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ABSTRACT

Breast Cancer (BC) presents a significant global health challenge, highlighting the
importance of timely and accurate diagnosis to improve patient outcomes. This thesis explores
advanced machine learning (ML) and deep learning (DL) techniques to enhance breast cancer
diagnosis, focusing on classification and detection tasks. It addresses data variability, class
imbalance, and clinical applicability by developing robust diagnostic models using ultrasound
imaging and clinical datasets, such as the Wisconsin Breast Cancer Dataset (WBCD) and the
Coimbra dataset. Three primary frameworks for breast cancer detection are developed: (1) An
ML-based approach emphasizing feature selection and class imbalance mitigation using
techniques such as SMOTE and KNNOR while evaluating seven algorithms, including Support
Vector Machine (SVM) and Deep Neural Networks (DNN). (2) An advanced DL-based method
utilizing modified transfer learning with pre-trained convolutional neural networks (CNNSs) like
ResNet50 and MobileNetV2, reused on the Breast Ultrasound Images (BUSI) dataset for
improved tumor classification. (3) A hybrid model combining MobileNetV2, DenseNet121, and

InceptionVV3 to extract features from ultrasound images, refined using LASSO-based feature



selection before classification. Models performance is evaluated through metrics like accuracy,
sensitivity, specificity, precision, recall, and F1-score, demonstrating the potential of ML and DL
to enhance the accuracy and clinical relevance of breast cancer diagnostics, aiding radiologists

and clinicians.

Key words: Breast Cancer, Machine Learning, Deep Learning, Ultrasound Imaging, Transfer

Learning.

RESUME

Le cancer du sein (CS) représente un défi majeur pour la santé mondiale, soulignant
I'importance d'un diagnostic rapide et précis afin d'améliorer les résultats pour les patientes. Cette
these explore les techniques avancées d'apprentissage automatique (AA) et d'apprentissage
profond (AP) pour améliorer le diagnostic du cancer du sein, en se concentrant sur les taches de
classification et de détection. Elle aborde les problemes de variabilité des données, de
déséquilibre des classes et d'applicabilité clinique en développant des modeles de diagnostic
robustes utilisant I'imagerie ultrasonore et des ensembles de données cliniques, tels que le
Wisconsin Breast Cancer Dataset (WBCD) et I'ensemble de données de Coimbra. Trois cadres
principaux pour la détection du cancer du sein sont développés : (1) Une approche basée sur
I'AA mettant I'accent sur la sélection de caractéristiques et l'atténuation du désequilibre des
classes a l'aide de techniques telles que SMOTE et KNNOR, tout en évaluant sept algorithmes,
dont la Machine a Vecteurs de Support (SVM) et les Réseaux Neuronaux Profonds (DNN). (2)
Une méthode avancée basée sur I'AP utilisant I'apprentissage par transfert modifié avec des
réseaux neuronaux convolutifs (CNN) pré-entrainés tels que ResNet50 et MobileNetV2, affinés
sur I'ensemble de données Breast Ultrasound Images (BUSI) pour une meilleure classification
des tumeurs. (3) Un modeéle hybride combinant MobileNetV2, DenseNet121 et InceptionV3 pour
extraire les caractéristiques des images ultrasonores, affinées a I'aide d'une sélection de
caractéristiques basée sur LASSO avant la classification. Les performances des modéles sont
évaluées a l'aide de mesures telles que la précision, la sensibilité, la spécificité, la justesse, le
rappel et le score F1, démontrant le potentiel de I'AA et de I'AP pour améliorer la précision et la
pertinence clinique des diagnostics du cancer du sein, aidant ainsi les radiologues et les

cliniciens.

Mots clés : Cancer du Sein, Apprentissage Automatique, Apprentissage Profond, Imagerie

Ultrasonore, Apprentissage par Transfert.



Contents

List of Figures

List of Tables

List of Abbreviations

1 INTRODUCTION 1
1.1 Research Background . . . . . . . . ... . 1
1.2 Research Motivation and Significance . . . . . . . . ... ... ... ... .... 3
1.3 Research Objectives . . . . . . . . . . . 5
1.4 Thesis Contributions . . . . . . . . . . ... 5
1.5 Thesis Structure. . . . . . . . .. 7

2 BREAST CANCER DETECTION: STATE-OF-THE-ART 9
2.1 Introduction . . . . . . . . .

2.2 Breast Cancer Datasets . . . . . . . . . . ... 10
2.2.1 Clinical Datasets . . . . . . . . . . ... 10
2.2.2  Medical Imaging Datasets . . . . .. .. ... ... ... .. ... 12

2.3 Preprocessing . . . . ... 22
2.3.1 Data Normalization . . . . . . . ... ... ... .. ... ... ...... 22
232 DataCleaning . . . . . . . . . . . 24
2.3.3 Feature Selection . . . . . . ... Lo 24
2.3.4 Feature Extraction . . . . . . . . .. .. ... ... 26
2.3.5 Images Resizing . . . . . . . . . .. 28
2.3.6  Cropping . . . . . .. 28
2.3.7 Data Augmentation . . . . . .. ... L 29
2.3.8 Filtering . . . . . .. 30
2.3.9 Other Preprocessing Techniques . . . . . . . .. .. ... ... ... ... 30



Contents

2.4 Machine Learning-Based Classification Methods . . . . . . .. .. .. ... ... 33
2.4.1 ML-Based Techniques for BC Diagnosis With Clinical Data . . . . . . . 34
2.4.2 ML-Based Techniques for BC Diagnosis With Imaging Data . . . . . . . 37

2.5 Deep Learning-Based Classification Methods . . . . . . . ... .. .. ... ... 41
2.5.1 DL-Based Techniques for BC Diagnosis With Clinical Data . . . . . . . . 43
2.5.2 DL-Based Techniques for BC Diagnosis With Imaging Data . . . . . .. 45

2.6 Conclusion . . . . . . . . 51

3 BREAST CANCER CLASSIFICATION USING FEATURE SELECTION,

DATA BALANCING AND HYPERPARAMETERS OPTIMIZATION 52
3.1 Introduction . . . . . . . .. 52
3.2 Proposed System . . . . ... 53
3.2.1 Data Description . . . . . . . ..o 53
3.2.2 Data Preprocessing . . . . . . . ... Lo o o7
3.2.3 Classification Methods . . . . . . . . . ... ... ... ... ... ... 64
3.2.4 Hyperparameters Optimization . . . .. .. ... ... ... ....... 65
3.2.5  Performance Evaluation Metrics . . . . . . . ... ... ... ... ... 66
3.3 Results and Discussion . . . . . . . ... oo 68
3.3.1 A Comprehensive Analysis of Feature Selection . . . .. ... ... ... 68
3.3.2 Data Balancing . . . . . . . ..o 71
3.3.3  The Impact of Hyperparameters Optimization . . . . . . . ... ... .. 73
3.3.4 Comparative Analysis . . . . . . . ... 7
3.4 Comparison With the State-of-the-Art Methods . . . . . . ... ... ... ... 80
3.5 Conclusion . . . . . . . . L 81

4 BREAST CANCER CLASSIFICATION ENHANCEMENT USING DEEP-

MODIFIED TRANSFER LEARNING 82
4.1 Introduction . . . . . . . .. 82
4.2 Proposed System . . . . . ... 82
4.2.1 Data Description . . . . . . . . ..o 83
4.2.2 Costumized CNN Architectures . . . . . . . . ... ... ... ... ... 85
4.2.3 Transfer Learning-Based CNN Models . . . . ... ... ... ... ... 85
4.2.4  Machine Learning Classifiers . . . . . . . .. .. ... ... ... ... .. 89
4.3 Result and Discussion . . . . . . . ... oL 90

4.3.1 Classification With Costumized CNN Models . . . . . . . . . . .. ... 90




Contents

4.3.2  Performance Assessment of Deep Modified Transfer Learning-Based CNN

Networks . . . . . . . . 91

4.3.3 Performance Comparison . . . . . . . . . . ... 95

4.4 Comparison With the State-of-the-Art Methods . . . . . . . .. ... ... ... 95
4.5 Conclusion . . . . . . . . e 96

5 DEEP CNN FEATURE FUSION AND LASSO-BASED FEATURE SELEC-

TION FOR BREAST CANCER CLASSIFICATION 97
5.1 Imtroduction . . . . . . . . . . 97
5.2 Proposed System . . . . ... 98
5.2.1 Dataset Description . . . . . . . ... oo o 98
5.2.2 Transfer Learning . . . . . . . . . ..o 99
5.2.3 Concatenating Pretrained CNNs . . . . . .. ... . ... .. ... .. .. 100
5.2.4 LASSO-Based Feature Selection . . . . . . ... .. ... ... ... ... 100
5.3 Results and Discussion . . . . . . . .. ... 102
5.3.1 Performance Assessment of Pretrained CNNs. . . . . .. ... ... ... 103

5.3.2  Enhanced Performance Through Feature Fusion of Pretrained CNN Models104
5.3.3 Comparative Analysis of LASSO-Based Feature Selection for Pretrained

CNN Combinations . . . . . . . . . .. . . 105

5.4 Comparison With the State-of-the-Art Methods . . . . . . ... ... ... ... 111
5.5 Conclusion . . . . . . . . . 111
6 CONCLUSION 112
6.1 Contributions Summary . . . . . . ... Lo 112
6.2 Difficulties and Working Environment . . . . . . . ... ... ... L. 113
6.3 Perspectives and Future Plans . . . . . . . . ... .. ... ... ... ... .. 113
6.4 Publications . . . . . . . . e 114
6.4.1 Journals . . . . . .. 114
6.4.2 International Conferences . . . . . . .. .. ... ... ... ... ... 114
6.4.3 National Conferences . . . . . . . . . . . . .. ... ... 114

Bibliography 116




List of Figures

Figure 2.1

Figure 2.2

Figure 2.3

Figure 2.4

Figure 3.1

Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.5
Figure 3.6

Figure 4.1
Figure 4.2

Figure 4.3

Figure 4.4

Figure 4.5

: A comprehensive overview of deep learning techniques.

: Example of a confusion matrix for binary classification.

: Breast cancer images obtained by different imaging techniques: (a) MRI

(b) thermography (c) ultrasound (d) mammograms (e) histopathology. .

: Most frequently used supervised machine learning techniques for breast

cancer classification (2018-2024).

: Most frequently used deep learning techniques for breast cancer classifi-

cation (2018-2024). . . . . . . ...

: Scheme illustrates the proposed new framework, highlighting key steps

such as data preprocessing, data splitting, and training-testing phases. .

: Visualization of missing values across breast cancer datasets: WDBC,

WBCD, WPBC, and Coimbra. . . . . . . ... ... ... ... .....

: The impact of oversampling on class distribution across breast cancer

datasets: WDBC, WBCD, WPBC, and Coimbra.

: The impact of undersampling on class distribution across breast cancer

datasets: WDBC, WBCD, WPBC, and Coimbra.

: Performance comparison of the top five models for DS1 dataset.

: Flowchart diagrams and the proposed breast cancer classification method.

: Representative samples of breast ultrasound images: normal, benign,

and malignant classifications. . . . . . . . . ...

. Architectural designs of custom-built CNNs for breast ultrasound image

classification. . . . . . . . ..

: Deep feature extraction with machine learning classifiers for breast can-

cer classification.

. Architectural design of ResNet50 for efficient feature extraction in breast

cancer classification. . . . . . . ...

14

34

43
44

o4

58

62

64

67
80

84

85

86

86



List of Figures

Figure 4.6

Figure 4.7

Figure 4.8

Figure 4.9

Figure 4.10 :

Figure 4.11 :

Figure 5.1
Figure 5.2

Figure 5.3

Figure 5.4

Figure 5.5

Figure 5.6

Figure 5.7

Figure 5.8

Figure 5.9

Figure 5.10 :

: Schematic diagram of the proposed approach.

. Architectural design of MobileNetV2 for efficient feature extraction in

breast cancer classification. . . . . . . . . .. ..o

. Architectural design of DenseNet121 for efficient feature extraction in

breast cancer classification. . . . . . . . . . . ...

. Architectural design of Xception for efficient feature extraction in breast

cancer classification. . . . . . . . ..,

: Performance comparison of different feature extractors and classifiers

based on several evaluation criteria. . . . . . . .. .. ... ... ...
Performance comparison of different feature extractors with the softmax
classifier. . . . . . . .
Performance comparison of different approaches based on different per-

formance criteria.

. Architectural design of InceptionV3 for efficient feature extraction in

breast cancer classification. . . . . . . . . . ..o

: Impact of LASSO-based feature selection on the performance of the Mo-

bileNetV2 model in breast cancer classification. . . . . . . . . . . . . ..

: Impact of LASSO-based feature selection on the performance of the

DenseNet121 model in breast cancer classification. . . . . . . . . . . ..

. Impact of LASSO-based feature selection on the performance of the In-

ceptionV3 model in breast cancer classification. . . . . . . ... ... ..

: Impact of LASSO-based feature selection on the performance of the Mo-

bileNetV2 -+ DenseNet121 combination in breast cancer classification. .

. Impact of LASSO-based feature selection on the performance of the Mo-

bileNetV2 + InceptionV3 combination in breast cancer classification. . .

: Impact of LASSO-based feature selection on the performance of the

DenseNet121 + InceptionV3 combination in breast cancer classification.

: Impact of LASSO-based feature selection on the performance of the Mo-

bileNetV2 + DenseNet121 + InceptionV3 combination in breast cancer
classification. . . . . . . . ...
Confusion matrix of the best models using LASSO-based feature selec-

tion for breast cancer classification.




List of Figures

Figure 5.11 : ROC curve of the best models using LASSO-based feature selection for

breast cancer classification. . . . . . . . . .. ..o




List of Tables

Table 2.1

Table 2.2

Table 2.3

Table 2.4

Table 2.5

Table 2.6

Table 2.7

Table 2.8

Table 2.9

Table 2.10 :

Table 2.11 :

Table 2.12 :

Table 2.13 :
Table 2.14 :

: Comparison of clinical datasets for breast cancer diagnosis within recent

studies. . . .., 13

: Comparison of mammogram datasets for breast cancer diagnosis within

recent studies. . . .. oL, 15

: Comparison of ultrasound datasets for breast cancer diagnosis within

recent studies. . . ... L, 17

: Comparison of MRI datasets for breast cancer diagnosis within recent

studies. . . ..., 18

: Comparison of histopathology datasets for breast cancer diagnosis within

recent studies. . . .. . L, 21

: Comparison of thermography datasets for breast cancer diagnosis within

recent studies. . . ..o, 22

: Summary of normalization techniques and their effects on clinical and

imaging data. . . . . . ... Lo 23

: Summary of data cleaning techniques and their effects on clinical and

imaging data. . . . . . ... L Lo 24

: Summary of feature selection techniques and their effects on clinical and

imaging data (Part 1). . . . . . . ... ... o oo 25
Summary of feature selection techniques and their effects on clinical and
imaging data (Part 2). . . . . . .. ... oo o 26
Summary of feature extraction techniques and their effects on clinical and
imaging data. . . . . . .. ..o 27
Summary of image resizing techniques and their effects on imaging datasets. 28
Summary of cropping techniques and their effects on imaging datasets. . 29
Summary of data augmentation techniques and their effects on clinical

and imaging data. . . . . .. ... Lo 31



List of Tables

Table 2.15 :

Table 2.16 :

Table 2.17 :

Table 2.18 :

Table 2.19 :

Table 2.20 :

Table 2.21

Table 3.1

Table 3.2

Table 3.3

Table 3.4

Table 3.5

Table 3.6

Table 3.7

Table 3.8

Table 3.9

Table 3.10 :

Table 3.11 :

Table 3.12 :

Summary of filtering techniques and their effects on imaging and clinical

Summary of other preprocessing techniques and their effects on clinical
and imaging data. . . . . .. .. Lo L Lo 33
Performance comparison of machine learning techniques for breast cancer
diagnosis using clinical datasets. . . . . . . . ... .. ... ... ... 38
Performance comparison of machine learning techniques for breast cancer
diagnosis using imaging datasets. . . . . .. .. ... 42
Performance comparison of deep learning techniques for breast cancer
diagnosis using clinical datasets. . . . . . . . ... ... ... ... ... 46
Performance comparison of deep learning techniques for breast cancer

diagnosis using imaging datasets (Partl). . . . .. ... ... ... ... 50

: Performance comparison of deep learning techniques for breast cancer

diagnosis using imaging datasets (Part2). . . . .. ... ... ... ... 51

: Overview of breast cancer datasets: attributes, samples, and class distri-

bution. . . . . .. 55
. A detailed attributes description of the WDBC dataset. . . . . . .. .. 55
: A detailed attributes description of the WBCD dataset. . . . . .. . .. 56
: A detailed attributes description of the WPBC dataset. . . . .. .. .. 56
. A detailed attributes description of the Coimbra dataset. . . . . . . . .. 57

: A comparison of features counts before and after feature selection across

breast cancer datasets: WDBC, WBCD, WPBC, and Coimbra. . . . . . 60

: Overview of the used techniques and their key features for breast cancer

classification. . . . . . . . ., 64

: Overview of the used hyperparameters optimization techniques and dif-

ferent parameters combinations for ML algorithms and DNN classifier. . 65

: Performance assessment of various models without feature selection (WOFS)

for DS1-DS4 datasets. . . . . . . . ... .. 70
Performance assessment of various models with feature selection (WFS)
for the DS1-DS4 datasets. . . . . . . . . . .. ... 71
Comparison of the obtained performance of all the employed techniques
with (WEFS+ SMOTE+HPO) for the DS1 dataset. . . . ... ... ... 73

Performance assessment of various models with data balancing using the
SMOTE and KNNOR techniques for the DS1-DS3 datasets. . . . . . . . 74




List of Tables

Table 3.13 :

Table 3.14 :

Table 3.15 :

Table 3.16 :

Table 3.17 :

Table 3.18 :

Table 3.19 :

Table 3.20 :

Table 4.1

Table 4.2

Table 4.3

Table 4.4

Table 5.1

Table 5.2

Table 5.3

Table 5.4

Table 5.5

Table 5.6

Performance assessment of various models with data balancing using the
random undersampling technique for the DS1-DS3 datasets. . . . . . . .
Comparison of the obtained performance of all the employed techniques
with (WFS+RUS+HPO) for the DS2, and DS3 datasets. . . . . .. . ..
Comparison of the obtained performance of all the employed techniques
with (WOFS+HPO) for the DS4 dataset. . . .. ... ... ... ....
Performance comparison of different classifiers for DS1 using the accu-
mulated preference index. . . . . . ... ... L.
Performance comparison of different classifiers for DS2 using the accu-
mulated preference index. . . . . . ... ... oL L.
Performance comparison of different classifiers for DS3 using the accu-
mulated preference index. . . . . . ... ... L L.
Performance comparison of different classifiers for DS4 using the accu-
mulated preference index. . . . . . ... ... L.

Performance comparison of the proposed method with SOTA methods. .

. Performance evaluation of three scratch-built CNN models using different

performance metrics. . . . . . ...

: The number of trainable parameters vs. testing accuracy of scratch-built

CNN models. . . . . . .

: Performance comparison of deep CNN networks using SVM, KNN, XG-

Boost, and Softmax classifiers. . . . . . ... ... ... ... .. ... .

: Performance comparison of the proposed method with SOTA methods. .

: The effect of FS-based LASSO method on the number of selected features

for individual models. . . . . . . ...

: The effect of FS-based LASSO method on the number of selected features

for different pre-trained CNNs combinations. . . . . . .. ... ... ..

: Performance assessment of different pre-trained CNN models. . . . . . .
: Performance of concatenated pre-trained CNN models. . . . . . . . . ..
: Performance of pretrained CNN combinations with LASSO-based FS

method. . . . . ..,

. Performance comparison of the proposed method with SOTA methods. .

75

111




List of Abbreviations

Abbreviation Full Name

ABC: Artificial Bee Colony

ACC: Accuracy

AT Artificial Intelligence

ANNSs: Artificial Neural Networks

APTOS: Aravind Eye Care System

AUC: Area Under the Curve

AutoML: Automated Machine Learning

BC: Breast Cancer

BCDNet: Breast Cancer Detection Network

BECH: Breast Cancer Histology

BMI: Body Mass Index

BANN: Boosting Artificial Neural Networks

BSense: Bayesian Hyperparameter Optimized Stacked Ensemble
BreCaHAD: Breast Cancer Histopathological Annotations for Diagnosis
BreakHis: Breast Cancer Histopathological Image Classification
BUSI: Breast Ultrasound Images

CAD: Computer-Aided Detection/Diagnosis

CBIS-DDSM:  Curated Breast Imaging Subset of the Digital Database for Screening Mammography
CC: CranioCaudal

CEUS: Contrast-Enhanced Ultrasound

CLAHE: Contrast Limited Adaptive Histogram Equalization
CM: Confusion Matrix

CNNs: Convolutional Neural Networks

CNV: Copy Number Variation

Coimbra: Coimbra Breast Cancer dataset



List of Abbreviations

CSOA.: Crow Search Optimization Algorithm
CT: Computed Tomography

CWV: Confidence-Weighted Voting
DBT: Digital Breast Tomosynthesis
DCNN: Deep Convolutional Neural Network
DCE: Dynamic Contrast-Enhanced

DE: Differential Evolution

DeepMiCa: Deep Microcalcifications

DL: Deep Learning

DMR: Database for Mastology Research
DNN: Deep Neural Network

DSS: Decision Support System

DT: Decision Tree

EBL: Ensemble Boosting Learning
ELMs: Extreme Learning Machines
EMS-Net: Ensemble of MultiScale Convolutional Neural Networks
ERT: Extremely Randomized Trees
EWT: Empirical Wavelet Transform
FFPE: Formalin-Fixed Paraffin-Embedded
FLOPS: Floating-Point Operations

FN: False Negative

FNA.: Fine Needle Aspirates

FP: False Positive

FS: Feature Selection

GB: Gradient Boosting

GBDT: Gradient Boosting Decision Tree
GE: Gene Expression

GLCM: Gray-Level Co-occurrence Matrix
GRU: Gated Recurrent Units

H&E: Hematoxylin and Eosin

HOMA.: Homeostatic Model Assessment
HPO: Hyperparameter Optimization
HPFs: High-Power Fields

HRD: Homologous Recombination Deficiency




List of Abbreviations

ICPR:
IDC:

IoT:
KCGAN:
KNN:
KNNOR:
LASSO:
LDA:

LR:
LSTM:
LWT:
MC:
METABRIC:
MFO:
MIAS:
ML:
MLP:
MRI:

MTRRE-Net:

NAC:
NB:
NBIA:
PCA.:
Pcam:
PCC:
Pre:
PPV:
PSCCL:
PSO:
PTGAN:
RBF:
RBF-KELM:
RBFNN:
RBFs:

International Conference on Pattern Recognition
Invasive Ductal Carcinoma

Internet of Things

Kullback-Leibler Divergence Conditional Generative Adversarial Network
k-Nearest Neighbors

K-Nearest Neighbor Oversampling Ratio

Least Absolute Shrinkage and Selection Operator
Linear Discriminant Analysis

Logistic Regression

Long Short-Term Memory Networks

Lifting Wavelet Transform

Microcalcification

Molecular Taxonomy of Breast International Consortium
Moth-Flame Optimization

Mammographic Image Analysis Society

Machine Learning

Multi-Layer Perceptron

Magnetic Resonance Imaging

Multi-scale Dual Residual Recurrent Network

Cancer to Neoadjuvant Chemotherapy

Naive Bayes

National Biomedical Imaging Archive

Principal Component Analysis

PatchCamelyon

Pearson Correlation Coefficient

Precision

Positive Predictive Value

Penalized Sequential Discriminative Dictionary Learning
Particle Swarm Optimization

Prototype Transfer Generative Adversarial Network
Radial Basis Function

Radial Basis Function Kernel Extreme Learning Machine
Radial Basis Function Neural Network

Radial Basis Functions




List of Abbreviations

RFE:
RF:
RICA.:
RIDER:
ROS:
ROC:
RSF:
RUS:
RVFL:
SAFNet:
SEER.:
SGD:
SHAP:
SiGaAtCNN:
SNN:
SMOTE:
SOTA.:
SPBC:
SSF:
SSL:

ST:
SVM:
TCGA:

TCGA-BRCA:

TL:

TP:
TSBTC:
UB:
UCI:
UDIAT:
ViTs:
WBCD:
WDBC:
WFEFS:

Recursive Feature Elimination

Random Forests

Reconstruction-Independent Component Analysis
Radiology Image Data from The Cancer Genome Atlas
Random Oversampling

Receiver Operating Characteristic

Random Survival Forest

Random Undersampling

Random Vector Functional Link

Spatial Attention Fusion Network

Surveillance, Epidemiology, and End Results
Stochastic Gradient Descent

SHapley Additive exPlanations

Stacked Generalized Attention Convolutional Neural Network

Spiking Neural Network

Synthetic Minority Oversampling Technique
State-Of-The-Art

Second Primary Breast Cancer

Stacked Random Forest

Semi-Supervised Learning

Survival Tree

Support Vector Machine

The Cancer Genome Atlas

The Cancer Genome Atlas - Breast Invasive Carcinoma
Transfer Learning

True Positive

Thepade’s Sorted Block Truncation Coding
Breast Ultrasound

University of California, Irvine

Unidad de Diagnéstico por Imagen de la Mama
Vision Transformers

Wisconsin Breast Cancer Database

Wisconsin Diagnostic Breast Cancer

With Feature Selection




List of Abbreviations

WHO:
WKNN:
WOFS:
WPBC:
WSIs:
XATIL

XGBoost:

World Health Organization
Weighted k-Nearest Neighbor
Without Feature Selection
Wisconsin Prognostic Breast Cancer
Whole-Slide Images

Explainable Artificial Intelligence

eXtreme Gradient Boosting




Chapter 1

INTRODUCTION

1.1 Research Background

Breast Cancer (BC) remains a significant global health challenge, being the second leading cause
of cancer-related deaths among women [1]. BC refers to the abnormal, uncontrolled growth of
cells in the breast, which can potentially invade surrounding tissues or spread to other parts
of the body. This malignancy has been a focal point of medical research due to its widespread
occurrence, with more than 2.3 million new cases diagnosed annually, according to the World
Health Organization (WHO) [2]. Its high prevalence and mortality rates emphasize the need for
refined diagnostic tools to improve early detection, thereby enhancing treatment outcomes [3].
As a result, the medical community continuously seeks ways to improve early detection and
treatment methodologies.

Medical imaging plays a crucial role in diagnosing breast cancer, providing detailed in-
sights into internal structures. Various imaging modalities such as mammography, ultrasound,
Computed Tomography (CT), and Magnetic Resonance Imaging (MRI) have been central to
BC detection. These imaging techniques help visualize breast tissues, distinguishing between
healthy and cancerous tissues, and are instrumental in evaluating disease progression and the
effectiveness of treatment [4].

