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Abstract

Breast cancer poses a global healthcare challenge due to its prevalence and multifactorial etiology. De-
spite advances in early detection and treatment, therapeutic approaches like standardized chemotherapy
often fall short, primarily due to tumor heterogeneity and genetic variations. In light of this, personalized
treatments are imperative.

To address diagnostic and subtype classification challenges, this study utilized Metabric datasets and
applied machine learning models after pre-processing, feature selection and hiperparameters otimization.
The K-Nearest Neighbors (KNN) model achieved a 94% accuracy rate in cancer detection with a high
recall rate, minimizing false negatives. For subtype classification, the Deep Neural Network (DNN) model
excelled with a 95% accuracy and an average macro recall value of 0.96.

The study in the realm of cancer prediction, only two genes were commonly observed. In the part of
predict of the subtype revealed a significant overlap of 32 genes with the PAMb50 list, affirming genetic
consistency in breast cancer.

In conclusion, the integration of KNN and DNN models significantly enhances both diagnostic and
therapeutic strategies in breast cancer management. These models not only demonstrated high accu-
racy but also provided insights into gene-specific roles, potentially revolutionizing personalized, data-driven

treatment pathways.

Keywords breast cancer, machine learning models, metabric, prediction, cancer subtype, gene expres-

sion



Resumo

0 cancro da mama representa um desafio global para a saude devido a sua prevaléncia e etiologia
multifatorial. Apesar dos avancos na deteccao e tratamento precoces, abordagens terapéuticas como
a quimioterapia padronizada muitas vezes ficam aquém, principalmente devido a heterogeneidade do
tumor e as variacdes genéticas. Diante disso, tratamentos personalizados sao imprescindiveis.

Para enfrentar os desafios de diagnéstico e classificacdo de subtipos, este estudo utilizou conjuntos
de dados Metabric e aplicou modelos de machine learning apos pré-processamento, selecao de recursos
e otimizacdo de hiperparametros. O modelo K-Nearest Neighbor alcancou uma taxa de precisdo de 94%
na deteccédo de cancro com uma alta taxa de recall, minimizando falsos negativos. Para classificacao de
subtipos, o0 modelo Deep Neural Network se destacou com uma precisdo de 95% e um valor médio de
recuperacao macro de 0,96.

No estudo no dominio da previsao do cancro, apenas dois genes foram comumente observados. Na
parte de previsdo do subtipo revelou uma sobreposicao significativa de 32 genes com a lista PAM50,
afirmando consisténcia genética no cancro de mama.

Em conclusao, a integracdo dos modelos KNN e DNN melhora significativamente as estrattgias diag-
nosticas e terapéuticas no tratamento do cancro da mama. Esses modelos nao apenas demonstraram
alta preciséo, mas também forneceram insights sobre funcdes especificas de genes, revolucionando po-

tencialmente os caminhos de tratamento personalizados e baseados em dados.

Palavras-chave cancro da mama, modelos de aprendizagem de maquina, metabric, previsdo, subtipo

de cancro, expressao genética
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Chapter 1

Introduction

1.1 Context and Motivation

The total collection of DNA instructions present in a cell makes up the genome. The human genome is
made up of 23 pairs of chromosomes that are found in the cell’s nucleus and one tiny chromosome that
is found in the mitochondria. Everything a person needs to grow and operate is encoded in their DNA.
Whether DNA contains millions or billions of letters, its transmission down the generations is the primary
method for passing down organismal properties.

One of the greatest scientific achievements in history is the Human Genome Project. A multinational
team of scientists undertook the project as a biological journey to thoroughly examine the whole DNA
(genome) of a particular specie group. The Human Genome Project, which began in October 1990 and
ended in April 2003, is best known for its achievement of creating the very first genome sequence for hu-
mans. This achievement provided fundamental knowledge about the human blueprint and has since sped
up research into human biology and improved medical care [1, 2]. Microarrays and Next Generation Se-
quencing (NGS) methods, including Whole-Genome Sequencing (WGS), Whole-Exome Sequencing (WES)
and Targeted Sequencing are used to generate this sort of data [3].

Although the models cannot be considered completely accurate, they may help doctors and other
health science professionals to make the best judgments when treating cancer patients [4]. Our bodies
have millions of cells. Cancer starts when cellular changes cause these cells to grow excessively, creating
a lump called a primary tumour [5]. Globally, 23% of cancer cases are Breast Cancer (BC), which also
kills more women than any other disease [6]. According to the most current data, BC became the most
commonly diagnosed cancer in the world in 2020, with 2.3 million new cases and 684,996 fatalities.
In South America, Africa, and Asia, BC is more common. Additionally, patients with BC have poorer
prognoses and higher rates of recurrence, compared to other cancers, and the current rate of patients

living longer than five years is still low [7, 8].



Given these findings, it is critical to learn more about how the subtypes emerge and disappear as
well as how genes that govern unchecked cell proliferation are affected by mutations and other forms of
functional loss. For instance, deletions and insertions to discover new targeted treatments.

As a result, ML provides an approach to fill these gaps and identify differences in gene expression
datasets. It is possible to use ML algorithms to understand genomics activity and find relevant genes as
indicators for cancer classification and early diagnosis [9].

K-Nearest Neighbors (KNN), Support Vector Machines (SVM), Decision Tree (DT) and Naive Bayes (NB)
are some of the examples of Machine Learning (ML) algorithms that have already been tested for this type
of cancer to create predictive breast cancer models with datasets containing gene expression data (as well
as other types of data) [4]. This work is particularly important in the context of genomics, which is the
study of the entire genome and allows for the identification of genetic variations that have a significant role
in illness, therapy response, or patient prognosis.[10].

The main mission is not only to offer something intuitive, but above all to help in the projection of
an accurate diagnosis for an individual. The motivation behind this approach is based on the perspective
of providing health professionals, in particular physician and pathologists, with a tool (a model, the opti-
mal one) that can act as a second opinion, strengthening confidence in the established diagnosis. This
additional confirmation can be crucial, accelerating clinical decisions and, consequently, increasing the

effectiveness and success of therapeutic interventions.

1.2 Objectives

The main objective of this project is to develop a BC diagnostic framework. The framework will be based
on training and validating ML models based on gene expression data to predict distinct biological activities

relevant to our diagnosis. The work will address the following scientific/technical objectives:
— Review the relevant literature on ML models and their applications in cancer classification tasks;
— Search for relevant datasets;

— Create different ML models for breast cancer detection and classification, evaluating their perfor-

mance in different case studies;

— Develop ML pipelines that encompasses data collection, data preprocessing, feature selection,

model training, and validation the model.



1.3 Thesis overview

Chapter 2 addresses the disease, BC with the aim of providing a biological perspective. It also explores
omic data and the databases that store this type of data. The second part of this chapter aims to provide
the basics of Artificial Intelligence (Al) and its applications. Also, the basics of ML and its applications and
the most used supervised and non-supervised models.

Chapter 3 serves to unveil the architecture of the pipelines developed for the project, elucidating each
step and the intrinsic details and explain the dataset used.

In chapter 4, the results are presented and discussed.

Chapter 5 presents the main conclusions and future work.



Chapter 2

State of the Art

2.1 Breast Cancer

About 10% of BC are hereditary and linked to a family history due to genetic susceptibility. The primary
genetic modifications that result in BC include mutations such as minor insertions or deletions, amplifica-
tions, and rearrangements [11].

According to its histological and molecular properties, BC is now categorized into five subtypes [12]:

— Triple negative: absence of expression of the Human Epidermal Growth Factor (HER2), Progesterone
Receptor (PR), Estrogen Receptor (ER), high ki67 index (a measure of tumor cell proliferation and

growth), and No Special Type (NST);

— Enriched with HER2 (non-luminal): Targeted therapy such as trastuzumab, pertuzumab, lapatinib,

neratinib, and trastuzumab emtansine (T-DM1) are effective against HER2 expression, high ki67

index, and NST [13];

— HER2+ luminal type B: expresses ER, PR, and HER2, has a high ki67 index, NST, but pleomorphic

cells; responds to targeted therapy;

— HER2- luminal type B: expresses ER and PR but not HER2. High ki67 index, high-risk gene expres-

sion signature, NST, and micropapillary (carcinoma made up of tiny tumor cell clusters inside of

gaps resembling dilated vascular canals);

— Luminal type A: Comparatively high ER, PR, and HER2 expression to type B, also has a low ki67
index, low risk gene expression signature, NST, tubular cribriform, and classical lobular. It is the

most prevalent subtype of BC.

Regarding risk factors, it is known that alcohol use, diet, obesity, and physical inactivity are linked to a



higher possibility of developing this condition, as well as early menstrual beginning, a delayed menopause,
and no breastfeed [14].

Mammography is the first particular diagnostic test that is being offered for BC screening [7]. After
a nodule has been confirmed, an ultrasound and a needle biopsy are often conducted [15]. There are
a number of treatment options available if a BC malignant tumor is confirmed, including surgery (mas-
tectomy), which is done when the tumor is already big and is followed by adjuvant radiation to prevent
recurrences. When there is a localized tumor, breast conserving surgery is done, then adjuvant radiation.
Adjuvant chemotherapy and/or neoadjuvant chemotherapy are often used in conjunction with surgery to
reduce tumor size. When the BC-hormone is positive, hormone treatment is used. This includes endocrine

therapy, targeted therapy, and bone-modifying medications [12].

2.2 Omics data

There are various types of omics data, such as epigenomics (which studies epigenetic alterations), tran-
scriptomics (studying the expression of genes through mRNA), proteomics (studying peptides and pro-
teins), metabolomics (studying the substances and metabolites created by metabolism), microbiomics
and genomics (studying the genome through DNA analysis) [3].

