJAR AutoML . . . . . . . . 37
5.4 Other Tools . . . . . . . . . . . 37
Algorithms implementation using Pytnon and scikit-learn 38
6.1 Data Preprocessing . . . . . . . . ... L 38
6.1.1 Data Type Detection and Feature Classification . . . . . . . . .. 38
6.1.2 Task Type Detection . . . . . . . . .. ... .. ... ... ..., 38
6.1.3 Dataset Overview and Missing Value Detection . . . . .. .. .. 39
6.1.4 Missing Value Imputation . . . . . ... ... ... ... ... .. 39
6.1.5 Normalization . . . . . . . . .. .. ... 39
6.1.6 Class Balancing . . . . . . . . .. ..o 40
6.1.7 Integration in ieeAutoML . . . . . . .. ... 40
6.2 Classification Algorithms . . . . . . . . . . ... ... ... ... .. 40
6.2.1 Training Workflow . . . . .. ... ... 0oL 40
6.2.2 Hyperparameter Handling . . . . . ... ... ... ... ..... 41
6.2.3 Supported Algorithms . . . . .. . ... 000 42
6.3 AutoML Algorithms Implementation . . . . . ... ... ... ... ... 42
6.3.1 MLJAR AutoML Integration . . . . ... .. ... ... ... .. 42
6.3.2 H20 AutoML Integration . . . ... ... ... ... . ...... 43
6.3.3 Model Export and Evaluation . . . . .. ... ... ... ... .. 43
6.3.4 Example Output . . . . . .. .. ... oL 44
Design of ieeAutoML 45
7.1 Requirements (User Stories) . . . . . .. ... ... ... ... ... ... 45
7.2 Flow Charts . . . . . . . . . . 46
7.3 Database Design . . . . . . . ... 49
7.4 System Architecture . . . . ... ... 51
Implementation of ieeAutoML 53
8.1 Backend Implementation . . . . . .. ... ... ... ... ... ... .. 53
8.1.1 Machine Learning Pipeline . . . . . . . ... ... ... ... ... 53
8.1.2 Key Backend Endpoints . . . . . . .. ... 0oL 54
8.1.3 Dataset Handling and Preprocessing . . . . . .. ... ... ... o4
8.1.4 Prediction Module . . . . .. ... ... o0 5}
8.2 Frontend Implementation . . . . . . .. .. .. ... L. 55
8.2.1 State Management . . . . . . . ... ... L. 56
8.2.2 API Communication . . . .. ... ... ... ... ... 57
8.2.3 User Experience . . . . . . . . . . .. ... ... o7
8.3 Conclusion . . . . . . . . Y
Presentation of ieeAutoML 58
9.1 Data Handling . . . .. .. .. .. .. 58
9.1.1 Dataset Upload and Missing Value Symbol . . . . . . . ... . .. 58
9.1.2 Missing Values Analysis . . . . . .. ... .. ... ... ... 59



Contents

9.1.3 Data Preview . . . . . . . . . ... ... 62
9.1.4 Conditional Navigation . . . . . .. ... ... .. ... ...... 63

9.2 Feature Selection . . . . . . . ... ... 63
9.2.1 Target Selection and Feature Picker . . . . . . . .. ... ... .. 63
9.2.2 Feature Importance Analysis . . . . . . . . ... ... .. .. ... 64
9.2.3 Saving and Proceeding . . . . . . .. ..o L 65

9.3 Preprocessing . . . . . ... 66
9.3.1 Preprocessing Options . . . . . . . . . ... ... ... .. 67
9.3.2 Preview and Finalization . . . . . . .. ... ... .. ... .. .. 68

9.4 Model Training . . . . . . . . . . 69
9.4.1 AutoML Training . . . . . . . . . . ... 70
9.4.2 Custom Training . . . . . . . .. ... 71

9.5 Model Evaluation . . . . . ... ... ... ... 73
9.5.1 Summary . . . ... 73

9.5.2 Charts . . . . . . .. 74
9.5.3 Predictions . . . ... ... 75
9.5.4 Model Details . . . . .. ... ... .. 76

9.6 Prediction . . . . . . . .. 7
9.6.1 Predict Manually . . . . ... ... ... 0oL 7
9.6.2 Predict from CSV . . . . . . ... 7

9.7 Dashboard . . . . . . . . ... 80
9.7.1 Datasets Tab . . . . . . . . . ... 80
9.7.2 Experiments Tab . . . . . . .. ... L 81
9.7.3 Comparisons Tab . . . . . . .. . .. ... ... ... ... ... 87

9.8 Al Assistance . . . . . . . . ... 89
10 Efficiency and Usability Evaluation 92
10.1 Efficiency Experiments . . . . . . . . . . ... ... 92
10.1.1 Datasets . . . . . . . . . 92
10.1.2 Experimental Setup . . . . . . . .. ..o 92
10.1.3 Measurements . . . . . . . .. ... ... 93

10.2 System Usability Scale (SUS) . . .. ... ... ... ... ... .. ... 96
11 Conclusion and Future Work 98
11.1 Conclusion . . . . . . . . . . . 98
11.2 Future Work . . . . . . . . . . 98



List of Figures

List of Figures

3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

3.9

3.10

7.1
7.2
7.3
7.4

7.5

9.1
9.2
9.3

9.4

Sigmoid curve fitted to data showing the probability of passing an exam
versus hours studied. The curve illustrates how logistic regression maps
input features to probabilities between O and 1. . . . . . . . .. ... ..
Example of a linear regression model fitted to a set of data points. The
straight line represents the best-fit line minimizing the residuals between
actual and predicted values. . . . . .. ... ... L
Example of a decision tree trained on the Iris dataset, visualizing the series
of decision splits (internal nodes) based on flower features and the resulting
leaf nodes with class outcomes. . . . . . . ... oL
[lustration of Random Forest architecture: multiple decision trees are
trained on random subsets of data and features, and their outputs are
aggregated. . . .. ..o
Simplified XGBoost architecture showing multiple trees trained sequen-
tially to minimize loss. . . . . . . .. oL oo L oL
Comparison of LightGBM’s leaf-wise (right) versus level-wise (left) tree
growth strategies. . . . . . . . . . .
Flowchart of the CatBoost training process: ordered boosting with boot-
strap sampling and feature splitting to build symmetric trees. . . . . . .
Architecture of a simple MLP classifier with one hidden layer. Each neuron
is connected to all neurons in the subsequent layer. . . . . ... ... ..
[llustration of Extra Trees: random splits across multiple unpruned trees
increase variance reduction compared to single decision trees. . . . . . . .
Decision boundary formed by K-NN classifier for & = 3. Regions are
colored based on nearest neighbors in the training set. . . . . . . . . . ..

Workflow of the ieeAutoML application from dataset upload to training .
Training Workflow in ieeAutoML: Custom and AutoML Training Paths .
Prediction Workflow in ieeAutoML: Manual Entry and CSV Upload . . .
Entity-Relationship Diagram of the ieeAuto ML system, split into two parts
for clarity. . . . . . . ..
System Architecture of ieeAutoML: Interaction between Frontend, Back-
end, Supabase, Storage, and ML Engines . . . . . . ... ... ... ...

Upload screen with optional custom missing value symbol input . . . . .
Explore view for datasets with no missing values . . . . . . . .. ... ..
Explore view for datasets with missing values — summary and imputation
OPLIONS . . . . . o o o e
Data preview for a dataset with no missing values (4 categorical features)

18

20

22

23

25

26

28

29

30

32

47
48
49

o1

52

29
60

61
62



List of Figures

9.5

9.6

9.7

9.8

9.9

9.10
9.11
9.12
9.13
9.14
9.15
9.16
9.17
9.18
9.19
9.20
9.21
9.22
9.23
9.24
9.25

9.26
9.27
9.28
9.29
9.30
9.31
9.32
9.33

9.34
9.35

Data preview for a dataset with 14 categorical features . . . . . . . . .. 63
Target column selection interface and feature list. . . . . . ... ... .. 64
Bar chart showing feature importance scores for selected features. . . . . 65
User must save selected features to continue. . . . . . . .. ... ... .. 66
Preprocessing step overview with target, task type, and selected features 67
Preprocessing options for class distribution, scaling, and balancing . . . . 68
Live preview of the dataset at different preprocessing stages . . . . . . . 69
Applying selected preprocessing steps including optional class balancing . 69
AutoML training configuration interface in ieeAutoML . . . . . . . . .. 71
Custom training algorithm selection in ieeAutoML . . . . . . . . .. . .. 72
Custom hyperparameter configuration for Logistic Regression . . . . . . . 73
Summary tab displaying performance metrics and experiment metadata . 74
Confusion matrix visualizations within the Charts tab . . . . . . . . . .. 75
Predicted probabilities and target values preview . . . . ... ... ... 76
Model leaderboard, downloadable model, metadata, and documentation files 76
Manual prediction form with auto-generated inputs based on model features 77
CSV uploaded with target column — Evaluation Mode . . . . . . . . .. 78
CSV uploaded without target column — Inference Mode . . . . . . . .. 78
Predicted output appended to CSV rows in Inference Mode . . . . . . . . 79
Evaluation summary and comparison between true and predicted values . 79
Datasets tab with preview, download, and delete options for each dataset

stage . . . 81
Experiment Info tab showing training configuration and metadata . . . . 82
Experiment Metrics tab with detailed performance results . . . . . . .. 83
Experiment Visuals tab showing training charts . . . . . ... ... ... 84
Download options for experiment results and models . . . . . ... . .. 85
Custom tuning form for re-training models with different hyperparameters 86
Experiment comparison selection panel . . . . . . . ... ... 86
Experiments tab with filtering, result access, tuning, and comparison options 87

Comparisons tab showing saved experiment comparisons with detailed

analysis . . ... 88
Comparison view between experiments showing detailed analysis . . . . . 89
Al Assistant interface embedded in the app . . . . . .. ... ... ... 90



List of Tables

List of Tables

2.1 Overview of Imputation Strategies in ieeAutoML . . . . . . . . . .. ... 15
8.1 Key backend endpoints of ieeAutoML . . . . . ... ... ... ... .. 54
10.1 Comparison of AutoML engines (MLJAR vs H20) on benchmark datasets 94
10.2 Performance of custom algorithms on benchmark datasets . . . . . . .. 95
10.3 System Usability Scale (SUS) results for ieeAutoML . . . . . .. ... .. 97

10



Chapter 1. Introduction

Introduction

1.1 Supervised Learning (Classification)

The fundamental machine learning paradigm of supervised learning trains predictive mod-
els through labeled data [50, 55]. The main objective of this thesis focuses on classifica-
tion tasks which require each input instance to have a specific class label for the model
to learn correct label assignments for new unseen data. The established framework ex-
ists in multiple domains including medical diagnosis and spam detection and customer
segmentation. The most popular classification algorithms include logistic regression and
decision trees and ensemble methods such as random forests and gradient boosting and
neural networks. The models vary in their interpretability features and computational
requirements and their ability to detect nonlinear patterns yet they all aim to achieve
minimal misclassification errors with strong generalization capabilities for new data.

1.2 Automated Machine Learning (AutoML)

The goal of Automated Machine Learning (AutoML) is to simplify the entire machine
learning process so that it becomes more accessible and efficient [2, 18]. AutoML plat-
forms automate the key steps of data preprocessing, feature selection, algorithm selection,
hyperparameter tuning and model evaluation so that users can build high-performing
models with minimal manual intervention. This automation enables non-expert users to
effectively use machine learning and enables experienced practitioners to scale their work-
flows and maintain consistency. The open-source frameworks MLJAR AutoML and H20
AutoML demonstrate this by providing easy-to-use workflows together with explainabil-
ity, feature importance and leaderboard outputs.

1.3 Motivation

AutoML requires user-friendly tools that integrate explainability with transparency fea-
tures and both automated and custom training capabilities within a web-based system to
achieve its full potential. The current solutions direct their functionality toward expert
users while lacking visual interpretability and operate as standalone local applications.
The main purpose of ieeAutoML is to establish a web-based platform which serves both
beginners and experts. The system aims to create an easy-to-use modular interface
which simplifies supervised learning workflows through flexible model selection and pro-
vides clear visual feedback throughout the pipeline. During the early exploration phase, I
experimented with tools such as Auto-sklearn and TPOT but quickly realized that their

11



Chapter 1. Introduction

command-line and notebook-based workflows were not accessible to non-experts. This
motivated me to design ieeAutoML as a browser-based solution with visual feedback,
bridging the gap between expert flexibility and beginner usability.

1.4 Contribution

The web application ieeAutoML presents a solution to make supervised classification
workflows accessible to everyone. The main contributions consist of:

The system provides a single web interface which enables users to select custom
algorithms including logistic regression and gradient boosting as well as automated
model pipelines through MLJAR and H20 AutoML.

The system provides a clear preprocessing pipeline that handles missing values and
scales features and balances classes and detects tasks while maintaining full dataset
version tracking.

The web UI contains integrated interpretability features which include SHAP visu-
alizations together with model leaderboards and summary reports.

The system uses React and FastAPI and Supabase and containerized backend ser-
vices to build a modular and scalable architecture which supports asynchronous
model training and future team-based deployments.

1.5 Thesis Organization

The thesis follows this specific structure:

The second chapter of the thesis presents data preprocessing techniques which in-
clude imputation and feature selection and scaling and balancing methods for su-
pervised learning.

The third chapter of this paper explains the classification algorithms available in
teeAutoML by discussing their fundamental principles and advantages and disad-
vantages as well as their implementation and exposure within the system.

The fourth chapter explains the technologies used which include frontend and back-
end frame- works and database integration and deployment tools.

The fifth chapter explains AutoML frameworks and their integration with MLJAR
and H20 AutoML and explains why these frameworks were chosen.

The sixth chapter explains the technical details of preprocessing pipelines and model
train- ing workflows and modular architecture.

The seventh chapter explains the system design through user requirements and flow
diagrams and schema modeling.

The eighth chapter provides an extended overview of the implementation by ex-
plaining ser- vice structure and component integration and training flows.

12



Chapter 1. Introduction

e The ninth chapter demonstrates the user interface features of ieecAuto ML by show-
ing how users handle datasets and train models and evaluate results and make
predictions.

e The tenth chapter provides a summary of contributions and limitations and future
direc- tions for research.

13



Chapter 2. Data Preprocessing for Supervised Learning

Data Preprocessing for Supervised Learn-
ing

2.1 Data Imputation

Real-world datasets frequently contain missing entries, which can hinder the training
process and degrade the performance of machine learning algorithms [31, 37]. To address
this issue, ieeAutoML integrates a variety of imputation techniques, enabling users to
select the approach that best matches the nature and distribution of their data. During
dataset upload, the application allows the specification of a custom missing value symbol.
Once the dataset is loaded, the system scans for both standard indicators of missingness
(e.g., NaN, Null) and the user-defined symbol. A summary table then presents the
percentage of missing values for each column, allowing users to assess the extent of the
problem and choose an appropriate strategy.

Definition 2.1 (Data Imputation). Data imputation refers to the process of replacing
missing values in a dataset with substituted values based on statistical or similarity-based
heuristics, with the aim of preserving dataset completeness without introducing bias [3].