Among the most commonly used imaging modalities is mammography, a non-invasive pro-
cedure that has been the gold standard in breast cancer screening for decades. Despite its
widespread use, mammography presents several challenges, including high rates of false pos-
itives and negatives. False positives often lead to unnecessary biopsies and increased patient
anxiety, while false negatives can delay diagnosis and treatment. Ultrasound, another prevalent

imaging method, is frequently used as a complementary tool to mammography, especially in
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dense breast tissues where mammography may be less effective [5]. However, ultrasound’s accu-
racy depends heavily on the operator’s expertise, making it a less reliable standalone diagnostic
tool. MRI, particularly Dynamic Contrast-Enhanced MRI (DCE-MRI), has emerged as a more
advanced technique in evaluating breast cancer, offering superior soft tissue contrast compared
to other modalities. DCE-MRI is particularly useful in assessing the response of breast cancer to
Neoadjuvant Chemotherapy (NAC), a treatment aimed at shrinking tumors before surgery [6].
This imaging technique allows for the visualization of tumor vascularity and perfusion, provid-
ing valuable information about tumor aggressiveness and treatment response. MRI is typically
employed both at the initial diagnosis stage and after the administration of NAC to monitor
the efficacy of the therapy [7].

Machine Learning (ML) techniques have been notably transformed the field of medical di-
agnostics, especially in breast cancer classification. These advanced computational techniques
facilitate the analysis of extensive datasets, identifying complex patterns and the development
of accurate predictions [8]. Deep Learning (DL), a subset of ML, has proven particularly ef-
fective in medical imaging due to its capability to automatically extract features from images,
thus dismissing the need for manual Feature Selection (FS) [9]. Convolutional Neural Networks
(CNNs), a specific type of deep learning model, have demonstrated exceptional success in im-
age classification tasks, making them particularly well-suited for breast cancer classification.
CNNs can effectively analyze complex imaging data derived from mammography, ultrasound,
and MRI, identifying subtle patterns that may indicate malignancy [10].

Transfer Learning (TL) is a technique that involves transferring the knowledge of a model
pre-trained on a different dataset for a specific task—has shown great promise in enhancing
the performance of CNNs in breast cancer classification [11]. By leveraging existing knowledge,
transfer learning enables models to attain higher accuracy even with smaller datasets, addressing
a significant challenge in medical research.

Computer-Aided Diagnosis (CAD) systems have been developed to support radiologists in
interpreting mammograms and other imaging modalities. CAD systems employ algorithms to
highlight areas of interest within medical images, serving as a supplemental resource to reduce
the likelihood of missed diagnoses [12]. Research has demonstrated that combining CAD with
traditional diagnostic methods can substantially improve performance rates, particularly in
dense breast tissues where mammograms may be less effective [13].

Despite significant advancements, challenges persist in the precise diagnosis of breast can-
cer. A major limitation is the inherent variability in breast cancer presentations. Tumors can

differ widely in size, shape, and location, with their appearance on various imaging modali-
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ties influenced by numerous factors, including breast density, tumor type, and the patient’s
age [14]. Moreover, the imbalance in breast cancer datasets, where negative cases often sig-
nificantly outnumber positive cases, can adversely affect the performance of machine learning
models. To mitigate this issue, techniques such as data balancing were utilized, ensuring that
both benign and malignant cases are adequately represented within the dataset to enhance
model performance [15].

Additionally, feature selection is essential for developing effective ML techniques for breast
cancer classification. By pinpointing the most relevant features from the data, F'S reduces model
complexity, improves interpretability, and boosts classification accuracy [16]. In the realm of
breast cancer, features such as tumor size, shape, texture, and contrast enhancement patterns
are vital for differentiating between benign and malignant lesions.

This thesis builds on recent advances in breast cancer classification by examining the inte-
gration of deep learning models with advanced imaging techniques. Specifically, the research
investigates the application of ML and deep CNNs to classify breast cancer. It includes feature
selection, data balancing, and Hyperparameters Optimization (HPO) to improve diagnostic
accuracy. The study employs imaging modalities, including ultrasound, in conjunction with
clinical data sets to develop and validate predictive models. By merging quantitative imaging
data with deep learning approaches, this research aims to provide a more comprehensive evalua-
tion of tumor classification, offering valuable insights for treatment planning and diagnosis. The
ultimate objective of this thesis is to contribute to the development of automated breast can-
cer classification systems that support radiologists and clinicians in making informed decisions.
By combining advanced deep learning techniques with state-of-the-art imaging methods, this
research aims to enhance the accuracy, efficiency, and reliability of breast cancer diagnostics,

eventually improving patient outcomes and reducing the impact of this widespread disease.

1.2 Research Motivation and Significance

Breast cancer remains a significant global health challenge, representing a leading cause of
cancer-related mortality among women worldwide. The increasing incidence of this disease un-
derscores the urgent need for improved diagnostic methods that are more accurate, efficient,
and less invasive. While conventional diagnostic approaches, such as mammography, ultra-
sound, and biopsy, play crucial roles in breast cancer classification, they often face limitations
in distinguishing benign from malignant lesions with high precision. This can lead to increased

rates of false positives, resulting in unnecessary anxiety and invasive procedures, or false nega-
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tives, leading to delayed diagnoses and potentially poorer patient outcomes. These limitations
highlight the critical need for innovative diagnostic tools that can enhance the accuracy and
timeliness of BC classification.

This research is strongly motivated by the transformative potential of machine learning
and deep learning in addressing these diagnostic challenges. These advanced computational
techniques offer several key advantages. They excel at processing large and complex datasets,
identifying subtle patterns and features that may be difficult for human observers to discern.
This capability is particularly relevant in medical imaging, where subtle variations in texture,
shape, and intensity can be indicative of malignancy. Deep learning models, such as convolu-
tional neural networks, can automatically learn hierarchical representations of image features,
eliminating the need for manual feature engineering and potentially achieving superior classifica-
tion accuracy. Furthermore, breast cancer presents with diverse characteristics across different
patients and imaging modalities. DL models can be trained on heterogeneous datasets to learn
robust representations that are less sensitive to variations in image quality, patient demograph-
ics, and disease stage. This adaptability is crucial for developing diagnostic tools that can
generalize well across diverse patient populations. Finally, automated breast cancer classifica-
tion systems powered by these techniques can significantly reduce the workload of radiologists
and clinicians. By providing preliminary assessments and flagging suspicious cases for further
review, these systems can streamline diagnostic workflows, improve efficiency, and potentially
reduce diagnostic delays.

This research is significant because it aims to develop Artificial Intelligence (AI)-driven
frameworks specifically tailored for breast cancer classification using various data modalities
(clinical data and ultrasound imaging). This includes addressing specific challenges such as
feature selection, class imbalance, and model optimization. In addition, this work aims to
contribute to the development of more accurate, efficient and clinically relevant CAD systems
for breast cancer. This can lead to accurate classification, faster intervention, and ultimately
improved patient outcomes. Finally, this research seeks to advance the state-of-the-art in breast
cancer diagnostics by providing a comprehensive evaluation and comparison of different ML and
DL techniques. This will contribute to a better understanding of the strengths and limitations
of these approaches and inform future research directions. By addressing these key motivations
and contributing to these significant advancements, this research aims to make a meaningful

impact in the fight against breast cancer.
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1.3 Research Objectives

This thesis aims to enhance the accuracy and efficiency of breast cancer classification by de-
veloping and evaluating advanced machine and deep learning models. The primary objective is
to create robust and clinically relevant computational tools that assist radiologists in making

informed decisions. The specific objectives are as follows:

1. Develop an ML-based framework for breast cancer classification using clinical datasets.

2. Deploy a DL-based framework for breast cancer classification using ultrasound images and

transfer learning.

3. Design a hybrid framework for efficient breast cancer classification combining feature Ex-

traction (FE), feature selection, and classification.

1.4 Thesis Contributions

This thesis delivers several significant contributions to the field of breast cancer classification
by leveraging advanced machine learning and deep learning techniques. These contributions
directly address challenges related to data variability, class imbalance, and clinical applicability,
ultimately aiming to improve diagnostic accuracy, efficiency, and patient outcomes. The key

contributions are as follows:

1. Development of a robust ML-based diagnostic framework that incorporates feature se-
lection based on the correlation of malignancies, data balancing, and Hyperparamters
optimization (HPO) for enhancing breast cancer classification using four clinical datasets,
including the Wisconsin Breast Cancer Dataset (WBCD), Wisconsin Diagnostic Breast
Cancer (WDBC), Wisconsin Prognostic Breast Cancer (WPBC), Coimbra, by:

« Using a malignancy correlation-based feature selection technique to identify the most

relevant predictive features, enhancing model interpretability and performance.

e Implementing and comparing various class imbalance techniques such as Synthetic
Minority Oversampling Technique (SMOTE), K-Nearest Neighbor Oversampling Tech-
nique (KNNOR), and Random Undersampling (RUS) to ensure equitable model

training and reduce bias.
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e Optimizing model parameters through hyperparameters optimization for a range of
seven ML algorithms and Deep Neural Networks (DNNs), providing a comprehensive

comparative analysis.

2. Development of an advanced DL-based framework for breast cancer classification using
modified transfer learning on ultrasound images. This framework addresses the challenges

of limited and imbalanced ultrasound datasets, by:

o Employing modified transfer learning techniques by re-using pre-trained CNN archi-
tectures (ResNet50, MobileNetV2, DenseNet121, Xception) on the Breast Ultrasound
Images (BUSI) dataset, demonstrating the effectiveness of transfer learning in this

context.

o Providing empirical evidence for the optimal selection and adaptation of pre-trained

models for breast ultrasound image analysis.

3. Development of a novel hybrid framework for efficient breast cancer classification combin-
ing multi-CNN feature fusion, Least Absolute Shrinkage and Selection Operator (LASSO)-

based feature selection, and classification, by:

« Integrating feature extraction from multiple pre-trained CNNs, such as MobileNetV2,
DenseNet121, and InceptionV3, captures diverse image features and fuses them to

obtain richer information.

o Applying LASSO-based feature selection to refine the fused feature vector, leading to

improved computational efficiency and potentially enhanced classification accuracy.

e Demonstrating the efficacy of this hybrid approach in achieving high-precision clas-

sification.

4. Comprehensive evaluation and comparative analysis of the proposed frameworks across
diverse datasets and using a wide range of evaluation metrics. This contribution provides

a thorough assessment of the proposed methodology by:

 Utilizing a comprehensive suite of metrics, including Accuracy (Acc), Sensitivity
(Sens), Specificity (Spec), Precision (Prec), Fl-score (F1-s) to provide a holistic view

of model performance.

e Conducting a comparative analysis of the proposed frameworks against each other

and potentially against existing state-of-the-art (SOTA) methods.
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o Evaluating the generalizability of the models across different data types (clinical and

imaging), addressing the issue of data variability.

1.5 Thesis Structure

This thesis is structured into six chapters, each contributing to the overall goal of enhancing
breast cancer classification through advanced machine and deep learning techniques. A brief
overview of each chapter is provided below:

Chapter 1: Introduction: This chapter provides the context for the research by discussing
the global burden of breast cancer and the need for improved diagnostic methods. It outlines
the research motivation, objectives, contributions, and the significance of this work. Finally, it
presents the structure of the thesis.

Chapter 2: Breast cancer classification: State-of-the-art: This chapter reviews ML and
DL techniques in the state-of-the-art applied to breast cancer classification, covering various
imaging modalities, relevant preprocessing techniques, traditional ML methods, and advanced
DL models. The chapter also identifies existing research gaps and limitations, justifying the
proposed research direction.

Chapter 3: Breast cancer classification using feature selection, data balancing and hyperpa-
rameters optimization: This chapter presents the development and evaluation of an ML-based
framework for breast cancer classification using clinical datasets (WBCD, WDBC, WPBC,
Coimbra). The framework incorporates a malignancy correlation-based feature selection tech-
nique, class imbalance mitigation strategies (SMOTE, KNNOR, Random Undersampling), and
HPO for various ML algorithms, including Support Vector Machines (SVM), K-nearest Neigh-
bors (KNN), Random Forests (RF), Decision Tree (DT), Naive Bayes (NB), Logistic Regression
(LR), and eXtreme Gradient Boosting (XGBoost) along with DNN.

Chapter 4: Breast cancer classification enhancement using Deep-modified transfer learning:
This chapter focuses on the development of a DL-based framework for breast cancer classifi-
cation using BUSI dataset. The framework leverages modified transfer learning by fine-tuning
pre-trained CNN architectures (ResNet50, MobileNetV2, DenseNet121, Xception) to address
challenges associated with limited and imbalanced data.

Chapter 5: Deep CNN feature fusion and Lasso-based feature selection for Breast Cancer
classification: This chapter introduces a novel hybrid framework for efficient breast cancer classi-
fication from ultrasound images. The framework comprises four main stages: feature extraction
using multiple CNNs (MobileNetV2, DenseNet121, InceptionV3), feature fusion, LASSO-based
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FS, and classification using fully connected layers.
Chapter 6: Conclusion: This chapter summarizes the key findings and contributions of the

thesis, discusses the limitations of the proposed approaches, and outlines potential directions

for future research.




Chapter 2

BREAST CANCER DETECTION:
STATE-OF-THE-ART

2.1 Introduction

Breast cancer remains a leading cause of cancer-related mortality among women worldwide,
necessitating continuous advancements in diagnosis and treatment. With the development of
machine learning and deep learning techniques, the medical field has seen substantial progress
in automating the detection and classification of breast cancer, potentially revolutionizing early
diagnosis and treatment planning. This chapter offers a detailed overview of the datasets,
pre-processing methods, and classification techniques used in breast cancer research. It starts
by detailing the major breast cancer imaging modalities, including mammograms, ultrasound,
MRI, and clinical datasets used for research purposes. These datasets are essential for machine
learning models, and their variety is crucial for ensuring that diagnostic systems can generalize
effectively.

Next, pre-processing techniques, such as data cleaning, normalization, feature selection, fea-
ture extraction, and data augmentation, are discussed, focusing on their significance in preparing
data for robust classification models. The chapter explores conventional ML methods like SVM,
KNN, and RF alongside more advanced deep learning models, including convolutional neural
networks, and Long Short-Term Memory (LSTM) networks used for breast cancer classifica-
tion. This chapter provides a comprehensive literature review, highlighting key advancements
and challenges in the field while emphasizing the potential of hybrid approaches to enhance

accuracy and robustness in breast cancer classification.
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2.2 Breast Cancer Datasets

Breast cancer research has significantly benefited from diverse datasets that enable the explo-
ration of the disease’s genetic, clinical, and histopathological dimensions, which helps researchers
understand the genetic basis of breast cancer and identify possible biomarkers for diagnosis and
treatment [17]. Recent advancements in machine learning have led to developing frameworks
that effectively integrate clinical and gene expression data to predict patient outcomes, utilizing
various ML algorithms such as decision trees and fuzzy clustering [18]. These datasets and
methodologies collectively highlight the evolving landscape of breast cancer research, signifi-

cantly enhancing diagnostic and predictive capabilities [19].

2.2.1 Clinical Datasets

Clinical breast cancer datasets are essential resources for understanding the complexities of the
disease. These datasets often encompass a range of clinical, genomic, and histopathological
information, which is crucial for developing and refining diagnostic and therapeutic strategies.
Well-known examples include the WDBC and WPBC datasets, which have provided valuable
insights for the development of various predictive models [20]. Table 2.1 details several clinical

datasets commonly used in recent studies.

2.2.1.1 Wisconsin Diagnostic Breast Cancer

The WDBC is a publicly available dataset in the University of California, Irvine (UCI) machine
learning repository [21]. It consists of 569 samples of breast cancer obtained from digitized
images of Fine Needle Aspirates (FNA) of breast masses, with 32 attributes described for each
sample. The first two columns contain the sample ID and the diagnosis (benign or malignant).
The following 30 features are derived from measurements of cell nuclei and include the mean,
standard error, and worst values for ten key characteristics, including area, perimeter, radius,
texture, smoothness, compactness, concavity, concave points, symmetry, and fractal dimension.
The dataset comprises 357 benign cases and 212 malignant cases, making it a widely recognized

benchmark dataset for research in breast cancer classification [22-44].

2.2.1.2 The Wisconsin Breast Cancer Dataset

The WBCD [45] is a commonly used dataset for breast cancer classification tasks. It contains
699 instances (458 samples were benign, the remaining 241 were malignant), each representing

a breast cancer case recorded between 1989 and 1991 at the University of Wisconsin Hospitals.

10
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The dataset consists of 11 features: the first column is a sample ID, while the last column is the
class target (benign or malignant). The remaining nine features describe various cell nucleus
properties derived from FNA of breast masses, including Uniformity of Cell Shape, Clump
Thickness, Bare Nuclei, and Mitoses [22,23,25,27,29, 31,33, 36, 38,42, 46-50].

2.2.1.3 The Wisconsin Prognostic Breast Cancer

The WPBC dataset [57] comprises 198 instances and 34 attributes. Among these are a patient
ID, an outcome indicating either "Recur" or "NonRecur", the time to recurrence or health status,
and 30 features derived from digitized images of breast masses. These features detail the char-
acteristics of cell nuclei, including area, radius, perimeter, concavity, and texture, comparable
to those found in the WDBC dataset. Furthermore, the dataset contains information on tumor
size and lymph node status. Tumor size is categorized into four groups (T-1 to T-4) based on di-
ameter, while lymph node status indicates the presence of cancerous nodes. This dataset tracks
patients diagnosed with invasive breast cancer who did not have distant metastases, including
151 non-recurrent cases and 47 recurrent cases [23,27,28,30, 31,33, 38,53, 58].

2.2.1.4 Coimbra dataset

The Coimbra dataset is a publicly available dataset introduced in 2018 on the UCI machine
learning repository [59], commonly used to develop ML models for breast cancer diagnosis.
It contains 116 instances with ten attributes derived from blood analysis and anthropometric
data. The dataset includes two classes: 52 healthy individuals and 64 breast cancer patients.
The features include Body Mass Index (BMI), age, insulin levels, leptin, glucose, adiponectin,
MCP-1, resistin, and Homeostatic Model Assessment (HOMA), considered potential indicators
for breast cancer [27,31,60,61].

2.2.1.5 Surveillance, Epidemiology, and End Results (SEER)

The SEER dataset [62], offered by the National Cancer Institute’s SEER Program, serves as
a comprehensive resource for examining breast cancer outcomes and survival trends. It is
significant in analyzing cancer survival trends, assessing treatment efficacy, and informing public
health strategies. This dataset, sourced from the November 2017 SEER update, includes data
on female patients diagnosed with infiltrating ductal and lobular carcinoma between 2006 and
2010. It consists of 4,024 records with 15 attributes, mitigating a wide array of information.
Among the recorded cases, 3,408 pertain to living patients, whereas 616 document dead patients.

Demographic details encompass variables such as age, race, and marital status, and survival

11
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outcomes. Renowned for its reliability and depth, the SEER breast cancer dataset is an essential

tool for researchers and clinicians alike [27,29, 31, 63].

2.2.1.6 Molecular Taxonomy of Breast International Consortium (METABRIC)

The METABRIC dataset [64] is a comprehensive breast cancer comprising 1,980 patient samples,
each with 625 features. These features include Copy Number Alterations (CNA) profiles, gene
expression profiles, and clinical data. The dataset categorizes patients into two groups based on
their survival outcomes: 491 short-term survivors (labeled as 0) and 1,489 long-term survivors
(labeled as 1), with the survival threshold set at five years. The METABRIC dataset is widely
used for validating models in breast cancer research for further analysis and experimentation
[65-70].

2.2.1.7 Gene Expression (GE)

The GE dataset, as described in [71], is a valuable resource for breast cancer research, offering
comprehensive gene expression profiles across 17,814 genes for each sample. The dataset includes
590 samples, comprising 529 breast cancer and 61 noncancer tissue samples. It plays a critical
role in cancer biomarker studies, enabling molecular tumor profiling and the identification of
gene signatures specific to various breast cancer subtypes. This dataset is instrumental in
applying clustering techniques to investigate the heterogeneity of breast cancer, uncovering
patterns that distinguish subtypes, advancing personalized treatment strategies, and improving

our understanding of breast cancer biology [69,72-74].

2.2.1.8 RNA-seq

The RNA-seq dataset [75] used for breast cancer research comprises 522 patient samples with
5,567 features, categorizing them based on patient survival outcomes, with 459 short-term
survivors labeled as 1 and 63 long-term survivors labeled as 0. The dataset is publicly available

on Mendeley for validation and model performance testing [65, 76].

2.2.2 Medical Imaging Datasets

Medical imaging serves as the primary source of data for the detection and diagnosis of cancer,
particularly breast cancer. The accurate and precise identification of BC is crucial for timely
detection, significantly improving the chances of survival. Numerous imaging techniques have

been created and continually improved to detect breast cancer in its early stages. The main

12
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Table 2.1: Comparison of clinical datasets for breast cancer diagnosis within recent studies.

Datasets References Classes Samples Samples Features Advantages Limitations

per Class

WBCD [22, 23, 25,27, 2 699 B (458), M 10 Widely used bench- Limited to clinical

29,31,33,36,38, (241) mark dataset for con- features; lacks imaging
42,46-56] sistent model evalua- and genomic data,
tion. restricting multimodal

analysis.

WDBC [22-44] 2 569 B (357), M 32 Standardized dataset Exclusively clinical

(212) with  well-annotated  data without imaging,
clinical features. limiting comprehensive
diagnostic insights.

WPBC [23,27, 28,30, 2 198 B (151), M 34 Includes follow-up data ~ Small sample size,

31,33,38,53,58] (47) for survival and recur- lacks imaging and
rence studies. genomic information.

Coimbra [27,31,60,61] 2 116 H (52), NH 10 Includes metabolic and ~ Small dataset without

(64) clinical data, valuable multimodal validation
for breast cancer risk limits broader applica-
assessment. bility.

SEER [27,29,31,63] 2 4024 A (3408), 15 Extensive demographic  No imaging or genomic

D (616) and clinical attributes data, limiting integra-
for survival analysis. tion with advanced di-
agnostic models.

GE (69, 72-74] 2 Variable Variable Variable Enables early detec- Limited clinical con-
tion, personalized  text; lacks multimodal
treatments through  validation for general-
molecular data. izability.

METABRIC [65-70] Variable Variable Variable Variable Large-scale genomic  Primarily gene ex-
data enhances per- pression data without
sonalized treatment  imaging integration.
strategies.

RNA-seq [65,76] Variable Variable Variable Variable Facilitates  molecular  Limited population

profiling for personal-

ized diagnosis.

generalizability; lacks
multimodal data vali-

dation.

imaging methods currently employed for BC diagnosis include mammography, ultrasound, MRI,

histopathology, and thermography, as illustrated in Figure 2.1.

2.2.2.1 Mammograms

Mammography is widely recognized as the most common and effective method for early detec-
tion of breast cancer in asymptomatic women [19]. This technique utilizes low-energy X-rays to
examine and screen breast tissue [77], effectively identifying microcalcifications and clusters of
calcifications, which are often indicative of breast cancer. Several publicly available mammog-
raphy datasets are frequently used in research. Table 2.2 provides a detailed analysis of these

datasets.
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(a) MRI (b) Thermal

(d) Mammogram (e) Histopathology

Figure 2.1: Breast cancer images obtained by different imaging techniques: (a) MRI (b) ther-
mography (c) ultrasound (d) mammograms (e) histopathology.

Digital Database for Screening Mammography (DDSM): The DDSM, provided by the
University of South Florida [78], is a key public dataset for breast cancer research, featuring
over 10,000 digitized screen-film mammograms. It includes 2,500 normal, 3,000 benign, and
4,500 malignant images captured from multiple views (MLO and CC) at a resolution of 3000
x 4800 pixels. Each case contains detailed annotations from radiologists, including BI-RADS
scores, breast density, lesion types, and localization of abnormalities. DDSM is essential for
tumor detection and classification, particularly in developing computer-aided detection (CAD)

systems for identifying breast cancer in dense breast tissue [79-91].

Curated Breast Imaging Subset of the Digital Database for Screening Mammog-
raphy (CBIS-DDSM): The CBIS-DDSM [92] dataset, curated by the University of South
Florida, is an updated version of the DDSM. It comprises 3,103 mammographic images from
1,566 patients, focusing on masses and calcifications. The dataset includes pixel-level ROI an-
notations for benign and malignant cases, DICOM format images, ACR density labels, biopsy-
proven pathology results, and BI-RADS scores. It features mediolateral oblique (MLO) and

craniocaudal (CC) views for each breast. It is a vital resource for developing and bench-
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marking breast cancer detection models, particularly in segmentation and classification tasks

[83,93-97,97-101].

INbreast:

mammograms from 115 patients obtained by the Centro Hospitalar de S. Joao, Porto, Portugal.

The INbreast [102] dataset is a comprehensive collection of 410 full-field digital

It contains normal and abnormal cases, with detailed annotations for masses, calcifications,
asymmetries, and distortions. Each abnormal case is precisely labeled with ground truth anno-
tations, specifying lesion type, location, and BI-RADS score. The dataset provides high-quality
images with MLO and CC views, making it a valuable resource for breast cancer detection and
classification research [80,81,83,90,93-95,97,103-107].

The MIAS dataset [108] is a widely

utilized resource for research in breast cancer diagnosis. It includes 322 digitized mammograms

Mammographic Image Analysis Society (MIAS):

from 161 patients, classified into normal (207), benign (63), and malignant (52) cases. The
images are provided in PGM format and have a resolution of 1024 x 1024 pixels. The dataset
incorporates radiologist annotations indicating abnormalities such as masses, calcifications, and
asymmetries, along with tissue density labels: fatty, fatty-glandular, and dense-glandular [23,
47,80,84,86,87,90,91,94,103,105, 106, 109-111].

Table 2.2: Comparison of mammogram datasets for breast cancer diagnosis within recent stud-

ies.
Datasets References N. of N. of Im- Images per Advantages Limitations
Classes ages Class
MIAS [23,47,80,84,86,87, 3 322 N (207), B Public, good for initial ~ Small, limited diver-
90, 91, 94, 103, 105, (63), M (52) testing; labeled abnor-  sity; low resolution lim-
106,109-111] malities aid early train-  its advanced applica-
ing. tions.
DDSM [79-91] 3 1500 N (519), B Large, diverse, valu- Requires significant
(479), M (502)  able for robust fea- preprocessing; dataset
ture extraction and di- age may affect image
agnostic modeling. quality.
INBreast (80, 81, 83,90,93—- 3 410 B (220), N High-resolution im- Limited  access/high
95,97,103-107] (67), M (49) ages, excellent for deep  cost; small size limits
learning and detailed generalizability.
analysis.
CBIS- [83,93-97,97-101] 3 2,620 B (870), N Comprehensive, de- Requires complex pre-
DDSM (695), M (914)  tailed annotations,  processing; high vari-

ideal for deep/federat-

ed/transfer learning.

ability may challenge

model consistency.
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2.2.2.2 Ultrasound

Ultrasound imaging serves as a valuable auxiliary tool to mammography in breast cancer de-
tection. Unlike mammograms, ultrasound images are typically grayscale and may exhibit less
detail. However, ultrasound excels at differentiating between cystic and solid masses, a capa-
bility where mammography can be less effective. It is particularly advantageous for assessing
dense breast tissue, where mammography’s sensitivity can be limited [112]. Several ultrasound

datasets are commonly used in research and described in Table 2.3.