These omics enable the generation and analysis of incredibly large volumes of data. Omics data
become important as patients may react differently to the same therapy. Precision medicine aims at
selecting the patient’s best suitable treatment based on genotype and gene expression data [16].

The best effective treatment with the fewest side effects is what is often meant by the term "precision
medicine”. All fields of pathology can profit from the use of precision medicine, but oncology is the most
advantageous. As there are several BC subtypes, numerous genes may be mutated in various subgroups
[17].

Knowing the specific genes that have been altered in a tumour might be the difference between ad-
ministering an ineffective treatment, with substantial side effects, or an effective therapy that has minimal
side effects. Precision medicine’s ability to succeed relies on genomic data. This omics provides the
information required to build databases that allow for the personalized treatment of each patient. The two
primary omics studied in relation to cancer are genomics that is the study of the entire genome in this case
with the purpose of identifying genetic variations that have a significant role in iliness, therapy response
or patient prognosis and transcriptomics [10]. The best course of treatment can be given by knowing a

patient’s genotype and gene expression [18].



Omics data supports the development of new drugs, and assist in selecting the appropriate medication,
and open the door to the work of diagnosing and categorizing the stage and subtype of cancer.

It is feasible to pinpoint the genes and proteins that cause diseases, by examining the genome and
how genes are expressed. When opposed to evaluating random chemicals, the process of creating or
identifying a medicine is much simpler by knowing the target protein.

Understanding the causes of illnesses and how to cure them requires the study of mutations. Presently,
a variety of methods are used to identify mutations. Some of the current approaches for finding mutations
include DNA sequencing techniques WES and WGS, together with bioinformatics tools [19].

NGS offers a superior molecular and genomic examination of tumors compared to Sanger sequencing.
DNA/RNA extraction, DNA/RNA quantification, library preparation and enrichment, NGS sequencing, base
calling, alignment, quality control, variant calling, and annotation are some of the phases in the NGS
workflow [20]. Its use is mostly applied on cancer research leading to a change in cancer diagnosis.
Consequently, this technique helps in the decision of which genes that are relevant for a certain condition

[21].

2.2.1 Omics databases

NGS offered less expensive methods to study the human genome. The quantity of data pertaining to
the fields of genetics rose significantly with the decrease in sequencing costs. The quantity and quality
of genomic data began to get more efficient funding from research institutions and businesses. For the
analysis of individual variation and a wide range of disorders, especially cancer, the study of many genomes
became crucial.

Large volumes of data were and are being created as the cost of getting data decreased thanks to
NGS. Because databases act as data repositories and enable data exchange with society, databases are
crucial. It makes sense to study the data that already exists rather than invest time and money in gathering
new data.

Although new data is always beneficial, analyzing current information might lead to new findings. The
community has access to a variety of omics datasets like Gene Expression Omnibus (GEO) (more generic)

to cancer-specific databases like The Cancer Genome Atlas (TCGA) [22].



Table 1: Available omics databases and the types of data they store

Type of Database

Name

Characteristics

Genomics Genomics of Drug Sensitivity in Cancer Identifies biomarkers that have the potential to
(GDSC) [23] identify groups that react better to certain an-
ticancer therapy
Genomics GenBank [24] Data from DNA of genetic sequences

Transcriptomics

ArrayExpress [25]

Data repository for functional genomics using

microarray and sequencing databases

Transcriptomics

Gene Expression Omnibus (GEO) [26]

Global repository for functional genomics data

storage and distribution

Proteomics

Human Protein Atlas (HPA) [27]

Mapping of all human proteins in cells, tissues
and organs through various omics technolo-

gies

Proteomics

Uniprot [28]

Contains protein sequence and annotation

data from several European research institutes

Compounds

PubChem [29]

For chemical molecules including information

such as IDs and characteristics

Compounds

ChEMBL [30]

Bioactive chemical compounds having drug-
like characteristics are hand-curated in this

database

Multiple Omics

Cancer Dependency Map (DepMap)

[31]

Detection of genetic and pharmacological cor-
relations in cancer, with the objective of finding
genetic targets and predicting therapeutic sus-

ceptibility

Multiple Omics

The International Cancer Genome Con-

sortium (ICGC) [32]

Has data from the 3 main omics: genomics,
epigenomics and transcriptomics related to

cancer genomes

Multiple Omics

Catalogue Of Somatic Mutation In Can-

cer (COSMIC) [33]

Manually curated data and GWS data on can-

cer somatic mutations

Multiple Omics

GDC Data Portal [34]

Contains diverse omics cancer data from vari-

ous projects




2.2.2 METABRIC

METABRIC, or the Molecular Taxonomy of Breast Cancer International Consortium, is a groundbreaking
project in breast cancer research. Born from a collaboration between UK and Canadian researchers, this
initiative aimed to delve deeper into the molecular complexities of breast cancer than any study before
it. The goal was to categorize breast cancer on a molecular level to develop more effective, targeted
treatments. This dataset is a goldmine of information, containing both clinical and genomic data from
nearly 2000 patients. But it's not just about basic clinical facts like age at diagnosis or hormone status.
METABRIC also includes in-depth molecular analysis, essentially serving as a crossroads for four key types
of data: genetic expression in cancer patients, their clinical data, copy number alterations, and gene
expression data from cancer-free individuals [35].

When it comes to the technical side, high-end genotyping platforms like Illumina microarrays were
used to scrutinize the samples. The data gathering process was rigorous, involving complex sequencing,
bioinformatics analysis, and validation steps. If you're interested in using this dataset, be prepared for a
stringent access process due to data sensitivity, including paperwork and justification for data use. This
is the dataset that was used and access can be requested here: https://ega-archive.org/. Due to the
contract signed to have access to it, it is not possible for me to give access to it [36, 37]. The resume of
the characteristics of METABRIC datasets are in table 4.

Though it might not have an ideal number of samples, METABRIC is unmatched in the depth and

richness of its data. Despite its limitations, researchers value it for the unparalleled insights it offers.

Table 2: Characteristics of METABRIC datasets

Dataset Description
22544 features
Copy Number Alteration (CNA) dataset
2174 patients
Clinical dataset 24 clinical features

2509 patients

Breast cancer genetic expression dataset 20603 features

1981 patients

Non-cancerous Genetic Expression dataset 48803 features

144 individuals




2.2.2.1. Breast cancer Copy Number Alteration (CNA) dataset

Copy Number Alterations Copy Number Alteration (CNA), containing precise information on 22,544 genes
for 2,174 patients. While the dataset has some missing values, its significance is paramount. CNAs result
in either an increase or a decrease in the number of copies of DNA segments and have a significant role
in the development and progression of cancers, including breast cancer [35].

To generate this comprehensive CNA data, METABRIC employed high-resolution genotyping microar-
rays, specifically the Affymetrix SNP 6.0. This platform offers detailed coverage of the genome. The raw
data gathered underwent meticulous bioinformatics processing, including algorithms like Circular Binary
Segmentation, to identify areas of the genome where copy numbers were altered. This raw information
then passed through additional preprocessing steps, including z-score normalization and quality probe fil-
tering, to prepare it for statistical evaluation. The inclusion of the CNA dataset in cancer predictive models
serves multiple purposes. First, it enhances the depth and complexity of the models by capturing molec-
ular details that simpler datasets may overlook. Second, the CNA information allows the identification
of genomic patterns related to specific tumor subtypes, thereby improving the accuracy and personaliza-
tion of predictive models. Finally, the CNA dataset’s role in influencing therapeutic response gives the

predictive models a heightened level of clinical relevance [35, 37].

2.2.2.2. Breast cancer clinical dataset

This dataset covers several variables related to the clinical status of patients identified in table 3. It contains
24 features about clinical data (including the one with the patient identifier) and the respective information
for all 2509 patients, however, part of the information is missing [35].

This data set is crucial for advancing breast cancer treatment. It helps personalize treatments, make
more accurate prognoses, and test new therapies in scenarios that mimic real life. Furthermore, by
bringing together clinical data with genomic analyses, we gain a more complete understanding of the
disease. This, in turn, allows doctors to adjust treatment plans based on actual results, making care more

effective. It is an essential tool for both research and clinical care [38, 37].
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Table 3: Clinical features of the patients’ clinical data dataset

Clinical data

Description

Patient Identifier

Identifier to uniquely specify a patient

Lymph nodes examined positive

N° of positive lymphnodes

Nottingham prognostic index

Formula that combines tumor size, lymph node stage and histo-

logical grade to predict the prognosis of BC patients

Cellularity Tumor Content
Chemotherapy yes, no
Cohort Group of individuals who share a common characteristic

ER status measured by IHC

ER status measured by Immunchistochemistry

HER? status measured by SNP6

HER? status measured by SNP6

Hormone Therapy

yes, no

Inferred Menopausal State

post, pre

Sex

Female, masculine

Integrative Cluster

Refers to a classification method that combines multiple types of

data to identify distinct subgroups within a disease or condition

Age at Diagnosis

Age at Diagnosis

Overall Survival (Months)

Overall survival in months since initial diagonosis

Overall Survival Status

1:DECEASED, O:LIVING

Pamb50 + Claudin-low subtype

Pamb50 + Claudin-low subtype

3-Gene classifier subtype

Categorizes cancer subtypes based on the expression of three spe-

cific genes

"Patient’s Vital Status”

Living, Died of Disease, Died of Other Causes

Primary Tumor Laterality

For tumors in paired organs, designates the side on which the

cancer originates

Radio Therapy

Radio Therapy

Tumor Other Histologic Subtype

Text to describe a tumor’s histologic subtype or mixed diagnosis

that is different from previously specified options

Type of Breast Surgery

mastectomy, breast conserving

Relapse Free Status

Relapse Free Status (Recurred = cases where there was loco-

regional relapse, distant relapse or death-specific death)

Relapse Free Status (Months)

Time until last follow-up or relapse (in months)

11



2.2.2.3. Breast cancer genetic expression dataset

This dataset contains 20603 genes and the respective information of 1981 patients, however some infor-
mation is missing. These data was Obtained through advanced RNA sequencing techniques and using
high-density microarray platforms. Each tumor sample was carefully subjected to a rigorous process in-
volving RNA extraction, amplification and hybridization to ensure maximum quality and accuracy of the
data obtained. The expression of each gene is quantified numerically. Additionally, the dataset includes
unique identifiers for each patient, making it easy to integrate with other types of data, such as clinical
information and CNA [37].