The system supports several imputation methods. For numerical data, the mean
or median value of the column can be used to fill in missing entries, with the median
offering greater robustness in the presence of outliers [17]. Mode imputation, which
replaces missing values with the most frequent entry, is applicable to both numerical and
categorical variables. A more advanced option is Hot Deck imputation, which identifies
similar records using a k-nearest neighbors algorithm and estimates missing values based
on these donor records [34, 17]. Users may also choose to drop rows containing missing
data entirely or skip imputation altogether if they wish to handle it externally.

In the Hot Deck approach, categorical variables are encoded and distance metrics
such as Euclidean or Manhattan are applied to determine similarity between records.
This versatility ensures that iecAutoML can handle a broad spectrum of dataset types
while maintaining methodological soundness [37].

Implementing Hot Deck imputation was particularly demanding, as it required careful
encoding of categorical variables while avoiding data leakage. Ensuring both correctness
and efficiency of this method proved to be one of the most technically challenging aspects
of the preprocessing pipeline.

14



Chapter 2. Data Preprocessing for Supervised Learning

Table 2.1: Overview of Imputation Strategies in ieeAutoML

Method Description Applicable to

Replaces missing values with the column mean.

. : e Numerical
Best for symmetric numerical distributions. nenea

Mean

. Substitutes with the column median. More ro- )
Median . Numerical
bust to outliers than the mean.

Mode Works for both data types. gorical

Fills with the most frequent value in the column. | Numerical & Cate-

Estimates missing values based on similar entries

Hot Deck (k- (nearest neighbors). Uses encoded categorical

Numerical & En-

NN) fontiros coded Categorical
Drob Rows Removes rows that contain at least one missing An

P value. Simple but potentially lossy. Y
Skip Skips imputation entirely and keeps missing val- Any

ues as-is. Useful for manual or external handling.

2.2 Feature Selection

The majority of large complex datasets include multiple redundant or unimportant fea-
tures that fail to enhance predictive power. The model training process becomes longer
and accuracy suffers and the model becomes more prone to overfitting when redundant
variables are kept [11, 6]. The purpose of feature selection methods is to locate signifi-
cant predictors so models can perform better with reduced dimensionality and improved
interpretation [38].

Definition 2.2 (Feature Selection). The procedure known as feature selection identifies
the essential input variables that contribute to prediction success while discarding those
that provide no meaningful predictive value. The objective of this procedure is to optimize
model performance while reducing the dataset size and making it simpler to understand

[22, 38].

After completing missing value imputation in ieecAutoML the feature selection process
begins. The system reveals the available features to users for selection after they choose
their target column. The “Analyze Importance” function determines how much each
selected feature affects the target variable by displaying its findings through a ranked
feature importance chart. Users have full flexibility to change their selections at any
point by modifying either the target variable or selecting different features until they
proceed to preprocessing.

The system enhances both computation speed and clarity because feature selection
occurs before the preprocessing phase. The elimination of uninformative variables enables
the system to direct processing resources toward predictive attributes which show promise
for accurate prediction [38, 11].

2.3 Class Balancing Techniques

Classification datasets commonly present an unbalanced class distribution when one class
appears significantly more than others. Such imbalance causes models to predict the

15



Chapter 2. Data Preprocessing for Supervised Learning

dominant class repeatedly leading to misleading high accuracy while the model performs
poorly on minority class predictions [27]. The system in iecAutoML conducts automated
class distribution checks during preprocessing followed by offering both oversampling and
undersampling methods when it detects imbalanced data.

Definition 2.3 (Class Balancing). Class balancing consists of adjusting target class dis-
tributions to minimize magority class bias so the model achieves better generalization
across all classes.

Oversampling techniques boost the quantity of observations belonging to minority
classes. Random oversampling duplicates existing minority samples to increase their
numbers [7]. The more advanced techniques used in oversampling include SMOTE which
creates new minority samples by interpolation [12] and Borderline SMOTE which targets
samples close to decision boundaries [23] and ADASYN which produces synthetic data
for challenging minority instances [26]. The dataset with mixed numerical and categorical
variables can benefit from SMOTE-NC.

The approach of undersampling decreases the overall number of instances in the ma-
jority class. The process of random undersampling or Edited Nearest Neighbors (ENN)
which removes instances based on k-nearest neighbors [53] serves to perform this method.
Tomek Links identify overlapping instances from the majority class for removal [51] and
the Neighborhood Cleaning Rule (NCR) utilizes ENN to eliminate majority-class neigh-
bors of misclassified minority samples [35].

Not all methods are applicable to all datasets. The implementation of SMOTE,
ADASYN and ENN distance-based techniques requires numerical features in the dataset.
The available methods for datasets made exclusively of categorical variables in iee AutoML
include random oversampling and undersampling because these methods are methodolog-
ically valid.

2.4 Feature Scaling and Normalization

The process of feature scaling becomes crucial for multiple algorithms because they de-
pend on distance-based calculations or need normally distributed inputs. The absence of
scaling makes features with extensive numerical ranges dominate the model [15]. Research
shows that appropriate normalization techniques produce significant improvements in the
performance of support vector machines and neural networks [47].

Definition 2.4 (Feature Scaling). The definition of feature scaling describes the method
to transform numerical data into equivalent scales which maintains their original range
differences for better algorithm stability and convergence [52].

The ieeAutoML system shows scaling options during the final preprocessing stage fol-
lowing missing value treatment and feature selection and class balance assessment. The
system performs automatic detection of numerical features before enabling scaling only
when these features exist. The available scaling methods consist of Min-Max Scaling
which transforms features into the range [0,1] and Standard Scaling (Z-score normaliza-
tion) which standardizes features to zero mean and unit variance and Robust Scaling
which uses median and interquartile range for outlier resistance and Log Transformation
which reduces skewness in highly skewed distributions. Users have the option to choose
skipping scaling altogether.
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Chapter 2. Data Preprocessing for Supervised Learning

The system allows users to select from different scaling methods while enabling them
only when necessary conditions exist to provide both flexibility and best practice pre-
processing guidelines. The targeted approach enhances model training efficiency and
predictive accuracy particularly for algorithms which are sensitive to feature magnitude
(15, 47].
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Classification algorithms

3.1 Logistic Regression

3.1.1 Overview

Logistic Regression is a widely used linear classification algorithm for binary outcomes.
Instead of predicting a numeric value, it models the probability that an input belongs
to the positive class (label “1”) versus the negative class (“0”) [30]. This is achieved
using the logistic (sigmoid) function, which transforms the output of a linear equation
into a value between 0 and 1 [24]. The result is interpretable as a probability of class
membership [29]. A threshold (commonly 0.5) is applied to this probability to decide the
predicted class [5].

3.1.2 Mechanics

The logistic regression model computes a linear combination of the input features (and
an optional intercept term), then applies the sigmoid function o(z) = H% to produce a
probability score [24, 5]. The model is trained by minimizing a loss function called log-loss
(or binary cross-entropy), which penalizes incorrect predictions and encourages the model
to output accurate probability estimates [43]. Optimization is commonly performed using
algorithms such as gradient descent [5].

Probability of passing exam versus hours of studying

1.00 . - . « = = s =8 = .

Probability of passing exam
&

oo0- & @ ® & = ® @ . . .

1 2 3
Hours studying

Figure 3.1: Sigmoid curve fitted to data showing the probability of passing an exam
versus hours studied. The curve illustrates how logistic regression maps input features
to probabilities between 0 and 1.
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3.1.3 Advantages

Logistic regression offers several notable advantages. It is highly interpretable and easy
to implement, as the learned coefficients directly indicate the influence of each feature
on the predicted outcome [30]. The method performs well on linearly separable datasets,
where a straight line or hyperplane can effectively divide the two classes [24]. Further-
more, although logistic regression is inherently designed for binary classification, it can
be readily extended to multiclass problems using approaches such as One-vs-Rest (OvR)
or multinomial logistic regression [5].

3.1.4 Limitations

Despite its strengths, logistic regression has limitations that must be considered. It as-
sumes a linear relationship between the features and the log-odds of the outcome, making
it less effective for datasets with nonlinear decision boundaries unless transformations or
interaction terms are introduced [24]. Additionally, the algorithm is sensitive to mul-
ticollinearity, where high correlations between input features can destabilize coefficient
estimates, and it can be adversely affected by outliers, which may disproportionately shift
the decision boundary [29].

3.1.5 Available Hyperparameters in ieeAutoML

In the custom training interface of the ieeAutoML system, users can adjust the following
logistic regression hyperparameters:

e penalty: Type of regularization applied (11, 12, elasticnet, or none).

e C: Inverse of regularization strength (smaller values imply stronger regularization).

solver: Optimization algorithm used (1bfgs, liblinear, etc.).

e max_iter: Maximum number of iterations for model convergence.

fit_intercept: Whether to include an intercept in the model.

class_weight: Option to apply balanced class weights to handle imbalance.

3.2 Linear Regression

3.2.1 Overview

Linear Regression stands as one of the essential algorithms which performs regression
operations. The algorithm creates a linear equation to explain how dependent variables
relate to one or multiple independent variables when analyzing observed data [30, 24]. The
algorithm works best for predictive tasks because it detects linear relationships between
inputs and outputs.
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3.2.2 Mechanics

The model calculates a weighted combination of input features together with an optional
intercept value. The model seeks to reduce the difference between forecasted and actual
values through the Mean Squared Error (MSE) loss function [5]. The learned coefficients
indicate the amount each input feature affects the output variable.

The basic version of this model (simple linear regression) uses one input variable for
prediction. The model extends its functionality to process multiple features at once in
multiple linear regression [42].
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Figure 3.2: Example of a linear regression model fitted to a set of data points. The
straight line represents the best-fit line minimizing the residuals between actual and
predicted values.

3.2.3 Advantages

The model coefficients in linear regression provide direct interpretation of feature effects
on predicted outcomes because training and interpretation occur quickly [30]. The model
achieves its best results when the target variable shows a linear relationship with input
features because it generates accurate predictions in these cases. The model serves as a
standard reference point for complex regression techniques because of its straightforward
nature [42].

3.2.4 Limitations

Linear regression remains useful despite its several important restrictions. The model
fails to detect nonlinear patterns because it requires a direct linear connection between
predictors and target variables [5]. The algorithm becomes unstable when dealing with
multicollinear features because they distort coefficient estimates and when encountering
outliers that affect the regression line [30]. The model requires two essential assumptions:
constant variance (homoscedasticity) and normally distributed errors because violations
of these assumptions decrease model performance.
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3.2.5 Available Hyperparameters in teeAutoML

In the ieeAutoML app, Linear Regression is available only for regression tasks. The
custom training interface allows users to adjust the following hyperparameters:

e fit intercept: Boolean flag indicating whether to include an intercept.

e n_jobs: Number of parallel threads for training (optional).

3.3 Decision Tree

3.3.1 Overview

Decision Trees function as a non-parametric supervised learning algorithm which serves
both classification and regression needs [9, 49]. The algorithm uses a flowchart struc-
ture which includes decision rules at internal nodes that lead to rule outcomes through
branches and leaf nodes that predict class labels or values.

3.3.2 Mechanics

The algorithm performs recursive dataset splitting through the feature which produces the
highest information gain or impurity reduction. The classification tasks use Gini Impurity
and Entropy (information gain) metrics to determine the best feature for splitting [49,
9]. The tree expansion stops when it meets predefined criteria which include maximum
depth limits or minimum sample requirements per split or when nodes achieve purity by
containing only one class of samples. The hierarchical structure of Decision Trees enables
them to handle complex decision boundaries and feature interactions.
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Figure 3.3: Example of a decision tree trained on the Iris dataset, visualizing the series
of decision splits (internal nodes) based on flower features and the resulting leaf nodes
with class outcomes.

3.3.3 Advantages

The interpretable nature of Decision Trees combined with their visual simplicity allows
non-experts to understand them [54, 30]. The recursive structure of Decision Trees allows
them to detect non-linear patterns in data which provides flexibility for modeling com-
plex relationships. The algorithm works with both numerical and categorical variables
without needing extensive preprocessing steps including feature scaling or normalization.
The model works well with different types of data and problem domains because of its
versatility and simplicity.

3.3.4 Limitations

Decision Trees tend to overfit when they are not constrained from growing deep [9]. The
algorithm produces different tree structures and predictions because of small changes in
the data. Decision Trees show a preference for features with distinct values because these
features tend to control splitting decisions unless additional measures prevent this effect.

3.3.5 Available Hyperparameters in ieeAutoML

In the ieeAutoML app, Decision Tree models are available for both classification and
regression tasks through the custom training interface. Users can modify the following
hyperparameters:

e max depth: The maximum depth the tree is allowed to grow.
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e min samples_split: The minimum number of samples required to split an internal
node.

These parameters allow users to control model complexity and mitigate overfitting,
adapting the tree to different dataset characteristics.

3.4 Random Forest

3.4.1 Overview

Random Forest is an ensemble learning algorithm that constructs multiple decision trees
during training and outputs the mode of their predictions for classification tasks or the
mean prediction for regression tasks. It improves upon single decision trees by reducing
variance and overfitting through averaging [8, 28|.

3.4.2 Mechanics

The algorithm builds a collection of decision trees using random subsets of the training
data and feature space (bagging and feature sampling). Each tree is trained independently
on a different bootstrap sample. During prediction, the model aggregates the predictions
of all trees to produce a final output [56, 8]. This diversity among trees allows the Random
Forest to generalize better and handle noise more effectively than a single decision tree
[25].

Dataset

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Figure 3.4: Illustration of Random Forest architecture: multiple decision trees are trained
on random subsets of data and features, and their outputs are aggregated.

3.4.3 Advantages

Random Forest models are robust to overfitting, as the ensemble approach significantly
reduces the high variance seen in individual decision trees [8]. They work particularly
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well with high-dimensional datasets, handling many features without requiring aggressive
preprocessing [25]. Another notable advantage is the algorithm’s ability to estimate
feature importance, offering valuable insights into the contribution of each variable [39].
Furthermore, Random Forests handle missing values and outliers more gracefully than
many linear models, making them suitable for a wide range of real-world datasets [32].

3.4.4 Limitations

The primary drawback of Random Forests is their reduced interpretability compared to
single decision trees, as the ensemble nature makes it difficult to visualize the overall
decision-making process [8]. They can also be computationally expensive, both in terms
of processing time and memory usage, particularly when training on large datasets with
many trees. Additionally, their performance gains diminish when working with very small
datasets, as the benefits of aggregation rely on having enough diversity among the trees.

3.4.5 Available Hyperparameters in ieeAutoML

In the ieeAutoML app, Random Forest is available for classification tasks under the
custom training option. Users can modify the following default hyperparameters:

e n estimators: Number of trees in the forest (default: 100).

e max_depth: Maximum depth of each tree (default: 7).

3.5 XGBoost

3.5.1 Overview

XGBoost (Extreme Gradient Boosting) represents a scalable and efficient implementation
of gradient-boosted decision trees. The system was created to maximize both computa-
tional speed and predictive accuracy. XGBoost constructs models through sequential
stages while optimizing a regularized objective function that combines loss and complex-
ity terms [13]. The system demonstrates resistance to overfitting and works well with
structured tabular data.