Breast Ultrasound Images: The BUSI dataset, gathered in 2018 at Baheya Hospital in
Cairo, Egypt [113], plays a crucial role in research focused on breast cancer detection. It com-
prises 780 ultrasound images from women aged 25 to 75, all captured using LOGIQ E9 systems.
The dataset includes ground truth masks in PNG format, with an approximate resolution of 500
x 500 pixels. It contains 437, 210, and 133 images labeled as benign, malignant, and normal,
respectively, making it an invaluable resource for studies aimed at differentiating between tumor

types while employing safe, radiation-free ultrasound imaging [88, 114-131].

UDIAT: The UDIAT dataset [132] is a collection of breast ultrasound images utilized for
research in breast cancer detection, containing 163 pictures, each corresponding to a single lesion
accompanied by a ground truth mask, providing detailed annotations of the lesions, categorized
into 109 benign and 54 malignant cases. These images were acquired using a Siemens ACUSON
scanner at the UDIAT Diagnostic Centre of the Parc Tauli Corporation in Sabadell, Spain.
This dataset has been instrumental in developing and evaluating machine learning models for
breast cancer detection, particularly in segmenting breast masses in ultrasound images. The
dataset’s detailed annotations and high-quality photos make it a valuable resource for advancing

automated breast cancer detection methods [122].

Breast Ultrasound Video Dataset: Breast US videos were collected for a retrospective
study at Shengjing Hospital between March 2021 and May 2022, involving 332 patients with
confirmed breast lesions. The study received ethics committee approval, and all participants
provided informed consent for Contrast-Enhanced Ultrasound (CEUS) and ultrasound-guided
biopsy [133]. The dataset includes 1,000 video sequences from Linyi People’s Hospital (LPH) and
the Second Affiliated Hospital of Harbin Medical University (SAHHMU), showcasing transverse
and longitudinal views with an average duration of 7 seconds. Lesions were imaged using a
Logiq E9 Doppler ultrasound machine before surgery and biopsy, facilitating precise diagnoses

confirmed by coarse needle biopsy [134].
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Table 2.3: Comparison of ultrasound datasets for breast cancer diagnosis within recent studies.

Datasets References N. of N. of Images Advantages Limitations
Classes Im- per Class
ages
BUSI [88,114-131] 3 780 B (437), M Public, labeled (B, M, and N);  Small size/resolution, limited
(210), N  suitable for multi-class classifi- real-world applicability/diver-
(133) cation/segmentation. sity; minimal pathological an-
notations.
Breast US [133,134] 3 332 B (101), Provides temporal data for Small volume, high computa-
Video M (102), real-time training; includes di-  tional cost for video processing.
MS(129) verse cases.
UDIAT [122] 2 163 B (110), M  High-quality, verified annota- Small size/diversity limits gen-
(53) tions; suitable for binary clas-  eralizability; lacks video data.
sification.

2.2.2.3 Magnetic Resonance Imaging

MRI is a non-invasive imaging technique that uses a magnetic field and radio waves to produce
detailed images of the breast [135]. This modality is particularly useful for screening dense breast
tissue and is often used with mammography and ultrasound to improve diagnostic accuracy
[136]. Due to its high sensitivity, MRI can detect cancerous tumors that mammography may
miss, making it a crucial screening tool for high-risk individuals. Table 2.4 presents the most

commonly used MRI datasets.

Dynamic Contrast-Enhanced MRI: The DCE-MRI dataset [137], provided by the Cancer
Imaging Archive, is a publicly accessible collection of breast imaging acquired using a 1.5-T Signa
scanner with a bilateral phased-array breast mass, obtaining the dataset’s features as high-
quality images through a dynamic contrast-enhanced protocol that combines low temporal and
high spatial resolution T1-weighted sequences. These images were taken at three-time points:
TO (pre-contrast), T1, and T2 (post-contrast), enabling analysis of contrast dynamics at 0, 2.5,
and 7.5 minutes, making the DCE-MRI dataset a valuable resource for enhancing breast cancer

research, especially in lesion detection, segmentation, and pre-surgical planning [76, 138, 139].

RIDER: The RIDER [140] dataset is a collection of MRI scans, including tumor and healthy
images, acquired from the National Biomedical Imaging Archive (NBIA), managed by the
United States National Cancer Institute (USNCI). The original dataset contains 1,500 images
from five patients, with their corresponding ground truth annotations. For research purposes, 90
tumor images and their annotated counterparts are commonly used in experiments to develop

and evaluate medical imaging models.
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The Cancer Genome Atlas (TCGA): The TCGA dataset [141] is a large-scale publicly
available database, including various molecular and clinical data for multiple cancer types. It
has several sub-datasets, as follows:

TCGA-BRCA is a dataset focused on breast cancer, containing gene expression data, Copy
Number Alterations (CNAs), and clinical information for over 1,000 patients. It is commonly
used for molecular subtype classification and survival analysis [67, 68, 142].

TCGA-CRCk centers on colorectal cancer, providing Microsatellite Instability (MSI) status,
histopathological images, and genomic data. It is frequently used for genomic label classification
and machine learning tasks [143].

TCGA-BC refers to a breast cancer sub-dataset with Formalin-Fixed Paraffin-Embedded
(FFPE) and Whole-Slide Images (WSIs) used to study Homologous Recombination Deficiency
(HRD), genomic features, and tumor heterogeneity. This dataset includes genomic data like

HRD scores and is often employed in studies related to personalized therapy predictions [143].

Table 2.4: Comparison of MRI datasets for breast cancer diagnosis within recent studies.

Datasets References N. of N. of Im- Images Advantages Limitations
Classes ages per Class
TCGA- [65,67,68,142] 4 Variable Variable Public, extensive  Requires extensive
BRCA multi-omics data en-  preprocessing/com-
ables multi-modal  putation; limited
models. imaging/genetic diver-
sity, inconsistent data
collection.
RIDER [96] 2 1,500 H (-), NH Multi-timepoint DCE-  Relatively small, po-
-) MRI data for studying tentially limited gener-
cancer progression. alizability, inconsistent
acquisition protocols.
DCE-MRI [76,138,139] 4 Variable Variable Rich temporal con- High acquisition cost,
trast aids tumor  limited size, resource-
detection/character- intensive processing.
ization/treatment
planning.
TCGA-BC [143] Variable Variable Variable Provides  breast/col- Limited imaging diver-

orectal cancer data for

multi-cancer analysis.

sity; combining can-
cer types may intro-

duce noise.

2.2.2.4 Histopathology

Histopathology is considered the gold standard imaging modality for breast cancer diagnosis,
providing crucial phenotypic information for treatment planning [144]. However, it presents

challenges for multi-class classification due to high similarity among cancerous cells, significant
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intra-class variability, and subtle distinctions between classes. Images within the same class
often exhibit higher resolution, contrast, and significant appearance variations compared to im-
ages from different classes, complicating differentiation. Furthermore, gigapixel WSIs, which can
exceed 1 GB in size, pose computational challenges for deep learning models when attempting

thorough processing [9]. Table 2.5 illustrates commonly used histopathology datasets.

Breast Cancer Histopathological Image Classification (BreakHis): The BreakHis
dataset, introduced by Spanhol et al. [145], is a publicly accessible collection of 7,909 high-
resolution histopathology images of breast cancer obtained from 82 patients. It consists of 2,480
benign and 5,429 malignant tumor images, and both categories are further divided into four dis-
tinct subtypes, enabling detailed subtype-specific analysis. These images were constructed using
an Olympus BX-50 microscope at four magnification levels: 40x, 100x, 200x, and 400x, stored in
PNG format at a resolution of 700 x 460 pixels in RGB color, ensuring compatibility with a wide
range of computational models and tools. With its diverse collection of well-annotated images,
the BreakHis dataset has become a cornerstone resource particularly valuable for advancing

research in breast cancer pathology and computer-aided diagnosis [146-174].

Breast Cancer Histopathological Annotations for Diagnosis (BreCaHAD): This
dataset was introduced by Nazeri et al. [175], includes 1,662 Hematoxylin and Eosin (H&E)
stained histopathology images of breast tissue from 82 patients with Invasive Ductal Carcinoma
(IDC) at Shahid Beheshti University. It includes low-resolution (x4) and high-resolution (x40)
images, totaling 8,310 image patches. High-resolution images come with detailed annotations
on tumor cells, stroma, and lymphocytes, aiding research in tumor segmentation, cell detection,

and breast cancer grading [151,174].

Camelyonl16: The Camelyonl6 dataset [176], introduced by Bejnordi et al. as part of the
CAMELYON16 challenge, obtaining 400 whole-slide images of B-lymph node sections stained
with hematoxylin and eosin. It includes 270 WSIs for training and 130 for testing, sourced from
Radboud UMC and UMC Utrecht. The dataset offers pixel-level annotations for metastatic
regions, serving as a benchmark for algorithms that detect lymph node metastases in breast

cancer patients with slides captured at 40x magnification [177-179].

PatchCamelyon (Pcam): The PCAM dataset [180], developed by Veeling et al., consists
of 327,680 color images sourced from the Camelyon16 challenge, which features 400 whole-slide

images of H&E stained lymph node sections. Each image in the dataset measures 96 x 96 pixels
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and is organized into training, validation, and test subsets, ensuring a balanced distribution of
positive and negative labels. Positive labels indicate the presence of tumor tissue within a central
32 x 32-pixel area, while negative labels denote its absence. This labeling method supports

convolutional models in their tasks related to breast cancer detection [181,182].

MITOS-ATYPIA-14: The MITOS-ATYPIA-14 dataset [183], released by the International
Conference on Pattern Recognition (ICPR), was designed for challenges in breast cancer detec-
tion. The dataset consists of H&E stained slides scanned using two slide scanners: Hamamatsu
Nanozoomer 2.0-HT and Aperio Scanscope XT, at different magnifications of 10x, 20x, and
40x. It includes 1,696 High-Power Fields (HPFs) at 40x magnification, with a resolution of
1539x1376 pixels. The training set contains 1,200 HPFs with 749 labeled mitotic cells, anno-
tated by two pathologists, with a third pathologist consulted in case of disagreement. This

dataset is commonly used in breast cancer detection research [181,182,184,185].

Breast Cancer Histology (BACH): The BACH dataset [186], developed for the ICIAR
2018 grand challenge, consists of H&E-stained breast histology images, including 400 training
images (2048x1536 pixels) acquired with a DM 2000 LED microscope and Leica ICC50HD
camera from three hospitals in Portugal, labeled by two medical experts, categorized into four
classes: Normal, Benign, In situ carcinoma, and Invasive carcinoma. Thus, it is widely used to

enhance breast cancer classification and diagnosis [155, 159, 165, 166].

Invasive Ductal Carcinoma (IDC): The IDC dataset [187] is a publicly available dataset
that contains 162 whole-slide images from breast cancer specimens, resulting in 277,524 image
patches, divided into two distinct categories: IDC-negative (198,738 patches) and IDC-positive
(78,786 patches), all digitized at a magnification of 40x with the size of 50x50 pixels. It features
reliable annotations from medical specialists, making it commonly used for developing automatic

detection algorithms for IDC in breast cancer pathology [165, 188-190].

2.2.2.5 Thermography

Breast thermal imaging, or thermography, is another imaging modality used for breast can-
cer detection [191]. This technique detects thermal abnormalities, indicating potential breast
abnormalities due to increased heat production by cancer cells. Unlike other breast cancer imag-
ing techniques, thermography is non-invasive, painless, and safe, contributing to early detection

efforts [192]. Table 2.6 presents the most commonly used thermography datasets.
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Database for Mastology Research (DMR):

dedicated to breast cancer research, specifically designed to store hematologic images for initial

The DMR is a publicly accessible platform

identification purposes. The dataset [193] comprises both thermal and mammography images,
with a focus on thermograms categorized into healthy (745 images) and sick (261 images)

subjects, all at a resolution of 640 x 480 pixels.

DMR with Infrared Images (DMR-IR): The DMR-IR is a specialized subset of DMR
focused on thermogram images for breast cancer detection. It contains 1,345 images collected
from women aged 32-74 and categorized into three groups: 705 normal images, 200 benign
tumor images, and 440 malignant tumor images. All thermal infrared images, with a resolution
of 640 x 480 pixels, have been verified by radiologists. For research purposes, 1,000 images
are allocated for training, while the remaining 345 images are devoted to testing and validation
phases [194,195].

Table 2.5: Comparison of histopathology datasets for breast cancer diagnosis within recent

studies.
Datasets References N. of N. of Images Advantages Limitations
Classes Im- per Class
ages
BreakHis [146-174] 2 7,909 B (2,480), High-resolution, good for Limited to histopathology,
M (5,429) detailed tumor analysis, lacks multi-modal data/de-
multi-task learning. mographic diversity.
BreCaHAD [151,174] 2 162 M (113), B Enhances robustness  Small size, potential data
(49) across tumor subtypes, imbalance, limited diver-
useful for general cancer — sity.
detection training.
BACH2018 [155, 159, 165, 4 400 N, B, INC, Supports multi-class classi- Limited to histopathology,
166] INV fication for improved diag- not applicable to other
nostic generalization. modalities.

MITOS-ATYPIA- [181, 182,184, 2 1,000 Variable Specializes in mitosis de- Small size limits general-

14 185] tection for assessing cancer  ization.
aggressiveness.

CAMELYON16 [177-179] 2 400 MT, NMT High-quality lymph node Computationally intensive
metastasis annotations,  due to large whole-slide im-
ideal for segmentation. ages.

PCAM [181,182] 2 327,680 MT, NMT Extensive annotations, al- Very large size, potential
lows generalization across class imbalance.
tumor features.

IDC [165,188-190] 2 277,524  IDC+ Improves robustness for Patch imbalance may af-

patches  (78,786), IDC subtypes, good for fect performance, espe-
IDC- real-world clinical data cially for IDC subtypes.
(198,738) training.

Mitosis/Non- [196] 2 150 MI  (75), Focused on mitosis detec- Small size limits general-

mitosis NMI (75) tion, aiding in aggressive ization.

cancer identification.
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Table 2.6: Comparison of thermography datasets for breast cancer diagnosis within recent

studies.
Datasets References N. of N. of Images Advantages Limitations
Classes Im- per Class
ages
DMR [195] 2 1006 H (745), Supports binary classifica-  Limited sick cases,
NH (261) tion; captures temperature  thermal-only imaging
variations. reduces robustness/gener-
alizability.

DMR-IR [194] 3 1345 N (705), B Facilitates multi-class clas-  Class imbalance, reliance

(200), M sification with a relatively —on thermal imaging may
(440) large sample size; includes limit diagnostic accuracy.

malignant cases.

2.3 Preprocessing

Pre-processing is crucial in preparing data for effective machine learning models, particularly in
medical applications like breast cancer diagnosis. This section explores various pre-processing
techniques applied to clinical and imaging datasets. These techniques enhance data quality, re-
duce noise, handle missing values, and extract relevant features to improve model performance
and diagnostic accuracy. Common methods include data cleaning, normalization, feature selec-
tion and extraction, and data augmentation, each tailored to the specific characteristics of the
data.

2.3.1 Data Normalization

Data normalization is a crucial preprocessing step that transforms feature values to a consistent
scale, preventing features with larger ranges from dominating the learning process and ensur-
ing equitable contributions from all features, which is particularly important for distance-based
algorithms and high-dimensional datasets like microarray and RNA-seq data, where normaliza-
tion mitigates biases and enables accurate comparisons. Various normalization methods exist,
each with distinct effects like the standard techniques like Min-Max scaling, which scales fea-
tures to a 0—1 range, and Z-score normalization, which standardizes data to a mean of 0 and a
standard deviation of 1, are widely employed to improve model stability and performance [197].
As shown in Table 2.7, these methods are applied across both clinical and imaging data, though
some are more prevalent in one domain or the other. While these methods improve model
performance, they handle outliers differently. Adaptive techniques, which dynamically adjust

normalization parameters based on the data, have emerged as promising solutions for addressing
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outlier sensitivity and enhancing performance in complex decision-making scenarios [198].

Table 2.7: Summary of normalization techniques and their effects on clinical and imaging data.

Preprocessing Tech- References Clinical Imaging Effect
nique
Min-Max Normalization [23,31,33,34,39,40,  Yes No Scales features to 0—1, improving model stability
58,67,70,74,199] and performance for algorithms sensitive to feature
scales.
(88, 97, 119, 120, No Yes
122, 189, 190, 200-
202
[76] Yes Yes
z-score Normalization [24, 32, 39, 43, 63,  Yes No Standardizes data to mean 0 and standard devia-
107,199] tion 1, enhancing performance and mitigating out-
liers.
[94, 111, 142, 149, No Yes
168]
[65] Yes Yes
Macenko [157,171,181] No Yes Stain normalization for histopathology images, re-
ducing staining variability and improving feature
consistency.
Global Contrast Normal- [94,153] No Yes Enhances image contrast robustness by normaliz-
ization (GCN) ing pixel intensity using mean and standard devi-
ation.
Correlation Coefficient- [52] Yes No Reduces multicollinearity by normalizing features
based Normalization based on their correlation with targets or other
features.
Arithmetic Mean Scaling [40] Yes No Scales features relative to their mean, emphasizing
Technique feature proportions.
Equilibration Scaling Tech- [40] Yes No Adjusts feature distribution for improved uni-
nique formity, potentially enhancing algorithm perfor-
mance.
Geometric Mean Scaling [40] Yes No Similar to arithmetic mean scaling but less sensi-
Technique tive to outliers.
The LIMMA (Linear Mod- [73] Yes No Normalizes gene expression data, managing exper-
els for Microarray Data) imental design and small sample sizes effectively.
Reinhard [181] No Yes Transfers color properties in histopathology im-
ages, reducing color variation between slides.
LAHE [159] No Yes Enhances local image contrast, useful for varying
illumination or contrast.
Retinex [159] No Yes Enhances contrast and color constancy by estimat-
ing reflectance independent of illumination.
Vahadane [203] No Yes Reduces stain variability in histopathology images
via color deconvolution.
Fuzzy-based KNN [72] Yes No Uses fuzzy logic to improve KNN’s robustness to
noise and outliers in gene expression data.
Log-transformation [63] Yes No Compresses skewed data, stabilizes variance, and
suits statistical models.
Feature-wise Standardiza- [119] No Yes Equivalent to z-score normalization, applied
tion feature-by-feature.
Median Absolute Devia- [46] Yes No Robust against outliers, normalizes using the me-

tion (MAD) Normalization

dian and MAD.
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2.3.2 Data Cleaning

Data cleaning, or data cleansing, is a critical preprocessing stage focused on identifying and

rectifying errors, inconsistencies, and inaccuracies within datasets. This process is essential for

ensuring data quality and reliability, which are fundamental for accurate analysis and informed

decision-making. Data cleaning can consume a significant portion of the data analysis workflow,

often up to 80%, underscoring the importance of robust and efficient cleaning methodologies

[204]. Table 2.8 summarizes various data cleaning techniques used in breast cancer studies.

Table 2.8: Summary of data cleaning techniques and their effects on clinical and imaging data.

Preprocessing Technique References Clinical Imaging Effect

Handle missing values (Re- (25, 27,29,31, Yes No Reduces dataset size by removing instances

moval) 32, 39, 43, 63, with missing data, potentially simplifying

205] analysis but risking information loss.

Handle missing values (Not (33, 44, 49,60, Yes No Essential for preparing datasets; effects depend

specified) 66,199] on method used (imputation or removal).

Outliers removal [43, 44, 51,55,  Yes No Improves performance by removing extreme

60] values but risks discarding valuable data.

Handle missing values (Impu- [29, 52, 206] Yes No Simple and robust to outliers; reduces variance

tation: median value) and preserves dataset size.

Handle missing values (kN- [28,65] Yes No Uses k-nearest neighbors to impute missing

NImputer) values; captures feature relationships but com-
putationally intensive.

Handle missing values [67,70] Yes No Weighted variant of kNN for more accurate im-

(weighted nearest neigh- putation.

bor)

Handle missing values (aver- [31] Yes No Simple methods for numerical/categorical fea-

age/most frequent) tures; can introduce bias.

Handle missing values (miss- [63] Yes No Non-parametric, accurate imputation using

Forest) random forests; computationally intensive.

Handle missing values (simple [58] Yes No Predicts missing values based on linear rela-

linear regression) tionships; limited to linear correlations.

Categorical-numerical conver- [63,206] Yes No Converts categorical variables into binary

sion (one-hot encoding) columns; increases dimensionality.

Unlabeled data removal [111] No Yes Removes unlabeled data to ensure reliable
training; reduces dataset size.

Removing invalid mammo- [98] No Yes Ensures accuracy of mammograms and masks

grams/masks by removing invalid pairs.

Quality control (QC) [73] Yes No Removes unreliable rows; improves quality at
the cost of dataset size.

Not specified [68] Yes Yes Not specified.

2.3.3 Feature Selection

Feature selection is an important preprocessing step in machine learning that aims to enhance

model performance by identifying the most relevant features from a dataset.

By reducing
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dimensionality, FS mitigates overfitting, decreases computational costs, and improves model
generalization and interpretability. FS methods are broadly categorized into filter, wrapper,
and embedded approaches [207,208]. The benefits of FS extend to noise reduction, model
simplification, and enhanced interpretability, making it particularly valuable in domains like
bioinformatics and healthcare, where understanding feature importance is paramount [209].
Filter methods assess feature relevance based on inherent data characteristics, offering com-
putational efficiency. Wrapper methods employ ML algorithms to evaluate feature subsets, often
achieving higher accuracy but at a greater computational cost. Embedded methods integrate
FS directly into the model training process, striking a balance between accuracy and efficiency.
A variety of FS techniques, along with their application to clinical and/or imaging data and

their respective effects, are summarized in Tables 2.9 and 2.10.

Table 2.9: Summary of feature selection techniques and their effects on clinical and imaging
data (Part 1).

Preprocessing Technique References Clinical Imaging Effect
Correlation-Based Feature Se- (32,51, 52,58, Yes No Reduces redundancy by selecting highly corre-
lection 60, 65,205] lated features with the target, improving in-

terpretability and reducing overfitting.

[65] Yes Yes

Principal Component Analysis [142] No Yes Transforms features into principal components

(PCA) ranked by variance, reducing dimensionality
and enhancing efficiency.

[31,48,52] Yes No

PCA + Linear Discriminant  [80,110] No Yes Combines PCA for dimensionality reduction

Analysis (LDA) and LDA for class separability, improving clas-
sification performance.

LASSO Logistic Regression [72] Yes No Shrinks coefficients of less important features
to zero, creating a sparse and interpretable
model.

[210] No Yes
Minimum Redundancy Maxi- [67] Yes Yes Selects features with high relevance and low
mum Relevance (mRMR) redundancy for a concise and informative set.
[70] Yes No
Polynomial  Kernel = PCA [69] Yes No Captures non-linear relationships in data, im-
(KPCA) proving performance on complex datasets.
[87] No Yes

SULOV Algorithm [61] Yes No Selects features with high variance and mini-
mal redundancy, enhancing efficiency and per-
formance.

Information Gain Directed [22] Yes No Combines information gain with optimization

Simulated  Annealing  Ge- algorithms for improved feature subset selec-

netic  Algorithm  Wrapper tion.

(IGSAGAW)

Weighted Heterogeneous Value [211] No Yes Calculates instance distances using a weighted

Distance Metric (WHVDM) metric, enhancing feature and instance selec-
tion.
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Table 2.10: Summary of feature selection techniques and their effects on clinical and imaging
data (Part 2).

Preprocessing Technique References Clinical Imaging Effect

Logistic Regression [23] Yes No Determines feature importance based on coefficient

magnitude, suitable for linear relationships.

Neural Network [24] Yes No Captures complex non-linear feature relationships

through connection weights.

Variable Importance Measure [25] Yes No Quantifies feature importance in tree-based models by
(VIM) contribution to impurity reduction.

Optimization Algorithms [26,199] Yes No Metaheuristic methods inspired by nature for feature
(ESO, GSO, PSO) subset optimization.

Chi-square [60] Yes No Selects features significantly associated with the tar-

get, suitable for categorical data.

Linear Regression (LR) [72] Yes No Assesses feature importance using coefficients; suitable

for linear relationships.

Random Forest [212] No Yes Measures feature importance by impurity reduction,

providing robust results.

Gorilla  Troops  Optimizer [33] Yes No Metaheuristic optimization algorithm inspired by go-
(GTO) rilla behavior, used as a wrapper for feature selection.
Mutual Information [51] Yes No Identifies features with high statistical dependence on

the target variable, capturing both linear and non-

linear relationships.

Gradient Boosting Decision [36] Yes No Integrates GBDT and optimization algorithms for tai-

Tree-Based Mayfly Optimiza- lored feature selection.

tion (GBDTMO)

Recursive Feature Selection [39] Yes No Iteratively removes the least important features, refin-

Algorithm (RFE) ing the selection for performance.

Differential Gene Expression [73] Yes No Identifies significant gene associations using statistical

Analysis (DGEA) tests.

Whale Optimization Algo-  [42] Yes No Metaheuristic algorithms for efficient feature subset se-

rithm  (WOA), Dragonfly lection.

Algorithm (DA)

Stacked  Feature Selection [68] Yes Yes Combines multiple methods for robust feature selec-

(SFS) tion.

Improved Cuckoo Search Opti- [87] No Yes Efficient for high-dimensional feature selection prob-

mization (ICSO) lems.

Mann—Whitney U Test [139] No Yes Non-parametric method for comparing distributions of
numerical features across classes.

Entropy-Controlled Firefly [90] No Yes Guides feature selection using entropy and firefly be-

Approach (ECfA) havior.

2.3.4 Feature Extraction

Feature extraction is a fundamental preprocessing technique in machine learning, computer
vision, and signal processing aimed at transforming raw data into more informative and man-
ageable representations, thereby enhancing model performance and reducing dimensionality [16].
The birth of deep learning has significantly advanced feature extraction, enabling automated,
end-to-end learning models that streamline complex analysis and classification tasks. Con-

volutional neural networks have revolutionized image processing by automatically extracting
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complex patterns from images without manual feature engineering, leading to significant appli-
cation advancements such as object detection and recognition [213]. The effectiveness of feature
extraction is ultimately evaluated by its impact on downstream tasks like classification, under-
scoring its pivotal role in modern data-driven solutions [214]. Table 2.11 summarizes various
feature extraction techniques employed in breast cancer studies, detailing their applicability to

clinical and/or imaging data and their respective effects.

Table 2.11: Summary of feature extraction techniques and their effects on clinical and imaging
data.