The dataset in question is crucial for several aspects of breast cancer research and treatment. First
off, it helps identify specific subtypes of breast cancer, allowing for more personalized treatments. It also
serves as a resource for finding new therapeutic targets by highlighting genes that differ between tumor
and normal tissues. Understanding how the disease progresses is another perk, as the data can shed light
on the aggressiveness of the tumor and its potential to spread or resist treatments. When incorporated into
machine learning models, this dataset elevates the game. It fine-tunes the accuracy of classification and
prognosis, thanks to its detailed gene expression information. By blending this data with other types like
clinical information, the models become multidimensional, revealing intricate interactions that could be
crucial for treatment plans. The enriched predictive capabilities offer a fuller understanding of the disease,

making the dataset indispensable for both researchers and clinicians [38, 37, 35].

2.2.2.4. Non-cancerous Genetic Expression dataset

This dataset contains 48803 genes and the respective information of 144 individuals. It was obtained in
the same way as the breast cancer gene expression dataset. Once again, some information was missing
[36].

While having a limited number of samples might seem like a drawback, it's actually essential because
it acts as a control group. This helps in several ways. First, it allows for direct comparison with cancer
patient data, helping to pinpoint genes that act differently when the disease is present. It also helps
to standardize the data, so you can be more confident in interpreting gene expression levels in cancer
cases.In terms of machine learning, including this dataset is a game changer. It significantly boosts the
accuracy of models designed to distinguish between healthy and diseased states. The control group also
provides a way to validate the model’s results, making them more robust and reliable. Additionally, the
dataset allows for more nuanced analyses that consider variations in gene expression between healthy and

sick individuals. This extra layer of context is invaluable for interpreting results [36].
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So, all in all, without this dataset, any predictive model for breast cancer would be less accurate and
less clinically useful. Its inclusion not only makes the analysis stronger but also increases the real-world

applicability of the models developed.

2.3 Artificial Intelligence

The field of study of Al emerged in the 1950s with the aim of developing machines capable of perform-
ing tasks that require human intelligence. Scientists and engineers at the time began to investigate the
possibility of creating systems that could recognize speech and images, learn, reason and perform other
cognitive functions.[39].

A team of computer scientists headed by John McCarthy, who hosted the inaugural Al workshop at
Dartmouth College, originally used the term "artificial intelligence” in 1956. The phrase "research and
design of electronic systems that may be characterized as intelligent” was used to describe Al. The rise of
digital computers and the development of information technology are key factors in the history of Al since
they made it possible to handle massive quantities of data and carry out intricate computations [39, 40].

The earliest Al algorithms were built using rule programming and symbolic logic. Al systems, such
as machines able to play chess games or assist with medical diagnostic systems, were developed using
these methods. New algorithms, such as Neural Network (NN) and other ML algorithms were created
throughout time [41].

Al examples that are often used include [40, 42]:

— Virtual assistants:like Google Assistant, Siri, and Alexa to comprehend inquiries, provide answers,

and carry out tasks;

— Voice and Speech Recognition: examples include virtual assistants, smart speakers, and mobile;

— Computer vision:includes tools for object identification, face recognition, and picture analysis in

medicine;
— Games: include simulation, strategy, and smart board games;

— Autonomous driving:drones, autonomous vehicles, and commercial robots are examples;

— Recommendation Systems:like suggestions for music, movies, and books based on your prefer-

ences and use patterns;
— Robotics: include appliances for the kitchen, bathrooms, and operating rooms;
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— ML: includes techniques for classification, clustering, prediction and optimization.

Similar to how people tackle problems, Al systems are employed to carry out complicated tasks.
A branch of Al known as ML is the capacity of a computer to mimic intelligent human behavior. It is
a branch that focuses on examining and deciphering data patterns and structures to facilitate learning,
reasoning, and decision-making without the involvement of humans. This is accomplished without explicitly
programming all the rules and instructions to execute certain jobs. Alternatively, ML algorithms "study”
from data by detecting patterns and trends in the data using statistical methods and algorithms. It contains
both basic and complex algorithms like NN, LR, and DT [43, 44].

While ML is a more general discipline that includes many kinds of ML algorithms and approaches,
Deep Learning (DL) is a subset of ML that focuses on deep NN [45].

ML comes in a variety of forms, such as reinforcement learning, transfer learning, unsupervised learn-

ing, and supervised learning [44, 46, 47]:

— Supervised learning: the system is taught using labeled data in which each sample has a label or

classification. The aim is predicting the label for future cases;

— Unsupervised learning: when an algorithm is taught with unlabeled data with the intention of finding

patterns or structures in the data;

— Reinforcement learning: is the process through which an algorithm picks up knowledge via positive
or negative feedback, such as rewards or penalties. Examples include Deep Deterministic Policy

Gradient (DDPG), Sarsa, and Q-Learning;

— Transfer learning: refers to the application of knowledge developed while completing one task to

assist in the solution of another, related issue.

ML model's parameters are the variables that are changed throughout the model training phase to
enable the model to generate precise predictions. An ML model has two primary categories of parameters

[48]:

1. The values of a template’s parameters that determine the template’s behaviour and structure. Dur-
ing the training phase, they may either be automatically taught or manually tweaked. For instance,

the number of trees in a RF or the number of layers in a NN [49];

2. The training parameters affect how the model is trained. They contain parameters such as the rate

of learning, regularization and dropout rate [50].
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ML has a wide array of applications. It is used for the purpose of predicting future patterns, categorizing
information, and identifying irregularities. Cluster analysis is a method used to identify and analyze patterns
within datasets, while recommendation systems are designed to provide personalized suggestions for users
based on their individual preferences and characteristics. Optimization methods are used to enhance the
performance of intricate systems, while data analytics provide significant insights of value. The field of
robotics use machine learning techniques to enhance adaptability, whereas sentiment analysis is utilized to
assess emotional states conveyed in textual data. ML plays diverse and vital functions in several domains

[51, 52].

2.3.1 Supervised machine learning models

Supervised learning is when an algorithm is trained with labelled data, where each sample includes a label
or classification. Predicting the label for new cases is the objective. Applications for supervised learning
include voice recognition, stock price forecasting, and picture categorization. The training phase and the
prediction phase make up the two fundamental components of a supervised learning model [53].

The algorithm is taught during the training phase using a collection of labelled data. The model
searches for a connection between inputs (data attributes) and labels during training (outputs). To achieve
this, model parameters may be modified using optimization methods like gradient descent.

The prediction phase: after training the model, we can use the model to make predictions on new
data. This is done by providing the model input data and using the fitted parameters to produce an output
prediction.

There are several supervised learning algorithm types, and each has a unique set of training and
prediction methodologies. Data for supervised learning are often split into two partitions, training data and
testing data. The model is trained using the training set, and its effectiveness is assessed using the test
set. If the model can properly predict the labels for the test data, it is deemed successful. In general, it

operates as follows [54, 55]:

1. Obtaining data is the initial stage. The model will be trained using a collection of labelled data;

2. Preprocessing: before the data can be utilized to train the model, it must be cleaned, normalized,

and prepared and perform feature selection to carry out the search for the best hyperparameters;
3. Select the model: decide on the best model for the job, then customize it to fit the data set;

4. Model training: using the training dataset, the model is trained with its parameters adjusted to

reduce prediction error;
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5. Model validation: to make sure the model generalizes effectively to new data, it is required to assess

the model’s performance using a validation dataset;

6. Using the model: the model may be used to anticipate the labels for new instances once it has

been trained and verified.

2.3.1.1. Feature selection

Feature selection is a data preprocessing approach that aims to choose the most useful characteristics
for a ML model. The objective is to determine the features that offer the most information on the output
while eliminating duplicate or unnecessary features. This may assist enhance model performance by ac-
celerating training and reducing the likelihood of overfitting. PCA and genetic algorithms are two prevalent
feature selection strategies [56, 57, 58].

However, there is another important feature selection method in gene expression data, the fvalue
(ANOVA F-test). While PCA is a dimensionality reduction technique that looks for new "features” that are
linear combinations of the original ones to capture the maximum variance in the data, the f-value is used
in a different method known as the ANOVA (Analysis of Variance) test.

The fvalue is a metric that arises when performing hypothesis tests in analysis of variance (ANOVA). It
is used to compare changes between the means of two or more groups. In the context of feature selection,
each feature is evaluated individually to verify its relationship with the response variable [59]. Features that
have a significantly large f-value indicate that there is a significant difference in the means of the response
variable for the groups defined by that feature i.e. if the groups have very different means, the numerator
will be large, resulting in a high F-value. If the means are similar, the F value will be close to 1. The higher
the F value, the more likely it is that there is a significant difference between the group means[60, 61]. The
basic formula for the F-value in ANOVA is the between-group variance divided by the within-group variance
[62, 63].

The selection of a feature selection approach is dependent on the nature of the data and the underlying
ML issue. In BC investigations, these strategies may be used in combination with ML algorithms to select
the most relevant cancer detection features [64, 65, 66].