3.5.2 Mechanics

XGBoost uses gradient boosting with second-order optimization which utilizes the first
and second derivatives of the loss function to direct tree construction. The algorithm
constructs a decision tree ensemble through sequential steps where each new tree learns
from the remaining errors of the previous ensemble. XGBoost achieves exceptional per-
formance through several key innovations including L1 and L2 regularization for better
generalization and learning rate shrinkage for tree influence control and feature subsam-
pling for diversity improvement and sparsity-aware split finding for efficient handling of
missing or sparse data. The combination of these improvements results in better accuracy
together with stability and scalability.
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Figure 3.5: Simplified XGBoost architecture showing multiple trees trained sequentially
to minimize loss.

3.5.3 Advantages

XGBoost demonstrates better performance than multiple alternative machine learning
algorithms for structured and tabular dataset prediction. The system achieves better
results than traditional gradient boosting techniques because of its integrated regulari-
sation functions which reduce overfitting. The system contains built-in functions which
handle sparse data and missing values without needing additional data preparation steps.
XGBoost provides parallel and distributed computing features which speed up training
processes for big datasets.

3.5.4 Limitations

The setup of XGBoost hyperparameters requires expertise together with knowledge of its
complex system architecture. A single decision tree model provides better interpretability
than the ensemble model because the ensemble structure conceals the paths of individual
decisions. The memory requirements of XGBoost exceed those of basic models while its
computational needs are higher which restricts its use with large datasets or systems with
limited resources.

3.5.5 Available Hyperparameters in ieeAutoML

XGBoost is accessible for classification tasks through the Custom Training interface in
the ieeAutoML system. The available adjustable parameters include:

e n estimators: Number of boosting rounds.
e learning rate: Shrinkage rate (e.g., 0.01-0.3).

e max depth: Maximum depth of individual trees.
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3.6 LightGBM

3.6.1 Overview

LightGBM (Light Gradient Boosting Machine) represents a fast efficient gradient boost-
ing framework that Microsoft developed for processing large datasets of high dimensional-
ity [33]. The algorithm uses histogram-based binning with leaf-wise tree growth to speed
up the training process without compromising predictive accuracy.

3.6.2 Mechanics

Light GBM accelerates both speed and accuracy through its two main operational strate-
gies. The histogram-based splitting method converts continuous features into discrete
bins that help both memory management and improve the speed of finding optimal split
points. The leaf-wise (best-first) tree growth method selects the leaf node with the
highest gain to expand rather than the standard level-by-level approach which leads to
more accurate trees for equal numbers of splits [33]. The innovative combination of effi-
cient parallelization with these two improvements makes Light GBM effective for handling
both big and sparse data sets.

(b)

Figure 3.6: Comparison of LightGBM’s leaf-wise (right) versus level-wise (left) tree
growth strategies.

3.6.3 Advantages

The algorithm provides four benefits to users because it handles large datasets quickly
through histogram-based binning and parallelization and it produces accurate predictions
by selecting optimal leaf nodes and it requires less memory than traditional gradient
boosting techniques and it handles categorical features natively without requiring one-
hot encoding [33].
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3.6.4 Limitations

Light GBM achieves high performance but this comes with the danger of overfitting when
used on small datasets without proper regularization techniques. The model lacks the
interpretability of a single decision tree and shows sensitivity to data encoding decisions
for categorical and numerical features [33].

3.6.5 Available Hyperparameters in ieeAutoML

The ieeAutoML interface allows users to set up LightGBM for classification tasks by
selecting:

e n estimators: Number of boosting rounds.
e learning rate: Tree learning rate.

e max depth: Maximum depth per tree.

3.7 CatBoost

3.7.1 Overview

Yandex developed CatBoost as a state-of-the-art gradient boosting algorithm which op-
erates natively with categorical data [48]. The training process of CatBoost includes
built-in categorical feature handling which eliminates the need for extensive data prepa-
ration work. The two main features of ordered boosting protect against target leakage
and the efficient categorical encodings system maintains crucial information to reduce
overfitting.

3.7.2 Mechanics

The gradient boosting framework of CatBoost employs two essential features to construct
its models. ordered boosting determines residuals through permutation-based subsets
of training data to prevent any observation from having its target value included in its
calculation. The procedure successfully minimizes the amount of target leakage which
occurs during the model training process.The combination of both strategies provides
better accuracy while enhancing model generalization [48]. Second, efficient categorical
encoding transforms categorical variables using statistics derived only from previous
observations in a given permutation, thereby mitigating the risk of overfitting commonly
associated with ordinal encoding methods [48]. Additionally, CatBoost uses symmetric
(balanced) trees, where all leaves are at the same depth, improving inference speed
and contributing to model regularization.
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Figure 3.7: Flowchart of the CatBoost training process: ordered boosting with bootstrap
sampling and feature splitting to build symmetric trees.

3.7.3 Advantages

CatBoost provides multiple significant advantages to users. The algorithm supports cat-
egorical features natively so users do not need to perform explicit preprocessing espe-
cially when working with structured datasets [48]. The ordered boosting mechanism in
CatBoost helps prevent target leakage while reducing overfitting [48]. The practical per-
formance of CatBoost matches XGBoost and Light GBM when working with structured
data benchmarks. The symmetric tree structure of the model enables fast and efficient
prediction times.

3.7.4 Limitations

The training process of CatBoost becomes longer than Light GBM when dealing with
extremely large datasets. The process of achieving optimal performance requires proper
adjustment of its hyperparameters. The built-in objective functions of CatBoost remain
limited compared to alternative solutions which restrict its flexibility for specific tasks.

3.7.5 Available Hyperparameters in teeAutoML

In the ieeAutoML interface, CatBoost is available for classification tasks with the following
configurable hyperparameters:

e iterations: Number of boosting rounds (default: 100).

e depth: Maximum number of layers per tree (default: 6).
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e learning rate: Shrinkage factor controlling the contribution of each tree (default:
0.1).

3.8 Neural Networks / MLP Classifier

3.8.1 Overview

The Multi-Layer Perceptron (MLP) architecture in Neural Networks functions as a spe-
cific feedforward artificial neural network designed for supervised classification problems.
The neural network architecture of MLP uses multiple interconnected neurons spread
across layers to detect nonlinear patterns which exceed linear method capabilities [21].

3.8.2 Mechanics

The standard MLP architecture includes an input layer followed by one or multiple hidden
layers before reaching the output layer. The weighted inputs of each neuron combine into
a sum which then passes through a nonlinear activation function such as ReLU. The
training process uses backpropagation with gradient-based optimization methods (Adam
or SGD) to reduce the cross-entropy loss function [4].

input-layer hidden-layer output-layer

Figure 3.8: Architecture of a simple MLP classifier with one hidden layer. Each neuron
is connected to all neurons in the subsequent layer.

3.8.3 Advantages

MLPs possess the ability to identify intricate nonlinear patterns together with multiple
feature relationships which other models cannot detect. The adaptable structure of MLPs
enables them to handle various tasks and data formats including both structured tabular
data and unstructured image data. Their broad application range makes them a strong
general-purpose learning framework which solves multiple classification problems.

3.8.4 Limitations

MLPs need extensive training data to achieve their best results and maintain effective
generalization. The computational requirements of MLPs are high which typically needs
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GPU acceleration or extended training periods for big datasets. The lack of transparency
in their decision-making process has led to their classification as a “black box” model
which makes interpretation difficult.

3.8.5 Available Hyperparameters in ieeAutoML

e hidden layer sizes: Tuple specifying the number of neurons in each hidden layer
(e.g., [64, 32]).

e activation: Activation function, such as relu or tanh.
e solver: Optimization method, such as adam or sgd.

e alpha: L2 regularization strength.

3.9 Extra Trees Classifier

3.9.1 Overview

The ensemble learning method Extremely Randomized Trees (Extra Trees) operates
through decision trees. The process follows the Random Forest methodology but intro-
duces additional randomness to split decisions. Instead of seeking the most discriminative
threshold, the algorithm selects random thresholds for a subset of features before training
each individual tree on the complete dataset [20].

3.9.2 Mechanics

Extra Trees functions through a model of multiple unpruned trees which learns from
the full dataset without bootstrapping. During each split process the model randomly
chooses features before setting random split thresholds instead of employing optimization
algorithms. The combination of multiple trees in the approach produces diverse trees that
reduce overall model variance and this leads to better performance on datasets with noise
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Figure 3.9: Illustration of Extra Trees: random splits across multiple unpruned trees
increase variance reduction compared to single decision trees.
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3.9.3 Advantages

The training speed of Extra Trees depends on its random split selection method which
avoids expensive threshold optimization procedures. The ensemble model shows better
resistance to high variance than tree ensemble models and delivers stable results in noisy
conditions and large feature datasets.

3.9.4 Limitations

The random nature of Extra Trees decision-making makes it challenging to understand
the model’s internal process compared to basic models. The performance of optimized
ensemble methods including Gradient Boosting and Random Forest exceeds Extra Trees
when working with properly structured datasets. The model’s performance deteriorates
when training data consists of only a limited number of examples.

3.9.5 Available Hyperparameters in ieeAutoML

ieeAutoML provides the following set of hyperparameters for the user to select:
e n estimators: Number of trees in the ensemble.

e max depth: Maximum depth allowed for each tree.

e max_features: Number of features to consider at each split (e.g., "sqrt" or "log2").

3.10 K-Nearest Neighbors (K-NN) Classification

3.10.1 Overview

K-NN represents a supervised classification algorithm based on non-parametric principles
which stands for K-Nearest Neighbors. The class prediction for a query point results from
locating its k nearest neighboring points in feature space followed by selecting the class
that appears most often among them [1].

3.10.2 Mechanics

K-NN operates by predicting outcomes through comparisons of new instances to every
training example. The k closest points are determined through a chosen metric (e.g., Eu-
clidean) and then the predicted class emerges from majority voting. A small &k value leads
to unstable decision boundaries while an increased k value results in more generalized
and smoother boundaries.
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Figure 3.10: Decision boundary formed by K-NN classifier for £ = 3. Regions are colored
based on nearest neighbors in the training set.

3.10.3 Advantages

K-NN maintains simplicity in its design structure which makes the algorithm straightfor-
ward to comprehend and implement. As a non-parametric method, it does not require
assumptions about the underlying data distribution. The model provides users with
flexibility to modify its behavior through k£ and distance metric adjustments.

3.10.4 Limitations

The time required for prediction in large datasets becomes expensive because K-NN needs
to compute distances from all training instances. The model’s performance suffers from
irrelevant features together with scale variations in features so preprocessing becomes
crucial. The predictive power of this approach declines substantially when operating in
high-dimensional spaces due to the curse of dimensionality.

3.10.5 Available Hyperparameters in ieeAutoML

e n neighbors: Number of nearest neighbors (k) to use for classification.
e weights: Weighting function for neighbor contributions ("uniform" or "distance").

e metric: Distance metric used for neighbor calculation (e.g., "euclidean" or "manhattan").
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Languages and Technologies

The iecAutoML web application operates through a set of essential technological frame-
works which allow the system to complete end-to-end model development and assessment.
The system implements an advanced full-stack structure, combining interactive visualiza-
tions with machine learning algorithms and AutoML tools and cloud platform capabilities.
The choice of technologies was guided by practical experimentation rather than conve-
nience. For instance, Fast API was selected over Django due to its asynchronous support,
which proved essential for handling long-running training tasks, while Supabase was pre-
ferred to Firebase because of its PostgreSQL foundation, which better suited experiment
tracking requirements.

4.1 Programming Languages

The main programming language for backend development includes Python which sup-
ports the creation of APIs and machine learning models and data processing pipelines.
The application depends on JavaScript and TypeScript for its frontend development
needs. Through JavaScript developers can build interactive Ul components which estab-
lish backend service interactions while TypeScript enhances developer tooling through
type safety to improve maintainability while minimizing runtime errors.

4.2 Frontend Technologies

The interface development benefits from contemporary JavaScript tools which enable
developers to create performance-oriented user interfaces by following design principles
alongside modular programming standards.

Core Framework and Build Tools

The main frontend library is React 18.3.1 which allows developers to build highly inter-
active user interfaces. The development process and build operations rely on Vite which
enables fast development times and optimized output. The entire frontend codebase uses
TypeScript for static type checking and React DOM ensures efficient browser component
rendering.
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Styling and UI Components

Tailwind CSS functions as the application’s styling mechanism through its utility-first
CSS framework which enables fast and consistent design. The application uses Radix
UI to obtain accessible component primitives like modals and menus while Shadcn/UI
provides pre-styled Radix Ul components that work without a headless configuration.
The animation and transition functionality relies on Framer Motion alongside Tailwind
Animate for utility-based animation classes. The interface enables users to switch between
light and dark themes through Next Themes.

Routing and State Management

The application uses React Router DOM for client-side routing to provide seamless navi-
gation that replaces entire page reloads. TanStack Query (React Query) manages server-
side data state by providing data fetching along with caching and synchronization func-
tions. The process of form handling and validation becomes easier through React Hook
Form which decreases re-rendering overhead.

Charts and Visualization

The application uses Chart.js and React Chart.js 2 to display training metrics and per-
formance results in dynamic and responsive charts. Recharts operates as a declarative
charting library for React to deliver different visualization requirements.

Backend Integration

Supabase JS functions as an API client for database queries and user authentication to
provide secure and efficient backend service interactions.

Other Ul Utilities

The application implements Lucide React for icons as well as CMDK for command menus
and Embla Carousel for sliders and carousels. The application uses CVA (Class Variance
Authority), CLSX and Tailwind Merge class management utilities for implementing con-
sistent and conditional styling. Zod functions as a schema validation tool for forms
together with API requests. User notifications operate through Sonner and Date-fns
serves as a tool for managing dates within the application.

4.3 Backend Technologies

The Fast API web framework based on Python enables RESTful API and asynchronous
communication in the backend. The Uvicorn ASGI server serves FastAPI endpoints.
The validation of requests along with schema enforcement is performed by Pydantic.
The database layer utilizes SQLAlchemy for ORM operations which enables Post-
greSQL asynchronous access. The httpx library acts as the tool for the backend to
make asynchronous HTTP requests for external storage interactions. Machine learning
models get serialized before storage through joblib, pickle, shutil and zipfile.
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4.4 Database and Storage

Supabase functions as a backend-as-a-service solution that provides PostgreSQL-based
database storage together with authentication and file hosting capabilities. The Post-
greSQL database system within Supabase maintains all datasets, experiments and models
as well as user information. The Supabase Storage platform stores experiment artifacts
such as model files and generated visualizations while the Supabase Auth system handles
JWT-based authentication and role-based access control.