Preprocessing Technique References Clinical Imaging Effect

Gray Level Co-Occurrence Ma- [111] No Yes Extracts texture features (contrast, correlation, en-

trix (GLCM) ergy, homogeneity) by analyzing spatial gray-level re-
lationships, aiding in texture characterization.

Wavelet Multi-Sub-Bands Co- [215] No Yes Combines wavelet decomposition with GLCM to cap-

Occurrence Matrix (WMCM) ture texture features at multiple scales, providing com-

prehensive texture analysis.
FDCT-WRP [80] No Yes Integrates fractional discrete cosine transform

(FDCT) and wavelet-based region partitioning
(WRP) to enhance image detail analysis.

Lifting Wavelet Transform [110] No Yes Decomposes images into frequency sub-bands for
(LWT) multi-resolution analysis, capturing features across

different scales.

Hough Transform [216] No Yes Detects shapes (lines, circles), aiding feature extrac-

tion of mass boundaries and calcifications in mammo-

grams.
Discrete Chebyshev Transform [47] Yes Yes Converts images into the frequency domain; low-
(DCST) frequency coefficients are used for feature extraction

or dimensionality reduction.

Histogram of Oriented Gradi- [100] No Yes Analyzes gradient orientation distributions to capture
ents (HOG) shape and texture features, effective for lesion charac-

terization in mammograms.

Artificial Intelligent Kit Soft- [217] No Yes Utilizes specialized software to extract features from

ware medical images.

Local Binary Pattern (LBP) [100] No Yes Encodes local pixel relationships into binary patterns,
robustly identifying texture patterns like microcalcifi-
cations.

Block-Based CDTM and CDF [87] No Yes Calculates texture features by dividing images into

blocks and analyzing intensity contrasts, effectively

capturing local texture variations.

Mean Energy [218] No Yes Measures average intensity or signal strength, char-

acterizing overall image energy or specific frequency

bands.

Mean Teager-Kaiser Energy [218] No Yes Detects rapid changes in signal amplitude and fre-
quency, summarizing edge and transient features in
images.

Shannon Wavelet Entropy [218] No Yes Combines wavelet decomposition with entropy calcula-

tion to measure information content or disorder across

frequency sub-bands.

Hu’s Moments [114] No Yes Extracts shape descriptors invariant to rotation, scale,
and translation, suitable for characterizing breast le-

sion shapes in ultrasound images.
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2.3.5 Images Resizing

Image resizing is a fundamental preprocessing step, particularly crucial for CNNs requiring
fixed input dimensions (e.g., 224x224, 256x256) [213]. Standardizing image dimensions en-
hances training efficiency, optimizes computational resource utilization, and improves memory
management, especially when dealing with large datasets [219]. As detailed in Table 2.12,

various specific dimensions are employed in breast cancer research [220].

Table 2.12: Summary of image resizing techniques and their effects on imaging datasets.

Preprocessing Tech- References Clinical Imaging Effect

nique

224 x 224 [76,88,94,96,117,118, No Yes Ensures compatibility, facilitates batch pro-
121, 122, 128, 134, 139, cessing, improves computational efficiency, but
152, 153, 170, 171, 173, may lead to loss of fine details, distortion, and
200, 221-223] interpolation artifacts.

256 x 256 [124,129,165,179] No Yes

299 x 299 [190,221] No Yes

700 x 460 [160,167] No Yes

128 x 128 [110,119] No Yes

64 x 64 [224] No Yes

99 x 99 [225] No Yes

120 x 120 [226] No Yes

250 x 220 [133] No Yes

227 x 227 [227] No Yes

255 x 255 [100] No Yes

296 x 224 [155] No Yes

336 x 224 [85] No Yes

448 x 336 [155] No Yes

448 x 448 [131] No Yes

416 x 416 [184] No Yes

640 x 640 [97] No Yes

1333 x 800 [95] No Yes

Not Specified [148,189,228] No Yes

Padded with Black [217] No Yes Maintains aspect ratio during resizing by

Background padding with a background color.

Multi-scaling (98,128,164, 222] No Yes Captures features at multiple scales using dif-

ferent resolutions.

2.3.6 Cropping

Cropping is a fundamental image processing technique used to remove unwanted areas from
an image, focusing attention on the region of interest and improving visual composition and
clarity. In the context of medical image analysis, cropping is often used to isolate specific
anatomical structures or lesions, reducing the amount of irrelevant data processed by subsequent
algorithms. As digital image data continues to grow, efficient cropping methods, especially those

incorporating machine learning and computer vision techniques, become increasingly important
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for streamlining workflows and enhancing visual quality. Table 2.13 summarizes various cropping

techniques used in breast cancer studies and their effects.

Table 2.13: Summary of cropping techniques and their effects on imaging datasets.

Preprocessing Tech- References Clinical Imaging Effect

nique

k-means  clustering & [229] No Yes Automates background removal using cluster-
GMM (Background Elimi- ing, improving focus on relevant features and
nation) model accuracy.

Extraction of region of in- [80,87,94,110,111, No Yes Crops images to focus on critical areas (e.g.,
terest (ROIs) 134, 166, 195, 200, lesions), reducing irrelevant data and enhanc-
215,225, 226] ing performance.

Unwanted black/dark  [103] No Yes Removes irrelevant background (e.g., dark
parts parts), reducing computational cost and im-

proving accuracy.

Artifacts Removal [83,93,106] No Yes Focuses on breast tissue by removing irrelevant

elements, enhancing analysis and diagnosis.

Unimportant regions re- [105] No Yes Standardizes image size and reduces compu-
moval (512x1024) tational cost for computational efficiency, but

risks losing contextual information.

Cropping (128x128) (230] No Yes
Cropping (512x512) (82] No Yes
Patches of 224x224 [138] No Yes
[177] No Yes
[143] No Yes
Cropping (2048x2048 pix- [107] No Yes
els)
Cropping (256%256) [178] No Yes
Patches of 50x50 pixels [189] No Yes
Unnecessary and insignifi- [123] No Yes Removes unnecessary borders to focus on the
cant borders removal primary ultrasound image.
Random cropping [168] No Yes Data augmentation technique to improve
model robustness and generalization.
Background (pectoral mus- [101] No Yes Improves visibility of breast tissue by removing
cle removal - PMR) pectoral muscles in mammograms.

2.3.7 Data Augmentation

Data augmentation is a critical step in machine learning that enhances model performance by
artificially expanding the size and diversity of training datasets, mitigating overfitting, and im-
proving the model’s ability to generalize effectively. In imaging data, augmentation methods
range from basic geometric transformations (e.g., rotation, scaling, flipping, etc.) and photo-
metric adjustments (e.g., brightness changes, color modifications) to more advanced techniques
leveraging generative models. The effectiveness of these techniques across various domains high-

lights the importance of tailoring augmentation strategies to specific tasks to achieve optimal
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results [231]. Data augmentation is especially valuable in scenarios with limited training data, as
it enhances model robustness and generalization capabilities. The diverse range of augmentation

techniques and their effects on clinical and imaging data are presented in Table 2.14.

2.3.8 Filtering

Filtering is vital for improving decision-making and enhancing the quality of training data in
machine learning, leading to improved accuracy and reliability. Integrating filtering techniques
with deep learning has led to innovative solutions in various applications, highlighting the
increasing importance of effective data processing in contemporary data analysis [232]. Various
filtering techniques exist, including linear methods like Kalman and moving average filters,
which primarily smooth data, and nonlinear methods such as median and Gaussian filters,
which are particularly effective in image processing for reducing noise while preserving important

edges [233]. Table 2.15 summarizes the filtering techniques employed in breast cancer studies.

2.3.9 Other Preprocessing Techniques

In addition to the core preprocessing methods discussed previously, several other techniques are
employed to further refine data for breast cancer diagnosis. These supplementary techniques
address specific data characteristics and aim to improve model performance. Table 2.16 sum-
marizes these techniques, detailing their application to clinical and imaging datasets and their

specific impacts on data characteristics and subsequent model performance.
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Table 2.14: Summary of data augmentation techniques and their effects on clinical and imaging

data.

Preprocessing Tech- References Clinical Imaging Effect
nique
Rotation [76,81-83,85,86,88,94, No Yes Enhances training data diversity by altering image ori-
97,99,100,117,119,122, entation, improving robustness to variations in lesion or
126, 128, 129, 131, 134, anatomical orientations.
138, 148, 151, 152, 154,
155, 158, 159, 161, 165,
166, 170, 171, 174, 189,
190, 201, 203, 218, 225,
227,234,235]
Flipping [76, 81, 83, 85, 86, 88, No Yes Mirrors images horizontally or vertically, increasing data
94,96,97,100,117,119, diversity and robustness to symmetry-related variations.
122, 126, 128, 129, 131,
133, 134, 151, 152, 154
156, 158, 159, 161, 165,
166, 171, 174, 189, 190,
203, 217, 218, 225, 227,
234,235)
Translation (Shifting) [76,94,97,117,119,122, No Yes Moves images horizontally or vertically, ensuring robust-
138, 148, 159, 170, 171, ness to variations in object positioning.
174,189,203, 225)
Scaling [82, 86, 117, 128, 148, No Yes Resizes images to handle variations in object size, enhanc-
151,158,174, 189] ing model adaptability to magnification differences.
Shearing 97,119, 122,170,171, No Yes Distorts images by shifting parts relative to others, im-
174,203, 218] proving robustness to perspective distortions.
Zooming [76,96,97,99,122,161, No Yes Enlarges portions of images, capturing features at different
171,203] scales to enhance detection of objects with varying sizes.
Gaussian Blur [82,131,154,234,235] No Yes Smooths images to reduce noise, increasing robustness to
small variations.
Not specified [106,125,130,184] No Yes Not specified.
Adding Noise (Gaus- [96,117] No Yes Simulates noise conditions to improve model robustness
sian) by diversifying training data.
Adding Noise (Not [131,227] No Yes Increases data variability, improving model robustness to
Specified) noise. Specific effects depend on noise type.
Cropping [85,158,174] No Yes Extracts smaller regions, focusing on relevant areas and
increasing sample variety.
Brightness Changing [82,221] No Yes Simulates illumination variations, improving robustness to
different lighting conditions.
Multiply by Scalar [234] No Yes Alters image intensity to simulate variations in exposure
or gain.
Color Modification [235] No Yes Modifies color distributions to mimic staining variability,
(Reinhard) improving robustness to imaging variations.
Transpose [96] No Yes Swaps rows and columns for additional data variety.
Histogram  Equaliza- [100] No Yes Varies contrast to improve robustness to contrast varia-
tion tions.
Hue/Saturation [190] No Yes Alters color properties to adapt to staining variations in
histopathology.
SMOTE [168] No Yes Generates synthetic samples for class balancing, improving
performance for minority classes.
Color Perturbations [155] No Yes Introduces variations in brightness, contrast, hue, and sat-
uration for robustness to color inconsistencies.
Contrast Limited [98] No Yes Enhances local contrast, creating alternative image ver-
Adaptive  Histogram sions.
Equalization (CLAHE)
Median Filter (98] No Yes Reduces noise and creates slight image variations, similar

to Gaussian Blur.
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Table 2.15: Summary of filtering techniques and their effects on imaging and clinical data.

Preprocessing Technique References Clinical Imaging Effect
CLAHE [47, 88,90, 98, No Yes Enhances contrast, improves detail vis-
101, 106, 188, ibility, limits noise amplification.
195,226, 236)
Median filter [87, 98, 152, No Yes Reduces impulse noise, preserves
226,228] edges.
Adaptive histogram equaliza- [81, 93, 103, No Yes Enhances local contrast, amplifies
tion (AHE) 194] noise (often replaced by CLAHE).
Gaussian-blurring filter [152,179,188] No Yes Smooths images, reduces noise, retains
structural details.
Adaptive median filter [103,229] No Yes Removes impulse noise, preserves fine
details via adjustable neighborhood.
Mean filter [161,228] No Yes Smooths images, may blur edges.
Fuzzy non-local means (NLM) [91,237] No Yes Reduces noise using fuzzy logic, pre-
serves fine details.
Laplacian of Gaussian (LoG) [130,201] No Yes Detects edges, enhances intensity
filter changes, highlights lesion boundaries.
Wiener filter [101,224] No Yes Minimizes noise using power spectrum,
restores image quality.
Histogram Equalization (104,111,124, No Yes Improves contrast, may amplify noise.
167,188,202]
Difference filter [82] No Yes Highlights intensity changes for edge
detection.
Hough transform [142] No Yes Detects lines/shapes for boundary
identification.
Sharpening [157] No Yes Enhances edges/details, may amplify
noise.
Gamma correction [157] No Yes Adjusts brightness/contrast for better
tissue visualization.
Multi-threshold Peripheral [81] No Yes Enhances contrast in peripheral mam-
Equalization mogram regions.
Adaptive Fuzzy median Filter [202] No Yes Reduces noise, preserves details using
fuzzy logic and adaptive techniques.
Holistically Nested Edge De- [236] No Yes Produces precise edge maps for cell
tection (HED) boundary delineation.
Weighted filtering (WF)-based  [127] No Yes Reduces noise with selective smooth-
Noise Removal ing, preserves edges.
Fuzzy Histogram Equalization [188] No Yes Enhances contrast with reduced arti-
(FHE) facts using fuzzy logic.
Anisotropic Diffusion Filtering [225] No Yes Smooths homogeneous areas, preserves
edges.
Reducing Anisotropic Diffu- [225] No Yes Faster anisotropic diffusion, suitable
sion (SRAD) for ultrasound images.
Adaptive Unsharp Mask Fil- [223] No Yes Enhances edges with controlled sharp-
ters (AUMF) ening.
Multiscale principal compo- [218] No Yes Reduces noise by decomposing images
nent analysis (MPCA) and applying PCA.
Wavelet denoising [202] No Yes Removes noise across frequency bands,
retains details.
RandomRBF (48] Yes No Transforms features to higher dimen-

sions for better ML performance.
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Table 2.16: Summary of other preprocessing techniques and their effects on clinical and imaging

data.

Preprocessing Technique References Clinical Imaging Effect

Feature Weighting (K-means [46] Yes No Improves classification accuracy by emphasiz-

clustering features) ing key clusters and reducing noise.

Kernel Neutrosophic C-Means [30] Yes No Enhances robustness and accuracy for uncer-

Clustering (KNCM) tain or overlapping data.

Image Binarization (e.g., [109] No Yes Highlights regions of interest and aids segmen-

OTSU, Niblack) tation.

Not Specified [93] No Yes Simplifies images, potentially highlighting key
features.

Data Generation (VAE) (28] Yes No Addresses class imbalance and enhances model
robustness.

Data Generation (GAN) (28, 34] Yes No Addresses class imbalance and improves train-
ing robustness.

Morphological Operations No Yes Removes noise, smooths edges, and enhances

(e.g., erode, dilate) [105,216,228] lesion boundaries.

Color Space Conversion (RGB  [161,181] No Yes Improves robustness to staining or brightness

to HSV, LAB, etc.) variations.

Three-Binary Classes Conver- [32] Yes No Allows granular analysis but increases com-

sion plexity.

RGB to Grayscale Conversion [79, 84,134, No Yes Reduces computational complexity by remov-

230] ing color information.

Grayscale to RGB Conversion [124,139] No Yes Ensures compatibility with RGB-based archi-
tectures.

Color Channel Extraction [181] No Yes Reveals subtle features specific to certain color
components.

Three-Channel Image Con- [138] No Yes Enhances feature learning from complemen-

struction tary data.

Image Conversion (1D to 2D) [74] Yes No Enables spatial analysis using image-based
techniques.

2.4 Machine Learning-Based Classification Methods

Machine learning is an essential branch of AI that enables computers to identify patterns in
data and make predictions without explicit programming. Among its four primary types, Su-
pervised Learning (SL), Unsupervised Learning (USL), Semi-Supervised Learning (SSL), and
Reinforcement Learning (RL), SL is particularly relevant for tasks that require labeled data,
such as predictive analytics and healthcare applications, by mapping input features to known
outputs [238,239]. However, when encountering inputs deviating from training data, SL strug-
gles with generalization. Given their dominance in the literature, this section concentrates on
the most frequently used supervised ML techniques for breast cancer detection and diagnosis.

The availability of labeled healthcare datasets, where target variables (e.g., diagnosis or tu-
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mor type) are predefined, makes supervised learning especially suitable for this domain. These
techniques consistently achieve high accuracy in classification tasks, playing a critical role in
advancing data-driven healthcare solutions. Figure 2.2 illustrates the trends in research papers
employing various SL techniques for breast cancer classification from 2018 to 2024, reflecting

the research community’s evolving preferences and innovations.
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Figure 2.2: Most frequently used supervised machine learning techniques for breast cancer
classification (2018-2024).

2.4.1 ML-Based Techniques for BC Diagnosis With Clinical Data

A comprehensive analysis of ML techniques applied to clinical datasets for breast cancer diag-
nosis is presented in Table 2.17, offering a detailed comparison of various methods, including
Artificial Neural Networks (ANNs), Radial Basis Functions (RBFs), and sophisticated hybrid
models such as CWV-BANN-SVM. These models were assessed using well-established datasets,
including WBCD, WDBC, WPBC, SEER, and Coimbra. Several approaches have demonstrated
exceptional performance, like CWV-BANN-SVM, reporting perfect (100%) accuracy in specific
studies. This comparative analysis not only presents key performance metrics (accuracy, sen-

sitivity, specificity, precision, F1l-score, and Area Under the Curve (AUC), where available) for
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each model but also summarizes the core novelty of the corresponding research, offering valu-
able insights into their potential to enhance diagnostic accuracy and ultimately improve patient
outcomes.

Chaurasia et al. [56] compared NB, RBF Network, and DT for breast cancer diagnosis using
the WBCD dataset. Their analysis, employing 10-fold cross-validation, found that NB achieved
the highest accuracy (97.36%), sensitivity (97.4%), and specificity (97.9%), outperforming the
RBF Network and DT. The study emphasized NB’s predictive power and suggested further
validation with diverse datasets.

Abdar et al. [49] introduced CWV-BANN-SVM, a novel technique for breast cancer pre-
diction that combines SVMs and Boosted ANNs (BANN) using Confidence-Weighted Voting
(CWV). Applying the WBCD, the model optimized SVM parameters and achieved perfect per-
formance with an accuracy of 100% using a 50/50 training/testing split. This highly accurate
model shows promise for effective computer-aided breast cancer diagnosis and other disease
prediction tasks.

Memon et al. [39] presented an ML-based system for breast cancer detection using SVM
and Recursive Feature Elimination (RFE) algorithms on the WDBC dataset. Preprocessing
and feature selection were done before training and testing the model. The SVM with a linear
kernel achieved 99% accuracy, specificity, and 98% sensitivity on 18 key features. The system
outperformed previous methods, highlighting RFE’s effectiveness. This system could enhance
early and accurate breast cancer diagnosis in healthcare settings.

Hajiabadi et al. [46] developed a novel ML technique for breast cancer prediction that uses an
ensemble loss function within an artificial neural network. The method improves robustness and
probability estimation by integrating three loss functions—correntropy, hinge, and cross-entropy.
It achieves joint optimization of loss weights and network parameters via backpropagation.
Evaluated on the WBCD dataset, this method reached an accuracy of 97%, outperforming
individual loss function models and other classifiers like KNN and SVM, even with label noise
up to 30%.

Osman et al. [55] developed an automated breast cancer classification system using an En-
semble Boosting Learning (EBL) method combined with a RBF neural network (RBF-EBL).
They utilized four UCI datasets and features like cell size and texture, applying 10-fold cross-
validation. This approach improved diagnostic accuracy to 98.4% on the WBCD dataset, out-
performing other classifiers and showing promise for early breast cancer detection and treatment.

Ak et al. [43] analyzed various supervised learning algorithms for breast cancer classification

using the WDBC dataset. They found that LR achieved the highest accuracy at 98.06%,
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with KNN and SVM also performing well. RF and DT showed variability due to random
feature selection, while NB performed poorly. The study emphasized the importance of F'S and
algorithm choice for optimal classification, especially with unbalanced datasets.

Al-Azzam and Shatnawi [44] evaluated supervised learning versus semi-supervised learning
algorithms for breast cancer diagnosis using the WDBC dataset. They applied nine classification
algorithms, including LR and KNN, revealing similar performance between SL and SSL. LR
achieved 97% accuracy, while KNN reached 98%. Their findings indicate that SSL can effectively
use unlabeled data, potentially reducing the need for costly labeled datasets while preserving
high accuracy in breast cancer diagnosis.

Gopal et al. [48] proposed an Internet of Things (IoT)-enabled breast cancer diagnosis system
that utilizes machine learning techniques on the WBCD. After data normalization and filtering,
PCA reduced the feature set to 11 components. Classification was done using RF and Multi-
Layer Perceptron (MLP) classifiers with 10-fold cross-validation. Results showed that MLP
outperformed RF, achieving 98% accuracy compared to RF’s 95%, with better precision, recall,
and Fl-score. The system incorporates IoT devices for tumor detection and data acquisition.
This integrated approach aims to improve early breast cancer diagnosis and potentially lower
mortality rates.

Sharma et al. [24] introduced a hybrid feature ensemble learning method, named Neural
Network-Extra Tree (NN-ET), for breast cancer classification using the WDBC dataset. The
model combines a feature reduction neural network with an extra tree classifier for decision-
making. It achieved the highest accuracy of 99.74% and outperformed various classifiers, includ-
ing LR, SVM, KNN, RF, and ensemble methods like Adaboost and Gradient Boosting (GB).
The study concludes that the NN-ET model is highly effective in distinguishing between benign
and malignant breast cancer.

Arowolo et al. [35] used machine learning for breast cancer diagnosis using the WDBC
dataset. They applied the LDA for feature extraction and tested RF and SVM classifiers with
an 80/20 training/testing split. The SVM achieved a higher accuracy of 96.4% compared to
RF’s 95.6%. The study highlights the potential of ML in breast cancer diagnosis and suggests
further research into feature extraction techniques to enhance predictive accuracy.

Nanglia et al. [60] introduced a breast cancer prediction method using a heterogeneous en-
semble model that incorporates KNN, SVM, and DT as base classifiers, along with a RF model
and four single classifiers, including Stochastic Gradient Descent (SGD), LR, ANN, NB. Using
the Coimbra Breast Cancer dataset (116 instances, 10 predictors) and following the CRISP-

DM methodology, the study used data visualization techniques and evaluated performance with
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k-fold cross-validation (70/30 split). The obtained results showed that the ensemble model sig-
nificantly outperformed individual classifiers, achieving the highest accuracy and demonstrating
the effectiveness of ensemble methods in breast cancer prediction.

Rashed et al. [31] evaluated seven automated machine learning (AutoML) techniques: Or-
ange, Lazy Predict, TPOT, MLJAR, MATLAB Classification Learner, and AutoKeras—for
breast cancer diagnosis using eight datasets. They found that Lazy Predict and MATLAB
Classification Learner excelled in binary classification tasks, offering guidance for selecting ef-
fective models.

Strelcenia and Prakoonwit [34] addressed the issue of limited breast cancer detection datasets
by introducing a Kullback-Leibler Divergence Conditional Generative Adversarial Network (K-
CGAN) to generate synthetic data. Utilizing the Wisconsin Breast Cancer dataset (357 ma-
lignant, 212 benign cases), they trained several classification models, including XGBoost, RF,
KNN, MLP, and LR. The MLP model outperformed others with 98.52% precision, 100% re-
call, 99.26% F1-score, and 99.25% accuracy, highlighting the effectiveness of GAN-based data
augmentation in improving classification performance in imbalanced medical datasets.

Wu et al. [63] conducted a retrospective study using machine learning to predict overall
survival in Second Primary Breast Cancer (SPBC) patients, utilizing data from the SEER
Program. They analyzed 10,321 SPBC patients and validated their models on an independent
cohort of 3,638 patients. Four machine learning models—Random Survival Forest (RSF), GB,
Extremely Randomized Trees (EST), and Survival Tree (ST)—were compared to the traditional
Cox proportional hazards model. The RSF model outperformed the others, achieving a time-
dependent area under the ROC curve (t-AUC) of 0.805 and an integrated Brier score (iBrier)

of 0.123 in the test set, indicating its potential to improve SPBC clinical management.

2.4.2 ML-Based Techniques for BC Diagnosis With Imaging Data

A comparative overview of ML techniques applied to imaging datasets for breast cancer diagnosis
is presented in Table 2.18. This overview encompasses a range of methods, including SVMs,
Extreme Learning Machines (ELMs), XGBoost, and various ensemble models, evaluated using
datasets such as MIAS, DDSM, BUSI, and BreakHis. Notably, models like DE-RBF-KELM
and MFO-ELM (combined with LWT, PCA, and LDA for feature processing) achieved perfect
accuracy on the MIAS dataset while maintaining respectable performance on other datasets.
This variability in model performance across different datasets highlights the importance of

careful data selection and model optimization.
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Table 2.17: Performance comparison of machine learning techniques for breast cancer diagnosis

using clinical datasets.

Refs Year Dataset(s) Method(s) Accuracy  Sensitivity Specificity Precision Fl-score AUC (%)

(%) (%) (%) (%) (%)
[56] 2018 WBCD NB 97.36 97.4 97.90 - - -
[49] 2019 WBCD CWV-BANN- 100.0 - - - - -
SVM
[39] 2019 WDBC Linear SVM 99.0 98.0 99.0 - 99.0 -
[55] 2020 WDBC, RBFNN 98.40 - - - - -
WBCD
[43] 2020 WDBC LR 98.06 - - - - -
[46] 2020 WBCD ANN 97.0 94.0 - 100.0 97.0 -
[48] 2021 WBCD MLP 98.0 97.0 - 98.0 96.0 -
[44] 2021 WDBC KNN 98.0 98.0 - 98.0 98.0 -
[35] 2022 WDBC LDA + SVM 96.4 95.7 97.8 96.4 97.8 -
[60] 2022  Coimbra Heterogeneous  78.0 - - - - -
Ensemble
Model (KNN,
DT, SVM)
[24] 2022 WDBC NN-ET 99.74 100.0 99.06 98.46 99.21 -
[31] 2023 WDBC, MLJAR, Lazy 99.12 - - - - -
WBCD, Predict
WPBC,
SEER,
Coimbra
[34] 2023 WDBC XGBoost with 99.12 100.0 - 98.28 99.13 -
K-CGAN
[63] 2024 SEER Random  Sur- - - - - - 80.5
vival Forest
(RSF)

Vijayarajeswari et al. [216] developed a system for the early detection and classification
of breast cancer mammograms. Their approach utilized the Hough transform for feature ex-
traction, effectively identifying specific shapes within preprocessed mammogram images, which
involved noise reduction and label removal. Employing an SVM for classification, they analyzed
a dataset of 95 mammograms from the MIAS database, categorized as normal, benign, and ma-
lignant, achieving an impressive accuracy of 94%, underscoring its effectiveness in distinguishing
between normal and abnormal mammograms.