There are several techniques for selecting features. Built-in feature selection techniques are those
that are immediately included in an ML model’s training procedure. Typically, they are determined by a
measure, such as the variable significance score, the regression coefficient, or the discriminatory power of
a decision tree. The purpose of these approaches is to select the optimal variables for a given model such

that only relevant features are retained and all others are eliminated for example: Lasso (Least Absolute
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Shrinkage and Selection Operator) in LR. Filter methods are a group of feature selection techniques that
compare the response of each feature to the response of the target variable. They rank the characteristics
according to statistical criteria, such as the correlation between the features and the response or the
significance of the features in model construction. These classifications are used to select a subset of
relevant attributes for the model. The absence of attention to relationships between characteristics and
the potential of picking unnecessary or duplicate features are disadvantages of these techniques. Wrapper
approaches are an approach to feature selection that use ML algorithms to assess the efficacy of feature
selection. These algorithms evaluate many feature combinations and select the optimal ones based on the
specified ML model. They are computationally more costly than filter approaches, but in general, they are
more accurate as they account for the interaction between features and how it impacts model performance
[67, 68].

As previously mentioned, the last step results in the selection of the optimal model, based on the
metrics tables produced and the confusion matrices.

Each metrics table contains:

— Precision: This metric indicates the proportion of positive hits (class predictions) that were actually
correct. Itis calculated as:

True Positives (TP)

2.1
True Positives (TP) + False Positives (FP) 21)

A high precision indicates that the class was predicted well relative to incorrect predictions of the

same class.

— Recall (or Sensitivity): Shows the proportion of actual positives that were correctly identified. It is

calculated as:
True Positives (TP)

2.2
True Positives (TP) 4 False Negatives (FN) (2:2)

A high recall indicates that most of the actual class observations were correctly identified by the

model.

— Fl-score: Itis the harmonic average of Precision and Recall and provides a balance between these

two metrics. It is particularly useful if classes are unbalanced. It is calculated as:

Precision x Recall
Precision + Recall

(2.3)

A high F1-score indicates a good balance between accuracy and recall.
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— Support: Refers to the actual number of occurrences of the class in the specified dataset. It

indicates how many observations belong to each category in the test set.

— Accuracy: It is the total proportion of correct predictions in relation to all predictions made. Gives

an overview of the effectiveness of the model.

True Positives (TP) + True Negatives (TN)
True Positives (TP) + False Positives (FP) 4 True Negatives (TN) + False Negatives (FN)

(2.4)

— Macro avg: Calculates the arithmetic mean for each metric (precision, recall, and fl-score) without

considering class imbalance.

— Weighted avg: Calculates the average of each metric taking into account the class imbalance. Uses

the "support” metric as a weight for each average.

2.3.1.2. Support vector machines

An example of a supervised learning method used for classification and regression is the SVM. It operates
by identifying a line or hyperplane that best delineates the various dataset classifications. The separating
hyperplane that optimizes the margin between the various classes is what the SVM looks for. The margin
is the separation between each class’s nearest points, or support vectors, and the hyperplane. The only
points that have an impact on where the separating hyperplane is located are these support vectors, which
are also the points that are most nearby. Binary classification, which divides data into two classes, and
multi-class classification may both be accomplished using SVM (splitting data into more than two classes).
Additionally, it may be used for the regression problem. Through the inclusion of a kernel function, which
puts the data into a feature space of greater dimension where a linear separation may be found, SVM are
also able to handle datasets that are not linearly separable. SVM are extensively utilized in a variety of
industries, including bioinformatics, image recognition, and natural language processing. SVM are a sort
of supervised learning algorithm that may be used to categorize problems, including the detection of BC
[69].

Data from imaging tests, such as mammograms and ultrasounds, as well as information regarding
tumour features, such as size, shape, and texture, are often utilized to train an SYM model for the diagnosis
of BC. The algorithm is trained using this data to spot patterns that point to BC [70].

The SVM model may be used to categorize new instances of BC as malignant or benign after being
trained. As a result, it may be used as a support tool to assist physicians in making treatment choices or

in identifying individuals who are more likely to acquire BC. SVM has even been employed by researchers
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to categorize BC based on gene expression data. To train the algorithm, they chose a number of genes

that have previously been linked to BC [71, 72].

2.3.1.3. k-Nearest Neighbors

A supervised learning classification technique called KNN is based on the notion that a data point is
categorised based on most of its nearest neighbours.

The two primary steps for KNN to function are [73]:

— Training: In this phase, a training dataset with each data point labelled with a distinct class is given

to the algorithm to load into memory. No further training is done;

— Classification: The method locates the k nearest data points (the neighbours) in the training set

when a new data point is supplied.

A smoother model that is less likely to be overfitted is produced by larger values of k, while a more
complicated model that is more likely to be overfitted is produced by lower values of k.

The majority of the classes of the k closest neighbours are used to give the class to the new data
point. The new point will be categorized as class A if k=3 and two of its neighbours are class A and one
neighbour is class B. Then, a test dataset is used to evaluate the KNN model, and accuracy is calculated.
The algorithm may be modified to use alternative distance metrics to determine how close data points are
to one another or to use weights to give the closest neighbours more weight. KNN is a straightforward
algorithm that is simple to comprehend and use, but it has some drawbacks, such as the fact that it needs
the storage of the full training dataset and the search for neighbours may be laborious for big data sets
[74, 73].

Several studies have employed the KNN to categorize BC, and in some instances, the findings have
been encouraging. Forinstance, in 2017, researchers utilized KNN to categorize BC based on genetic traits.
The research revealed that the KNN algorithm has a 97.5% classification accuracy rate. The amount of k
and the characteristics used, however, might have an impact on the algorithm’s performance, and it may
not always perform as well as more sophisticated algorithms. It is also critical to take into account that
the algorithm might be affected by outliers and data noise, and huge datasets can increase its computing

cost [75, 76, 77].
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2.3.1.4. Linear and logistic regression

For the LR a continuous target variable may be predicted using the supervised ML approach of LR using
one or more input variables. Finding the best straight line between the data points is the core tenet of LR.
The data and an optimization method are used to estimate the coefficients. Finding the coefficient values
that reduce the discrepancy between the target variable’s anticipated values and actual values is the goal
[78].

The model may be used to generate predictions on fresh data when the coefficients are computed.
It is a common practice in several industries, including engineering, finance, and economics, to employ
this simple yet effective strategy. Although it is an excellent place to start for regression tasks, LR makes
the assumption that independent and dependent variables are always linear, which may not be true for all
data sets [79].

Based on certain input characteristics, ML may utilize LR to forecast the probability of developing BC.
Risk factors including age, family history, and genetics might be included in these input variables, some-
times referred to as predictors. Predicting BC recurrence is one use of LR in BC research. The association
between certain genetic markers and the chance of BC recurrence was modelled by the scientists using
LR. To model the link between the predictors and the goal, LR is utilized (recurrence or BC risk). Based
on your input variables, the model may be used to forecast the risk of BC in new patients after it has been
trained [80, 81].

For the Logistic Regression (LOR) the likelihood of a particular class may be predicted using the super-
vised ML technique of LOR using a collection of features. It is based on the logistic equation model, which
represents the association between the dependent variable (Y) and one or more independent variables
(X). Finding the optimal values for the coefficients (b0, b1, b2,...) that maximize the likelihood of correctly
predicting the class is the goal. The logistic function also referred to as the sigmoid function, is used by
the LOR model to simulate the likelihood of a binary outcome [82, 83]. Numerous applications of LOR
include predicting patient recovery in medicine, predicting consumer purchases in marketing, predicting
loan default in finance, predicting recidivism in criminology, and many more.

It is extremely helpful for issues requiring binary classification, such as the diagnosis of BC, where
the class may be either "cancer” or "non-cancer”. It is feasible to forecast a patient’s risk of developing
cancer using a number of factors and to apply a predetermined cutoff rate to decide whether the patient
is diagnosed with cancer or not. Additionally, the possibility that a tumour is benign or malignant may
be predicted using algorithms, based on the tumour’s size, shape, density, and levels of gene expression

[84, 85, 86].
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The fact that LOR is a linear model, which only accounts for linear correlations between input and
output variables, should also be noted. Other models, such as DT or NN, may be better suitable for

interactions that are more complicated.

2.3.1.5. Decision and Regression Trees

Using regression and decision trees for both classification and regression issues, supervised ML algorithms
in the form of trees are used. They operate by building a tree-like representation of choices and their
outcomes [87]. In a DT, the branches stand in for the choices made in response to the input characteristics,
while the leaves represent the anticipated class labels. The procedure begins at the tree’s base and
recursively divides the data into classes based on a characteristic that optimizes class separation. The
final predictions are performed by moving up the tree from the root to a leaf node [88].

The branches of a regression tree indicate the judgments based on the input characteristics, while the
leaves represent the projected continuous value. Similar to a DT, the technique operates by attempting to
reduce the variance of the target variable rather than maximising class separation [89, 90]. Both DT and
Regression Tree (RT) can handle categorical and numerical data, and they are both simple to comprehend
and analyze. But since DT are prone to overfitting, procedures like pruning or ensemble methods are often
used to solve this issue. These algorithms are effective for processing huge and complicated datasets since
they can handle both numerical and categorical data.

In relation to BC, these algorithms have already been used to diagnose BC using mammographic

images and also using a patient database [91, 92, 93].

2.3.1.6. Artificial Neural Networks

The structure of the human brain inspires ANN. They consist of layers of linked neurons, each of which
performs basic computations and transmits the results to other neurons [94].

Adjusting the weights of connections between neurons based on training examples is the learning
process of a neural network. Using optimization methods such as gradient descent, weights are modified
to reduce the discrepancy between the expected output and actual data. ANN learns to recognize patterns
in the training data and changes the weights to provide correct outputs during training. After training, the
ANN may make predictions on fresh data based on the patterns it has learnt. The network receives input
data, which the neurons process to generate an output. This procedure is performed several times to
fine-tune the weights of the network [95, 96].