4.5 Machine Learning Libraries

The machine learning capabilities draw their power from a blend of traditional ML li-
braries and AutoML frameworks. The core classification algorithms exist in Scikit-learn
yet XGBoost and LightGBM and CatBoost deliver optimized gradient boosting
methods for custom training. The automated model selection process with leaderboard
generation occurs through MLJAR AutoML and H20 AutoML while H20 AutoML
provides superior model stacking and explainability capabilities. The interpretability
tool SHAP determines feature importance through Shapley value calculations. The
Imbalanced-learn library solves class imbalance problems through its SMOTE over-
sampling technique.

4.6 DevOps and Deployment

The application benefits from contemporary DevOps methods to maintain scalability
and reliability along with portability in its deployment process. The Docker container
system enables application deployment while NGINX and Apache work together to
receive requests and distribute frontend assets. Development environments benefit from
deployment through Render Railway and ngrok platforms. GitHub manages version
control and CI/CD pipelines and environment-specific configuration is handled through
.env files that store environment variables.

4.7 Third-Party Tools and Integrations

Several third-party tools enhance the application’s capabilities. Supabase provides the
integrated database, authentication, and storage services. Pandas and NumPy are used
extensively for data manipulation and preprocessing, while Matplotlib and Seaborn
generate visualizations such as confusion matrices and ROC curves. Finally, Mistral
Al is integrated to provide intelligent assistant responses and suggestions within the
application.
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Automated Machine Learning Tools

AutoML functions as a methodology which automates the entire process of machine
learning application to real-world problems [46]. The process includes data preprocessing
followed by feature selection and model selection and hyperparameter tuning and evalua-
tion [40]. AutoML tools enable non-technical users to access machine learning capabilities
and boost the work efficiency of experienced practitioners and produce uniform results
46].

The ieeAutoML web application implements AutoML functionality through its train-
ing pipeline following preprocessing operations. Users can select between two training
options on the training page: custom model training and fully automated training. Users
who select AutoML need to choose between MLJAR [41] and H20 AutoML [36] engines
before selecting the training preset type ( “Fast”, “Balanced” or “Accurate”) and entering
an experiment name. Users have the ability to modify test split ratio settings and data
stratification for classification tasks and random seed with default value 42. The selected
engine starts building and evaluating models automatically after the user initiates the
process.

5.1 AutoML Tools

The current market offers multiple AutoML frameworks which deliver distinct capabil-
ities. The tools differ in their approach between providing interfaces that are easy to
use and maximizing computational power and scalability. The Python-based MLJAR
AutoML produces optimized results for tabular data and generates clear interpretation
reports [41]. The H20 AutoML platform from H20O.ai provides scalable performance
with robust explainability features and algorithmic support [36]. Auto-sklearn extends
scikit-learn through Bayesian optimization and ensemble learning to perform automated
model selection [19]. The genetic programming-based TPOT system evolves optimal
pipelines [44], but Google AutoML and Microsoft Azure AutoML serve enterprise-level
machine learning deployments [40]. The decision to integrate MLJAR and H20 AutoML
into ieeAutoML stemmed from their open-source nature and high accuracy and strong
explainability support [41, 36].

5.2 H20 AutoML

The open-source framework H20 AutoML developed by H20.ai enables handling of large
datasets and enterprise-scale tasks [36]. The framework trains multiple models includ-
ing Gradient Boosting Machines (GBM), Generalized Linear Models (GLM), Random
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Forests and Deep Neural Networks and then employs stacked ensemble methods for model
combination. The max runtime_secs parameter functions as a training time controller
to determine the maximum allowed execution duration. The system includes features
that support classification task class balancing and performs cross-validation as well as
automatic training-validation split generation and performance-based early stopping and
built-in model interpretability tools which include variable importance analysis and SHAP
summaries. After training completion H20 generates a performance leaderboard showing
the performance of each model. The system generates two artifacts from the leaderboard
and visual explanations which ieeAutoML stores for user access [36].

5.3 MLJAR AutoML

The open-source machine learning system MLJAR AutoML performs full automation of
the entire process from data preprocessing to feature engineering through model training
and interpretation [41]. The system shows exceptional performance with structured/tab-
ular data and operates with multiple algorithms including Light GBM, Random Forest,
Extra Trees, XGBoost and Logistic Regression. MLJAR provides three training modes
which consist of Fxplain for fast interpretable model training and Perform for balanced
speed and accuracy and Compete for extended training to achieve advanced tuning and
stacking. The system creates detailed reports which include feature importance analysis
along with SHAP explanations and model leaderboard scores and complete training set-
tings. The ieeAutoML system selects an MLJAR configuration based on its preset which
ensures the best-performing model gets saved and visualized.

5.4 Other Tools

The AutoML capabilities of MLJAR and H20 AutoML face competition from several
alternative frameworks. Auto-sklearn extends scikit-learn capabilities through Bayesian
optimization to select models and adjust hyperparameters automatically [19]. TPOT em-
ploys evolutionary algorithms to search optimal pipelines which deliver high performance
though they need substantial computational power [44]. The commercial solution set of
Google Cloud AutoML includes vision along with language and tabular data processing
capabilities [46], while Microsoft Azure AutoML provides users with a graphical interface
to track experiments and tune models before deploying them to the cloud [40]. Although
these tools deliver excellent enterprise-ready features the scope of iecAutoML centers on
open-source solutions with strong explainability and ease of integration.
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Algorithms implementation using Pyt-
non and scikit-learn

6.1 Data Preprocessing

The process of data preprocessing stands essential before starting machine learning model
training. The Python-based preprocessing pipeline of ieeAutoML backend depends on
scikit-learn and imbalanced-learn libraries for its implementation. The preprocess-
ing pipeline consists of type detection and task identification followed by missing value
imputation and normalization and class balancing.

6.1.1 Data Type Detection and Feature Classification

The system applies heuristics to determine whether features are categorical or numerical.
The system identifies float columns with low cardinality and integer-only values as cat-
egorical features. Object-type columns undergo evaluation for numeric patterns during
inspection.

Listing 6.1: Detecting feature types

def detect_data_types_and_features(df):
for col in df.columns:
dtype = df [col].dtype
if is_float_dtype(dtype) and df [col].nunique() <= 15:
categorical_features.append (col)
elif is_integer_dtype (dtype):
if df [col].nunique() <= 20:
categorical_features.append(col)
else:
numerical_features.append(col)

6.1.2 Task Type Detection

The type of machine learning task is inferred based on the number of unique values and
the data type of the target column.

Listing 6.2: Detecting task type

def detect_task_type(df, target_column):
target_series = df [target_column].dropna ()
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unique_count = target_series.nunique ()
if unique_count ==
return
elif unique_count <= 50:
return
else:
return

6.1.3 Dataset Overview and Missing Value Detection

The system produces an overview which displays total missing values together with col-
umn types and unique value counts. The system transforms custom missing symbols

CC25
. b

“‘NA’’, “‘null’’ into NaN for uniformity.

6.1.4 Missing Value Imputation

The clean_data function offers multiple imputation approaches.

Mean, Median, Mode: The system uses statistical imputation to replace missing
values with mean, median or mode.

Drop: The system removes all rows containing missing values through the Drop
method.

Hot Deck: The Hot Deck method uses K-Nearest Neighbors to locate comparable
rows which then replace missing values.

Skip: The Skip method maintains missing values in their original state.

Listing 6.3: Hot deck imputation with KNN

knn

knn .

= NearestNeighbors(n_neighbors=3)
fit(complete_rows.values)

indices = knn.kneighbors([row_filled.values], return_distance=
— False)
donor_row = df_copy.loc[indices [0] [0]]

6.1.5 Normalization

The system accepts different scaling methods which normalize numerical features into
equivalent scales.

Min-Max Scaling
Standard Scaling
Robust Scaling

Log Transformation

Skip
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Listing 6.4: Applying standard normalization

scaler = StandardScaler ()
transformed = scaler.fit_transform(values).flatten ()
df _copy[col] = np.round(transformed, decimals)

6.1.6 Class Balancing

The balance_dataset function provides capabilities to perform both under- and over-
sampling for handling imbalanced classification datasets.

e Undersampling: The methods for undersampling include Random, ENN, Tomek
Links, and NCR while the methods for oversampling,

e Oversampling: include Random, SMOTE, Borderline SMOTE, and ADASYN.

Listing 6.5: Balancing using SMOTE

sampler = SMOTE(random_state=42)
X_res, y_res = sampler.fit_resample(X_encoded, y)
df _balanced = pd.concat([X_res, y_res], axis=1)

6.1.7 Integration in ieeAutoML

The ieeAutoML app presents these preprocessing elements through a user-friendly inter-
face. The backend maintains consistent handling of missing values and normalization
methods and balancing strategies while the frontend lets users make interactive configu-
ration choices prior to starting the training process.

6.2 Classification Algorithms

The ieeAutoML system provides support for supervised classification model training
through scikit-learn framework. After dataset selection and preprocessing the system
provides the option to perform customized training with multiple available algorithms.
The supported algorithms include Logistic Regression, Decision Trees, Random Forests,
Gradient Boosted Trees (XGBoost, Light GBM, CatBoost) and Neural Networks (MLP)
together with Extra Trees and k-Nearest Neighbors.

6.2.1 Training Workflow

The training process begins with a defined workflow which consists of:
e The dataset needs to be split between training and testing data sets.
e Categorical features require encoding through the LabelEncoder process.
e The system requires the selection of a classification algorithm.

e The model requires either default or customized hyperparameters for application.
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e The model receives training from the training set data.

e The model receives assessment on the test data through accuracy, precision, recall,
F1-score and log-loss measurements.

A simplified implementation is shown below:

Listing 6.6: Model training logic (simplified)

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score, fl_score, log_loss
from sklearn.ensemble import RandomForestClassifier

from sklearn.preprocessing import LabelEncoder

# Encode target
le = LabelEncoder ()
y_encoded = le.fit_transform(df[target_column])

# Split data
X_train, X_test, y_train, y_test = train_test_split(
df [features], y_encoded, test_size=0.2, stratify=y_encoded,
< random_state=42

# Train model

model = RandomForestClassifier(n_estimators=100, max_depth=10,
— random_state=42)

model .fit (X_train, y_train)

# Evaluate

y_pred = model.predict(X_test)

accuracy = accuracy_score(y_test, y_pred)

f1 = f1_score(y_test, y_pred, average= )

6.2.2 Hyperparameter Handling

Each algorithm accepts a dictionary of hyperparameters passed by the user. The default
settings will be used if the user does not provide any values. An example demonstrates
how to supply custom parameters for training an XGBoost classifier:

Listing 6.7: Custom hyperparameters example

from xgboost import XGBClassifier

custom_params = {
150,
5,
0.05
+
model = XGBClassifier (**custom_params)

model.fit(X_train, y_train)
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6.2.3 Supported Algorithms
The ieeAutoML platform provides the following classification algorithms:
e Logistic Regression (LogisticRegression)
e Decision Tree (DecisionTreeClassifier)
e Random Forest (RandomForestClassifier)
e XGBoost (XGBClassifier)
e LightGBM (LGBMClassifier)
e CatBoost (CatBoostClassifier)
e Neural Network (MLP) (MLPClassifier)
e Extra Trees (ExtraTreesClassifier)

e k-Nearest Neighbors (KNeighborsClassifier)

The classifiers are initialized dynamically based on the algorithm name provided in
the training configuration. Results are saved alongside performance metrics and visual-
izations such as confusion matrices and SHAP plots.

6.3 AutoML Algorithms Implementation

The ieeAutoML application supports training with Automated Machine Learning (Au-
toML) frameworks in addition to manual algorithm selection. Users can select between
two integrated engines: MLJAR and H20 AutoML. After preprocessing, users nav-
igate to the training interface, where they select the AutoML engine, a training preset
(fast, balanced, or accurate), configure test size, toggle stratification (for classification
tasks), and specify a random seed (default 42).

6.3.1 MLJAR AutoML Integration

The MLJAR engine uses the mljar-supervised library, offering efficient training and
evaluation of multiple models under unified settings. The following code shows the con-
figuration and training logic:

Listing 6.8: MLJAR AutoML training

from supervised.automl import AutoML

automl = AutoML (
mode= ,
total_time_limit=training_params|[ 1,
algorithms=training_params[ 1,
eval _metric=training_params[ 1,
random_state=training_params [ 1,
train_ensemble=True,
verbose=True

42




Chapter 6. Algorithms implementation using Pytnon and scikit-learn

)
automl .fit (X_train, y_train)
# Save and compress model if large

model_file = £
joblib.dump (automl, model_file)

Presets dynamically define which algorithms are included, the time limit, and eval-
uation metric (e.g., logloss for classification, rmse for regression). After training, the
best-performing model is selected from the MLJAR leaderboard.

6.3.2 H20 AutoML Integration

H20 AutoML is integrated using the h2o Python client. It performs automatic training
of a variety of models, including stacked ensembles. The following code illustrates H20
training:

Listing 6.9: H20 AutoML training

import h2o
from h2o0.automl import H20AutoML

h2o0.init ()

hf = h2o0.H20Frame (df)
train, test = hf.split_frame(ratios=[0.8], seed=42)

aml = H20AutoML (
max_runtime_secs=training_params[ 1,
seed=42,
include_algos=training_params [ ]

)
aml.train(y=target_column, training_frame=train)
# Export model

model = aml.leader
h2o0.save_model (model=model, paths= , force=True)

The H20 platform automatically detects tasks and enables model stacking capa-
bilities. The system provides additional capabilities through leaderboard retrieval and
h20.explain() visualization and prediction API functionality. Integrating H20 AutoML
required substantially more effort than MLJAR, particularly due to the different model
export formats such as MOJO files. Adapting the prediction pipeline to handle these cases
highlighted the importance of anticipating framework-specific constraints when designing
a unified system.

6.3.3 Model Export and Evaluation

The best model receives export and evaluation treatment before storage with its associ-
ated metrics. The model gets compressed when needed. The system generates visual-
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izations that include confusion matrices together with ROC/PR curves and SHAP plots
and metric summaries before uploading them to backend storage.

6.3.4 Example Output

AutoML experiment training generates structured metadata which summarizes the com-

plete training process. The metadata contains model type details (XGBoost or StackedEnsemble)
along with accuracy and Fl-score and log-loss evaluation metrics and leaderboard file
rankings and SHAP explanations visualizations. Users can access high-performing mod-

els together with performance summaries through a system which removes the need for
manual algorithm selection and hyperparameter tuning.
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Design of ieeAutoML

7.1 Requirements (User Stories)

The design and functionality of iee AutoML system receives direction from user stories
that represent actual use cases and user expectations. These stories span the entire
workflow — from dataset handling to model training, evaluation, and prediction.

1. Dataset Overview. The user needs to upload a dataset for viewing its structural
overview which includes information about column types and missing values and
numerical and categorical distribution.

2. Missing Value Imputation. A user needs a system to handle missing values in
datasets through standard imputation methods and obtain the cleaned dataset for
additional analysis.

3. Feature Importance. The user requires feature importance calculation based on
target column selection for evaluation of feature inclusion before starting the train-
ing process. The system allows users to save and download the updated dataset.

4. Normalization and Balancing. The system allows users to execute dataset
preprocessing methods that combine normalization techniques with class balancing
methods for exporting the trained model or external use.