Muduli et al. [110] designed a CAD method for classifying breast masses effectively. Their
method employs LWT for feature extraction, followed by PCA and LDA for dimensionality
reduction, and an optimized ELM using Moth-Flame Optimization (MFO) for Classification.
Using 5-fold cross-validation, the model achieved perfect accuracy of 100% on the MIAS dataset,

demonstrating greater computational efficiency and superior accuracy with fewer features than
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existing methods.

AlFayez et al. [194] devised a breast cancer detection system using thermograms, comparing
ELM and MLP classifiers. Their approach included preprocessing for noise reduction, k-means
clustering for segmenting the region of interest and extracting geometric and textural features.
Utilizing the DMR-IR dataset with 1,345 thermograms, they found that ELM with the TRIBAS
activation function outperformed MLP, achieving the highest classification accuracy of 99.10%
compared to MLP’s 82.20%. It demonstrated ELM’s effectiveness for thermogram-based breast
cancer detection, enabling rapid and accurate diagnosis.

Ali et al. [240] created a Decision Support System (DSS) that integrates BI-RADS classi-
fication with radiomic classifiers to lower false positives (FPs) in breast calcifications detected
through digital breast tomosynthesis (DBT). Analyzing a dataset of 49 patients, they extracted
pertinent features and trained a machine learning classifier using nested 10-fold cross-validation.
This approach led to a 50% reduction in FPs, doubled the positive predictive value (PPV), and
achieved 82% accuracy, 78% sensitivity, 85% specificity, and an AUC of 80%.

Muduli et al. [80] introduced a computer-aided diagnosis system to classify breast masses
as benign or malignant. Their approach employs the Fast Discrete Curvelet Transform with
Wrapping (FDCT-WRP) for feature extraction, followed by PCA and LDA for dimensionality
reduction. They used an ELM optimized with Particle Swarm Optimization (MODPSO-ELM)
for the classification stage, achieving accuracy rates of 100%, 98.94%, and 98.76% on the MIAS,
DDSM, and INBreast datasets, respectively, surpassing the performance of conventional ML
methods such as SVM and KNN.

Darweesh et al. [111] proposed a hierarchical ML system for early breast cancer diagnosis
based on the MIAS mammography dataset. First, the two-level classification differentiates
normal from abnormal cases with Gray-Level Co-occurrence Matrix (GLCM) features and a RF
classifier, achieving 97% accuracy. Abnormal cases are then classified as benign or malignant
using Local Binary Patterns (LBP), yielding 75% accuracy. The overall system achieved 85%
classification accuracy, highlighting this staged approach’s effectiveness.

Jebarani et al. [229] suggested a hybrid method for breast cancer detection in digital mam-
mography, combining k-means clustering with a Gaussian Mixture Model (GMM). Their ap-
proach included preprocessing steps like adaptive median filtering for noise reduction and
achieved the highest accuracy of 95.5%. This method improved the classification of benign
and malignant tumors and supported early breast cancer diagnosis, aiding radiologists in better
identifying malignant regions.

Khairnar et al. [109] investigated the impact of different image binarization thresholds
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on breast cancer identification in mammography images. Evaluating methods such as Otsu,
Niblack, Bernsen, and Thepade’s Sorted Block Truncation Coding (TSBTC) for converting
grayscale images to binary representations for region isolation, they extracted features to train
various machine learning classifiers. Notably, the REPTree classifier, when used with Otsu
thresholding, achieved the best individual performance at 99.68%. The study concluded that
Otsu thresholding is the most effective method for isolating malignant regions, significantly
influencing the accuracy of breast cancer identification.

Kaur et al. [65] presented Bayesian hyperparameter optimized Stacked Ensemble (BSense),
a model predicting breast cancer survival on the genomic dataset. BSense combines DNNs,
Gradient Boosting Machines(GBMs), and Distributed Random Forests (DRFs), optimizing hy-
perparameters through parallel Bayesian Optimization (BO) and utilizing the Artificial Bee
Colony (ABC) algorithm for feature selection. Tested on diverse datasets from The Cancer
Genome Atlas (TCGA), METABRIC, metabolomics, and RNA-seq, BSense achieved an AUC
of 83.9% and 85.2% accuracy on the TCGA dataset. This ensemble model shows promise for
enhancing patient-specific treatment plans.

Bacha et al. [47] developed a breast cancer diagnosis system using an RBF-KELM optimized
by Differential Evolution (DE). By optimizing key parameters, they improved classification per-
formance, achieving 100% accuracy on the MIAS dataset. The DE-RBF-KELM outperformed
SVM, Poly-KELM, and other methods, particularly excelling in sensitivity, specificity, and the
AUC, with a combined loss function that enhanced robustness against outliers.

Nastase et al. [114] analyzed machine learning for distinguishing malignant and benign breast
masses in the BUSI dataset. They extracted shape features using Hu’s moments and trained a
KNN classifier and an RBFNN. The KNN classifier achieved 85% and 80% accuracy with Hu’s
moments M1 and M5, while the RBFNN reached 76% accuracy with moment M1. This study
highlights the effectiveness of image segmentation and shape feature extraction in breast cancer
diagnosis using the BUSI dataset.

Hussain et al. [79] developed a hybrid feature extraction approach integrating various feature
methods, such as texture, morphological features, SIFT, GLCM features, entropy, elliptic fourier
descriptors, and Reconstruction-Independent Component Analysis (RICA) for automated breast
cancer detection, focusing on the complex characteristics of masses and microcalcifications.
Combining RICA with textural features using an SVM with a gaussian kernel obtained the
highest performance, achieving an accuracy of 97.55% and a ROC-AUC of 0.9976, compared
to other machine learning classifiers like DT, KNN, and NB, highlighting its potential for early

breast cancer detection.
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Liu et al. [215] built an ML-based framework to predict breast cancer recurrence and metas-
tasis risk using features from histopathological images. They used XGBoost, RF, and LR on
data from 127 patients at the Cancer Hospital, Chinese Academy of Medical Sciences. They
were validated with 88 samples from the TCGA dataset. The XGBoost model achieved AUC
values of 0.75, identifying key predictive features involving the second moment of the B color
component and the detail level mean square error of the wavelet multi-sub-bands co-occurrence
matrix. This tool provides reliable risk assessments, potentially reducing pathologists’ workload
and improving patient survival outcomes.

Liang et al. [212] employed the XGBoost algorithm to classify breast cancer based on mam-
mograms exhibiting microcalcifications to assist oncologists and medical image processing en-
gineers in differentiating benign and malignant lesions based on a dataset of calcification im-
ages from a hospital. Focusing on 51 initial features, they selected the top 15 most relevant
features for final analysis. XGBoost achieved the highest accuracy of 90.24%, outperforming
the other machine learning techniques, including KNN, DT, AdaBoostM1, RF, and Gradient
Boosting Decision Tree (GBDT), demonstrating a lower prediction error rate, as validated by
the Kolmogorov-Smirnov predictive accuracy test.

Haider et al. [146] introduced the Penalized Sequential Discriminative Dictionary Learn-
ing (PSDDL) framework for breast cancer classification, targeting imbalanced datasets. By
combining class-specific dictionary learning with sparse coding, PSDDL constructs structured
dictionaries. Using the BreakHis dataset, which features histopathological images at various
magnifications, the method achieved a 97.52% mean classification accuracy at 40x magnifica-
tion, surpassing existing techniques and effectively addressing class imbalance while enhancing
feature representation. The study emphasizes PSDDL’s potential for automated cancer diagno-

sis in medical image analysis.

2.5 Deep Learning-Based Classification Methods

Deep learning is a subfield of ML that uses multi-layered artificial neural networks to extract
complex patterns from various data types, such as images and numerical data [232]. This ability
to process unstructured data has led to significant advancements in bioinformatics and computer
vision applications, often outperforming traditional ML algorithms [241]. Convolutional neural
networks [219] have become essential in image-based tasks, particularly in medical imaging for
breast cancer diagnosis. They consist of several layers: convolutional layers extract features with

filters, pooling layers reduce dimensionality while preserving information, activation functions
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(like sigmoid and ReLU) determine neuron activation, and fully connected layers link neurons for
final classification. CNNs excel with large datasets and perform strongly in various diagnostic

applications [232].

Table 2.18: Performance comparison of machine learning techniques for breast cancer diagnosis

using imaging datasets.

Refs Year Dataset(s) Method(s)  Accuracy Sensitivity Specificity Precision  Fl-score AUC (%)

(%) (%) (%) (%) (%)
[216] 2019 Mammograms SVM 94.0 - - - - -
[194] 2020 DMR-IR ELM 99.10 97.03 98.05 - - -
[110] 2020 MIAS, DDSM  LWT + PCA 100.0 - - - - 100.0
+ LDA +
MFO-ELM
[240] 2021 DBT images Ensemble of 82.0 78.0 85.0 - - 80.0

200 Decision
Trees with
Gini index
[80] 2021 MIAS, DDSM  MFO-ELM 99.76 - - - - -

[111] 2021 MIAS Hierarchical-  97.0 - - - - -
based classi-
fier

[229] 2021 MIAS K-means  + 95.50 - - - - -
GMM

[109] 2021 MIAS REPTree 99.68 - - - - -
with Otsu
thresholding

[114] 2022 BUSI Hu$ moment 89.0 83.0 - 87.0 83.0 -
+ K-NN

[79] 2022 DDMS SVM  Gaus- 97.55 - - - - 99.76
sian

[215] 2022 TCGA FFPE  XGBoost 94.0 - - - - -

[47] 2022 MAIS DE-RBF- 100.0 100.0 100.0 100.0 -
KELM

[65] 2022 TCGA-BRCA  BSense 84.2 - - - - -

[212] 2022 Mammograms  XGBoost 90.24 88.45 - 90.00 89.52 89.03

[146] 2023  BreakHis PSDDL 97.4 97.2 - 97.6 97.4 -

Transfer learning has revolutionized DL by enabling the reuse of pre-trained CNN models like
AlexNet, VGGNet, and ResNet, which are primarily trained on large datasets such as ImageNet
[242], reducing training time and complexity while enhancing classification accuracy, which is
particularly beneficial in medical imaging where labeled data is limited [243]. Meanwhile, Vision
Transformers (ViTs) offer a promising alternative to CNNs by utilizing attention mechanisms to
capture global context and spatial relationships in complex medical images [244]. Furthermore,
fine-tuning and fusion methods are increasingly used to enhance the robustness and effectiveness

of hybrid systems [245].
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This section offers concise descriptions of commonly used DL models in the classification and
diagnosis of breast cancer, including ResNet, VGGNet, and AlexNet, considered foundational
tools in numerous studies. Figure 2.4 illustrates the range of DL techniques discussed in the
literature, and Figure 2.3 presents the trends in research publications utilizing various DL
methods for breast cancer classification from 2018 to 2024, highlighting the evolving preferences

and ongoing innovations within the research community.

2.5.1 DL-Based Techniques for BC Diagnosis With Clinical Data

This subsection analyzes the application of DL-based techniques to clinical datasets for breast
cancer diagnosis, as summarized in Table 2.19, including customized CNNs, pre-trained models,
and hybrid approaches such as CNNs combined with PSO (CNN+PSO) and LSTM networks
combined with Gated Recurrent Units (LSTM+GRU). This analysis underscores the effective-
ness of DL models in clinical breast cancer diagnosis while highlighting areas for further research
and development. However, challenges remain, including the requirement for large, high-quality
training datasets, the significant computational resources needed for complex models, and the

limited generalization capabilities often observed across different datasets.
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Figure 2.3: Most frequently used deep learning techniques for breast cancer classification
(2018-2024).
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Figure 2.4: A comprehensive overview of deep learning techniques.

Arya and Saha [68] developed a DL-stacked ensemble model for breast cancer prognosis
prediction using multi-modal data from 1,980 patients in the METABRIC dataset, including
gene expression and copy number alteration profiles. Their two-stage approach involves using
CNNs for feature extraction, followed by a stacked ensemble model with RF and SVM classifiers.
This model achieved an AUC of 0.93 and 90.2% accuracy, surpassing existing methods.

Arya et al. [67] introduced the Stacked Generalized Attention CNN (SiGaAtCNN) for feature
extraction from multi-modal data in breast cancer survival prediction. Combining SiGaAtCNN
with Stacked Random Forest (SRF'), the proposed approach achieved an AUC of 0.950 and 91.2%
accuracy on the METABRIC dataset, outperforming other comparative models. This study
underscores the potential of gated attention CNNs and ensemble methods to enhance breast
cancer survival prediction, with promising implications for personalized treatment strategies.

Das et al. [74] proposed an ensemble DL method for breast cancer detection that converts
one-dimensional gene expression data into images using t-SNE and Convex Hull algorithms.
Their two-stage classification employs three CNNs as base classifiers, followed by an MLP. The
method also includes Empirical Wavelet Transform (EWT) and Variational Mode Decompo-
sition (VMD) for dataset decomposition, showing superior performance compared to existing

methods.
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Ogundokun et al. [199] proposed a framework to optimize hyperparameters in CNNs and
ANNSs for improving breast cancer detection. Using the WDBC dataset, they applied PSO for
tuning and compared SVM and MLP classifiers. The ANN model achieved 99.2% accuracy,
slightly higher than CNN’s 98.5%, indicating that ANNs can perform exceptionally well on
smaller datasets. The study recommends further research on advanced neural architectures and
data security in IoT systems.

Othman et al. [70] created a hybrid deep learning framework using decision-level fusion to
predict breast cancer survival with multi-omics data from the METABRIC dataset. The model
employs a CNN for feature extraction, followed by LSTM and GRU classifiers, achieving accu-
racies of 97.0% and 97.5%, respectively. By the fusion of the decision, the combined approach
reached 98.0% accuracy, highlighting the benefits of integrating multi-modal data for enhanced
prediction accuracy.

Chakravarthy et al. [103] proposed a novel breast cancer classification framework using deep
learning and metaheuristic optimization. Their approach utilizes ResNet18 for feature extrac-
tion and the Crow Search Optimization Algorithm (CSOA) for feature transformation, fol-
lowed by classification with a Weighted KNN (wKNN) classifier optimized through Grid Search
(GS). The CSOA-wKNN model achieved accuracies of 84.35% on MIAS, 83.19% on INBreast,
and 97.36% on WDBC, surpassing other methods and demonstrating advanced performance in
breast cancer classification.

Asadi et al. [104] introduced an efficient cascaded network for breast cancer diagnosis, us-
ing UNet for tumor segmentation and a streamlined ResNet50-based model for classification.
The segmentation achieved an Fl-score of 97.30%, while the classification reached an accu-
racy of 98.61% and an Fl-score of 98.41%, highlighting the proposed method’s effectiveness in

diagnosing breast cancer.

2.5.2 DL-Based Techniques for BC Diagnosis With Imaging Data

A comparison of DL-based techniques for breast cancer diagnosis is summarized in Tables 2.20
and 2.21. It reviews models like ResNet, DenseNet, and CNN-BiLSTM using datasets such as
BUSI and BreaKHis, demonstrating DL models’ potential in medical image analysis. However,
challenges remain, including the need for dataset-specific tuning and difficulties in generalizing
models across different imaging modalities. The table also highlights the key contributions and

novelties of each study.
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Table 2.19: Performance comparison of deep learning techniques for breast cancer diagnosis

using clinical datasets.

Refs Year Dataset(s) Method(s) Accuracy  Sensitivity Specificity Precision F1l-score AUC (%)
(%) (%) (%) (%) (%)
[68] 2020 METABRIC CNNs with a 88.1 95.0 95.0 94.9 - 96.8

stacked  ensemble
model (RF and

SVM)
[67] 2021 METABRIC  SiGaAtCNN + RF  93.3 87.2 - 84.5 - 92.9
[74] 2021 1D gene exp. Stacked DL 98.08 99.20 93.55 98.41 98.80
[199] 2022 WDBC CNN+PSO+MLP  97.2 97.8 96.3 97.8 97.6
[70] 2023 METABRIC Hard voting  98.0 99.2 - 99.0 - 98.2
(LSTM + GRU)
[103] 2023 WDBC ResNet18 with  79.13 74.51 82.81 77.55 76.00
CSOA transformed
wKNN
[104] 2023 WDBC ResNet50 96.8 96.8 - 96.8 96.8

Yang et al. [155] introduced Ensemble of MultiScale convolutional neural Networks (EMS-
Net) to effectively classify breast histopathological images into four categories: normal, benign,
in situ carcinoma, and invasive carcinoma. Their model used a multi-scale strategy with data
augmentation and fine-tuning of pre-trained models (DenseNet-161, ResNet-152, and ResNet-
101) on image patches. By employing an ensemble approach and majority voting, they achieved
a mean accuracy of 91.75% &+ 2.32% in five-fold cross-validation on the BACH dataset and
90.00% in online verification, outperforming existing methods.

Chougrad et al. [94] proposed a novel approach for early breast cancer diagnosis using multi-
label transfer learning with CNNs, evaluated on four benchmark datasets (CBIS-DDSM, BCDR,
INBreast, and MIAS). Their method employs joint learning through multi-label image classi-
fication and introduces a novel fine-tuning strategy to adapt pre-trained CNNs to the specific
task. They created a customized label decision scheme to enhance the confidence levels for
each visual concept, demonstrating superior performance compared to commonly used baseline
methods.

Al-antari et al. [81]developed a CAD system for breast lesions using deep learning on the
DDSM and INbreast datasets. They used a YOLO detector for lesion detection and modified
three deep learning models: a standard CNN, ResNet-50, and InceptionResNet-V2, integrating
global average pooling and softmax layers. The system achieved detection accuracies of 99.17%
on DDSM and 97.27% on INbreast, with classification accuracies of 94.50% (CNN), 95.83%
(ResNet-50), and 97.50% (InceptionResNet-V2) on DDSM, and 88.74%, 92.55%, and 95.32%

on INbreast, showing strong diagnostic performance.
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Wang et al. [147] introduced Prototype Transfer Generative Adversarial (PTGAN), an un-
supervised learning method that combines GANs and prototypical networks for domain adap-
tation. It utilizes a small labeled source dataset to train a model for a larger, unlabeled target
dataset, reducing the distribution gap between images from different devices. By embedding
learned feature vectors into a metric space, PTGAN enhances target domain classification.
Experiments on the BreaKHis dataset showed PTGAN achieved nearly 90% accuracy in classi-
fying benign and malignant tissues, demonstrating its effectiveness and cost-efficiency for clinical
breast cancer classification.

Boumaraf et al. [153] introduced a transfer learning approach for breast cancer classification
using histopathological images from the BreaKHis dataset. They tackled both magnification-
dependent and independent tasks, utilizing a fine-tuned ResNet-18 architecture. They applied
Global Contrast Normalization (GCN) and a three-fold data augmentation strategy to improve
performance and generalization, showing enhanced effectiveness across classification scenarios.

Aljuaid et al. [152] developed a CAD system for breast cancer classification using deep
neural networks and transfer learning. They utilized ResNet18, ShuffleNet, and Inception-V3Net
architectures based on the BreakHis dataset. The results showed that ResNet18 surpassed other
models, achieving the highest accuracy of 99.7%. These findings demonstrated the model’s
capacity to improve the performance of breast cancer detection and classification.

Karthiga et al. [106] developed an Al-based breast cancer diagnosis system using transfer
learning with CNNs and hyperparameters tuning for mammogram analysis. The system was
tested on the MIAS, DDSM, and INbreast datasets, achieving classification accuracies of 95.95%,
99.39%, and 96.53%, respectively. Various preprocessing techniques enhanced data quality,
such as CLAHE, cropping, and data augmentation. The study highlighted the effectiveness of
CNN classifiers, especially VGG-19, in distinguishing between benign and malignant masses,
demonstrating the advantages of DL over traditional methods.

Chattopadhyay et al. [154] introduced Multi-scale Dual Residual Recurrent Network (MTRRE-
Net), a deep-learning model for breast cancer detection using histopathological images from the
BreaKHis dataset. This model features multi-scale learning and dual residual recurrent connec-
tions to address the vanishing gradient problem. MTRRE-Net outperformed state-of-the-art
methods in classification accuracy, effectively capturing fine details in the images, especially
across different magnification levels, and showed efficient performance with smaller datasets.

Belhaj Soulami et al. [83] developed a novel capsule network architecture for classifying
suspicious regions in digital mammograms, enhancing early breast cancer detection. Their

efficient model, with fewer parameters than traditional capsule networks, was trained on diverse
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mammogram datasets using data augmentation. It achieved a binary classification accuracy of
96.03% and a multi-class accuracy of 77.78%, aiding radiologists in categorizing breast masses
as normal, benign, or malignant. This advancement could significantly minimize unnecessary
clinical procedures and biopsies.

Lu et al. [115] developed Spatial Attention Fusion Network (SAFNet), a model combining
deep learning and classifier fusion for enhanced breast cancer detection and lesion localization
in ultrasound images. SAFNet employs a pre-trained ResNet-18 architecture, enhanced with a
spatial attention module for feature extraction. These extracted features were classified using
three shallow neural networks: ELM, Random Vector Functional Link (RVFL), and Spiking
Neural Network (SNN), with the final classification determined by majority voting. Evaluated
on a public breast ultrasound dataset, SAFNet achieved a high classification accuracy of 94.10%,
outperforming existing methods such as CNN-GTD and FR-CNN.

Liu et al. [142] utilized a hybrid deep learning approach with The Cancer Genome Atlas-
Breast Invasive Carcinoma (TCGA-BRCA) dataset, incorporating gene expression data, copy
number variation (CNV), and pathological images from 831 breast cancer patients. After Z-
score standardization and PCA, 398 gene features were analyzed by a five-layer DNN, achieving
85.06% accuracy. Meanwhile, pathological images were processed and analyzed using a 28-
layer CNN with VGG16, attaining 72.77% accuracy. A multimodal fusion model combining
both methods outperformed the individual models, achieving 88.07% accuracy and an AUC
of 0.9427. This study demonstrates the effectiveness of multimodal deep learning, enhancing
breast cancer diagnosis and prognosis.

Kashyap et al. [151] introduced the Dilated Residual Grooming Kernel (DRGK) model for
breast cancer detection, utilizing the BreakHis and BreCaHAD datasets. They implemented
stain normalization and data augmentation with 19 parameters to address color divergence
and prevent overfitting. It incorporates various convolutional units and achieved impressive
accuracies of 97.37% on BreakHis and 97.50% on BreCaHAD, outperforming VGG16, VGG19,
and ResNet50, demonstrating significant enhancements in breast cancer detection accuracy.

Lu et al. [116] introduced Breast Cancer Detection Network (BCDNet), a CAD system for
breast cancer detection in ultrasound images using deep learning. BCDNet employs TL with
CNN models, particularly identifying ResNet-50 as the optimal backbone, integrated with an
ELM classifier, optimized with a Bat Algorithm and Chaotic Maps (BACM). The results show
that ResNet-50 achieves the best accuracy of 93.97%, outperforming other architectures. The
BACM optimization further enhances performance, establishing BCDNet as a leading CAD

system for breast cancer detection in ultrasound images.
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Asadi et al. [104] proposed an efficient cascaded network architecture for breast cancer
diagnosis, combining UNet for tumor segmentation and a simplified, eight-layer ResNet50-based
network for classification. The classification stage yielded a high accuracy of 98.61% and an F1-
score of 98.41%, surpassing other models. Further comparative evaluations validated the model’s
effectiveness in breast cancer diagnosis, supported by comprehensive experimental results.

Butun et al. [182] investigated automated cancer metastasis detection in lymph nodes us-
ing the PCAM dataset of 220,025 histopathology images. They evaluated various ResNet ar-
chitectures (ResNet-34, ResNet-50, ResNet-101) and found that ResNet-101, trained without
pre-training, achieved the best accuracy of 98.60%. Integrating Convolutional Block Atten-
tion Modules (CBAM) with ResNet-50 improved performance to 98.58%. This approach shows
promising performance in elevating the diagnostic burden of breast cancer detection.

Wang et al. [117] introduced the Multitask Information Bottleneck Network (MIB-Net) for
breast tumor diagnosis, which maximizes mutual information between latent characteristics and
labels while reducing the impact of the input data, thus improving interpretability. It includes
a Contribution Score Map (CSM) to visualize decision making and use multitask learning with
dual prior guidance to improve task correlation. MIB-Net outperformed existing methods for
breast cancer classification.

Gerbasi et al. [93] presented Deep MlcroCAlcifications (DeepMiCa), an automated DL
pipeline to analyze mammograms containing microcalcifications. The pipeline encompasses
several steps, including preprocessing, tumor segmentation utilizing a UNet architecture, and le-
sion classification through transfer learning with VGG16 and ResNet18, leveraging the INbreast
and CBIS-DDSM datasets. DeepMiCa is optimized to require less computational power and
provides visual explanations through Grad-CAM and SHapley Additive exPlanations (SHAP)
methods. It achieves an impressive AUC of 0.89 for classification, underscoring its value as a
tool for radiologists.

Shamshiri et al. [149] proposed a TL framework designed for breast cancer classification in
scenarios with limited annotated data. To bridge the domain gap between natural and medical
images, they pre-trained CNNs on histopathological images. The study used six CNN archi-
tectures for segmentation and classification to compare three training scenarios—pre-training
on histopathological images, pre-training on ImageNet, and training from scratch. The method
using histopathological images achieved a validation accuracy of 98.73%, surpassing previous
methods and demonstrating its effectiveness for breast cancer classification.

Aslan et al. [105] classified mammography images as normal, benign, or malignant using the

MIAS (322 images) and INbreast (115 cases) datasets. After preprocessing steps like thresh-
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olding and data augmentation, they developed two deep learning models: a CNN and a hybrid
CNN with BiLSTM. The hybrid model achieved accuracies of 98.56% on MIAS and 92.26%
on INbreast, outperforming the individual CNNs, highlighting the effectiveness of combining
preprocessing techniques with a hybrid deep learning architecture for high diagnostic accuracy
in mammography classification.

Yurdusev et al. [82] improved microcalcifications visibility in mammograms using a difference
filter before classifying with deep learning models. They tested Faster R-CNN and YOLOv4 on
500 images from the DDSM database. The difference filter enhanced MC prominence, and data
augmentation expanded the dataset. YOLOv4 initially achieved 91.33% accuracy, while Faster
R-CNN reached 88.67%. Notably, applying the difference filter boosted YOLOv4’s accuracy
to 97.67%, reducing false detections and improving sensitivity, showcasing the difference filter’s
impact on deep learning models for breast cancer detection.

Deb and Jha [118] proposed a fuzzy-rank-based ensemble network for classifying breast
ultrasound images into benign, malignant, and normal categories. They fine-tuned four pre-
trained CNNs—VGG-Net, DenseNet, Xception, and Inception—on a dataset of 780 images from
Kaggle. Using a fuzzy-rank method to integrate predictions, the ensemble model achieved an
accuracy of 85.23+2.52% with five-fold cross-validation, outperforming individual models. This
approach effectively enhances breast cancer detection by combining the strengths of multiple

classifiers.