ANNs are used in a variety of applications, such as classification, pattern identification, natural lan-
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guage processing, and prediction. ANNs may be used to categorize tumours as benign or malignant based
on criteria like size, shape, and image intensity in the setting of BC. In addition, they may be used to fore-
cast disease progression and recurrence risk. In the context of BC, ANNs are commonly used for the
categorization and detection of lesions, as well as the identification of genetic markers that are crucial for
cancer prediction and therapy. ANNs are composed of layers of linked neurons that are trained using vast
amounts of data to fulfil certain tasks. In BC gene expression datasets, ANN may be trained to predict the
presence or absence of cancer and to identify the disease’s most significant genes. In addition, ANN may
be utilized to combine clinical and genetic data for more precise prognosis and therapy of BC [97, 98].
However, it is essential to note that ANN are tools whose efficacy relies on the quality and amount of
data available for training. In addition, since ANN are very complicated models, it is essential to review

your findings thoroughly to verify that they are accurately understood and not misapplied.

2.3.1.7. Ensembles

A ML technique called ensemble learning mixes a number of distinct models to increase the reliability and
accuracy of the output. To produce a forecast, many models are trained and combined rather than simply
one. There are three primary categories: Random Forests (RF), Boosting and Bagging [99].

By building several independent training models from random samples and replacing the training data,
the Bagging (Bootstrapped Aggregation) ensemble approach seeks to increase the stability and accuracy
of ML models. By combining the predictions from the several models, it is expected that the final model
would be less prone to overfitting and more resistant to data noise. Since each model is trained using
a distinct sample of data, it may identify various patterns in the data. The final model may be more
accurate than a model trained on all the data by incorporating these patterns. Typically, the various model
forecasts are polled or averaged to get the final projection. Bagging is often employed with DT and other
overfitting-prone ML models [100].

Boosting is a sort of ensemble ML technique that makes use of weighted combinations of base models
to enhance the performance of a poor base model. The approach first fits a base model to the training data,
after which it fits additional models to the residual errors that the base model had previously detected. A
weighted combination of all base and extra models are created by weighing the additional models according
to how well they are able to forecast base model mistakes. Boosting is used to fix base model flaws and
increase its capability to generalize to new inputs [100].

RF is an ensemble learning strategy that mixes numerous decision trees to build a final model. It

works by separately building multiple DT, and then integrating the findings to get a final forecast. Multiple
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voting is used in this situation when the predicted class is shared by the majority of trees. The benefit
of employing RF is that it is less prone to overfitting and can cope with irrelevant or correlated variables
without hurting model accuracy [101].

Ensemble methods, which include classification, regression, and anomaly detection, are ML ap-
proaches that aggregate many distinct models to increase the accuracy and stability of findings. Ensemble
techniques may be used to incorporate several elements, such as mammographic pictures, clinical data,

and gene expression profiles, to increase diagnostic accuracy in the detection of BC [102, 103, 104].

2.3.2 Unsupervised Machine Learning models

Unsupervised learning is a type of ML in which the algorithm is trained on a dataset that has no labels
or classifications. Without previous instruction, the data does not have a preset output, hence the goal is
to detect patterns or structures in the data. Data compression, anomaly detection, and customer group
identification are a few examples of uses [105].

There are several kinds of unsupervised learning algorithms, and each has a unique set of strategies
and procedures for identifying patterns in data. Algorithms for unsupervised learning include, among
others, dimensionality reduction, and clustering [106].

Since there are no labels to predict, an unsupervised learning model just has one essential component,
the training phase. During the training phase, an unlabeled dataset is used to train the algorithm. The
model searches for structures or patterns in the data during training. Techniques like DL, dimensionality
reduction, and clustering may be used to accomplish this. Whether labels or training responses are present
or absent is the primary distinction between supervised and unsupervised learning. When the model has
been trained, it may be utilized to explain the input data. This may be achieved by categorizing the incoming
data into several groups or by finding important data properties [107, 106].

In brief, when we have labelled data and know the anticipated outcome, we use supervised learning.
However, when we do not have labelled data and do not know the expected outcome, we use unsupervised
learning.

Typically, the stages are as follows [108]:

1. Collecting data: Collecting an unlabeled data set is the initial phase in the process. This data set

will be utilized to train the model;

2. Preprocessing: Prior to using the data to train the model, it is important to clean, normalize, and

prepare it;
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3. Model selection: Select the best model and set it up for the dataset and particular job at hand;

4. Model training: Using the dataset as a training set, the model is trained to seek structures or

patterns in the data;

5. Description of Data: After training, the model may be used to characterize the input data, clustering

it into subsets or highlighting distinctive features;

6. How to utilize the model: The model may be used for tasks like grouping data or dimensionality

reduction, as well as identifying patterns or structures in the data.

K-means

K-means is an algorithm for grouping comparable data into "k" distinct groups. It works by creating "k”
random starting centroids and then allocating each data point to the centroid that is closest to it. Then, the
centroids are re-evaluated based on the average of the given data points, and this procedure is continued
until the centroids no longer change or until a stopping condition is satisfied. The outcome is "k" separate
clusters of comparable data [109].

K-means is extensively used in data analysis, particularly in data mining and ML applications. It is
a quick and effective method that may be used to identify patterns and trends in massive data sets. In
addition, it is often used to execute data collations in several areas, including healthcare, marketing, and
finance. K-means is one of ML's most well-known and widely-used clustering techniques. This technique
seeks to identify clusters or groupings of related data within a dataset. K-means can be used to group
samples of tumours with comparable genetic traits in the setting of BC. This may be helpful for identifying
subgroups of cancers with unique features, which may be significant for the creation of individualized
treatment regimens. It is essential to note, however, that K-means is only a data exploration tool, and
that the generated findings must be confirmed by additional methods in order to get a more trustworthy

conclusion [110, 111].

T-distributed stochastic neighbour embedding

T-distributed stochastic neighbour embedding (t-SNE) is a non-linear two-dimensional visualization tech-
nique used in ML. It is often used to study and analyze complicated data in a manner that is readily
comprehended by people. It is particularly effective for displaying high-dimensional data, such as ge-

netic data, in order to find patterns and correlations among samples. t-SNE relies on retaining closeness
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between strongly correlated points in high-dimensional space while projecting these points onto a two-
dimensional representation. This enables t-SNE to show the underlying data structure in a form that is
obvious and simple to comprehend [112].

tSNE is commonly used in ML applications, including BC research. By using t-SNE to the genetic
data of BC patients, researchers may find patterns and links between various kinds of tumour cells and
their genetic traits, therefore facilitating the identification of novel treatment options and the customization
of therapy. However, it is essential to emphasize that t-SNE visualization is a supplementary tool for data

analysis and should not be utilized as the only diagnostic method [113, 114].

Principal Component Analysis

PCA is a method for reducing the dimensionality of a given dataset. This implies that instead of dealing
with each data feature or column, PCA finds and extracts the principal components that represent the
majority of the data’s variability. These primary components are derived from the data’s correlation or
covariance matrix. PCA has the benefit of reducing the dimensionality of data without sacrificing too much
information. This is beneficial for a variety of applications, including data visualization, feature selection,
enhancing the performance of ML models, and spotting outliers [115, 116].

PCA is often used with other ML methods to enhance performance. PCA may be used, for instance,
to decrease the dimensionality of the data prior to performing a classification or clustering technique. This
may be used to examine vast volumes of gene expression data pertaining to BC. These fundamental com-
ponents may be used for data exploration and visualization, as well as feature selection and categorization.
PCA is a crucial tool for identifying complicated patterns in gene expression data and identifying possible

BC biomarkers [117, 118].

Hierarchical clustering

Hierarchical Clustering is an ML data clustering approach that aims to identify hierarchical patterns within
data. The concept is that, as the process progresses, the data is sorted into more dense clusters until all
of the points are clustered into a single cluster or a limited number of different clusters. Agglomerative
and divisive are the two primary techniques of Hierarchical Clustering. The Agglomerative method begins
with each point being a distinct cluster and, over time, the closest clusters are combined into one. The
Divisive method, on the other hand, begins with all points in a single cluster, which is then split into smaller
clusters over time [119, 120].

Hierarchical Clustering has been used to identify subgroups of BC patients with comparable features

25



based on genomic data, including gene expression. This may be useful for gaining a better understanding
of the distinctions between cancers and developing individualized treatment plans. To assure its valid-
ity, Hierarchical Clustering, like other clustering algorithms, needs careful parameter modifications and

interpretation of findings [121, 122].

2.3.3 Deep Learning

DL is a subfield of ML that deals with models like DNN. DL employs a sophisticated system of algorithms
that makes it possible to handle unstructured data, including documents, photos, and text.

DNN consist of numerous hidden layers of nodes, allowing models to learn complex, nonlinear input-
output interactions. The objective is to discover hierarchical representations of the data, which will enable
the models to execute sophisticated ML tasks such as classification, object identification, and natural
language processing. These models are trained on vast volumes of data and can effectively identify and
forecast from that data without explicit instructions. DL has been utilized extensively in areas such as
computer vision, natural language processing, voice recognition, and others, and is increasingly being em-
ployed to handle complicated and challenging issues in domains such as medicine. As with ML, research
into BC using DL is continually changing and new applications are being created. These procedures must

be evaluated and integrated with other methods to guarantee accuracy and safety.

Deep Neural Networks

DNN are a family of deep ML models based on artificial NN with a large number of hidden layers. They
are intended to learn hierarchical representations of complicated data and for the model to automatically
learn from them [123].