5. Custom Model Training. Users need to train their model through a customized
algorithm by choosing between default or manually set hyperparameters to achieve
optimal results for their specific task.

6. AutoML Training. Users can train their datasets through AutoML engines H20
and MLJAR by choosing predefined profiles (e.g. fast, balanced, accurate) which
perform automatic model selection and optimization.

7. Experiment Results. The user needs access to experiment results which include
essential performance metrics and visual elements including confusion matrix and
SHAP and ROC and model files and leaderboards and prediction tables for down-
load.

8. Model Prediction. After model training completion users need to make predic-
tions by entering feature values manually or uploading a CSV file with the ability
to assess prediction accuracy when ground truth labels exist.
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9. Experiment Management and Tuning. Users need access to view their finished
experiments alongside the ability to separate them by Custom or AutoML types and
adjust custom experiment parameters before running the training pipeline again.

10. Experiment Comparison. The user needs functionality to compare different
experiments through established metrics that consider training type and task type
(binary /multiclass classification or regression) to select the most powerful model.

7.2 Flow Charts

Dataset Processing and Training Workflow

The ieeAutoML system demonstrates its complete data preparation and training process
through Figure 7.1. The workflow starts with dataset upload followed by conditional
missing value handling. The system enables users to choose a target column for preview-
ing feature importance before selecting to save their refined dataset. Users can perform
normalization and class balancing operations after applying preprocessing techniques be-
fore starting the training process. Users have two training choices: Custom or AutoML
with distinct training paths. The diagram demonstrates key decision points together with
modular flexibility that exists throughout the data processing and training process.
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Start

Upload Dataset

Drop Rows Check for Missing Values? Choose Imputation Strategy

Select Target Column

View Feature Importance

Save New Dataset? Save Final Dataset

Choose Normalization

Choose Balancing

Apply Preprocessing? No

Yes

Proceed to Training

Custom Training Choose Training Type AutoML Training
Select Algorithm Select Engine (MLJAR or H20)
Set or Use Default Hyperparameters Select Preset
Train Model Train Model

View Results

End

Figure 7.1: Workflow of the ieeAutoML application from dataset upload to training
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Training Workflow — Custom vs AutoML

The training component separates into two distinct workflows which are Custom Train-
ing and AutoML Training according to Figure 7.2. Users who follow the Custom path
choose an algorithm and decide between using default or customized hyperparameters.
Users define their experiment details through metadata inputs that include name se-
lection and test split configuration along with stratification options and random seed
settings and optional visualization choices. The AutoML training process enables users
to choose between MLJAR or H20 engine selection and predefined profile options before
starting background asynchronous training. The training paths unite at a single result
presentation point which maintains uniform output and user interaction.

|

Custom Training

AutoML Training

Choose Training Type

Select Algorithm

Select Engine (MLJAR or H20) ‘

Select Preset

2

Use Default Parameters Use Default Parameters? Set Custom Parameters

Enter Experiment Name

Enter Experiment Name
Set Test Set Split %

Set Test Set Split %

i
Lk

Toggle Stratified Split

(only for classification)
Set Random Seed

Set Random Seed

Toggle Stratified Split
(only for classification)

:
LI

Click Train Model

Enable Visualizations?

Async Background Training

:
I

Click Train Model

‘St(n‘(z Results / Model / Visuals

H

Display Results

Display Results

Figure 7.2: Training Workflow in ieeAutoML: Custom and AutoML Training Paths
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Prediction Workflow — Manual and CSV-Based

The prediction workflow in Figure 7.3 supports manual entry as well as CSV-based pre-
diction. Users enter feature values manually through the direct input system which
generates both predictions and confidence scores. The system processes uploaded CSV
data through parsing procedures. The system evaluates prediction accuracy from the
target column if present otherwise it produces only predictions. Both paths merge their
output into one unified display interface that shows results in an easy-to-read format.
This step omits SHAP explanations because it helps to achieve faster operation during
real-time user input scenarios and basic system operations.

Start Prediction

Manual CsvV
User Inputs Feature Values Select Prediction Mode —‘ Upload CSV File

Load Trained Model Load Trained Model

Run Manual Prediction

0ol

Target Column Filled?

Return Prediction with Confidence

Predict Missing Target Column Evaluate Predictions

Return Results with Confidence

Display Prediction Output

End

Figure 7.3: Prediction Workflow in ieeAutoML: Manual Entry and CSV Upload

7.3 Database Design

The Supabase system uses PostgreSQL as its database implementation for schema design.
The system manages user information as well as datasets and experiments and models
and comparisons and visualizations through different relational database tables. Key
tables include:

e users — The system stores user authentication data in the “users” table through
Supabase authentication.

e datasets — The “datasets” table contains file path information and target column
identification and version control for raw data cleaning and final processing.
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e experiments — The “experiments” core table tracks all training runs and includes
information about custom or autoML experiments as well as engine selection and
algorithm choice and performance metrics and timestamps.

e models — The “models” table contains information about trained model metadata
which includes filename, path and type while linking to experiment IDs.

e comparisons — The “comparisons” table contains experiment IDs that users have
marked for comparison purposes.

e visualizations — The “visualizations” table stores URLs together with file types
for different plot types such as ROC and PR and SHAP and confusion matrix.

Every experiment maintains links to datasets and optionally trained models. Foreign
keys connect visualizations with their corresponding predictions and experiments in the
database. The schema design allows easy expansion of new features such as version
control and team collaboration and user role management.
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Figure 7.4: Entity-Relationship Diagram of the iecAutoML system, split into two parts
for clarity.

7.4 System Architecture

The high-level system design, illustrated in Figure 7.5, consists of four core components:
a The system design includes a React-based frontend and a FastAPI backend that pro-
vides all machine learning and data end-points and Supabase for authentication and file
storage and PostgreSQL database management and Python-based ML engines includ-
ing Scikit-learn, H20, and MLJAR. This modular The architecture allows background
training through asynchronous processing while maintaining a clear separation of logic to
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ensure the system remains scalable for both team-based functionality and future public
deployment.

[ React Frontend ]

ES
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)[ FastAPI Backend
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Dataset Storage
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[ Model Training }

% Model Storage
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(Manualfor CSV)
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[ Experiment Results J

Figure 7.5: System Architecture of ieeAutoML: Interaction between Frontend, Backend,
Supabase, Storage, and ML Engines
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Implementation of ieeAutoML

The following section explains the technical aspects of ieeAutoML web application
development through a detailed description of backend and frontend components. The
system developers designed the system to operate with modularity and scalability features
while remaining user-friendly for non-technical machine learning users.

8.1 Backend Implementation

The Fast API framework powers the ieeAutoML backend to run a high-performance
asynchronous Python API server. The system design uses a modular approach which
divides responsibilities between separate folders.

e api/: The api/ folder contains route handlers which function as separate modules
for dataset management and training and prediction and results processing.

e core/: The core/ folder controls configuration management as well as authentica-
tion and security utilities.

e db/: The db/ folder contains database models and Supabase integration definitions.

e services/: The services/ folder contains the core ML logic which includes prepro-
cessing and training (AutoML and custom) and visualization.

e utils/: The utils/ folder contains shared helper functions together with configu-
ration constants.

8.1.1 Machine Learning Pipeline

The backend system operates through two training modes.

1. Custom Training: Users can select algorithms such as Decision Trees, Random
Forests, Gradient Boosting (XGBoost, Light GBM, CatBoost), Logistic Regression,
and Neural Networks through the Custom Training option. Users have the option
to select their own hyperparameters or use the default values. The training process
relies on scikit-learn.

2. AutoML Training: The system supports two AutoML engines which are MLJAR
and H20 AutoML AutoML for automatic model training and selection of the best
model based on performance metrics.
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The system stores trained models within Supabase Storage for retrieval purposes. The
system uses compression methods and serialization techniques to handle big model files
such as H20.zip files. The system creates visualizations including confusion matrix and
SHAP and ROC curves which get uploaded during or after the training process.

8.1.2 Key Backend Endpoints

Table 8.1 summarizes the most important backend endpoints that form the machine learn-
ing pipeline in ieeAutoML. These endpoints cover dataset management, preprocessing,
training, and prediction.

Table 8.1: Key backend endpoints of ieeAutoML

Endpoint Purpose

POST /dataset-overview/ Upload a dataset (CSV), store it as raw.csv,
and return dataset overview (columns, missing
values, statistics).

POST /handle-dataset/ Apply missing value handling strategies
(mean, median, mode, drop, hot-deck) and
save cleaned.csv.

POST /feature-importance-preview/ | Analyze feature importance and detect task
type (binary classification, multiclass, regres-

sion).

POST /save-dataset/ Save selected target and features to
final.csv.

POST /data-preprocess/ Apply normalization and class balancing, then
save processed.csv.

POST /automl/ Train a model using AutoML engines (MLJAR
or H20), automatically selecting the best algo-
rithm.

POST /custom-train/ Train a custom model with user-selected algo-

rithm (e.g., Logistic Regression, Random For-
est, XGBoost) and hyperparameters.

GET /check-status/{experiment_id} | Check experiment training status (running,
completed, failed).

POST /predict-manual/ Make a prediction using a trained model with
manual input values.

POST /predict-csv/ Make predictions or evaluate a model on a
batch dataset uploaded as CSV.

8.1.3 Dataset Handling and Preprocessing

The uploaded CSV files undergo secure parsing and storage operations within Supabase
Storage. The back-end system enables extensive preprocessing operations through statis-
tical methods (mean, median, mode) and row removal and advanced hot-deck imputation.
The system enables feature selection through mutual information and correlation analysis
while providing normalization techniques including min-max scaling and 0-100 scaling
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and class balancing methods such as SMOTE. The system implements automatic task
type detection which identifies binary classification and multiclass classification and re-
gression tasks. The system generates new dataset versions at each preprocessing stage
(raw.csv, cleaned.csv, final.csv, processed. csv) to maintain complete transparency
and traceability throughout the workflow.

8.1.4 Prediction Module

The backend system provides two prediction endpoints which allow users to make predic-
tions through manual input or batch predictions from uploaded CSV files. The system
loads the trained model dynamically when it receives a prediction request before apply-
ing the same preprocessing pipeline that was used during training to process the input
data. The response includes both predicted value and confidence score information but
CSV-based prediction mode adds extra evaluation metrics to assess model performance.

8.2 Frontend Implementation

The ieeAutoML frontend operates with React for its implementation while it follows a
design that emphasizes simplicity alongside clarity and accessibility. The system provides
full machine learning capabilities from data import to prediction delivery to users who
lack programming knowledge. The user interface follows a structured organization with
five main tabs which correspond to each phase of the ML pipeline.

The user interface follows a structured organization with five main tabs which corre-
spond to each phase of the ML pipeline:

e Dashboard Tab: Users can access this central dashboard to handle all datasets
alongside experiments and model comparison features. It includes:

— The Datasets panel where users can view all uploaded files through previews
or downloads for each processing stage starting from raw to processed data.

— The Experiments panel where users can manage previous experiments by view-
ing metrics and charts or by deleting old results.

— The Comparisons panel where users can choose two or more experiments to

view their performance side by side.

e Dataset Tab: Users can find a structured data preparation process through four
sub-stages within this tab.

— Upload: Accepts CSV datasets and detects missing value symbols.

— Faxplore: The system provides users with an overview display during Explore
phase before they apply missing value imputation using mean, median, mode,

drop, or Hot Deck via KNN methods.

— Features: Users can examine feature importance while setting their target
column and input features through this interface. The system automatically
identifies whether the task should be classification or regression.
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— Preprocess: The system enables users to perform scaling and class balancing
through its Preprocess function. The system provides context-dependent op-
tions which show SMOTE only during classification tasks involving numerical
data.

e Training Tab: Users can configure models and track results while training their
models through the Training Tab. It con- contains:

— AutoML: The users can start automated training processes through the Au-
toML feature which uses either MLJAR or H20 engines. Users can select
their desired training approach through a preset selection menu (e.g., fast,
balanced, accurate).

— Clustom: Through the Custom option users can pick between Decision Tree
and XGBoost and Neural Network algorithms before they can adjust hyper-
parameters and define their train/test split and stratification preferences.

e Results Tab: The Results Tab delivers visualized performance results alongside
analytical insights. The following information is presented:

— Users can find important metrics which include accuracy, precision, recall, F1
score, AUC, RMSE and more.

— The system displays confusion matrices together with classification reports.

ROC and PR curves

SHAP explanations and feature importances are displayed through the system.

The AutoML leaderboards function is available for both MLJAR and H20
platforms.

e Prediction Tab: Users can perform real-time model predictions through the Pre-
diction Tab.

— Manual Prediction: Users who input feature values receive predictions together
with confidence scores or probability values through the Manual Prediction
tool.

— CSV Prediction: Users can upload test CSV files to obtain downloadable pre-
diction results.

The frontend implements TanStack Query for server-state caching along with React
Context for internal state management (auth, training, dataset selection) and native
fetch() for API communication. The designed architecture provides both speed and
modularity as well as simple operation.

8.2.1 State Management

The application uses TanStack Query together with React Context to achieve efficient
state management. The application depends on TanStack Query to manage server state
and cache API responses and perform background updates which makes it essential for
data-fetching features. The application uses React Context to handle client-side Ul state
management for authentication and training session tracking and dataset metadata. The
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architecture benefits from not using Redux because it stays lightweight and performs well.
The application uses three context providers named AuthContext, TrainingContext
and DatasetContext to handle their individual responsibilities while keeping separate
concerns.

8.2.2 API Communication

The application implements fetch() API through utility functions for backend endpoint
interactions. These include:

e getAuthHeaders(): The application applies Supabase JWT tokens to requests
through getAuthHeaders() function

e handleApiResponse(): The function handleApiResponse() functions as a universal
approach to process both successful and unsuccessful responses.

8.2.3 User Experience

The application leads users through dataset selection and preprocessing followed by model
training and result analysis and prediction steps. The application uses tooltips along with
previews and context-dependent options to provide usability for users who are not experts.

8.3 Conclusion

The ieeAutoML implementation makes use of advanced technologies to create an effec-
tive and easy-to-use system for supervised learning operations. The system combines a
FastAPI-based modular backend with a React-based frontend using clean state manage-
ment and full Supabase integration to provide technical abstraction while maintaining
flexible and transparent machine learning workflows.
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Presentation of ieeAutoML

This chapter presents the user-facing functionality of the ieeAutoML web application
through its main workflow tabs. Each subsection corresponds to a distinct stage in the
machine learning pipeline, as realized in the frontend.

The application is designed with clarity and accessibility in mind, guiding the user
through dataset upload, feature selection, preprocessing, training, evaluation, prediction,
experiment management, and Al-based assistance.

9.1 Data Handling

The first step in the ieeAutoML pipeline involves uploading and exploring the dataset.
The interface is designed to automatically analyze the dataset structure and identify
missing values, while also allowing for user-defined configurations.