Table 2.20: Performance comparison of deep learning techniques for breast cancer diagnosis

using imaging datasets (Partl).

Refs Year Dataset(s) Method(s) Accuracy  Sensitivity Specificity Precision Fl-score AUC (%)
(%) (%) (%) (%) (%)
[155] 2019  BACH, EMS-Net 99.75 - - - 99.99
BreakHis
[94] 2020 CBIS-DDSM, VGG-FTED - - - - 93.5 89.5
INBreast,
MIAS
[81] 2020 DDSM, IN- Modified 97.50
breast InceptionResNet-
V2
[147] 2021 BreaKHis PTGAN 88.9 87.1 - 89.0 88.0 85.8
[153] 2021 BreaKHis ResNet-18 98.42 99.01 - 98.75 98.88
[115] 2022 BUSI SAFNet (with  94.10 94.93 - 98.14 96.50
spatial attention)
[142] 2022 TCGA- Hybrid DL model  88.07
BRCA
[151] 2022 BreakHis, DRGK Model 96.33 97.0 - 86.0 97.0 96.89
BreCaHAD
[152] 2022 BreakHis ResNet-18 99.7 97.53 97.8 99.59 -
[154] 2022 BreakHis MTRRE-Net 97.81 94.0 - 96.0 95.0
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Table 2.21: Performance comparison of deep learning techniques for breast cancer diagnosis

using imaging datasets (Part2).

Refs Year Dataset(s)  Method(s) Accuracy  Sensitivity Specificity Precision F1l-score AUC (%)
(%) (%) (%) (%) (%)

[106] 2022 MIAS, VGG-19 99.39 - - - - -
DDSM,
INbreast

[83] 2022 DDSM, CapsNet 78.81 86.33 85.16 74.95 80.12 90.6
CBIS-DDSM,
INbreast

[118] 2023 BUSI Fuzzy ensemble- 85.23 - - - - -

based model

[82] 2023 DDSM Yolov4 91.33 93.44 89.89 - - -

[105] 2023 MIAS, IN-  CNN-BiLSTM 92.26 86.21 92.95 91.22 88.53 -
breast

[182] 2023 PCam ResNet-101 98.60 - - - - 98.53

[117] 2023 BUSI MIB-Net 92.97 92.97 - 93.21 92.85 98.65

[93] 2023 INbreast, ResNet18 83.0 75.0 88.0 81.0 - 89.0
CBIS-DDSM

[149] 2023 BreakHis DenseNet169, 94.55 - - - - -

VGG-16
[116] 2023 BUSI BCDNet 93.97 95.24 - 97.68 96.42 -
[104] 2023 INbreast ResNet50 96.8 96.8 - 96.8 96.8 -

2.6 Conclusion

This chapter has provided a thorough overview of the key datasets, pre-processing techniques,
and classification methods used in breast cancer research. Medical imaging datasets, such as
mammograms, MRI, and histopathological images, have enabled the development of power-
ful ML models capable of detecting and classifying breast tumors. The integration of clinical
datasets further complements imaging data, offering a more comprehensive view of breast can-
cer diagnosis. Pre-processing techniques have proven essential in preparing data for analysis,
ensuring that features relevant to tumor detection are accurately captured and modeled. Fur-
thermore, the comparison of traditional machine learning methods, such as SVM and RF, with
more advanced deep learning architectures, including CNNs and LSTMs, highlights the progres-
sion of the field towards more automated and efficient diagnostic tools. Notably, the application
of hybrid methods and the development of novel objective functions, as seen in recent literature,
offer promising avenues for further research and improvement in classification performance. This
review underscores the importance of continuous innovation in data utilization and algorithm
development. The combination of rich datasets, advanced pre-processing, and SOTA classifica-
tion methods holds the potential to significantly enhance the accuracy and reliability of breast

cancer detection systems, ultimately contributing to better clinical outcomes.

51



Chapter 3

BREAST CANCER
CLASSIFICATION USING FEATURE
SELECTION, DATA BALANCING
AND HYPERPARAMETERS
OPTIMIZATION

3.1 Introduction

This chapter explores significant challenges in breast cancer classification, emphasizing feature
selection, data imbalance, and model parameter optimization. A malignancy correlation-based
technique is used to identify highly discriminative features, enhancing data representation and
directing the model’s focus toward the most relevant information. To address data imbalance
and improve performance in minority classes, several balancing techniques, such as SMOTE,
KNNOR oversampling, and RUS undersampling, are investigated. Moreover, hyperparameters
optimization maximizes classification accuracy in various scenarios, ensuring optimal model
performance. These three strategies are integrated into an innovative framework for breast
cancer classification, leveraging their combined benefits. The effectiveness of this integrated
framework is assessed using seven established ML algorithms (SVM, KNN, DT, RF, NB, LR,
and XGBoost), as well as DNNs to showcase its classification capabilities. Ultimately, the
framework’s performance is evaluated against state-of-the-art techniques, ensuring an objective

assessment of its relative effectiveness. These advancements aim to enhance the accuracy and
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efficiency of BC classification, ultimately supporting healthcare professionals by streamlining

decision-making processes and reducing resource requirements.

3.2 Proposed System

Breast cancer classification faces significant challenges, including identifying relevant features,
addressing data imbalance issues, and optimizing model parameters. Many recent SOTA studies
have addressed these issues separately, resulting in models that lack robustness and accuracy. To
overcome these limitations, we propose a novel framework that integrates feature selection, data
balancing, and hyperparameters optimization into a well-established workflow for breast cancer
classification. We begin our approach by applying data cleaning to the benchmark datasets DS1,
DS2, DS3, and DS4, which we will define later. Subsequently, a malignancy correlation approach
selects the most pertinent features for each dataset. For datasets exhibiting significant class
imbalance, specifically DS1, DS2, and DS3, we employed both oversampling and undersampling
techniques to ensure balanced data representation. These datasets were subdivided into training
and testing subsets. Then, seven ML algorithms and DNNs were implemented to perform
the training process based on the training data samples and build the trained models. This
comprehensive approach enables the trained models to classify testing data effectively. Our
method significantly enhances the diagnostic accuracy of traditional ML algorithms and DNNs
by optimizing these key aspects, outperforming existing SOTA techniques. The efficacy of our
approach is substantiated by experimental results using four publicly available datasets. Figure

3.1 provides an overview of the proposed schematic workflow.

3.2.1 Data Description

Assessing different machine learning methods requires the use of multiple publicly accessible
datasets. This subsection presents an in-depth overview of the four well-known breast cancer
datasets employed in our study, including WDBC (DS1), WBCD (DS2), WPBC (DS3), and
Coimbra (DS4), which were defined in section 2.2.1. Table 3.1 summarizes significant details
such as the number of samples, attributes, and samples within each class for each dataset, and
they are further detailed individually in Tables 3.2, 3.3, 3.4, and 3.5, respectively.
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Data cleaning

Feature selection (FS) using Malignancy
Correlation (P-values < 0,05)

|

Dataset balancmg
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Oversampling (OS) ‘ Undersampling (US) ‘
[ Spilt the dataset into training and testing sets }
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T:aihing ;etj FiTesting set77

Classification models

LR Hyperparameters
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Figure 3.1: Scheme illustrates the proposed new framework, highlighting key steps such as data

preprocessing, data splitting, and training-testing phases.
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Table 3.1: Overview of breast cancer datasets: attributes, samples, and class distribution.

Dataset Name Number of Attributes Number of Samples Class Distribution (Balanced/Unbalanced)
DS1 Wisconsin Diagnosis Breast Cancer (WDBC) 33 569 212 Malignant, 357 Benign (Unbalanced)
DS2 Wisconsin Breast Cancer (WBCD) 10 699 241 Malignant, 458 Benign (Unbalanced)
DS3 Wisconsin Prognostic Breast Cancer (WPBC) 34 198 47 Recurrent, 151 Non-recurrent (Unbalanced)
DS4 Breast Cancer Coimbra 10 116 64 Not Healthy, 52 Healthy (Balanced)

Table 3.2: A detailed attributes description of the WDBC dataset.

No. Attribute Description

1 1D The patient identification number.
2 Diagnosis M = malignant, B = benign
3 Radius__mean 6.981 to 28.11

4 Texture__mean 9.71 to 39.28

5 Perimeter__mean 43.79 to 188.5

6 Area_mean 143.5 to 2501.0

7 Smoothness__mean 0.05263 to 0.1634

8 Compactness__mean 0.01938 to 0.3454

9 Concavity mean 0.00 to 0.4268

10 Concave__points__mean 0.00 to 0.2012

11 Symmetry_mean 0.1060 to 0.3040

12 Fractal dimension mean 0.04996 to 0.09744
13 Radius__se 0.1115 to 2.873

14 Texture__se 0.3602 to 4.885

15 Perimeter__se 0.757 to 21.98

16 Area_ se 6.802 to 542.2

17 Smoothness_ se 0.001713 to 0.03113
18 Compactness__se 0.002252 to 0.1354
19 Concavity__se 0.0 to 0.396

20 Concave_ points__se 0.00 to 0.05279

21 Symmetry__se 0.007882 to 0.07895
22 Fractal__dimension__se 0.000895 to 0.02984
23 Radius__ worst 7.93 to 36.04

24 Texture__worst 12.02 to 49.54

25 Perimeter__worst 50.41 to 251.20

26 Area_ worst 185.20 to 4254.00
27 Smoothness_ worst 0.07117 to 0.2226
28 Compactness__worst 0.02729 to 1.0580
29 Concavity__worst 0.00 to 1.2520

30 Concave__points_ worst 0.00 to 0.2910

31 Symmetry__worst 0.1565 to 0.6638

32 Fractal _dimension_ worst 0.05504 to 0.2075
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Table 3.3: A detailed attributes description of the WBCD dataset.

No. Attribute Description

1 Sample Code Number The identification number of the sample.

2 Clump Thickness Values ranging from 1 to 10, representing the thickness of the clumps.

3 Uniformity of Cell Size Values ranging from 1 to 10, indicating the uniformity of cell size.

4 Uniformity of Cell Shape  Values ranging from 1 to 10, representing the uniformity of cell shape.
5 Marginal Adhesion Values ranging from 1 to 10, representing how well the cells stick together.
6 Single Epithelial Cell Size Values ranging from 1 to 10, indicating the size of single epithelial cells.
7 Bare Nuclei Values ranging from 1 to 10, representing the presence of bare nuclei.

8 Bland Chromatin Values ranging from 1 to 10, indicating the texture of the chromatin.

9 Normal Nucleoli Values ranging from 1 to 10, representing the size and shape of nucleoli.
10 Mitoses Values ranging from 1 to 10, indicating the frequency of mitosis.

11 Target Label M = malignant, B = benign

Table 3.4: A detailed attributes description of the WPBC dataset.

No. Attribute Description

1 1D The identification number of the sample.

2 Outcome R = recurrent, N = non-recurrent.

3 Radius__mean Mean of distances from center to points on the perimeter.
4 Texture__mean Standard deviation of gray-scale values.

5 Perimeter__mean Perimeter of the cell nucleus.

6 Area__mean Area of the cell nucleus.

7 Smoothness__mean Local variation in radius lengths.

8 Compactness__ mean Perimeter? / area - 1.0.

9 Concavity__mean Severity of concave portions of the contour.
10 Concave_ points _mean Number of concave portions of the contour.
11 Symmetry_mean Symmetry of the cell nucleus.

12 Fractal _dimension_mean "Coastline approximation" - 1.

13 Radius_ se Standard error of the radius.

14 Texture__se Standard error of the texture.

15 Perimeter__se Standard error of the perimeter.

16 Area_ se Standard error of the area.

17 Smoothness__se Standard error of the smoothness.

18 Compactness_ se Standard error of the compactness.

19 Concavity _se Standard error of the concavity.

20 Concave_ points_ se Standard error of the concave points.

21 Symmetry_se Standard error of the symmetry.

22 Fractal__dimension__se Standard error of the fractal dimension.

23 Radius_ worst Largest mean value for radius.

24 Texture__worst Largest mean value for texture.

25 Perimeter_ worst Largest mean value for perimeter.

26 Area_ worst Largest mean value for area.

27 Smoothness_ worst Largest mean value for smoothness.

28 Compactness_ worst Largest mean value for compactness.

29 Concavity_ worst Largest mean value for concavity.

30 Concave__points__worst Largest mean value for concave points.

31 Symmetry_worst Largest mean value for symmetry.

32 Fractal dimension_worst  Largest mean value for fractal dimension.
33 Tumor Size Largest diameter of the excised tumor.

34 Lymph Node Status Number of positive axillary lymph nodes observed.
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Table 3.5: A detailed attributes description of the Coimbra dataset.

No. Attribute Description

1 Age (years) Age of the patient.

2 BMI (kg/m?) Body Mass Index of the patient.

3 Glucose (mg/dL) Glucose level in the blood.

4 Insulin (pU/mL) Insulin level in the blood.

5 HOMA Homeostasis Model Assessment (insulin resistance measure).
6 Leptin (ng/mL) Leptin hormone level.

7 Adiponectin (ng/mL) Adiponectin hormone level.

8 Resistin (ng/mL) Resistin hormone level.

9 MCP-1 (pg/dL) Monocyte Chemoattractant Protein-1 level.

10 Status Health status: 1 = healthy, 2 = diagnosed with breast cancer.

3.2.2 Data Preprocessing

Data preprocessing is essential because it converts the dataset into a practical format that
can be effectively utilized by the algorithms. In this study, we employed several preprocessing

strategies, which we will outline in the following sub-sections.

3.2.2.1 Data Cleaning

Before inputting data into machine learning algorithms, it is essential to check for missing
values, which are typically indicated as NaN or None. Addressing these missing values is crucial
for maintaining data integrity. This can be achieved by either removing attributes with missing
values or filling them using an automated workflow [39]. In this study, we identified attributes
with missing values across four datasets: the WDBC, WBCD, WPBC, and Coimbra datasets,
as shown in Figure 3.2. Each dataset presented unique challenges in dealing with missing data,

necessitating customized approaches to ensure the quality of the analysis.

e DS1: The attribute “Unnamed: 327 contained over 500 missing entries. Due to the
extensive missing data, this attribute was deemed unsuitable for analysis and was removed

entirely.

o« DS2: The “Bare _nuclei” attribute had 16 missing values. These values were imputed
using statistical methods, such as mean imputation, to preserve the dataset’s completeness

while minimizing data loss.

o DS3: The attribute “X.34” exhibited four missing values. These were also replaced using

statistical imputation techniques to maintain the integrity and usability of the dataset.

o7



Chapter 03: Breast cancer classification using feature selection, data balancing ...

o« DS4: This dataset was free of missing values, requiring no imputation or attribute re-

moval. It was ready for ML analysis without additional preprocessing.

This careful examination and treatment of missing data ensured that each dataset was

appropriately prepared for subsequent analysis, minimizing the risk of bias or inaccuracies

introduced by incomplete data. The strategies employed removing attributes with substantial

missing data or imputing values where feasible, demonstrating the importance of a targeted

approach to data cleaning in maintaining the robustness of machine learning models.

DS1: WDBC Dataset (569 samples)

Unnamed: 32

Attributes

T T T T T
0 100 200 300 400 500
Number of Missing Values

DS3: WPBC Dataset (198 samples)

X.34 4

Attributes

T T T T
0.0 0.5 10 15 2.0 25 3.0 35 4.0
Number of Missing Values

Attributes

Bare_nuclei

DS2: WBCD Dataset (699 samples)

T
4 6 8 10 12 14 16
Number of Missing Values

DS4: Coimbra Dataset (116 samples)

None

Figure 3.2: Visualization of missing values across breast cancer datasets: WDBC, WBCD,

WPBC, and Coimbra.
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3.2.2.2 Feature Selection

Feature selection is necessary to improve the model’s performance, influencing model accuracy.
In this subsection, we employed malignancy correlation analysis between the individual features
and the target (label) to determine the most significant features for each dataset. Features
with high correlation with the target were selected, whereas those with low correlation were
dropped [39]. The selection process was used by analyzing the p-values from the Pearson
Correlation Coefficient (PCC) to measure the significance of the correlations between each
feature and the target variable. Features with p-values less than 0.05 were considered to have

a strong correlation with the target and were selected.

A. Pearson Correlation Coefficient: The PCC (denoted as r ) is a measure of the linear
correlation between two variables and frequently used to identify the correlation of a feature
(X) and the target variable (Y). It can be determined as shown below in Eq. (3.1):

_ (X - X)(Yi—-Y)
V(X — X2 (Y; - V)2

r

(3.1)

Where: X; and Y; are the individual data points, and X and Y represent their means,

respectively.

B. P-value Calculation: The p-value serves as an essential metric; it can measure the rel-
evance of the correlation, assuming that the null hypothesis indicates no correlation between
the feature and the target. The null hypothesis is ignored only when the p-value exceeds a
pre-defined significance level . It is determined on the basis of the t-test, which is formally

expressed in Eq (3.2) as follows:

1—r2
n—2

p-value = P (T > "l ) (3.2)

Where:

T is the t-statistic, |r| is the absolute value of the correlation coefficient, and n is the number
of data points.

The effect of the feature selection process on the datasets is illustrated in Table 3.6. It can
be observed that the number of features significantly decreased after selection, helping reduce
dimensionality while retaining relevant information. This demonstrates the effectiveness of
feature selection in eliminating irrelevant features, thus simplifying the models and potentially

enhancing their performance.
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e DS1: The number of features was reduced from 30 to 25 after feature selection.

o DS2: Maintained 9 features before and after selection, indicating the original features

were highly correlated with the target.
e DS3: The features were reduced from 32 to 10 after feature selection.

e DS4: The features decreased from 9 to 4 after selection.

Table 3.6: A comparison of features counts before and after feature selection across breast
cancer datasets: WDBC, WBCD, WPBC, and Coimbra.

Selected
features features
DS1 30 25

Datasets Total The selected features

’concave points_worst’,

(WDBC)

’perimeter_worst’,

’concave points_mean’,

’radius_worst’,

’perimeter_mean’,

’area_worst’,

’radius_mean’,

’area_mean’,

’concavity_mean’,

’compactness_mean’,

’concavity_worst’,

’compactness_worst’,

’radius_se’,

’perimeter_se’,

’area_se’,

’texture_worst’,

’smoothness_worst’,

’symmetry_worst’,

’texture_mean’,

’concave points_se’,

’smoothness_mean’,

’symmetry_mean’,

’fractal_dimension_worst’,

’compactness_se’,

’concavity_se’

DS2 9 9
(WBCD)

’Uniformity_of cell_shape’,

’Uniformity_of_cell_size’, ’Bare_nuclei’,

’Bland_chromatin’,

’Normal_nucleoli’,

’Clump_thickness’,

’Marginal_adhesion’,

’Single_epithelial_cell_size’

DS3 32 10
(WPBC)

'X.26°, ’X.237, ’X.25’, ’X.6’, ’X.337,
'X.57, ’X.37, ’X.347, ’X.167, ’X.15’

DS4 (Coim- 9 4
bra)

’Glucose’, ’HOMA’,

’Insulin’, ’Resistin’

3.2.2.3 Data Balancing

Data balancing is a crucial procedure that aims to achieve balance within the dataset’s classes,

ensuring that majority and minority classes have approximately equal samples [246]. A class
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imbalance in the training dataset can potentially impact the classifier performance by boosting
the accuracy of the majority class at the expense of the minority class. In this study, we used
two sampling approaches, oversampling and undersampling to efficiently deal with the class-
imbalance issue, which is a vital factor in training models. It is worth noticing that DSI,
DS2, and DS3 have many positive samples (benign), indicating a high level of class imbalance,
while DS4 has a more balanced distribution between its two classes (both classes are almost

equivalent).

Oversampling: Oversampling methods are particularly effective because they increase the
number of samples in the minority class, helping to overcome the problem of class imbalance.
Two widely used oversampling techniques were used in this study: the synthetic minority over-
sampling technique and the k-nearest neighbor oversampling technique. These techniques pro-
vide artificial samples for the minority class, balancing the dataset and improving the model
performance in classification tasks. Figure 3.3 illustrates the class distributions before and after
oversampling for the four datasets used in this study (DS1-DS4). The majority class remained
unchanged in size across all datasets, while the minority class was significantly augmented, as

the following:

o For DS1 (WDBC), the number of minority samples increased from 212 to 357 after ap-

plying oversampling techniques.

o For DS2 (WBCD), the minority samples were augmented from 241 to 458, achieving a

balance similar to the majority class.

o For DS3 (WPBC), the number of minority class samples rose from 47 to 151 through

oversampling.

» For DS4 (Coimbra), which initially had a minor class imbalance was adjusted and treated

as a balanced dataset.

These adjustments effectively mitigate bias towards the majority class, enhancing classifica-
tion accuracy. The visual results validate that SMOTE and KNNOR successfully oversampled

the minority class, equating it to the majority class and ensuring a more balanced dataset.

A. Synthetic Minority Over-sampling Technique: = The SMOTE is an oversampling
method that aims to address class imbalance issues over datasets in machine learning. Unlike
Random Oversampling (ROS), which duplicates minority class samples, SMOTE generates syn-

thetic instances within the minority class’s feature space, preventing overfitting. It identifies
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nearby minority class samples and creates new ones between them by choosing a random sample

and its nearest neighbors, typically five by default, to produce synthetic samples [247].

B. K-Nearest Neighbor Oversampling Technique: @ The KNNOR is considered as
a promising solution to the issue of class imbalance in classification and regression tasks by
generating synthetic samples for the underrepresented minority class [248,249]. In contrast to
the SMOTE method, KNNOR addresses issues such as noisy data, tiny disjuncts, and within-
class imbalances [248]. This latter comprises a revolutionary filtering approach that aids in
identifying the critical and safe areas for augmentation and generating synthetic data points of
the minority class, resulting in more representative data. The KNNOR’s main three steps are
as follows [248, 250]:

e Select a starting minority instance from the dataset as the initial point for oversampling.

e Determine K, the number of nearest neighbors of the selected minority instance to con-

sider.

o Generate synthetic data points for the minority class based on the selected minority in-

stance and its k-nearest neighbors, considering the relative density of the entire population.

Class Distributions Before and After Oversampling
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Figure 3.3: The impact of oversampling on class distribution across breast cancer datasets:
WDBC, WBCD, WPBC, and Coimbra.
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Undersampling;: Beside oversampling techniques, undersampling techniques are used to
reduce the number of instances in the majority class, creating a more balanced dataset. Figure
3.4 depicts the class distributions before and after applying RUS on the four datasets (DS1-
DS4). The majority class was significantly reduced in all datasets, resulting in a more balanced

class distribution.

o In DS1 (WDBC), the majority class was undersampled from 357 to approximately 212

instances.

o In DS2 (WBCD), which initially exhibited a significant imbalance, the majority class was

reduced from about 500 to 241 instances.

« In DS3 (WPBC), the majority class was decreased from 151 to around 50 instances,

achieving a balance with the minority class.
o In DS4 (Coimbra), both classes appeared to have an almost equal number of samples.

This rebalancing helped to mitigate the potential bias in training models and improved the
classification performance across the datasets. By applying RUS, the algorithms could focus
more on the minority class, improving their ability to correctly classify instances from both

classes.

A. Random Undersampling: The RUS is one of the simplest undersampling methods.
This approach aims to balance a dataset class’s distribution by reducing the size of the majority
class until a balanced class distribution is achieved. This makes it possible for machine learning
algorithms to address the class-imbalanced issue without introducing synthetic instances [247,
251].

3.2.2.4 Data Normalization

Data normalization is commonly referred to as the process of data organization. The Stan-
dardScaler standardization method is used in our case. This method transforms the feature’s
values to have a mean of 0 and a standard deviation of 1, thereby conforming to a standard
normal distribution. Eq (3.3) illustrates the formula for StandardScaler, where: X is the input
data, X stands for the mean value, ox represents the standard deviation, and Xgg denotes the

standardized attribute values [252].

X-X

Ox

Xgs =

(3.3)
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Class Distributions Before and After Undersampling
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Figure 3.4: The impact of undersampling on class distribution across breast cancer datasets:
WDBC, WBCD, WPBC, and Coimbra.

3.2.3 Classification Methods

We have used eight ML techniques to evaluate the proposed method. These included conven-
tional algorithms, such as SVM, DT, RF, NB, LR, KNN, and XGBoost, in addition to DNNs,
leveraging their ability to learn complex patterns. The unique characteristics of each technique

are detailed in Table 3.7, underscoring their suitability for various classification tasks.

Table 3.7: Overview of the used techniques and their key features for breast cancer classification.

Technique Key Features

SVM Constructs hyperplane for class separation.

DT Tree-structured; splits data based on feature values.

RF Ensemble of decision trees; averages multiple models.

NB Probabilistic, assuming feature independence.

LR Linear model for binary classification.

KNN (Classifies based on majority class among nearest neighbors.
XGBoost Optimized gradient boosting; combines weak learners.
DNNs Multiple layers; learns complex patterns.
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3.2.4 Hyperparameters Optimization

Hyperparameters optimization plays a crucial role in enhancing the performance of ML models.
It involves a systematic search for the optimal combination of hyperparameters and fine-tuning
the model to attain the highest level of performance. This process significantly impacts model
accuracy and overall effectiveness, especially in complex tasks like breast cancer classification.
It includes three HPO techniques: grid search, random search, and bayesian optimization [253,
254]. We selected grid search for its exhaustive exploration of the identified parameter space,
ensuring that all possible combinations are evaluated to identify the optimal configuration and
optimize hyperparameters across several machine learning algorithms, including SVM, DT, RF,
LR, KNN, and XGBoost, with multiple hyperparameters tested for each algorithm. In contrast,
a semi-automatic approach was utilized for tuning the DNNs, using hyperparameters such as
learning rates, batch sizes, number of epochs, neurons per layer, and dropout rates, which were
manually adjusted based on practical observations, as presented in Table 3.8. This method
offers greater flexibility and allows for intuition-based adjustments, particularly in deep learning

models, where optimal configurations typically require iterative experimentation.

Table 3.8: Overview of the used hyperparameters optimization techniques and different param-

eters combinations for ML algorithms and DNN classifier.