DNNs are constructed of many layers of neurons, with each layer including multiple interconnected
neurons. The input data goes through each layer's weights and biases, and the layer’s output is transferred
to the subsequent layer. During training, weights and biases are modified to reduce model error, enabling
the model to acquire knowledge from the data [124, 125].

There are several applications for DNNs, including classification, image recognition, natural language
processing, and sentiment analysis. They are particularly beneficial for issues involving complex data,
such as pictures and signals, since they enable the model to catch crucial patterns and characteristics
that are difficult for shallower models to grasp [126].

DNNs have been used in the context of BC for the categorization of tumor types, identification of tumors

in mammography pictures, and survival prediction, among others. They are capable of learning intricate
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gene expression and imaging patterns, making them a great tool for interpreting BC data [127, 128, 129].

Convolutional Neural Networks

Convolutional Neural Network (CNN)s are an evolution from ANN class used to solve image processing
issues such as computer vision and pattern recognition. The processing layers of a CNN are comprised
of convulsion, pooling, and fully linked layers. Upheaval layers use filters to identify visual patterns and
extract pertinent features. Pooling layers minimize the dimensionality of data while maintaining vital infor-
mation. Finally, layers with complete connectivity are employed for classification and prediction. CNNs
are frequently utilized in computer vision applications such as face identification, license plate recognition,
and medical picture categorization because of their excellent accuracy in object recognition tasks [130].
CNNs are a particular design of ANN that are often used for computer vision problems. Utilizing seizure
operations (filters) to collect spatial patterns in picture data is the core concept behind CNN. This enables
the model to learn important characteristics automatically from the data [131]. Filters are applied to small
picture subregions known as "receptors”. The outcome of these seizure processes is applied to an activa-
tion function that determines the significance of a particular characteristic. The outputs of these processes
are then aggregated to produce a new set of features, which are then processed with additional filters to
provide more intricate outputs. This procedure is repeated several times, resulting in convulsion and max-
imum pooling layers (a technique for dimensionality reduction). At the conclusion of this procedure, the
learnt characteristics are fed into a fully connected layer that is responsible for classification or prediction.
The ultimate result of image classification jobs is a probability distribution across the available classes
[132]. CNNs are specially used in image-related tasks like image classification, object identification, and
image segmentation and have been used effectively for the identification of mammographic lesions and
the categorization of forms of BC in relation to BC. They have also been used to evaluate pictures from

tissue biopsies to aid in cancer detection and disease severity evaluation [133, 134].

Recurrent Neural Networks

Recurrent Neural Networks (RNN) are a type of DL models intended to process time series data. RNNs
feature an internal memory structure that enables the analysis of previous data, which is important for
forecasting future occurrences and categorizing time series [135].

An RNN comprises a layer of recurrent neurons that keep an internal memory and an output layer that
generates a prediction. Each temporal step in the input sequence is individually processed by the recurrent

neurons, and the output information from the preceding step is utilized as input for the subsequent step.
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Several RNN variants, such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), are
intended to handle disappearing and bursting gradients during training [136, 137]. In healthcare applica-
tions, RNNs have been used effectively to evaluate time series of medical data, such as electrocardiogram
signals or patient monitoring data, in order to anticipate illness or assist with diagnosis. In addition, RNNs
have been used with other models to increase the precision of BC diagnosis using mammography images

[138, 139].

2.3.4 Machine learning applied to studying Breast Cancer

These are a few applications of ML in the diagnosis of BC. New applications are being created as a result of
ongoing research in this field. Therefore, using ML, gene expression data may be used to predict a patient’s
likelihood of having BC by examining the activity levels of various genes, in blood or tissue samples. The
degree of gene activity referred to as gene expression, may be used to define a patient as having BC or
not and can provide details about the biology of the tumour’s underlying structure [140].

By examining the activity levels of various genes in tumour samples, gene expression data may be
utilized to forecast the stage of BC. The degree of a gene’s activity referred to as its expression level
may provide details about the biology of the tumour and be used to categorize it into distinct phases. The
complexity of the illness, the amount and quality of the dataset, and the particular algorithm utilized may all
have an impact on the model’s performance. It is crucial to remember that identifying BC and forecasting
the stage remain challenging tasks. Further study is required to properly understand the underlying causes
of BC and how this might be predicted using gene expression data since this is a complicated endeavour
[141].

In several areas of BC detection and therapy, ML is applied. A few scenarios include [142, 143, 144,
145, 146, 147]:

— Diagnosis: using ML algorithms, radiologists can diagnose worrisome lesions by classifying breast

pictures as benign or cancerous;

— Prognosis prediction: Using both genetic and clinical data, one can forecast the likelihood of a BC

recurrence and assist choose the best course of action;

— Identification of biomarkers:(proteins or genes) linked to iliness using ML algorithms may aid in the

creation of novel therapeutics;

— Drug identification: is the process of identifying the best medications for each patient based on

their genetic inheritance and medical history using ML algorithms;
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— Identification of high-risk patients: using ML algorithms, it is possible to identify patients who are at

a high risk of getting BC based on risk variables including age, family history, and lifestyle choices.
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Chapter 3

Materials and Methods

For implementation, visual studio code, the Python language in version 3.8 and the scikit-learn library was

used. Itis a ML library for the Python programming language. All code developed is properly hosted and

available for consultation in the GitHub repository through the link:
https://github.com/ruteeecastrooo/DevelopmentofanAlBCdiagnostictool.

Due to the demand for high computational capacity inherent in training the models and the subsequent
research and optimization of hyperparameters, a server provided by the IT department of the University
of Minho was used. This server, endowed with advanced resources, for example in terms of RAM and
CPU, allowed a significant reduction in the time required to train the models and conduct research and
parameter improvement.

The project’s architecture was conceived in a modular way. Each pipeline is designed to operate
sequentially or, alternatively, be used autonomously. This modularity gives the freedom to load specific
datasets, whether of genetic expression or clinical data, the latter being able to incorporate information
about Copy Number Alteration (CNA). Through these pipelines, it is possible to preprocess the data,
apply feature selection methods, and segment the dataset into training and test subsets. Once processed,
the dataset is ready to feed various ML algorithms, spanning both traditional models and deep learning
frameworks. Additionally, a specific module is dedicated to the optimization of hyperparameters, aiming
to maximize the performance of the models. Finally, the last pipeline culminates in the application of the
most promising models, producing metrics tables, confusion matrices and, consequently, allowing the

selection of the optimal model.
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3.1 Methodology for Cancer Diagnosis

3.1.1 Preprocessing

The first step for the creation of the pipeline for data processing began with the conversion of gene iden-
tifiers, specifically transitioning from the lllumina format to the Entrez format. The function employed
for this task was designated as "illuminaToEntrez”, utilizing an online APl to perform the conversion.
Following this, the gene expression data for healthy subjects was imported from a file named "nor-
mals_ExpressionMatrix.txt”. The dataset needed a reorientation to align samples in rows and genes in
columns. Subsequent to this transposition, the gene names were adapted to the Entrez format, employing
the aforementioned function. Some gene identifiers were not converted successfully so the columns for
these genes were eliminated.

Afterwards, gene expression data for individuals diagnosed with cancer was imported. A similar trans-
position of this dataset was undertaken to ensure uniformity. The columns, which represent genes, were
synchronized between the datasets originating from healthy individuals and those from cancer patients.

Before joining these datasets, the gene expression values specific to healthy individuals were subjected
to normalization, specifically through the z-normalization method. This particular approach was selected
owing to the fact that the dataset of cancer patients had already undergone z-score normalization.

To conclude, both datasets were merged into a single entity. An auxiliary column, termed "hasCancer”,
was appended to facilitate future analyses. This column was assigned a binary value: O for healthy
individuals and 1 for those diagnosed with cancer. Upon this, any columns laden with missing values
were eliminated, thereby completing the process. The dataset, in its final form, was stored in a file named

"final.csv”.

3.1.2 Feature selection

Feature selection was carried out using F-value, focusing on the 1500 most relevant features. This choice
was supported by the "feature_importance” pipeline analysis, which demonstrated that these 1500 fea-
tures were responsible for explaining approximately 99.99% of the variation in the data. The 1500 features
was save in the file "sorted_f_value_hascancer.txt”. The choice was made to use only the F-value method
for feature selection, specifically for the task of predicting the presence or absence of cancer. This decision
was motivated by a combination of factors explained below. When other methods were explored to predict

cancer subtype, it was found that the F-value method produced the best results and the nature of the
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data for both tasks of predicting the presence of cancer and its subtypes was the same, justifying using
the same feature selection method. Furthermore, although PCA is a robust method for dimensionality
reduction, it merges original features into principal components. This makes it impossible to extract the
1500 most important features, so only what was extracted from the f-value was what curiously gave the
best results. This information was very important to then cross-reference with the PAM50 gene list (it is a
clinically validated panel of 50 genes commonly used to classify breast cancer into molecular subtypes).
The F-value method, on the other hand, allows for the preservation of original features, facilitating a more
interpretable model and providing insights into specific features.

Initially, the "final.csv” dataset was loaded into this pipeline using the pandas library. Subsequently,
the dataset was balanced. This was done by filtering out instances where "hasCancer” was equal to 1
and randomly selecting 144 of those instances. This was the balancing approach decided on (Random
Undersampling). The result was then combined with instances where "hasCancer” was different from 1.
This step was critical to ensure that both classes were more equally represented, thus mitigating the risk
of class bias.

After preparing the dataset, the features and labels were separated into different variables, x and
y, respectively. The dataset was then split into training and testing subsets using the "train_test_split”
function from the scikit-learn library. An 80-20 ratio was maintained between training and testing data.
After that, the t-distributed Stochastic Neighbor Embedding (TSNE) visualization technique was applied
to visualize the distribution of data in a two-dimensional space (Figure 1). This technique is useful for

understanding the structure and relationships between data.
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Figure 1. T-distributed Stochastic Neighbor Embedding to visualize the distribution of data in a two-

dimensional space of class O (healthy individuals) and class 1 (individuals with cancer)

Then, the feature selection method was applied to the training data. The method chosen was the
ANOVA F test, implemented by the "SelectkKBest” class with "f_classif”. This method evaluated the im-
portance of each characteristic in relation to the objective variable and selected the best 1500 to keep.