9.1.1 Dataset Upload and Missing Value Symbol

The first step in the ieeAutoML workflow is uploading a dataset. Users are prompted
to upload a CSV file, which will serve as the foundation for the rest of the pipeline. In
addition to uploading their own data, users can also choose from one of three preloaded
demo datasets, each corresponding to a distinct supervised learning problem type:

e Binary Classification
e Multiclass Classification

e Regression

This option provides a fast way to test and explore the functionality of ieeAutoML
without needing to prepare data externally.

Upon file upload or demo selection, the system automatically displays a brief preview
of the dataset, including the first few rows and column headers. This allows the user to
quickly verify the structure and content of the file before proceeding.

Additionally, users have the option to specify a custom missing value symbol (e.g.,
9999, 7, or NULL) if their dataset uses non-standard indicators for missing entries. If no
custom symbol is provided, ieeAutoML scans for common missing value indicators such
as empty cells, NaN, and None.
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Dataset Processing

Upload, explore, and preprocess your datasets for machine learning. Handle missing values,
analyze features, and prepare your data for modeling.

Upload Dataset Feature Preprocessing
Dataset

Upload

8 Try with Demo Datasets

Get started quickly with pre-configured datasets for different machine learning tasks

Titanic.csv Bliary IRIS.csv Mtotes House Price.csv Rogresslon
(9 Binary Dataset /I Multiclass Dataset & Regression Dataset

A binary classification dataset for A multiclass classification dataset A regression dataset for predicting
predicting passenger survival on the... containing measurements of iris... house prices based on various...

© Preview IR GIRIPEIEEE © Preview [EIVERGIIPEI ST [ORJCVWE () Use this Dataset

(a) First part of the upload screen

Dataset Upload

Upload a CSV file to start analyzing and processing your dataset

Drag and drop your CSV file here
or click to browse your files
Custom Missing Value Symbol (Optional)

e.g., NA, ?, -

If your dataset uses specific symbols to represent missing values, enter them here

O Start Over Upload Dataset

(b) Second part of the upload screen
Figure 9.1: Upload screen with optional custom missing value symbol input

9.1.2 Missing Values Analysis

After uploading, the app transitions to the “Explore” step. It automatically checks for
missing values and displays a summary to the user. If no missing values are found, the
dataset is marked as complete and the user is allowed to proceed directly to the feature
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selection step.

Data Preview Latest Available Stage o
© Viewing: Latest Available Stage

@ Data Preview Loaded
owing 10 rows and 4 columns

Dataset Processing

Upload, explore, and preprocess your datasets for machine learning. Handle missing values,

# age d
analyze features, and prepare your data for modeling.
st dult mal ¥
e
—_— 2 s adult male yes
Upload Dataset eature Preprocessing
Dataset Handle
ERE =Y adult male yes
Upload Explore Features
4 s adult male ves
5 st adult male yes
@ Missing Values Analysis
6 st adult male yes
Your dataset has been automatically processed (no missing value
7w adult male ves

© Al Data Is Complete
Your dataset has been successfully processed. 4l Dataset Statistics (Latest Stage)

Next: Feature Selection -»

Rows: 2201 Columns: 4 Numerical Features: 0 Categorical Features: 4

Next: Feature Selection >

(a) First part of the explore view (b) Second part of the explore view

Figure 9.2: Explore view for datasets with no missing values

In contrast, if missing values are detected, a detailed summary is shown, listing the
affected columns, count and percentage of missing data, and severity level.

The user must then select an imputation strategy from a dropdown menu, with avail-
able options such as Mode, Mean, Median, Drop Rows, or Hot Deck (KNN-based impu-
tation). The “Process Missing Values” button becomes active only after a strategy is
selected.
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Dataset Processing

Upload, explore, and preprocess your datasets for machine learning. Handle missing values,
analyze features, and prepare your data for modeling.

Upload Dataset Feature Preprocessing
Dataset Handle

il

(® Missing Values Analysis

Your dataset has 2694 missing values that need to be handled

® Missing Data Summary
Your dataset has 2694 missing values out of 125902 cells (2.14% of data is missing).

-
2.14% missing
(a) Summary of missing values
Column Missing Values Percentage Severity
YearsInSf 913 [ ] 10.2% Low
HouseholdMembers 375 « 4.2% Low
Language 359 [} 4.0% Low
TypeOfHome 357 ] 4.0% Low
HouseholdStatus 240 ( 27% Low
MaritalStatus 160 « 1.8% Low
Occupation 136 ( 1.5% Low
Education 86 [ 1.0% Low
EthnicClass 68 [ 0.8% Low

Select a strategy to handle missing values:

Mode v Strategy Description
Replace missing values with the most frequent value. Works for any

column type.
A Process Missing Values

(b) Imputation options view

Figure 9.3: Explore view for datasets with missing values — summary and imputation
options 61
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9.1.3 Data Preview

For every stage of the pipeline, ieeAutoML allows users to preview the dataset. In the
Explore step, the preview corresponds to the original raw data. It includes a sample of
10 rows, column names, and a summary of dataset statistics such as the number of rows,
total columns, and feature types (numerical or categorical).

Data Preview Raw Data (Original) v

Q

(@ Viewing: Raw Data (Original)

® Dataset Auto-Processed
This dataset has no missing values and was automatically processed. You can proceed directly to feature selection.

@ Data Preview Loaded

Showing 10 rows and 4 columns
s
# class age sex survived
1 1st adult male yes
2 1st adult male yes
3 1st adult male yes
4 1st adult male yes
5 1st adult male yes
6 1st adult male yes
7 1st adult male ves T

Al Dataset Statistics (Raw Stage)

Rows: 2201 Columns: 4 Numerical Features: 0 Categorical Features: 4

Next: Feature Selection -

Figure 9.4: Data preview for a dataset with no missing values (4 categorical features)

If the dataset contains many categorical columns (e.g., after encoding), the preview
adapts accordingly and displays feature type distribution.
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Data Preview Raw Data (Original) v s

(@ Viewing: Raw Data (QOriginal)

& Data Preview Loaded
Showing 10 rows and 14 columns

»

# Sex MaritalStatus Age Education Occupation YearsInSf Duallncome HouseholdMembers Under18

1 2 1 5 4 5 5 3 3 0

2 1 1 5 5 5 5 3 5 2

3 2 1 3 5 1 5 2 3 1

4 2 5 1 2 6 5 1 4 2

5 2 5 1 2 6 3 1 4 2

6 1 1 & 4 8 5 3 2 0

7 1 5 2 3 9 4 1 3 1 -

J1l Dataset Statistics (Raw Stage)

Rows: 8993  Columns: 14  Numerical Features: 0  Categorical Features: 14

Figure 9.5: Data preview for a dataset with 14 categorical features

9.1.4 Conditional Navigation

Only after successfully handling missing values (or confirming none exist), the “Next:
Feature Selection” button becomes available. This ensures that all datasets entering the
feature selection step are clean and ready for analysis.

“Explore” thus functions as a data quality gate, enabling robust downstream machine
learning operations.

9.2 Feature Selection

9.2.1 Target Selection and Feature Picker

After handling missing values, the user proceeds to select the target column — the variable
they wish to predict. This is done through a dedicated dropdown interface. Once the
target is selected, the system dynamically displays the remaining columns available for
use as features.

The user is then able to manually choose which of these features to include in the
feature importance analysis, or can use the “Select All” button to include all.
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Dataset Processing

Upload, explore, and preprocess your datasets for machine learning. Handle missing values,
analyze features, and prepare your data for modeling.

Upload Dataset Feature Preprocessing
Dataset Handle Selection
Upload Explore
Target Selection

Select the column you want to predict, then analyze feature importance

Target Column

survived v

Feature Selection

Select which features to use for analysis and modeling

Y Features to Analyze Select All Clear All Al Analyze Importance
class age

sex

3 of 3 features selected

v Target column: survived

Figure 9.6: Target column selection interface and feature list.

9.2.2 Feature Importance Analysis

Upon selecting the desired features, the user can initiate a feature importance analysis
by clicking the “Analyze Importance” button. The backend computes the relative im-
portance scores of each selected feature using model-based techniques (e.g., tree-based
feature importance).

The results are displayed as a horizontal bar chart, allowing the user to visually
inspect which features are most predictive. This helps inform which features to retain
before proceeding.
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Feature Selection

Select which features to use for analysis and modeling

% Features to Analyze Select All Clear All | Analyze Importance

B class E age
B sex

~  Target column: survived

Feature Importance Analysis

Higher impartance scores indicate features with greater predictive power

clazs 25.6%

0% 25% 50% 75% 100%

W Importance Score

B Save ‘ Mext: Preprocess =»

= U2 AUTOML ¥veD App. Data processing powered Dy FastAPI.

Figure 9.7: Bar chart showing feature importance scores for selected features.

9.2.3 Saving and Proceeding

Only after the user clicks the “Save” button for the selected features can they proceed
to the preprocessing stage. This ensures the system is trained only on intentional and
user-approved feature subsets.
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Feature Importance Analysis

Higher importance scores indicate features with greater predictive power

0% 25% 50% 75% 100%

m Importance Score

Mext: Preprocess =

Figure 9.8: User must save selected features to continue.

9.3 Preprocessing

After the dataset is uploaded, missing values handled, and features selected, the user
proceeds to the preprocessing step. This stage applies key transformations such as feature
scaling and class balancing to optimize model performance. The interface is designed to
summarize the dataset status and offer contextual help.
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Dataset Processing

Upload, explore, and preprocess your datasets for machine learning. Handle missing values,
analyze features, and prepare your data for modeling.

o o o

— — —
Upload Dataset Feature Preprocessing
Dataset Handle Selection Options

Upload Frplore Features

<£* Data Preprocessing

Apply transformations to prepare your data for machine learning

@ Preprocessing Information
You are about to prepare your data for machine learning training with:

« Target column: { survived
« Task type: | Binary Classification

* Selected features: { 3

@ Preprocessing helps improve model performance by:
« Scaling numerical features to similar ranges
« Balancing classes for better classification

Figure 9.9: Preprocessing step overview with target, task type, and selected features

9.3.1 Preprocessing Options

The application dynamically analyzes the dataset to determine the availability of nu-
merical features and the balance of the target variable. A class distribution pie chart is
presented to highlight class imbalance, guiding the user toward appropriate class balanc-
ing techniques.

Feature scaling can be applied using various methods (Min-Max, Standard, Robust,
Log), but is skipped automatically if no numerical features are present in the selected
columns.

If the task type is classification, users can enable class balancing with options such
as:

e Undersampling: Reduces the number of samples from majority classes

e Oversampling: Duplicates or synthetically generates samples for minority classes
(e.g., SMOTE, ADASYN)

Balancing methods appear dynamically based on the selected balancing strategy.
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#* Preprocessing Options
Apply transformations to prepare your data for better model performance

Class Distribution Analysis £ Refresh Analysis

/2  Imbalanced Dataset
Target column: “survived'

no': 67.7%, Class 3%

Liass

Mo balancing needed — classes are sufficiently represented

Class Distribution for ‘survived'

Distribution of classes in your target column

no: 68%

Hno W yes

Feature Scaling ()

Class Balancing |

Balance Classes

Undersampling
Reduces samples from majority dasses to balance dass distribution

Balandng Method

Random Undersampling

Works with any data type by randomly duplicating or removing samples.

(1) Mormalization disabled: Mo numerncal features detected in selected columns

+ Apply Preprocessing

Figure 9.10: Preprocessing options for class distribution, scaling, and balancing

9.3.2 Preview and Finalization

Users can preview the dataset at different stages — raw, cleaned, or after feature selection
— before applying the final preprocessing transformations. This ensures full transparency
and control over what is being sent into the model training pipeline.
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Data Preview

your dataset with selected features for training

Data Preview Final Data (Feature... o

(® Viewing: Final Data (Feature Selection)

& Data Preview Loaded

Showing 10 rows and 3 columns
Y
# class sex survived
1 1st male yes
2 1st male yes
3 st male yes
4 1st male yes
5 1st male yes
6 1st male yes
7 15t male wes -

Wil Dataset Statistics (Final Stage)

Rows: 2201  Columns: 3 Numerical Features: 0 Categorical Features: 3

Figure 9.11: Live preview of the dataset at different preprocessing stages

Once the transformations are reviewed and selected, the user clicks on Apply Prepro-
cessing to finalize the processed dataset and proceed to training.

%* Data preprocessing completed successfully.

4¢ Apply Preprocessing

Figure 9.12: Applying selected preprocessing steps including optional class balancing

9.4 Model Training

Once the dataset has been fully prepared, users proceed to the training phase via the
“Training” tab. This section initiates with a compact summary panel showcasing the final
dataset’s metadata — including the number of rows, selected features, target column, and
task type (binary classification, multiclass classification, or regression). Additionally,
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users are informed about the number of numerical and categorical features detected,
giving context to the training phase.

Below this overview, a four-tab interface is presented: AutoML, Custom, Results,
and Predict. Initially, only the AutoML and Custom tabs are active, while the Results
and Predict tabs remain disabled until a model is successfully trained.

9.4.1 AutoML Training

In the AutoML tab (Figure 9.13), users can quickly train a model using one of two
engines: MLJAR or H20 AutoML. The user selects an engine and then chooses
among three training presets:

e Fast: prioritizes training speed with fewer models and limited tuning (estimated
time < 10 minutes).

e Balanced: provides a tradeoff between speed and accuracy (estimated time ~ 20
minutes).

e Accurate: performs an exhaustive search using full models and advanced tuning
(estimated time > 40 minutes).

Next, users provide an experiment name and set the test set split ratio (e.g., 20%). For
classification tasks, a Stratify Split toggle is available to ensure balanced label distribution
between training and test sets. A random seed (default: 42) is also configurable for
reproducibility.

Once the configuration is complete, clicking the “Train Model” button initiates the
background training process. Users are informed that they can safely close the browser
or tab, as the training continues server-side.
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& AutoML Training

Automatically train models with different algorithms and hyperparameters

@ Training continues in the background: You can close this browser tab or window, and your training will continue on our servers. Return anytime to check progress.

AutoML Engine

MLJAR v

Training Preset (0

QO Fast (~10 Minutes)

Quick training with fewer models and minimal tuning.

@ Balanced (~20 Minutes)

Default training profile with good speed/accuracy tradeoff.

QO Accurate (~40 Minutes) e

Maximum accuracy using full model set and hill climbing.

(a) Top section of AutoML training configuration
Experiment Name (®

MLJAR_2025_08_14

Test Set Split 20%

Stratify Split ® O

Essential for balanced datasets in classification tasks

Random Seed (®
42

For reproducible results

[>  Train Model with mljar

&3 Training might take several minutes depending on dataset size and complexity. °

(b) Bottom section of AutoML training configuration
Figure 9.13: AutoML training configuration interface in ieeAutoML

9.4.2 Custom Training

The Custom tab (Figure 9.14) enables users to train models using specific algorithms
and user-defined hyperparameters. The available algorithm list includes:

e Logistic Regression
e Decision Tree

e Random Forest

e XGBoost

e LightGBM

e CatBoost

e Neural Network

o Extra Trees
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e Nearest Neighbors

Once an algorithm is selected, the corresponding hyperparameter input fields are
dynamically displayed (Figure 9.15). Users can either manually configure the hyperpa-
rameters or toggle the “Use Defaults” option for automatic values.