Methods Parameters Description Different combinations HPO approach
SVM C Regularization parameter. [0.1, 1, 10]
kernel Specifies the kernel type to be used in the algorithm. [linear’, "poly’, 'rbf’]
max_ depth Maximum depth of the tree. [10, 20, 30]
DT min_samples_leaf  The minimum number of samples required to be at a leaf node. [1, 3, 5]
min_samples_split  The minimum number of samples required to split an internal node. (2, 5, 10]
n_estimators The number of trees in the forest. [5, 50, 100]
RF max_ features The number of features to consider when looking for the best split. ~ ['auto’, ’sqrt’, "log2’]
max__depth Maximum depth of the tree. [10, 20, 30]
C Inverse of regularization strength. [0.1, 1, 10] Automatic approach (GS)
LR solver Algorithm to use in the optimization problem. ['Ibfgs’, ’liblinear’]
penalty The norm used in the penalization. 117, 127
n_ neighbors Number of neighbors to use. (3,5, 7
KNN weights Weight function used in prediction. ["uniform’, *distance’]
P Power parameter for the Minkowski metric. [1, 2]
learning_ rate Step size shrinkage to prevent overfitting. [0.01, 0.1, 0.2]
n_estimators Number of trees. [50, 100, 200]
XGBoost
max_ depth Maximum depth of the tree. (3,4, 5]
gamma Minimum loss reduction required to make a further partition. [0, 0.25, 1.0]
learning_ rates Learning rate used to update weights. [0.0001, 0.001, 0.01, 0.1]
batch__sizes Number of samples per gradient update. (16, 32, 64]
DNN epochs__values Number of passes through the entire dataset. [200] Semi-automatic approach

neurons_ per_layer

dropout_ rates

Number of neurons per hidden layer.

Fraction of input units to drop.

[(512,128,64), (512,256,128), (512,128,32)]

[0.1,0.2,0.3]
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3.2.5 Performance Evaluation Metrics

Performance evaluation is crucial for assessing classification models’ effectiveness, reliability, and
applicability, especially in healthcare scenarios like breast cancer, where precision is paramount.
This section outlines commonly used evaluation metrics, including confusion matrix, accuracy,
precision, Fl-score, and others. These metrics quantify a model’s ability to classify instances,

showing how the model performs accurately.

3.2.5.1 Confusion Matrix

The confusion matrix (CM) is a fundamental tool for summarizing the performance of a clas-
sification algorithm by comparing actual and predicted classifications [255]. Represented as an
NxN grid, where N denotes the number of classes, the CM provides a detailed analysis of correct
and incorrect predictions for each class. The CM represents positive and negative outcomes in

binary classification (N = 2). Its key components are:

« True Positive (TP): instances correctly predicted as positive (e.g., correctly identifying

a patient with BC).

« True Negative (TN): instances correctly predicted as negative (e.g., correctly identify-
ing a healthy individual).

« False Positive (FP): instances incorrectly predicted as positive (Type I error, e.g.,

incorrectly diagnosing a healthy individual with BC).

« False Negative (FN): instances incorrectly predicted as negative (Type II error, e.g.,

failing to diagnose a patient with BC).

While TP and TN represent correct classifications, FP and FN represent misclassifications
and are fundamental for calculating various performance metrics (Eqgs. 3.4-3.8). Figure 3.5

shows an illustrative example of a confusion matrix.

3.2.5.2 Accuracy

Accuracy measures the correctness of a classification model’s predictions, calculated as the
ratio of correctly classified instances to the total. While it is easy to interpret, accuracy can
be misleading, especially in imbalanced datasets where one class greatly outnumbers others. A
model may achieve high accuracy by mostly predicting the majority class, failing to perform

well on the minority class.
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predicted values
, 0 [ ]
0 True Negative False Positive
g (TN) (FP)
=
=
=
2
£ 1 False Negative True Positive
(FN) (TP)

Figure 3.5: Example of a confusion matrix for binary classification.

TP+ TN
A - 3.4
WY = TP TN + FP + FN (3.4)

3.2.5.3 Sensitivity

Sensitivity, also known as recall or the true positive rate, measures the proportion of actual
positive instances (e.g., individuals with breast cancer) correctly identified by the model. This
metric is particularly crucial in applications where minimizing false negatives (i.e., failing to
identify individuals with the condition) is of primary importance, such as in disease screening

and classification.

TP

SenSitiVity = m

(3.5)

3.2.5.4 Specificity

Specificity, also known as the True Negative Rate, measures the proportion of actual nega-
tive instances (e.g., individuals without breast cancer) correctly identified by the model. This
metric is critical in scenarios where minimizing false positives (i.e., incorrectly identifying indi-
viduals as having the condition) is crucial, such as avoiding unnecessary and potentially invasive

interventions for healthy individuals.

TN

SpeClﬁClty = m

(3.6)
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3.2.5.5 Precision

Precision, also known as the Positive Predictive Value, quantifies the proportion of instances

predicted as positive (e.g., individuals predicted to have breast cancer) that are positive (i.e.,

indeed have the condition). This metric is particularly relevant when the cost or consequences

of false positives (e.g., unnecessary anxiety, further invasive testing, or treatment) are high.
TP

Precision = W (37)

3.2.5.6 F1l-score

The F1-score, also known as the F-measure or F-score, represents the harmonic mean of precision
and sensitivity. This metric effectively balances the trade-off between these two measures and
is especially valuable when assessing performance on imbalanced datasets. A perfect F1l-score
of 1.0 is attained only when both precision and sensitivity are perfect, meaning they are equal
to 1.0.

F1-Score — 2 x Precision x Sensitivity

3.8
Precision + Sensitivity (3.8)

3.3 Results and Discussion

This section examines the effectiveness of the employed ML techniques, including LR, DT, RF,
SVM, NB, KNN, XGBoost, and a DNN model. These techniques have been evaluated on the
four datasets (DS1, DS2, DS3, and DS4) using commonly used evaluation criteria, including
accuracy, sensitivity, specificity, precision, and Fl-score to accurately classify breast cancer.
The selected datasets were split into training and testing sets with 80% and 20%, respectively
(note: the highest performance rates were highlighted in bold font).

3.3.1 A Comprehensive Analysis of Feature Selection

After data cleaning, the FS is implemented to analyze all datasets (DS1, DS2, DS3, and DS4),
and the performance of the used techniques is evaluated without and with feature selection, as
illustrated in Table 3.9 and Table 3.10, respectively.
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3.3.1.1 Without Feature Selection (WOFS)

A comprehensive analysis of the performance of various machine learning models across four
distinct datasets (DS1-DS4) without implementing feature selection is provided in Table 3.9.
The KNN technique stood out as the best performer for DS2, achieving an impressive accuracy
of 98.57%, along with other metrics, including sensitivity, specificity, precision, and F1-score. In
contrast, the DNN technique demonstrated superior performance across the remaining datasets
(DS1, DS3, and DS4). Specifically, in DS1, DNN attained the highest accuracy of 98.25% and
excelled in all other metrics. Similarly, for DS4, DNN recorded the best performance with an
accuracy of 95.83%, showcasing high sensitivity and perfect specificity. The performance on
DS3 was more varied, with no single model consistently outperforming in all metrics; however,
DNN still achieved the highest accuracy despite a lower sensitivity. Overall, DNN exhibited
remarkable robustness across multiple datasets, particularly in tasks requiring high classification
accuracy, while KNN’s strong performance in DS2 underscores its effectiveness under specific

conditions.

3.3.1.2 With Feature Selection (WFS)

The effect of feature selection on the performance of various machine learning models across four
distinct datasets (DS1-DS4) is illustrated in Table 3.10. In this study, low-correlation features
were systematically eliminated to concentrate on the most pertinent attributes, which resulted in
significant enhancements in performance for the majority of models across the datasets. Notably,
the performance of models applied to DS2 exhibited minimal variation post-FS, highlighting the
essential role of all features within this dataset. Conversely, dropping non-informative features
contributed to improved generalization and enhanced performance in most models within the
other datasets. For instance, in DS1, the DNN model distinguished itself with an accuracy of
97.36%, showing improvement over its prior performance without using F'S. This enhancement
was consistent across multiple performance metrics, including precision and F1-score, thereby
affirming the efficacy of FS in mitigating noise and capturing crucial features.

Similarly, the SVM classifier achieved the highest performance in DS3 post-FS, reaching an
accuracy of 82.5%. However, this performance was attended by variability in sensitivity and
precision within the other datasets, indicating that while F'S substantially benefited SVM’s per-
formance, its sensitivity to the complexities of the dataset remained a key influencing factor. In
contrast, the responses of models in DS4 to F'S were more heterogeneous, where the DNN and
SVM techniques demonstrated comparable performance, each attaining an accuracy of 91.66%,

mirroring results obtained without FS. Notably, the KNN algorithm achieved its peak perfor-
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mance in DS4 post-FS, exhibiting a perfect sensitivity of 100%, underscoring the substantial

advantages conferred by the FS process for this particular technique.

Table 3.9: Performance assessment of various models without feature selection (WOFS) for

DS1-DS4 datasets.

Performance (%)

Datasets Methods
Accuracy Sensitivity Specificity Precision F1-score
LR 96.49 93.02 98.59 97.56 95.23
DT 93.85 90.69 95.77 92.85 91.76
RF 96.49 93.02 98.59 97.56 95.23
SVM 94.73 86.04 100.0 100.0 92.49
bst NB 97.36 93.02 100.0 100.0 96.38
KNN 95.61 88.37 100.0 100.0 93.82
XGBoost  95.61 93.02 97.18 95.23 94.11
DNN 98.25 95.35 100.0 100.0 97.62
LR 95.71 88.88 98.94 97.56 93.02
DT 95.00 88.88 97.89 95.23 91.95
RF 96.42 91.11 98.94 97.61 94.25
D2 SVM 96.42 93.33 97.89 95.45 94.38
NB 96.42 97.77 95.78 91.66 94.62
KNN 98.57 97.77 98.94 97.77 97.77
XGBoost  95.00 86.66 98.94 97.50 91.76
DNN 97.86 95.56 98.95 97.73 96.63
LR 67.50 25.00 78.12 22.22 23.52
DT 60.00 25.00 68.75 16.66 20.00
RF 80.00 25.00 93.75 50.00 33.33
DS3 SVM 80.00 0.0 100.0 0.0 0.0
NB 60.00 37.50 65.62 21.42 27.27
KNN 75.00 50.00 81.25 40.00 44.44
XGBoost  72.50 37.50 81.25 33.33 35.29
DNN 82.50 12.50 100.0 100.0 22.22
LR 87.50 83.33 91.66 90.90 86.95
DT 75.00 75.00 75.00 75.00 75.00
RF 87.50 100.0 75.00 80.00 88.88
DS4 SVM 91.66 91.66 91.66 91.66 91.66
NB 75.00 58.33 91.66 87.50 70.00
KNN 83.33 75.00 91.66 90.00 81.81
XGBoost  87.50 83.33 91.66 90.90 86.95
DNN 95.83 91.67 100.0 100.0 95.65
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Table 3.10: Performance assessment of various models with feature selection (WFS) for the
DS1-DS4 datasets.

Performance (%)
Dataset Methods

Accuracy Sensitivity Specificity Precision F1l-score

LR 96.49 93.02 98.59 97.56 95.23
DT 91.22 90.69 91.54 86.66 88.63
RF 96.49 93.02 98.59 97.56 95.23
DS1 SVM 94.73 86.04 100.0 100.0 92.49
NB 97.36 93.02 100.0 100.0 96.38
KNN 95.61 88.37 100.0 100.0 93.82
XGBoost  96.49 93.02 98.59 97.56 95.23
DNN 97.36 95.35 98.59 97.62 96.47
LR 95.71 88.88 98.94 97.56 93.02
DT 95.00 88.88 97.89 95.23 91.95
RF 96.42 91.11 98.94 97.61 94.25
DS2 SVM 96.42 93.33 97.89 95.45 94.38
NB 96.42 97.77 95.78 91.66 94.62
KNN 98.57 97.77 98.94 97.77 97.77
XGBoost  95.00 86.66 98.94 97.50 91.76
DNN 97.86 95.56 98.95 97.73 96.63
LR 70.00 25.00 81.25 25.00 25.00
DT 57.50 25.00 65.62 15.38 19.04
RF 67.50 25.00 78.12 22.22 23.52
DS3 SVM 82.50 12.50 100.0 100.0 22.22
NB 55.00 37.50 59.37 18.75 25.00
KNN 75.00 50.00 81.25 40.00 44.44
XGBoost  62.50 37.50 68.75 23.07 28.57
DNN 72.50 25.00 84.38 28.57 26.67
LR 83.33 75.00 91.66 90.00 81.81
DT 62.50 58.33 66.66 63.63 60.86
RF 79.16 83.33 75.00 76.92 80.00
DS4 SVM 91.66 91.66 91.66 91.66 91.66
NB 70.83 50.00 91.66 85.71 63.15
KNN 91.66 100.0 83.33 85.71 92.30
XGBoost  75.00 75.00 75.00 75.00 75.00
DNN 91.66 91.66 91.66 91.66 91.66

3.3.2 Data Balancing

This section provides a comprehensive analysis of the performance results obtained from testing
the DS1, DS2, and DS3 datasets, using feature selection (WFS) followed by data balancing.
Notably, the DS4 dataset is excluded from Tables 3.12 and 3.13, as it is inherently balanced
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and does not require additional preprocessing steps.

3.3.2.1 Oversampling Techniques

In this subsection, seven machine learning algorithms—LR, DT, RF, SVM, NB, KNN, XG-
Boost—along with a DNN classifier, were employed to assess the performance of two oversam-
pling techniques: synthetic minority over-sampling technique and k-nearest neighbor oversam-
pling technique across three distinct datasets (DS1, DS2, and DS3). Table 3.12 presents the
results, indicating a consistent trend where the DNN classifier outperformed all other machine
learning methods across the three datasets, achieving the highest overall performance.

For DS1, models trained using SMOTE yielded results comparable to those trained with
KNNOR. Notably, the DNN classifier attained an impressive accuracy of 99.30%, with perfect
sensitivity (100.0%) and an Fl-score of 99.33%, significantly surpassing the performance of
the other models. Conversely, KNNOR demonstrated highly competitive results for both DS2
and DS3. The DNN classifier reached an accuracy of 98.91% with perfect sensitivity (100.0%)
and an almost perfect Fl-score of 98.91% for DS2, highlighting KNNOR'’s effectiveness for this
particular dataset. The trend continued for DS3, where the DNN model utilizing KNNOR
achieved a notable accuracy of 85.25% with an Fl-score of 85.71%, once again outperforming
models trained with SMOTE.

Overall, these findings emphasize the variability in the effectiveness of oversampling tech-
niques across different datasets. While SMOTE excelled in DS1, KNNOR proved to be more
effective for DS2 and DS3, illustrating the importance of selecting an oversampling technique

tailored to the specific characteristics of each dataset.

3.3.2.2 Undersampling Techniques

The performance of seven ML techniques and a deep neural network model on datasets DS1,
DS2, and DS3, balanced using random undersampling, is detailed in Table 3.13. The results
indicate that the DNN model consistently achieved superior performance on DS1 and DS3,
reaching high accuracies of 98.82% and 89.47%, respectively, along with near-perfect precision
and specificity. This consistent performance underscores the robustness of the DNN and its
ability to effectively handle undersampled datasets. In contrast, the performance of all used
techniques is remarkably consistent for DS2. Most methods achieved an identical accuracy
of 98.96%, accompanied by similar values across other performance metrics. This uniformity
suggests that DS2 has characteristics that enable a wide range of models to perform equally well.

The only notable exception is the DT method, which, while delivering commendable results,
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shows relatively lower performance metrics than its peers.

In conclusion, the DNN model demonstrates superior effectiveness for datasets like DS1
and DS3, solidifying its suitability for handling complex and imbalanced data. On the other
hand, DS2 presents a unique case where most machine learning techniques exhibit comparable
performance, emphasizing the importance of tailoring model selection to the specific properties

of the dataset to achieve optimal results.

3.3.3 The Impact of Hyperparameters Optimization

To comprehensively assess the influence of the hyperparameters optimization process on the
performance of the chosen machine learning classifiers, we conducted a detailed analysis across
four distinct datasets: DS1, DS2, DS3, and DS4. This examination aimed to prove whether
the application of HPO substantially improves the predictive accuracy and reliability of these
models.

For DS1, we used a combined approach that included feature selection, data balancing
through the SMOTE technique, and HPO. This method will be referred to as (WFS + SMOTE
+ HPO). Table 3.11 provides a detailed overview of the performance metrics for each classifier
under these conditions. The DNN model delivered exceptional results, achieving an impressive
accuracy of 99.3%. Other classifiers also performed well, with the SVM and LR models reaching
an accuracy of 98.6%.

The implementation of HPO led to significant improvements in precision and F1-scores across
all models, underscoring the effectiveness of these techniques in enhancing model accuracy and
reducing overfitting, particularly when combined with WFS and SMOTE.

Table 3.11: Comparison of the obtained performance of all the employed techniques with (WFS+
SMOTE~+HPO) for the DS1 dataset.

. Performance (%)
Preprocessing Datasets Methods

Accuracy Sensitivity Specificity Precision F1-score

LR 98.60 98.64 98.55 98.64 98.64
DT 94.40 94.59 94.20 94.59 94.59
RF 96.50 95.94 97.10 97.26 96.59
WFS+ SMOTE  DS1 SVM 98.60 97.29 100.0 100.0 98.63
NB 93.70 90.54 97.10 97.10 93.70
KNN 96.50 100.0 92.75 93.67 96.73
XGBoost  97.20 98.64 95.65 96.05 97.33
DNN 99.30 100.0 98.55 98.67 99.33
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Table 3.12: Performance assessment of various models with data balancing using the SMOTE
and KNNOR techniques for the DS1-DS3 datasets.

Balancing technique Dataset Methods

Performance (%)

Accuracy Sensitivity Specificity Precision F1l-score

LR 95.10 90.54 100.0 100.0 95.03

DT 95.10 94.59 95.65 95.89 95.23

RF 97.90 98.64 97.10 97.33 97.98

- SVM 88.81 83.78 94.20 93.93 88.57
NB 94.40 89.18 100.0 100.0 94.28

KNN 91.60 87.83 95.65 95.58 91.54

XGBoost ~ 97.90 98.64 97.10 97.33 97.98
DNN 99.30 100.0 98.55 98.67 99.33

LR 96.73 96.70 96.70 96.70 96.77

DT 96.19 97.80 94.62 94.68 96.21
RF 98.36 100.0 96.77 96.80 98.37
SMOTE s SVM 98.36 100.0 96.77 96.80 98.37
NB 97.28 97.80 96.77 96.73 97.26

KNN 96.73 96.70 96.77 96.70 96.70

XGBoost  95.65 95.60 95.69 95.60 95.60
DNN 98.36 98.90 97.85 97.83 98.36

LR 54.09 38.70 70.00 57.14 46.15

DT 72.13 83.87 60.00 68.42 75.36

RF 81.96 83.87 80.00 81.25 82.53

s SVM 54.09 35.48 73.33 57.89 44.00
NB 49.18 32.25 66.66 50.00 39.21

KNN 75.40 83.87 66.66 72.22 77.60

XGBoost  77.00 83.87 70.00 74.28 78.78
DNN 83.61 90.32 76.67 80.00 84.85

LR 93.44 88.11 98.90 98.93 93.42

DT 92.18 91.89 92.47 92.53 92.18

RF 95.62 97.29 93.94 93.96 95.64

s SVM 87.50 80.27 94.74 94.82 87.34
NB 91.25 84.59 98.10 98.12 9111

KNN 89.37 85.14 93.60 93.63 89.32

XGBoost  96.87 98.64 95.09 95.13 96.89
DNN 97.81 100.0 95.71 95.76 97.83

LR 94.92 94.87 94.97 94.91 94.91

DT 95.92 96.75 95.09 95.13 95.93

RF 97.97 98.63 97.28 97.33 97.98
KNNOR - SVM 98.98 99.31 98.66 98.69 98.98
NB 96.86 97.39 96.34 96.37 96.87

KNN 95.68 95.64 95.72 95.67 95.67

XGBoost  96.90 97.39 96.42 96.48 96.91
DNN 98.98 99.17 98.80 98.83 98.98

LR 53.57 40.32 66.67 53.85 46.97

DT 70.83 80.64 60.00 66.67 73.68

RF 80.36 83.87 76.67 78.57 81.67

s SVM 51.79 32.25 70.00 50.00 39.51
NB 46.43 25.80 66.67 46.15 33.90

KNN 72.32 83.87 60.00 67.57 477

XGBoost  74.42 80.64 67.33 70.42 76.36
DNN 84.64 93.54 75.56 78.45 85.12
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Table 3.13: Performance assessment of various models with data balancing using the random

undersampling technique for the DS1-DS3 datasets.

Dataset Methods

Performance (%)

Accuracy Sensitivity Specificity

Precision F1l-score

LR 95.29 92.30 97.82 97.29 94.73
DT 92.94 97.43 89.13 88.37 92.68
RF 97.64 100.0 95.65 95.12 97.50
SVM 91.76 87.17 95.65 94.44 90.66
bsl NB 94.11 92.30 95.65 94.73 93.50
KNN 90.58 87.17 93.47 91.89 89.47
XGBoost  97.64 97.43 97.82 97.43 97.43
DNN 98.82 97.44 100.0 100.0 98.70
LR 98.96 97.87 100.0 100.0 98.92
DT 97.93 95.74 100.0 100.0 97.82
RF 98.96 97.87 100.0 100.0 98.92
SVM 98.96 97.87 100.0 100.0 98.92
bs2 NB 98.96 97.87 100.0 100.0 98.92
KNN 98.96 97.87 100.0 100.0 98.92
XGBoost 98.96 97.87 100.0 100.0 98.92
DNN 98.96 97.87 100.0 100.0 98.92
LR 73.68 71.42 75.00 62.50 66.66
DT 63.15 57.14 66.66 50.00 53.33
RF 78.94 100.0 66.66 63.63 7T
SVM 63.15 57.14 66.66 50.00 53.33
bs3 NB 68.42 57.14 75.00 57.14 57.14
KNN 73.68 57.14 83.33 66.66 61.53
XGBoost  57.89 57.14 58.33 44.44 50.00
DNN 89.47 85.71 91.67 85.71 85.71

For DS2 and DS3, we applied feature selection and data balancing using the RUS technique
with HPO, abbreviated as (WFS+RUS+HPO). As shown in Table 3.14, the DNN model again
led the way, particularly for DS3, where it achieved an accuracy of 89.47%, significantly out-

performing other models. The consistency of high performance across different datasets with

varied characteristics demonstrates the robustness of the DNN model when optimized using
HPO. However, it is worth noting that for DS2, nearly all classifiers, including RF, SVM, and

NB, performed equally well, each achieving an accuracy close to 98.97%, indicating that the

dataset’s nature may allow multiple models to achieve near-optimal performance when opti-

mized.
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In the evaluation of the DS4 dataset, which was balanced without applying feature selection
(referred to as WOF'S), hyperparameters optimization was independently implemented, forming
the approach labeled as WOFS + HPO. The results, summarized in Table 3.15, reveal that the
DNN classifier consistently outperformed all other models, achieving an impressive accuracy
of 95.83%. Notably, XGBoost and LR also demonstrated marked improvements, underscoring
the significant impact of HPO on model performance. These findings highlight that even in the
absence of feature selection, HPO remains a powerful tool for enhancing predictive accuracy and
model robustness. This insight is particularly valuable for scenarios where FS is insufficient or
yields limited benefits, offering a practical and effective alternative for optimizing classification

performance.

Table 3.14: Comparison of the obtained performance of all the employed techniques with
(WFS+RUS+HPO) for the DS2, and DS3 datasets.

Performance (%)
Preprocessing Datasets Methods

Accuracy Sensitivity Specificity Precision F1l-score

LR 96.90 93.61 100.0 100.0 96.70

DT 94.84 91.48 98.00 97.72 94.50

RF 98.97 97.87 100.0 100.0 98.92

SVM 97.93 97.87 98.00 97.87 97.87

Ds2 NB 98.97 97.87 100.0 100.0 98.92
KNN 98.97 97.87 100.0 100.0 98.92

XGBoost 98.97 97.87 100.0 100.0 98.92
WFS4RUS DNN 98.97 97.87 100.0 100.0 98.92
LR 68.42 71.42 66.66 55.55 62.50

DT 52.63 57.14 50.00 40.00 47.05

RF 73.68 85.71 66.66 60.00 70.58

SVM 78.94 71.42 83.33 71.42 71.42

bs3 NB 68.42 57.14 75.00 57.14 57.14
KNN 73.68 85.71 66.66 60.00 70.58

XGBoost  73.68 71.42 75.00 62.50 66.66

DNN 89.47 85.71 91.67 85.71 85.71
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Table 3.15: Comparison of the obtained performance of all the employed techniques with
(WOFS+HPO) for the DS4 dataset.

. Performance (%)
Preprocessing Datasets Methods

Accuracy Sensitivity Specificity Precision F1l-score

LR 87.50 83.33 91.66 90.90 86.95
DT 70.83 75.00 66.66 69.23 71.99
RF 83.33 75.00 91.66 90.00 81.81
WOFS DS SVM 83.33 75.00 91.66 90.00 81.81
NB 75.00 58.33 91.66 87.50 70.00
KNN 75.00 66.66 83.33 80.00 72.72
XGBoost  87.50 91.66 83.33 84.61 87.99
DNN 95.83 91.67 100.0 100.0 95.65

Overall, the HPO technique consistently improved the performance of most classification
models across all datasets, especially for DNN, which surpassed all other machine learning tech-
niques in most cases. However, it was observed that for DS2, the improvement was uniform
across most techniques, indicating that while HPO is beneficial, the dataset’s inherent charac-
teristics play a crucial role in determining the overall model performance. This comprehensive
assessment underscores the critical importance of HPO in the machine learning pipeline, as it

can lead to significant classification performance gains across diverse datasets.

3.3.4 Comparative Analysis

To facilitate a comparative analysis of the performance of various methods, we present a sum-
mary of our experimental findings for different classifiers across all datasets (DS1, DS2, DS3,
and DS4). This is accomplished using a pairwise comparison method inspired by the image
quality assessment protocol based on the Accumulated Preference Index (AP;) [256]. For two
methods, A and B, with their respective accuracy values denoted as o and 3, the preference

index (F;) is calculated using the decision rule outlined in Equation (3.9).

1, if a > f,
Py =10, if o < f3, (3.9)
0.5, otherwise.

The accumulated preference index for a given method is calculated by summing the P; values
across various pairwise comparisons with all other methods, as demonstrated in Tables 3.16—
3.19. These tables indicate that the DNN classifier consistently achieves the highest AP; scores
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for datasets DS1, DS3, and DS4. In contrast, for dataset DS2, the DNN classifier performs
on par with four other classifiers (RF, NB, KNN, and XGBoost), all achieving the same AP,
as illustrated in Table 3.17. Additionally, the DT classifier records the lowest AP; across all

datasets, highlighting its inadequacy in breast cancer classification. Overall, the DNN classifier’s

superior performance can be attributed to its effective integration of feature selection, data

balancing, and hyperparameters optimization simultaneously.

Table 3.16: Performance comparison of different classifiers for DS1 using the accumulated pref-

erence index.

Classifier LR DT RF SVM NB KNN XGBoost DNN AP;
LR - 1 1 0.5 1 1 1 0 5.5
DT 0 - 0 0 1 0 0 0 1
RF 0 1 - 0 1 0.5 0 0 2.5
SVM 0. 1 1 - 1 1 1 0 5.5
NB 0 0 0 0 - 0 0 0 0
KNN 0 1 0.5 0 1 - 0 0 2.5
XGBoost 0 1 1 0 1 1 - 0 4
DNN 1 1 1 1 1 1 1 - 7

Table 3.17: Performance comparison of different classifiers for DS2 using the accumulated pref-

erence index.