The training and testing datasets were then transformed to include only these selected features. These
transformed versions were saved to files using the pickle format for future use. Finally, the F values
and corresponding feature names were retrieved and sorted in descending order of importance. This

information was saved in a text file for later analysis.

3.1.3 Models optimization

The objective of this step was to identify the best hyperparameters for each model, thus optimizing its
performance. This approach offers a systematic and efficient way to perform hyperparameter search,
saving time and computational resources.

In the presented implementation, a class called "CustomRandomizedSearchCV"” was developed, which
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acts as an extension of the RandomizedSearchCV functionality provided by the Scikit-learn library. The pur-
pose of this class is to optimize the hyperparameter search process for various MLalgorithms. The class
was designed to allow simultaneous and comparative evaluation of different models and their hyperpa-
rameter combinations.

The "CustomRandomizedSearchCV” class was initialized with several parameters, including the train-
ing and validation data, the ML algorithm to be optimized, the distribution of hyperparameters, the number
of iterations allowed, and others. An important point is that this class also allows the use of multiple CPU
cores to speed up the training process, defined by the "n_jobs” parameter.

Additional methods were implemented to facilitate the process. The "calc_total_parameters” method
calculates the total number of possible hyperparameter combinations based on the given ranges. The
"random_search_cv"” method performs the random search, fitting the model to the data and finding
the best hyperparameters. Other methods provide metrics, such as the best set of hyperparameters
("get_best_parameters”), the best score achieved ("get_best_score”), and the average training and test-
ing times ("get_average_train_time” and "get_average_test_time"”). However, choosing the various pa-
rameter_distribution for each model and then searching for the best hyperparameters for each model with
the "CustomRandomizedSearchCV” class was done manually, by reading the documentation. (Table: 4)

For each ML algorithm including SVM,KNN, LR, DT, RF, AdaBoost, ANN and DNN, an instance of
the ”"CustomRandomizedSearchCV” class was created. These instances were then used to find the best

hyperparameters for each algorithm, using the preprocessed training and validation data.
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Table 4: Hyperparameters used in CustomRandomizedSearchCV to search for the optimal parameters

Model Hyperparameters

Kernel: [linear, poly, rbf]

C: [log10(0.1), log10(1000), 1000]
Support Vector Machines (SVM) Gamma: [log10(0.001), log10(10), 1000]
Max_iter: [100, 200, 500, 1000]
Num_iters allowed: [1000]

N_neighbors: [1, 30, 30]

Algorithm: [ball_tree, kd_tree, brute]
K-Nearest Neighbors (KNN) Weights: [uniform, distance]
Metric: [euclidean, manhattan, minkowski]

Num_iters allowed: [1000]

Penalty: [I1, 12, elasticnet, none]

Solver: [newton-cg, Ibfgs, liblinear, sag, saga]
Max_iter: [100, 200, 500, 1000, 2000, 3500, 5000]
Linear Regression (LR)
Multi_class: [auto, ovr, multinomial]
C: [0.5, 2, 30]

Num_iters allowed: [1000]

Criterion: [gini, entropy]

Splitter: [best, random]

Max_depth: [None, 2, 4, 8, 16]
Min_samples_split: [2, 4, 8, 16, 32]

Decision Tree (DT)

Max_features: [auto, sqrt, log?]

Num_iters allowed: [1000]

Criterion: [gini, entropy]

Max_depth: [None, 2, 4, 8, 16]
Random Forests (RF) Min_samples_split: [2, 4, 8, 16, 32]
Max_features: [auto, sqrt, log?]

Num_iters allowed: [1000]
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Algorithm: [SAMME, SAMME.R]
N_estimators: [10, 50, 100, 200]
Learning_rate: [log10(0.01), logl0(1), 100]
Num_iters allowed: [1000]

AdaBoost

Hidden_layer_sizes: [128, 256, 512, 1024, 2048]
Solver: [Ibfgs, sgd, adam]

Learning_rate: [constant, invscaling, adaptive]
Artificial Neural Networks (ANN) Learning_rate_init: [log10(0.001), log10(1), 1000]
Max_iter: [200, 500, 2000]

Batch_size: [auto, 64, 512]

Num_iters allowed: [1000]

Hidden_layer_sizes: [(512, 256, 128, 128, 128, 128, 128, 128),
(256, 128, 128, 128, 128, 128, 128, 128),

(512, 256, 128, 128, 128, 128, 128),

(512, 256, 128, 128, 128, 128),

(256, 128, 128, 128, 128),

Deep Neural Network (DNN) (512, 128, 128, 128, 128),

(512, 128, 128, 128),

(256, 128, 128, 128),

(256, 128, 128),

(512, 128),

(256, 128)]

Solver: [Ibfgs, sgd, adam]

Learning_rate: [constant, invscaling, adaptive]
Learning_rate_init: [log10(0.001), log10(1), 1000]
Max_iter: [200, 500, 2000]

Batch_size: [auto, 64, 512]

Num_iters allowed: [1000]
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3.1.4 Models evaluation

In this final pipeline the objective was to train multiple ML models, make predictions and evaluate the
performance of these models through metrics and confusion matrices. Models with scores below 90% in
the previous pipeline were excluded from testing here. First, previously processed datasets were loaded into
the previous pipeline in pickle format. This data included training and validation sets ("X_train_validation”,
"y_train_validation”) and test sets ("X_test”, "y_test").

The best hyperparameters were added to the first model to be trained and predictions were made on
the test set. Classification metrics were printed using the "classification_report” function from the scikit-
learn library. Additionally, a confusion matrix was generated and visualized. For each of these models,
performance metrics were calculated and confusion matrices were displayed to evaluate the effectiveness

of the models in correctly classifying the test data to conclude which model was best.

3.2 Methodology for Cancer Subtype

3.2.1 Preprocessing

The first step was to load the patients’ clinical dataset using the Python Pandas library. The Scipy library
was also imported to enable the use of statistical normalization. Three options were made for normaliza-
tion: z-score, min-max and None. Next, the CNA and gene expression datasets were also loaded and their
respective gene identifier columns ("Entrez_Gene_ld") were excluded to standardize the dataset.

To deal with any missing values in the datasets, a function was defined to remove them and also print
the number of rows removed. This function was applied to all three datasets: clinical, CNA, and gene
expression of individuals with cancer. After that, the normalization option “none” was applied to the CNA
and gene expression datasets, because the gene expression one already came with z-score normalization
and as for the CNA and clinical data did not make sense to normalize given the nature of the data.

Then, the gene expression and CNA expression tables were transposed. The genes, which were initially
in the rows, were moved to the columns and the patients, which were in the columns, were moved to the
rows. Column names were then modified to clearly distinguish between gene expression and CNA data.

Later, these transposed datasets were merged based on the indices, which were the patient IDs. The
same was done to combine the clinical dataset with this merged mRNA and CNA dataset. Finally, the
dimensions of all dataframes were printed for verification and the final dataset was saved to a csv file for

use in subsequent pipelines. The option was also made to save the preprocessed dataset in pkl format.
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3.2.2 Feature selection

The purpose of this pipeline was to identify and reduce the data to the most relevant characteristics of
the dataset. First, several Python libraries, including pandas, scikit-learn, and other visualization and
analysis libraries, were imported. Next, the previously processed dataset was loaded and checked for
missing values. Then the clinical characteristics were removed, except the one that was of interest for
the prediction, defined at the beginning as “3-Gene classifier subtype”. The “3-Gene Classifier Subtype”
column represents breast cancer subtypes based on expression of: ER, PR, and HER2.

The dataset was then divided into input variables (x) and target variable (y). The dataset was also
divided into training and test sets (80/20) using the train_test_split function from the scikit-learn library.
After that, the t-distributed Stochastic Neighbor Embedding visualization technique was applied to visualize
the distribution of data in a two-dimensional space (Figure 2). This technique is useful for understanding
the structure and relationships between data.

Then, the feature selection method was applied to the training data. The method chosen was the
ANOVA F test, implemented by the "SelectKBest” class with "f_classif”. This method evaluated the impor-
tance of each characteristic in relation to the objective variable and selected the best 1400 to keep. This
k was verified through the random forest feature importance that 1400 genes or components explained
99.88% of all information, which became the k value used (see the feature_importance.ipynb pipeline).
The training and testing datasets were then transformed to include only these selected features. These
transformed versions were saved to files using the pickle format for future use. Then, the fvalues and
corresponding feature names were saved and sorted in descending order of importance. This information
was saved in a text file for later analysis. The 1400 features was save in the file "sorted_f_value.txt”.
Subsequently, another feature selection method PCA was tested using the same procedure and the trans-
formed data was also saved in picke format. Finally, the pipeline was executed for the third time, as was
the case with f-value and PCA, but here all features were used, the number of features was not reduced

as in the previous two times.
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Figure 2: T-distributed stochastic neighbour embedding to visualize the distribution of data in a two-

dimensional space of the four classes of “3-Gene Classifier Subtype”

3.2.3 Models optimization

The methodology adopted here was exactly the same methodology as the models optimization for Cancer
Diagnosis. The only variant here was that the pipeline here was run three times as it ran with data from
each feature selection method adopted. The objective was precisely to see which method in general
presented the best f1-score results, so that in the future, when the nature of the data was the same and

with a view to optimizing time, this method would be used exclusively.