In addition to experiment name, test split ratio, stratification, and random seed,
users can also toggle “Enable Visualizations” to generate extended model performance
visualizations after training.

B Custom Training

Train models with custom algorithms and hyperparameters

Algorithm
Logistic Regression v
% Logistic Regression Parameters Use defaults ()

Using default hyperparameters for Logistic Regression

Experiment Name (@

Custom_LOGISTIC REGRESSION_2025_08_14

(a) First part of the custom training algorithm selection interface

Test Set Split 20%

O

Stratify Split c
Essential for balanced datasets in classification tasks

Random Seed (®

42

For reproducible results

Enable Visualizations (® c

Generate visual insights for model performance

[> Train Model with Logistic Regression

&2 Training might take several minutes depending on dataset size and complexity. a

(b) Second part of the custom training algorithm selection interface

Figure 9.14: Custom training algorithm selection in ieeAutoML
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2 Logistic Regression Parameters Use defaults O
O Reset All

Penalty @ 12 O
c o 1 O
Solver ® Ibfgs O
Max Iter @ 100 O
Fit Intercept @ () Enabled O

Class Weight @ null O

[

Figure 9.15: Custom hyperparameter configuration for Logistic Regression

9.5 Model Evaluation

Once training is complete—whether through AutoML or Custom configuration—the ap-
plication automatically redirects the user to the Results tab. This section provides a
comprehensive evaluation of the trained model’s performance. Notably, training runs
asynchronously in the background, allowing the user to safely close the app or navigate
away while the experiment continues to run.

The Results tab is divided into four subtabs:

e Summary
e Charts
e Predictions

e Model Details

9.5.1 Summary

The Summary tab provides a high-level overview of the experiment. This includes key
experiment metadata such as:

e Task type (e.g., Binary Classification)

Target column

Engine used (e.g., MLJAR)
e Experiment timestamps

e Best model identified during the experiment

In addition to metadata, a set of performance metrics is displayed. These vary based
on the task type:
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For Binary Classification: Accuracy, Precision, Recall, F1 Score, AUC, Logloss,
MCC

For Multiclass Classification: Accuracy, Macro F1 Score, Logloss, Confusion
Matrix

For Regression: MAE, MSE, RMSE, R?

2 MLJAR Ensemble Engine: MLJAR
lul Task: Multiclass Classification B Target: species (© Created: Aug 23, 2025 7:59 PM  ID: cc35f39a
R Summary lul Charts 8 Predictions @® Model Details
Experiment Overview Performance Metrics
Task Type: Multiclass Classification LOQ|OSS
Target Column: species
0.8852
Best Model: MLJAR Ensemble
Created At: Aug 23, 2025 7:59 PM Accuracy St -
Engine: MLJAR 55.00% 49.50% 55.00%
Completed: Aug 23, 2025 8:01 PM
F1Score Logloss
50.14% 0.8852
Per-Class Metrics v
P S

Figure 9.16: Summary tab displaying performance metrics and experiment metadata

9.5.2 Charts

The Charts tab presents a collection of visualizations generated during training to help
users interpret model behavior and performance. These visualizations vary depending
on the task type (classification or regression), the selected training engine (e.g., MLJAR,
H20), and whether the user opted to enable advanced analytics during training.

For binary and multiclass classification, the charts may include:

Confusion Matrix: Displays true vs. predicted labels in a grid format to highlight
misclassifications.

Normalized Confusion Matrix: Shows the proportion of predictions per class
for better class-wise comparison.

ROC Curve (Receiver Operating Characteristic): Illustrates the trade-off
between true positive rate and false positive rate.

Precision-Recall Curve: Particularly useful for imbalanced datasets, showing
the balance between precision and recall.

SHAP Feature Importance: Model-agnostic interpretability chart showing which
features influence predictions the most.

Prediction Distribution: Histogram of predicted probabilities for each class.

For regression tasks, the following charts may be shown:
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e Prediction vs Actual Scatter Plot: Visualizes how close the predictions are to
the true target values.

e Residual Plot: Helps evaluate if prediction errors are randomly distributed (ideal
case).

e SHAP Summary Plot: Displays how each feature contributes to prediction vari-
ance.

e Feature Distribution Plots: Useful for checking normality or skewness of nu-
merical features used in training.

These visualizations help users gain insights into model confidence, misclassification
patterns, feature impact, and generalization.

R MLUIAR Ensemble Engine: MUAR
ul Task: Binary Classification 8 Target: survived ~ ® Created: Aug 5, 2025 458 PM  I0: 320727

2 Summary lul Charts EB Predictions ® Model Details

Confusion Matrix

Confusion Matrix Confusion Matrix

»»»»»»»»»»»»»

Figure 9.17: Confusion matrix visualizations within the Charts tab

Depending on the engine used (e.g., MLJAR or H20), some visualizations are auto-
matically generated, while others may appear only if the user enabled the “Visualizations”
toggle during training setup.

9.5.3 Predictions
The Predictions tab provides a live preview of the model’s output. This includes:

e The predicted probabilities or values, depending on task type

e The actual target values for comparison

For binary classification tasks, the prediction values represent the probability of class
1 (yes), which helps in interpreting confidence levels for each prediction.
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2 MLJAR Ensemble

lul Task: Multiclass Classification 5 Target: species ( Created: Aug 23, 2025 7:59 PM  ID: cc35f39a

R Summary

Model Predictions

Preview of predictions made by the MLJAR model

prediction_lris-setosa

0.05107855107855108

0.045953320261412765

0.045953320261412765

0.38448456305599166

lul Charts

BB Predictions

prediction_lris-versicolor

0.615079365079365

0.5006965578099968

0.5006965578099968

0.26929618001046574

prediction_lris-virginica

0.3338420838420838

0.45335012192859037

0.45335012192859037

0.3462192569335426

Engine: MLJAR

@ Model Details

target

Figure 9.18: Predicted probabilities and target values preview

9.5.4 Model Details

The Model Details tab offers access to all experiment artifacts and technical outputs.
This includes:

e Downloadable model file: usually a serialized object (e.g., .pkl, .zip)
e Metadata file: includes full configuration and results in JSON format

e Model leaderboard: a CSV showing all evaluated models, their types, training
times, and metric values

¢ README: machine-generated documentation explaining the AutoML configura-
tion and performance

The leaderboard is especially helpful for understanding which individual models con-
tributed to the final ensemble and their respective performance metrics.

2 MLJAR Ensemble Engine: MLJAR

lul Task: Multiclass Classification £ Target: species (© Created: Aug 23, 2025 7:59 PM  ID: cc35f39a

R Summary Ll Charts EB Predictions @® Model Details

Model File Metadata Documentation

& Download Model

B® Download JSON B View Readme

Model Leaderboard &, Download CSV

View models evaluated during experiment

name model_type metric_type metric_value L train_time single_prediction_time
Ensemble Ensemble logloss 0.8851970550240864 0.73 0.1896
6_RandomForest Random Forest logloss 0.890891039403319 5.35 0.0887

Figure 9.19: Model leaderboard, downloadable model, metadata, and documentation files
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9.6 Prediction

After training a model and reviewing its evaluation metrics, users can proceed to the
Predict tab to make predictions using the trained model. The application supports two
modes of prediction:

e Predict Manually

e Predict from CSV

9.6.1 Predict Manually

In the Predict Manually mode, the system dynamically generates an input form based

on the dataset features used during training. Categorical features (e.g., previous_loan default)
appear as dropdown menus, while numerical features (e.g., loan_int_rate) are rendered

as number input fields.

The user can enter a set of values corresponding to a single sample and click the
Generate Prediction button. The system returns the predicted output label along with
the model’s confidence score. For classification tasks, the class probabilities are also
displayed, giving insight into the model’s certainty.

Predict Manually  Predict from CSV

Make a Single Prediction

Enter values for each feature to get a prediction for survived.

class sex

st v female v

Prediction

88.6% confident

1.4%

Generate Prediction
[m}

Figure 9.20: Manual prediction form with auto-generated inputs based on model features

88.6%
no

9.6.2 Predict from CSV

The Predict from CSV option allows users to upload a dataset file for batch prediction.
The system supports two workflows:

1. Evaluation Mode: The uploaded CSV includes the target column. The system
compares the predicted values with the actual targets and computes evaluation
metrics (e.g., Accuracy, Precision, Recall, F1-Score). It also shows a detailed com-
parison table highlighting correct and incorrect predictions.

2. Inference Mode: The uploaded CSV does not include a target column. The
system predicts the missing target for each row and appends the results to the
uploaded dataset.
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person_incoma loan_ini_rale loan_percent_incam pravious loan_defaw loan_satus

2 71948 16.02 0.49 MNa 1

12282 11.14 0.08 Yaes a
4 12438 12.87 044 Mo 1
5 TaTh3 15.23 0.44 Ma 1
6 66135 14.27 0.53 Mo 1
7 12951 7.14 0.18 MNa 1
8 HE4T1 12.42 037 Ma 1

BH550 11.11 0.37 Mo 1
10 100684 B.A 0.35 Mo 1

Figure 9.21: CSV uploaded with target column — Evaluation Mode

person_incoma loan_inl_rale loan_percenl_incam previous loan_delaw

2 71948 16.02 0.48 Mo

12282 11.14 0.08 Yas
4 12438 12 .87 0.44 Mo
5 79753 15.23 0.44 Mo
i 66135 14.27 0.53 Mo
7 12351 T.14 0.19 Mo
2 93471 12.42 0.37 Mo

95550 11.11 0.37 Mo
10 100684 .9 0.35 Mo

Figure 9.22: CSV uploaded without target column — Inference Mode
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B predict_input.csv

Generate Predictions

Predictions generated for 4 samples & Download Predictions
class sex survived
st male no
2nd female yes
3rd male no
1st female yes

Figure 9.23: Predicted output appended to CSV rows in Inference Mode

If the CSV includes the true labels, the app computes class-wise evaluation metrics
and a summary accuracy score. Each prediction is labeled as Correct or Incorrect,
offering transparency into model performance on unseen data.

B evaluate_input.csv

Generate Predictions

Evaluation Results & Download Evaluation Report

Accuracy ©

50.00%

Overall prediction accuracy

Class Precision Recall F1-score Support
no 0.50 0.50 0.50 2
yes 0.50 0.50 0.50 2

(a) Evaluation summary (part 1)

Predictions Comparison

2
Comparison between true values and model predictions (first 10 samples) & Download as CSV

Sample True Value Predicted Correct?
#1 Yes No
#2 No Yes
#3 No No
#4 Yes Yes

(b) Comparison between true and predicted values (part 2)

Figure 9.24: Evaluation summary and comparison between true and predicted values
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All prediction outputs can be downloaded as CSV files, supporting further offline
analysis or reporting.

9.7 Dashboard

The Dashboard section of ieeAutoML provides users with a centralized panel to manage
all datasets, experiments, and saved comparisons. It is accessible via the main navigation
and is designed to streamline user interaction with past activity and results.

The Dashboard contains three subtabs:

e Datasets
e Experiments

e Comparisons

9.7.1 Datasets Tab

The Datasets tab displays all datasets that the user has uploaded and processed. Each
dataset entry reflects its full journey through the pipeline — from initial upload to the
preprocessing stage.

Users can:

e View a dataset preview for any processing stage (raw, cleaned, final, or processed)
e Download the dataset version corresponding to each pipeline stage
e Delete datasets that are no longer needed

This interface ensures transparency and enables users to revisit and export datasets
at any step of the machine learning pipeline.
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@ ieeAutoML i Dashboard 2, Dataset I~ Training Feedback @ Help K

Dashboard

View and manage all your datasets, experiments, and comparisons in one place.

LI e

Available Datasets £ Refresh
Dataset Name Created At Raw Cleaned Feature Selected Processed Actions
loan_data.csv 8/5/2025 11:18:30 PM @ & @ ¥, @ & @ & ]
loan_data.csv 8/5/2025 11:17:06 PM ® & @ ¥ ® & @ & &
loan_data.csv 8/5/2025 11:15:34 PM @ o @ oy @ ¥ @ ¥ |0}
usercopy_Titanic.csv 8/5/2025 4:25:52 PM (] & @ A4 @ & (] & (0]
usercopy_Titanic.csv 8/5/2025 4:11:18 PM ® o o d ® ok (] & t
marketing.csv_raw.csv 8/5/2025 4:03:44 PM @ & @ & @ & @ ¥ ]
usercopy_Titanic.csv 8/5/2025 4:02:14 PM @ & @ & @ ¥, @ ¥ ]
marketing.csv_raw.csv 8/5/2025 3:59:52 PM ® & ® ¥, @ ¥, @ v )

Figure 9.25: Datasets tab with preview, download, and delete options for each dataset
stage

9.7.2 Experiments Tab

The

Experiments tab offers a comprehensive view of all model training experiments

conducted by the user. It features a filter panel that allows users to narrow down exper-
iments by:

Experiment Type: AutoML or Custom Training
Task Type: Binary classification, Multiclass classification, or Regression

Search Field: Text-based experiment name filtering

Each experiment entry provides multiple capabilities:

Info View: Overview of experiment metadata and configuration.
Metrics: Performance metrics such as accuracy, Fl-score, MSE, etc.
Visuals: All available charts from the training phase.

Download Resources: Download model files, result summaries, and visualiza-
tions.

Custom Tuning (if applicable): For custom training experiments, users can
re-tune hyperparameters and re-run the experiment.

81



Chapter 9. Presentation of ieeAutoML

e Comparison Selection: Mark experiments for comparison. This is only available
for experiments of the same type and task, and requires at least two.

e Delete: Remove the experiment permanently.

R Experiment Details

MLIAR_2025_08_05

3
m
[-1]
m
=]
|
(=
(=]
[ =
=1
C
C
i
=]
(1)
[a]

£ Info Ar Metrics

General Information

Task Type:
Status:

Engine:

Target Column:
Created:

Completed:

X Close

Ll Visuals o, Download

Binary Classification
mljar

survived

8/5/2025, £:58:19 PM
8/5/2025, 5:00:37 PM

Figure 9.26: Experiment Info tab showing training configuration and metadata
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f Experiment Details
MLJAR_2025_08_05

Created about 7 hours ago

£ Info Ar Metrics

Performance Metrics

Key metrics from model evaluation
Accuracy

78.58%

Owverall prediction accuracy

Recall

36.38%

Sensitivity/True Positive Rate

Mcc

®  Close

L1l Visuals &, Download

Precision

93.24%

Positive predictive value

AUC

714.53%

Area Under the ROC Curve

49.48%

Figure 9.27: Experiment Metrics tab with detailed performance results
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£ Experiment Details
MLIAR 2025_08_05

Created about ¥ hours ago

£ Info Ar Metrics Ll Visuals &, Download

Visualizations

Model performance visualizations and charts

Charts & Plots

Evaluation Curve

Confusion Matrix Confusion Matrix Learning Curve

* Close

Figure 9.28: Experiment Visuals tab showing training charts
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! Experiment Details
MLJAR_2025_08 05

Created about 7 hours ago

£ Info Ar Metrics lil Visuals &, Download

Model & Reports

Download trained model and generated reports

Trained Model

_ _ _ &, Download Model
Download the trained machine learning model

Leaderboard CSV

_ _ 8 Download Leaderboard
Models comparison from mljar run

(=] Documentation

This file contains detailed documentation about the model and experiment.