Classifier LR DT RF SVM NB KNN XGBoost DNN AP;
LR - 1 0 0 0 0 0 0 1
DT 0 - 0 0 0
RF 1 1 - 1 0.5 0.5 0.5 0.5 5
SVM 1 1 0 - 0 0 0 0 2
NB 1 1 0.5 1 - 0.5 0.5 0.5 5
KNN 1 1 0.5 1 0.5 - 0.5 0.5 5
XGBoost 1 1 0.5 1 0.5 0.5 - 0.5 5
DNN 1 1 0.5 1 0.5 0.5 0.5 - 5
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Table 3.18: Performance comparison of different classifiers for DS3 using the accumulated pref-

erence index.

Classifier LR DT RF SVM NB KNN XGBoost DNN AP

LR - 1 0 0.5 0 1.5
DT 0 - 0 0 0 0 0 0 0
RF 1 1 - 0 0.5 0.5 0

SVM 1 1 - 1 1 0

NB 0.5 1 0 0 - 0 0 0 1.5
KNN 1 1 0.5 0 1 - 0.5 0 4
XGBoost 1 1 0.5 0 1 0.5 - 0 4
DNN 1 1 1 1 1 1 1 - 7

Table 3.19: Performance comparison of different classifiers for DS4 using the accumulated pref-

erence index.

Classifier LR DT RF SVM NB KNN XGBoost DNN AP

LR - 1 1 1 1 0.5 0 5.5
DT 0 - 0 0 0 0 0 0 0
RF 0 1 - 0.5 1 1 0 0 3.5
SVM 0 1 0.5 - 1 1 0 0 3.5
NB 0 1 0 0 0.5 0 0 1.5
KNN 0 1 0 0 0.5 - 0 0 1.5
XGBoost 0.5 1 1 1 1 1 - 0 5.5
DNN 1 1 1 1 1 1 1 - 7

The accumulated preference index for all classifiers across four datasets (DS1, DS2, DS3,
and DS4) is illustrated in Figure 3.6. The deep neural network consistently achieved the highest
AP; values, demonstrating superior performance and robustness in all datasets. Its dominance
was particularly evident in DS3 and DS4, where it excelled in accuracy, precision, F1-score, and
sensitivity, showcasing its versatility across various evaluation criteria. Meanwhile, XGBoost
also demonstrated strong performance, ranking second in DS1 and DS4, while LR and SVM
showed moderate reliability on simpler datasets. RF performed consistently but did not surpass
the DNN or XGBoost in any scenario. NB presented a trade-off, achieving the highest sensitivity
in DS2 but the lowest precision; this makes it more suitable for sensitivity-focused applications.

As a result, the DNN emerged as the most reliable and effective classifier, particularly for
balanced datasets like DS4. While the comprehensive performance of the DNN makes it a
suitable choice, models such as XGBoost and SVM may be more appropriate for tasks that
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Figure 3.6: Performance comparison of the top five models for DS1 dataset.

prioritize precision or specificity. Figure 3.6 emphasizes the dominance of the DNN and the

complementary strengths of other models in specific contexts.

3.4 Comparison With the State-of-the-Art Methods

This section presents a comparative analysis of our proposed approach with state-of-the-art
studies published between 2018 and 2024, using identical protocols, datasets, and performance
metrics. As shown in Table 3.20, our method consistently surpassed all previous research efforts.
Our method achieved peak accuracies of 99.30% on DSI1, 98.97% on DS2, 89.47% on DS3,
and 95.83% on DS4, outperforming existing SOTA methods across all four datasets. These
findings underscore the effectiveness and robustness of our approach in addressing the challenges

associated with breast cancer classification.
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Table 3.20: Performance comparison of the proposed method with SOTA methods.

Refs Year Dataset Method Accuracy (%)
[25] 2021 DS1(WDBC) Hierarchical Clustering Random Forest (HCRF) 97.05
[29] 2020 SVM 97.66
[44] 2021 KNN 98.00
[41] 2018 quadratic kernel-based SVM 98.10
[55] 2019 Linear SVM 99.00
[31] 2023 MLJAR, Lazy Predict 99.12
[43] 2020 FCLF-CNN 99.28
Ours 2024 DNN with (WFS4+SMOTE+HPO) 99.30
[39] 2020 DS2 (WBCD) RBFNN 97.00
[29] 2020 Random Forest 97.01
[56] 2018 Naive Bayes 97.36
[257] 2018 LR 98.10
[31] 2023 Lazy Predict 98.54
[258] 2022 (SVM+LR+NB+DT) + ANN 98.83
Ours 2024 DNN with (WFS 4+ RUS + HPO) 98.97
0] 2021 DS3 (WPBC) FW-KNCM + BOA + RDF 80.00
[58] 2022 Multi-stage learning technique 82.00
[31] 2023 Orange 83.50
Ours 2024 DNN with (WFS+RUS+HPO) 89.47
[31] 2023  DS4 (Breast cancer Coimbra dataset) MATLAB Classification Learner 91.3
Ours 2024 DNN with (WOFS+HPO) 95.83

3.5 Conclusion

This chapter highlights the potential benefits of using a multitasking framework for breast cancer
classification. The first task involved a feature selection process to extract the most relevant
features, which enhanced the quality of representation across the four datasets used. The second
task focused on balancing the data to address the class imbalance, using both oversampling and
undersampling techniques. Specifically, the SMOTE and KNNOR methods were employed to
generate synthetic instances of the minority class, while the random undersampling technique
was used to reduce the size of the majority class to achieve balance. This phase significantly
enhanced the balance of the datasets, leading to improved model performance. The third task
involved hyperparameters optimization to fine-tune each model’s parameters, ensuring they
reached optimal values for maximum performance. In total, seven widely used machine learning
algorithms, along with deep neural networks models, were tested and evaluated using various
performance metrics. Integrating these processes within the multitasking framework produced
exceptional results, surpassing state-of-the-art techniques across all datasets. These findings
highlight the effectiveness and robustness of the proposed approach in tackling the challenges

of breast cancer classification.
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Chapter 4

BREAST CANCER
CLASSIFICATION ENHANCEMENT
USING DEEP-MODIFIED
TRANSFER LEARNING

4.1 Introduction

This chapter aims to develop a precise and automated method for breast cancer classification,
leveraging deep modified transfer learning with pretrained CNNs,; including ResNet50, Mo-
bileNetV2, DenseNet121, and Xception, to effectively extract relevant features from the breast
ultrasound images dataset. The extracted features are passed to high-performance classifiers,
including SVM, KNN, XGBoost, and Softmax, to classify the extracted features as benign or
malignant accurately. The results demonstrate the proposed method’s superiority by bench-
marking its performance against existing methods using identical datasets, experimental proto-
cols, and performance metrics, contributing to significant improvements in early breast cancer

classification and facilitating the development of more personalized treatment strategies.

4.2 Proposed System

The proposed methodology for breast cancer classification from ultrasound images utilizes two
distinct approaches: (a) a custom-built CNNs approach and (b) a TL-based CNN approach, as

illustrated in Figure 4.1. The custom-built approach (Figure 4.1a) involves designing and de-
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veloping three CNN architectures from scratch to process the ultrasound breast images. These
models comprise multiple convolutional and pooling layers for feature extraction, followed by
a flattening layer that prepares these features for subsequent fully connected layers. The net-
work culminates in an output layer that classifies the input images as benign or malignant.
This approach emphasizes learning features directly from the dataset, focusing on the specific
characteristics present in breast ultrasound images.

The second approach (Figure 4.1b) uses transfer learning to enhance classification accuracy.
It leverages several well-established pre-trained CNN architectures, including ResNet50, Mo-
bileNetV2, DenseNet121, and Xception. These models capture the most relevant features of
breast ultrasound images, enabling efficient feature extraction. The extracted features are then
input into advanced machine learning classifiers—SVM, KNN, XGBoost, and Softmax. Each
classifier is meticulously trained and tested to determine the optimal configuration for accurately
distinguishing between benign and malignant tumors. Extensive experiments and validations
were analyzed to assess the performance of the custom-built CNN models and the TL-based
frameworks. Metrics such as accuracy, precision, and Fl-score are employed to demonstrate
their robustness and generalizability. The combination of both approaches provides a compre-
hensive solution for breast cancer classification, offering a reliable tool for medical practitioners

and aiding in accurate classification and treatment planning.

4.2.1 Data Description

In this study, the BUSI dataset [113] was employed to evaluate the efficacy of the proposed
methodology. This challenging dataset comprises 780 ultrasound images of women 25-75 years
of age, each resized to 500 x 500 pixels in PNG format. The dataset was categorized into three
distinct classes: benign (487 samples), malignant (210 samples), and normal (177 samples). The
images were acquired using advanced ultrasound scanning systems—LOGIQ E9 and LOGIQ
E9 Agile—at Baheya Hospital in Cairo, Egypt, adhering to standardized imaging protocols
to maintain consistency and quality. The dataset was partitioned into two subsets: 80% for
training and 20% for testing. This split ensured sufficient data for the models to learn while
retaining an adequate portion for assessing their effectiveness. Figure 4.2 presents representative
samples from each class in the BUSI dataset, highlighting the variability and complexity of the

images used in this study.
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Figure 4.1: Flowchart diagrams and the proposed breast cancer classification method.
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(a) Normal (b) Benign (c) Malignant

Figure 4.2: Representative samples of breast ultrasound images: normal, benign, and malignant

classifications.

4.2.2 Costumized CNN Architectures

Several convolutional neural network architectures were developed from scratch with their struc-
tures, as illustrated in Figure 4.3. We conducted numerous experiments by adjusting the num-
ber of convolution and max-pooling layers and the number and size of filters in each layer.
All custom-built CNNs share the same fundamental layer types, including convolutional lay-
ers, max-pooling, flattened, and dense layers. For clarity, we structured the CNN architectures
into blocks consisting of convolutional and max-pooling layers. The input dimensions of the
custom-built CNNs are 224 x224 pixels. After processing through the blocks in each model, the
output sizes for configurations (a), (b), and (c) are reduced to 53x53, 23x23, and 8x8 pixels,
respectively. The convolutional layers employed the Rectified Linear Unit (Rel.U) activation
function, which was chosen for its computational efficiency and ability to mitigate vanishing gra-
dient issues. We selected an Adam optimizer with a cross-entropy loss function to ensure stable
and efficient convergence during training. This comprehensive experimentation with architec-
tural variations provided valuable insights into the design principles that drive the performance

improvement of custom-built CNNs.

4.2.3 Transfer Learning-Based CNIN Models

Transfer learning is a technique that leverages pre-trained models, which were originally devel-
oped for one task, to manage another related task. This approach reduces training time and
computational complexity because the model benefits from prior knowledge gained from a sim-
ilar problem. In image classification, numerous CNN architectures are designed and optimized
through benchmark datasets like ImageNet which have demonstrated exceptional performance

and adaptability when employed via transfer learning. In this study, we used four state-of-the-
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art transfer learning models, namely, ResNet50, MobileNetV2, DenseNet121, and Xception to
extract the most significant features from the BUSI dataset. This study identified and used the
most important features for classifying breast cancer by taking advantage of the strengths of

different architectures.
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Figure 4.3: Architectural designs of custom-built CNNs for breast ultrasound image classifica-

tion.
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Figure 4.4: Deep feature extraction with machine learning classifiers for breast cancer classifi-

cation.
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4.2.3.1 ResNetb0

ResNet50 is a deep convolutional neural network architecture consisting of 50 layers, first intro-
duced by He et al. [259]. Tt comprises 48 convolutional layers, one max pooling layer, and one
average pooling layer. As one of the most widely used versions of ResNet, it accepts an input
size of 256 x256 pixels. In 2015, ResNet achieved remarkable success in the ImageNet challenge,
outperforming other architectures, and has been employed in various computer vision tasks,
including object detection, image segmentation, and image classification [260]. The incorpora-
tion of skip connections between layers, as illustrated in Figure 4.5, not only reduces the overall
number of parameters but mitigates the vanishing gradient problem commonly encountered in
very deep CNNs [120,153,261].

56°56, 256 channels 28'28, 512 channels 14*14, 1024 channels 77, 2048 channels

256x256

Avgpool
Maxpool

1024
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77 Conv, 64
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1*1 Conw,
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Conv1 (112°112) Conv2 (56'56) Conv3 (28°28) Convd (14'14) Convs (7°7)

Figure 4.5: Architectural design of ResNet50 for efficient feature extraction in breast cancer

classification.

4.2.3.2 MobileNetV2

MobileNetV2 is a convolutional neural network architecture developed by Google specifically
for mobile and embedded vision applications [262,263]. This architecture improves upon Mo-
bileNetV1, emphasizing enhanced efficiency and speed compared to traditional computer vi-
sion models. MobileNetV2 employs depthwise separable convolutions, which enhance computa-
tional efficiency over standard convolutions, thereby minimizing the number of parameters and
Floating-Point Operations (FLOPS) required for inference. In addition, MobileNetV2 incorpo-
rates a linear bottleneck layer at the end of each residual block, as illustrated in Figure 4.6,

which further reduces the computational demands during inference [264].
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Figure 4.6: Architectural design of MobileNetV2 for efficient feature extraction in breast cancer

classification.

4.2.3.3 DenseNetl121

DenseNet121 is a convolutional neural network architecture developed by Gao Huang and col-
leagues in 2017 [265]. It aims to enhance traditional models such as ResNet and Inception
by introducing a novel layer type known as a "dense block." This dense block facilitates more
efficient information flow between various layers within the network, effectively addressing the
vanishing gradient problem and significantly reducing the number of learnable parameters at
each layer [120,153]. As a result, DenseNet121 has demonstrated superior accuracy and faster

training times compared to other architectures, as illustrated in Figure 4.7.
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Figure 4.7: Architectural design of DenseNet121 for efficient feature extraction in breast cancer

classification.
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4.2.3.4 Xception

The Xception model, also known as Extreme Inception, was initially introduced by F. Chol-
let [266] to enhance the Inception-V3 architecture by utilizing depthwise separable convolutions.
This approach allows for the independent processing of spatial and channel dimensions of im-
ages during training [153,267]. The model has found significant application and success in
various fields of medical imaging. Figure 4.8 illustrates the architecture of the Xception feature

extractor.
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Figure 4.8: Architectural design of Xception for efficient feature extraction in breast cancer

classification.

4.2.4 Machine Learning Classifiers

The features extracted from various pre-trained models, as described in the previous section,
were assessed using several widely used classifiers: SVM, KNN, XGBoost, and Softmax, to
achieve effective classification of breast cancer tumors. Numerous experiments have been per-
formed using various classifiers across different transfer learning models to determine the best-
performing classifier for each corresponding pre-trained model.

The support vector machines, introduced by V. Vapnik et al. in 1995 [268], is a supervised
machine learning technique used for classification tasks by constructing a hyperplane to dis-
tinguish between two or more classes. The k-nearest neighbors [269] is an effective machine
learning classifier for various classification tasks. KNN does not require a training phase; in-
stead, it relies on a distance function to assess inputs based on the similarity of data instances
and their features.

Moreover, we employed the extreme gradient boosting algorithm, developed by Chen and

Guestrin in 2016 [270], as a high-performance classifier. XGBoost integrates multiple weak
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decision trees with low-performance rates to produce a robust model. The last layer of each pre-
trained model, which serves as the classifier, was modified by adjusting the number of neurons
to align with the data targets. In this case, Softmax was used with two units corresponding to

the number of labels in the dataset.

4.3 Result and Discussion

To accurately evaluate the performance of the proposed method, a series of experiments have
been conducted to analyze the effectiveness of various pre-trained CNNs paired with different
classifiers. This approach aims to identify the optimal classifier and pre-trained model based
on their performance. To achieve this, several widely recognized evaluation criteria have been

applied, including accuracy, precision, and F1-score.

4.3.1 Classification With Costumized CNN Models

The performance of three custom-built CNN models: Model 01, Model 02, and Model 03,
was assessed based on accuracy, precision, and F1l-score, as outlined in Table 4.1. Each model
underwent testing under various configurations, varying the number of training epochs (15 and
100) and batch sizes (16, 32, and 64). Among the three models, Model 03 showed exceptional
performance, achieving peak values of 90.70% in accuracy, precision, and F1-score when trained
for 100 epochs with a batch size of 64. Model 02 also showed strong overall results, with an
accuracy of 89.92%, precision of 89.87%, and an Fl-score of 89.89%, all attained under the same
100-epoch training regimen but with a batch size of 32. In contrast, Model 01 consistently
delivered more moderate performance across all configurations tested, reaching a maximum
accuracy of 85.27%. These findings highlight the significance of hyperparameter optimization

in enhancing CNN performance.

4.3.1.1 Impact of Model Complexity on Performance

The relationship between model complexity and performance is highlighted in Table 4.2, which
presents the number of trainable parameters and the corresponding testing accuracy for three
custom-built CNN architectures. As the complexity of the models increases, measured by
the number of trainable parameters, there is a clear improvement in testing accuracy. The
Model 01, with 104,225 trainable parameters, achieves an accuracy of 85.27%. The Model 02,
with 140,545 parameters, performs better, attaining an accuracy of 89.92%. Notably, the
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Model 03, the most complex with 483,905 trainable parameters, delivers the highest testing ac-
curacy of 90.70%. These findings demonstrate that increasing model complexity, when carefully

managed, can significantly enhance performance.

Table 4.1: Performance evaluation of three scratch-built CNN models using different perfor-

mance metrics.

Model Epochs Batch Size Accuracy Precision F1l-score

Model 01 16 0.8527 0.8630 0.8553
15 32 0.8527 0.8504 0.8501

64 0.8217 0.8200 0.8136

100 16 0.8527 0.8593 0.8547

Model 02 16 0.8605 0.8591 0.8596
15 32 0.8682 0.8745 0.8700

64 0.8527 0.8508 0.8512

100 32 0.8992 0.8987 0.8989

Model 03 16 0.7829 0.7844 0.7635
15 32 0.7674 0.8271 0.7199

64 0.7984 0.7967 0.7858

100 64 0.9070 0.9070 0.9070

Table 4.2: The number of trainable parameters vs. testing accuracy of scratch-built CNN

models.

Model Number of Trainable Parameters Accuracy (%)
Model 01 104,225 85.27
Model 02 140,545 89.92
Model_ 03 483,905 90.70

4.3.2 Performance Assessment of Deep Modified Transfer Learning-
Based CNN Networks

This sub-section examines the performance of various deep-modified transfer learning-based
CNNs, specifically ResNet50, MobileNetV2, DenseNet121, and Xception, utilizing a range of
classifiers, including SVM, KNN, XGBoost, and Softmax. As outlined in Table 4.3, each classi-

fier exhibited unique characteristics, resulting in disparate levels of performance enhancement
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across the models evaluated. The Softmax classifier consistently surpassed the other classifiers
using accuracy and precision metrics.

The ResNet50 demonstrated robust performance across all classifiers; however, applying
the Softmax classifier markedly enhanced its metrics, culminating in an accuracy of 87.59%, a
precision of 84.21%, and an Fl-score of 80.00%. These results represent a substantial improve-
ment compared to the alternative classifiers, which achieved lower accuracies of 82.95% with
SVM, 77.52% with KNN, and 79.84% with XGBoost. Furthermore, MobileNetV2 exhibited
exceptional performance when integrated with the Softmax classifier, achieving an accuracy of
93.79%. This performance significantly outstripped that of the SVM (78.29%), KNN (75.19%),
and XGBoost (76.74%). Notably, both accuracy and Fl-score metrics for MobileNetV2 ex-
perienced significant enhancements with the Softmax classifier, reaching 94.73% and 90.00%,
respectively, thereby underscoring the classifier’s efficacy in amplifying the model’s output. The
Xception model attained an accuracy of 93.02%, with precision and F1-score metrics of 94.59%
and 88.60%, respectively, when utilizing the Softmax classifier.

Although Xception demonstrated acceptable performance with SVM and XGBoost, achiev-
ing accuracies of 84.50% and 82.95% respectively, it encountered difficulties with KNN, recording
only 70.54%. This observation reiterates the crucial role of the Softmax classifier in realizing
the full potential of the Xception model. Lastly, DenseNet121 produced robust results across all
classifiers, achieving particularly impressive outcomes with the Softmax classifier. It recorded
the highest accuracy of 95.34% among all models and classifiers assessed, yielding accuracy and
Fl-score values of 90.90% and 93.02%, respectively. This finding highlights the vital role of the
Softmax classifier in enhancing DenseNet121’s precision in our breast cancer tumor classification
task.

In conclusion, the Softmax classifier has proven to be instrumental in enhancing the perfor-
mance of deep-modified transfer learning-based CNN architectures, with DenseNet121 achieving
a noteworthy accuracy of 95.34%. This analysis emphasizes the critical importance of selecting
the appropriate classifier to optimize CNN models for breast cancer classification, with Softmax
emerging as the superior choice within this evaluation.

The performance of four classifiers—Softmax, KNN, SVM, and XGBoost—has been evalu-
ated across four deep learning models: Xception, DenseNet121, MobileNetV2, and ResNet50,
utilizing three key metrics: accuracy, precision, and F1-score, as illustrated with 3D bar charts
in Figure 4.9. Notably, Softmax consistently outperforms the other classifiers across all metrics,
achieving high rates in accuracy and F1-score, highlighting its robustness in classification tasks.

SVM also shows competitive performance, especially in terms of Precision. This visualization
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effectively emphasizes the strengths of each classifier-model combination, offering valuable in-

sights for enhancing classification performance with advanced deep learning architectures.

Table 4.3: Performance comparison of deep CNN networks using SVM, KNN, XGBoost, and

Softmax classifiers.

Deep CNN models Machine learning classifiers Accuracy (%) Precision (%) F1-score (%)

ResNet50 SVM 82.95 83.33 81.88
KNN 77.52 76.85 76.93
XGBoost 79.84 79.46 78.82
Softmax 87.59 84.21 80.00
MobileNetV2 SVM 78.29 79.65 75.66
KNN 75.19 75.88 75.47
XGBoost 76.74 76.17 74.99
Softmax 93.79 94.73 90.00
DenseNet121 SVM 83.72 84.48 82.60
KNN 84.50 84.48 83.87
XGBoost 82.95 82.65 82.71
Softmax 95.34 90.90 93.02
Xception SVM 84.50 85.71 83.32
KNN 70.54 69.31 69.64
XGBoost 82.95 83.33 81.88
Softmax 93.02 94.59 88.60

Figure 4.10 presents a performance comparison of four CNN models—ResNet50, MobileNetV2,
DenseNet121, and Xception—when combined with the Softmax classifier. The evaluation uti-
lized accuracy, precision, and F1-score as metrics. DenseNet121 outperformed the other models
across all metrics, showcasing its remarkable ability to extract and classify critical features
while maintaining an impressive balance between accuracy and precision. MobileNetV2 also
demonstrated strong results, particularly in Precision, coming close to DenseNet121, making
it an efficient option for minimizing false positives in medical applications. ResNet50 achieved
high accuracy but fell short in precision and F1-score, indicating potential challenges with false
predictions. Xception displayed competitive accuracy but had a relatively lower Fl-score. This
analysis underscores DenseNet121’s superiority and highlights the trade-offs associated with the

other models in breast cancer classification tasks.
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Figure 4.9: Performance comparison of different feature extractors and classifiers based on

several evaluation criteria.
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Figure 4.10: Performance comparison of different feature extractors with the softmax classifier.

4.3.3 Performance Comparison

In this subsection, we compared the performance of four transfer learning models—ResNet50,
MobileNetV2, DenseNet121, and Xception—against the scratch-built CNN model (Model 03)
using accuracy, precision, and fl-score as evaluation metrics (see Figure 4.11). DenseNet121,
combined with the Softmax classifier, achieves superior performance across all metrics, sur-
passing both the pre-trained models and the scratch-built CNN model. This highlights the
effectiveness of transfer learning in leveraging pre-trained knowledge for feature extraction and
classification, especially when compared to models built from scratch, which typically require
extensive datasets and training to achieve comparable results. The analysis underscores the

importance of pre-trained models in scenarios with limited data availability.

4.4 Comparison With the State-of-the-Art Methods

In this section, we compare our proposed method to the state-of-the-art approaches that utilize
the same dataset, protocol, and performance metrics. As shown in Table 4.4, our Deep Modified
DenseNet121 Network achieves the highest accuracy of 95.34%, surpassing all previous studies.
The closest competing methods include the DeepCls approach by X. Qi et al. [271], which
achieved an accuracy of 94.51%. These studies, conducted between 2020 and 2023, illustrate
the effectiveness of various deep learning techniques applied to the BUSI dataset. Our approach
surpasses these methods by utilizing a refined architecture specifically designed to enhance
performance in breast ultrasound image classification. This significant improvement highlights

the robustness and efficacy of our model in achieving superior classification accuracy.
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Figure 4.11: Performance comparison of different approaches based on different performance

criteria.

Table 4.4: Performance comparison of the proposed method with SOTA methods.

Refs Year Dataset Method Accuracy (%)
[272] 2021  BUSI TL-based deep representation scaling (DRS) 91.5
[120] 2022 ResNet50 73.72
[271] 2022 DeepCls 94.51
Ours 2024 BUSI Deep Modified DenseNet121 Network 95.34

4.5 Conclusion

This study proposes a method using deep-modified transfer learning-based CNN networks for
enhanced breast cancer classification and treatment of breast cancer a feasible method. First,
the BUSI images are inputted into feature extractors to capture their relevant features. Subse-
quently, the extracted features are accurately classified as benign or malignant using high-
performance classifiers such as SVM, KNN, XGBoost, and softmax. Using deep modified
Densenet121 with softmax classifier outperforms other CNN networks and existing SOTA tech-
niques, achieving 95.34% (accuracy), 90.90% (precision), and 93.02% (F1-score). The research
outcomes offer substantial societal and academic benefits by facilitating breast cancer classifica-
tion and advancing research in medical imaging and diagnostics. However, the study has certain
limitations, including the use of a specific dataset and the necessity for real-world testing to
ensure practical viability. Future plans include integrating the method with other diagnostic

modalities and exploring applications beyond breast cancer to enhance diagnostic capabilities.
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Chapter 5

DEEP CNN FEATURE FUSION AND
LASSO-BASED FEATURE
SELECTION FOR BREAST CANCER
CLASSIFICATION

5.1 Introduction

This chapter presents a comprehensive approach for accurate breast tumor classification using
ultrasound images by integrating multiple transfer learning models. First, multiple pre-trained
CNN architectures, including MobileNetV2, DenseNet121, and InceptionV3, are utilized to ex-
tract complementary features from the ultrasound images, capturing a broader range of relevant
information compared to single-model approaches. The features extracted by each model are
then combined to create a more robust fe<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>