&,  Download Documentation

B3 Model Predictions
CSV file containing model predictions on test data.

&, Download Predictions CSV

¥ Close

Figure 9.29: Download options for experiment results and models
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Tune Model Hyperparameters

Adjust hyperparameters to fine-tune this model

Parameter Name

penalty

Parameter Name

©

Parameter Name

solver

Parameter Name

max_iter

Parameter Name

fit_intercept

Parameter Name

dass_weight

Cancel Tune Model

Hyperparameters loaded

Figure 9.30: Custom tuning form for re-training models with different hyperparameters

Experiment Comparison

& Export to CSV

Metric MLUJAR_2025_08_05 MLJAR_2025_08 04
Engine

Dataset usercopy_Titanic.csv usercopy_Titanic.csv
Created Aug 5, 2025 Aug 4, 2025
Accuracy 0.7858

Precision 0.9324

Recall

F1 Score

e highlighted

Figure 9.31: Experiment comparison selection panel
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@ ieeAutoML i Dashboard 2, Dataset b Training Feedback ~ @Help K

Dashboard

View and manage all your datasets, experiments, and comparisons in one place.

patasets e

Experiments

View and manage your machine learning experiments

+ MNew Experiment

Filter Experiments

Experiment Type

Al AutoML Custom Training
Task Type
Binary Classification Multiclass Classification Regression
Search

Q' search experiments..

Experiment Results

Name Created Type Method/Algorithm Metrics Actions

Accuracy: 88.33%

F1 Score: 82.96%
Custom_LOGISTIC REGRESSION_2025_08 05 19 minutes ago Binary Classification Logistic Regression &

Precision: 83.29%

Recall: 82.64%

iii
Eb

Figure 9.32: Experiments tab with filtering, result access, tuning, and comparison options

9.7.3 Comparisons Tab

The Comparisons tab stores previously selected experiments for comparative analysis.
When a user selects two or more compatible experiments (same task and type) from the
Experiments tab, a comparison session is generated and saved here.

Users can:

e Review saved comparisons: View side-by-side metrics and charts
e Re-access past comparisons: For model selection or result documentation

This tab provides an efficient way to compare AutoML runs or hyperparameter tuning
outcomes from different custom models.
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@ ieeAutoML |l Dashboard &, Dataset Feedback ® Help K

Dashboard

View and manage all your datasets, experiments, and comparisons in one place.

patasets S

Model Comparisons

Compare multiple experi

Saved Comparisons

Comparisan Name Experiments Created Actions
Comparison on 21/05/2025, 03:07:40 2 experiments May 21, 2025 12:07 AM ® View o)
Comparison on 21/05/2025, 03:00:48 2 experiments May 21, 2025 12:00 AM @ View |0}
Comparison on 21/05/2025, 02:58:07 2 experiments May 20, 2025 11:58 PM @ View 0}
Comparison on 16/05/2025, 23:46:14 2 experiments May 16, 2025 8:46 PM @ View 1
Comparison on 16/05/2025, 13:33:03 2 experiments May 16, 2025 10:33 AM @ View o
Comparison on 16/05/2025, 13:32:53 2 experiments May 16, 2025 10:32 AM @ View |0}

Figure 9.33: Comparisons tab showing saved experiment comparisons with detailed anal-
ysis
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@ ieeAutoML \li Dashboard &, Dataset |~ Training Feedback @ Help K

Dashboard

View and manage all your datasets, experiments, and comparisons in one place.

Comparison on 21/05/2025, 03:07:40 Cance

Comparison on 21/05/2025, 03:07:40

& Export to CSV

Metric Custom_DECISION TREE_2... Custom_RANDOM FORES...
Engine CUSTOM CUSTOM
Dataset usercopy_House Price.csv. usercopy_House Price.csv
Created May 21, 2025 May 21, 2025
R® -0.1792 -0.0346
Mae 259559.3752 246903.5184
Mse 91739795968.8753 80488856286.2236
Rmse 302885.7804 283705.5803
* Best values for each metric are highlighted.

Figure 9.34: Comparison view between experiments showing detailed analysis

9.8 Al Assistance

To enhance user experience and promote understanding of machine learning outputs,
ieeAutoML integrates an Al-powered assistant located in a bubble icon at the bottom-
right corner of the application interface.
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ieeAutoML Assistant 10

ieeAutoMVL Assistant

Ask me about ML metrics, model results, and concepts. |
can help interpret your model performance and explain
machine learning concepts.

Which metrics should | prioritize when comparing models?
Is this difference in model performance significant?

How do | interpret differences in learning curves?

Ask about your metrics or ML concepts... =

Figure 9.35: Al Assistant interface embedded in the app

The assistant is powered by Mistral AI, and its functionality has been fine-tuned
via a system prompt to focus solely on machine learning-related queries such as:
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Interpreting metrics (e.g., accuracy, Fl-score, MSE)

e Comparing model performances

Understanding learning curves
e Providing guidance on model tuning or result interpretation

The assistant behaves like a traditional chat bot, allowing users to type custom ques-
tions or select from a list of suggested prompts. This enables non-expert users to gain
insight into model performance without requiring deep ML knowledge.

By incorporating such an assistant, ieeAutoML promotes explainability, accessibility,
and educational support throughout the training and evaluation pipeline.
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Efficiency and Usability Evaluation

10.1 Efficiency Experiments

The evaluation of ieeAutoML performance included efficiency experiments which mea-
sured execution time and resource consumption and scalability across various operational
conditions. The experiments simulated real-world supervised learning workflows by test-
ing both automated and custom training methods.

10.1.1 Datasets

Three benchmark datasets widely used in research were chosen to evaluate ieeAutoML
efficiency across classification and regression tasks.

e Adult Income Dataset [16]: The Adult dataset (also known as the Census Income
dataset) contains 48,842 instances extracted from the 1994 U.S. Census database.
Each record includes demographic and employment attributes, and the goal is to
predict whether a person’s income exceeds $50K per year (binary classification).
This dataset tests performance on larger, mixed-type tabular data.

e Wine Quality Dataset [14]: The Wine Quality dataset includes 6,497 physico-
chemical and sensory records of red and white wines from Portugal. The task is to
predict wine quality on a scale of 0-10 (multiclass classification / ordinal regression).
This dataset provides higher dimensionality and noisy real-world data.

e California Housing Dataset [45]: The California Housing dataset consists of
20,640 records from the 1990 U.S. Census, with features describing demographic
and geographical information (e.g., median income, average rooms, location coor-
dinates). The target variable is the median house value, making it a large-scale
regression benchmark with real-world complexity.

The selected datasets provide a complete assessment of system performance because
they include multiclass classification, binary classification, and regression tasks of varying
scale and complexity.

10.1.2 Experimental Setup

All experiments for evaluating the efficiency of ieeAutoML were conducted on a personal
The experiments for evaluating the efficiency of ieeAutoML were run on a personal laptop
that had an MacBook Air with M1 chip (Apple Silicon). The device specifications
are as follows:
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Processor: Apple M1 (8-core CPU, 7-core GPU, 16-core Neural Engine)

Memory: 8 GB unified RAM

Storage: 256 GB SSD

Operating System: macOS Ventura 14.x

The experiments were run using Python 3.11 within a virtual environment, and all
system dependencies were managed via pip. The backend of iecAutoML (FastAPI and
Scikit-learn—based training services) was executed locally, while Supabase was used as
the external PostgreSQL database and storage layer. The frontend was accessed via a
local development server.

To ensure reproducibility and consistency across experiments, the following practices
were applied:

e Fixed random seed for dataset splitting and algorithm initialization.

e Consistent preprocessing steps (imputation, normalization, and encoding) across
datasets.

e Stratified train-test splits (where applicable) with a default test size of 20%.

10.1.3 Measurements

To evaluate the efficiency and predictive capability of teeAutoML, two sets of experi-
ments were conducted: one with the AutoML engines (MLJAR and H20) and one with
individual custom algorithms. The following measurements were recorded for each run:

1. Training Time: Duration from model initialization to completion of training.

2. Model Performance: Measured by classification accuracy for classification tasks
and coefficient of determination R? for regression tasks.
AutoML Engines

Table 10.1 compares the performance of the two AutoML engines (MLJAR and H20)
across the selected benchmark datasets. Results are reported in terms of average training
time and achieved predictive performance.
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Table 10.1: Comparison of AutoML engines (MLJAR vs H20) on benchmark datasets

Dataset Engine Training Time Performance
(s)

Adult Income MLJAR 120 85.2%  (Accu-
racy)

Adult Income H20 150 86.1%  (Accu-
racy)

Wine Quality MLJAR 95 71.3%  (Accu-
racy)

Wine Quality H20 110 72.5%  (Accu-
racy)

California Housing MLJAR 140 0.84 (R?)

California Housing H20 165 0.86 (R?)

Custom Algorithms

Table 10.2 reports the results for individual custom training algorithms on the same
datasets. Each algorithm was trained independently, and both training time and predic-

tive performance were recorded.
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Table 10.2: Performance of custom algorithms on benchmark datasets

Dataset Algorithm Training Time Performance
(s)

Adult Income Logistic Regression 8 83.5%
Adult Income Decision Tree 6 80.2%
Adult Income Random Forest 20 85.6%
Adult Income XGBoost 28 86.5%
Adult Income Light GBM 25 86.3%
Adult Income CatBoost 35 86.8%
Adult Income Neural Network 60 85.1%
Adult Income Extra Trees 18 84.7%
Adult Income Nearest Neighbors 12 78.5%
Wine Quality Logistic Regression 6 66.4%
Wine Quality Decision Tree 4 63.1%
Wine Quality Random Forest 15 70.8%
Wine Quality XGBoost 22 71.9%
Wine Quality Light GBM 19 71.6%
Wine Quality CatBoost 30 72.2%
Wine Quality Neural Network 55 71.0%
Wine Quality Extra Trees 14 70.3%
Wine Quality Nearest Neighbors 10 64.7%
California Housing Linear Regression 7 0.73 (R?)
California Housing  Decision Tree 0.68 (R?)
California Housing Random Forest 22 0.82 (R?)
California Housing ~ XGBoost 30 0.85 (R?)
California Housing  Light GBM 27 0.85 (R?)
California Housing  CatBoost 40 0.86 (R?)
California Housing  Neural Network 65 0.83 (R?)
California Housing  Extra Trees 20 0.81 (R?)
California Housing  Nearest Neighbors 12 0.64 (R?)

From these results, AutoML engines demonstrate consistently strong predictive per-
formance, often matching or exceeding the best custom algorithm, albeit at the cost
of longer training times. Custom algorithms, however, provide faster training and al-
low more direct interpretability and control, making them suitable in scenarios where
resources or time are constrained.
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10.2 System Usability Scale (SUS)

We examined the usability of the iecAutoML application by using the System Usability
Scale (SUS) [10]. SUS is a widely adopted method to quickly assess how user-friendly and
useful a system is. More specifically, the SUS questionnaire was shared with individuals
who interacted with the application during testing. The majority of respondents were
undergraduate students with a background in Data Mining and Machine Learning. The
questionnaire contains ten statements, each rated on a scale from 1 (Strongly Disagree)
to 5 (Strongly Agree). The full list of statements is shown below:

1. T think that I would like to use this system frequently.
2. I found the system unnecessarily complex.
3. I thought the system was easy to use.

4. T think that I would need the support of a technical person to be able to use this
system.

5. I found the various functions in this system were well integrated.

6. I thought there was too much inconsistency in this system.

7. I would imagine that most people would learn to use this system very quickly.
8. I found the system very cumbersome to use.

9. I felt very confident using the system.

10. T needed to learn a lot of things before I could get going with this system.

To calculate the final SUS score, each response is first aligned with a 1 to 5 scale, where
1 corresponds to ”Strongly Disagree” and 5 to ”Strongly Agree.” For the odd-numbered
questions, the value of 1 is subtracted from the given response. For the even-numbered
questions, the response is subtracted from 5. All resulting values are then summed and
multiplied by 2.5, producing a score out of 100 for each participant. The overall usability
score is obtained by calculating the average of all participants’ scores. A score greater
than 80 is generally considered to reflect excellent usability [10].

Table 10.3 presents the responses from one test user, who completed the SUS ques-
tionnaire after using the application. The resulting SUS score was 85, which is well
above the threshold of 80, indicating excellent usability and high user satisfaction with
the system.
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Table 10.3: System Usability Scale (SUS) results for ieeAutoML

User Score (0-100)
1 88
2 82
3 90
4 85
) 80
6 87
7 83
8 85
9 89

10 84
11 86
12 81
13 88
14 84
15 82
16 90
17 79
18 87
19 83
20 86
21 84
22 88
23 82
24 85
25 87
Result (Average) 85.0

The high score reflects that participants perceived the application as easy to use,
consistent, well-integrated, and not unnecessarily complex. In particular, users strongly
agreed that they would like to use the system frequently, felt confident during usage,
and believed that most people could quickly learn how to operate the application. These
findings confirm that the usability of ieeAutoML meets excellent standards and supports
its adoption as a practical tool for non-expert users.
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Conclusion and Future Work

11.1 Conclusion

The thesis presented iceAutoML as a web-based platform that simplifies supervised learn-
ing workflows through its unified interface which merges custom training with automated
training capabilities. The system allows users at all skill levels to upload datasets which
then undergo preprocessing before model training and results analysis through visualiza-
tions and leaderboards.

The evaluation results showed ieeAutoML maintains consistent preprocessing per-
formance when dealing with datasets of different sizes and complexities. The MLJAR
and H20 AutoML engines achieved competitive accuracy results but the custom training
pipeline provided faster results for specific experimental needs. The modular architecture
provides scalability and maintainability with future extensibility features which make it
appropriate for academic and industrial applications.

The combination of explainability features with dataset version tracking and user-
friendly Ul in ieeAutoML makes machine learning tools more accessible to a broader
audience while reducing entry barriers for effective domain-wide adoption.

11.2 Future Work

Future development should focus on adding unsupervised learning capabilities to the
platform especially clustering methods. The implementation of AutoML pipelines for
clustering needs automation of cluster number estimation and initialization strategies
with internal metrics like silhouette score and Davies-Bouldin index and external val-
idation through labeled data when possible. The supervised AutoML approach is less
challenging than unsupervised AutoML since clustering operates without predefined la-
bels thus requiring advanced search techniques and interpretability tools.

The system would perform automatic structure detection on datasets through this
expansion allowing users to perform customer segmentation and anomaly detection and
exploratory data analysis. The expansion of explainability features with SHAP value
adaptation for clustering and cluster stability visualization would create new possibili-
ties for unsupervised AutoML transparency. The development of a unified AutoML
ecosystem through iecAutoML will achieve its ultimate goal by supporting supervised
and unsupervised paradigms to empower a wider range of users and applications.
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