3.2.4 Models evaluation

The methodology adopted here was exactly the same methodology as that used in the models evaluation
for Cancer Diagnosis. After all the process, a small "crossgeneslistas” pipeline was created to import the
txt files with the list of genes after the feature selection and their respective values to cross with the list of

pam50 genes "pamb0.txt”. With this, an ordered list of genes (from highest to lowest value) in common
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in both lists was obtained. This was done twice, once with the feature selection list for predicting whether

you have cancer and once with the feature selection list for predicting the cancer subtype.
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Chapter 4

Results and Discussion

4.1 Determining the best feature selection method

The first results were obtained when testing the three feature selection methods. The scores obtained by
each model using the different feature selection methods are illustrated in Figure 3 and 4. In general, the
F-value method consistently proves to be the most effective for the majority of models presented, while the
PCA and Total methods vary in effectiveness depending on the specific model in question. This consistency
suggests that the F-value method is a robust and reliable technique for feature selection in these datasets
and contexts.

For the SVYM model, the best results are obtained when the F-value method is used, reaching a score
of 0.934, while the PCA and Total methods reach 0.904 and 0.903, respectively. In the case of KNN, the
F-value feature selection technique once again demonstrated superiority with a score of 0.870, followed
by PCA with 0.639 and the Total method with 0.642. The LR model exhibits remarkable performance with
the F-value method, scoring 0.923, while PCA and Total score 0.885 and 0.912, respectively. The last
model in this figure, DT, achieves 0.819 with the F-value method, 0.486 PCA , followed by the , 0.744,
and the Total.

Moving on to Figure 4, four other models are analyzed: RF, adaboost, ANN and DNN. In the case of
the RF model, the best score is achieved with the F-value, 0.919, followed by the PCA, 0.646, and the Total
method, 0.918. The adaboost model, in turn, shows solid performance with the F-value method, 0.902,
while the PCA and Total methods achieve scores of 0.766 and 0.905, respectively. For the ANN model,
the F-value feature selection technique stands out with a score of 0.933, followed by PCA, 0.882, and Total
with 0. Lastly, the DNN model shows an impressive result with the F-value method, achieving a score of
0.936, with PCA and Total scoring 0.864 and 0, respectively. O means that there was no computational

capacity to run the model.
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Figure 3. Comparison between different Machine Learning (ML) models, using three different feature

selection methods: F-value, Principal Component Analysis (PCA) and Total(all features) and considering

four different models: Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Linear Regression (LR)

and Decision Tree (DT).
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Figure 4: (continued) Comparison between different Machine Learning (ML) models, using three different

feature selection methods: F-value, Principal Component Analysis (PCA) and Total (all features) and con-

sidering four different models: Random Forests (RF), adaboost, Artificial Neural Networks (ANN) and Deep

Neural Network (DNN).

4.2 Cancer Diagnosis

Choosing the best feature selection method is important but choosing the right model is vital, especially

in a medical context where a misclassification can have serious consequences. Below, a consolidated

analysis of the performance of the various ML models is presented using their respective confusion matrix

(Figures 5 to 8) and tables of results ( Tables 6 to 9) after being made with the best parameters resumed

in table 5 from the previous hyperparameter optimization part.
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Table 5: Optimal parameters for Machine Learning (ML) models obtained through the CustomRandom-

izedSearchCV class for prediction if a individual has cancer

Model Hyperparameters

Weights: [uniform]
N_neighbors: [4]
KNN
Metric: [manhattan]

Algorithm: [ball_tree]

N_estimators: [200]
AdaBoost Learning_rate: [0.19630406500402714]
Algorithm: [SAMME.R]

Solver: [Ibfgs]

Max_iter: [500]

Learning_rate_init: [0.0019287915080207778]
AN Learning _rate: [constant]
Hidden_layer_sizes: [1024]

Batch_size: [auto]

Solver: [adam]

Max_iter: [200]

Learning_rate_init: [0.0012650337203959038]
PN Learning _rate: [constant]
Hidden_layer_sizes: [256, 128, 128, 128]

Batch_size: [512]
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Figure 5: Confusion Matrix of K-Nearest Neighbors (KNN) model. True label represents the real state

of the individual and predicted label represents the state predicted by the model for this individual. Top

left corner (yellow): true negatives (TN). Top right corner (purple): false positives (FP). Bottom left corner

(purple): false negatives (FN). Bottom right (green): true positives (TP).
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Table 6: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of K-Nearest Neighbors (KNN) model

Precision Recall F1-score Support
Healthy individual (0) 0.94 0.96 0.95 49
Individual with cancer (1) 0.95 0.92 0.93 38
Accuracy 0.94 87
Macro avg 0.94 0.94 0.94 87
Weighted avg 0.94 0.94 0.94 87

In the figure 5 the confusion matrix is a crucial tool in evaluating model performance and provides a de-
tailed view of how the model behaves with respect to correct and incorrect predictions. When analyzing the
confusion matrix provided, it is noted that for the Healthy individual (0) there were 47 correct predictions,
that is, the cases in which the model correctly identified a healthy individual, while only 2 were incorrectly
classified as Individual with cancer (1). This implies that the model has a robust ability to identify healthy
individuals with a very low false positive rate. On the other hand, when looking at Individual with cancer
(1), 35 predictions were correctly classified, indicating that the model effectively recognized the presence
of cancer. However, 3 individuals were incorrectly classified as Healthy individual (0), suggesting that
there are a number of false negatives. This information is extremely relevant as it indicates that, although
the model has a high overall accuracy, there is still a small risk of not correctly identifying an individual
with cancer, which, in a clinical context, can have significant implications.

In the context of the KNN model applied to detect the presence or absence of cancer, a detailed analysis
of the results presented in the metrics table 6 is essential. When considering accuracy, it is observed that
the model presents a notable performance for both the Healthy individual (0) and the Individual with
cancer (1), with values of 0.94 and 0.95, respectively. This suggests that the model is capable of correctly
identifying both cases with high accuracy, making very few type | or type Il errors. Furthermore, when
observing recall, the model displays a performance of 0.96 for the Healthy individual (0) and 0.92 for the
Individual with cancer (1), which indicates a high capacity to identify true positives, especially for healthy
individuals.

The fl-score metric, which combines precision and recall, provides a harmonized representation of
the model’s overall performance. For the Healthy individual (0), the f1-score is 0.95 and for the Individual
with cancer (1) itis 0.93. These values demonstrate that the balance between precision and recall is well

maintained in both classes.
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Regarding the binary nature of the precision value, this implies that we are trying to predict one of two
possible classes. This is why there are two precision values in the table, each corresponding to one of the
classes (Healthy individual (0) and Individual with cancer (1)). The accuracy of each class is crucial to
determining how well the model can identify each class without confusing it for another.

Last but not least, it is crucial to address the accuracy metric, which stands at 0.94. This value
suggests that, of all predictions made by the model, 94% were correct. The weighted average and the
macro average also have the same value as the accuracy. This is a testament to the model’s excellent
performance in the task, which reinforces its reliability and effectiveness in predicting the presence or

absence of cancer.
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Figure 6: Confusion Matrix of adaboost model. True label represents the real state of the individual and
predicted label represents the state predicted by the model for this individual. Top left corner (yellow): true

negatives (TN). Top right corner (purple): false positives (FP). Bottom left corner (purple): false negatives

(FN). Bottom right (yellow): true positives (TP).
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Table 7: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of adaboost model

Precision Recall F1-score Support
Healthy individual (0) 0.92 0.71 0.80 49
Individual with cancer (1) 0.71 0.92 0.80 38
Accuracy 0.80 87
Macro avg 0.82 0.82 0.80 87
Weighted avg 0.83 0.80 0.80 87

The figure 6, the confusion matrix provided for the adaboost model, it is observed that the number of
true positives for the Healthy individual (0) is 35, which means that 35 healthy individuals were correctly
classified by the model, while 14 Healthy individuals ( 0) were incorrectly classified as Individual with
cancer (1). On the other hand, for the Individual with cancer (1), the model was able to correctly identify
35 individuals, while only 3 were incorrectly classified as Healthy individual (0). This result indicates that
the model has considerable sensitivity in detecting cancer cases, given the high number of true positives
for the Individual with cancer class (1), but shows some limitations in its ability to correctly identify healthy
individuals, given the number of false positives for the individual Healthy class (0).

Analyzing the metrics table 7 of the model, it aims to predict whether an individual has cancer or not.
The model displays an accuracy of 0.92 for the Healthy individual (0), suggesting that when it identifies
an individual as healthy, there is a high probability of being correct. However, the recall of 0.71 for this
same class indicates that the model correctly identifies only 71% of the truly healthy individuals present
in the dataset. On the other hand, for the Individual with cancer (1), the precision is 0.71 and the recall
is 0.92, which reveals that, despite some of the predictions being inaccurate, the model is effective in
identifying the vast majority of individuals who actually have cancer. The fl-score of 0.80 for both classes
suggests that the model maintains a balance between precision and recall. Regarding the averages, the
macro average of 0.82 indicates that the model has an almost uniform performance for both classes,
while the weighted average of 0.83 demonstrates that, when taking into account the number of samples
in each class, the performance remains robust. The overall accuracy of the model is 0.80, indicating that

it makes correct predictions in 80% of cases.

49



, . - 30
Confusion Matrix

28

26

True label

Predicted label

Figure 7: Confusion Matrix of Artificial Neural Networks (ANN) model. True label represents the real state
of the individual and predicted label represents the state predicted by the model for this individual. Top

left corner (purple): true negatives (TN). Top right corner (yellow): false positives (FP). Bottom left corner

(purple): false negatives (FN). Bottom right (blue): true positives (TP).
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Table 8: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Artificial Neural Networks (ANN) model

Precision Recall F1-score Support
Healthy individual (0) 0.53 0.37 0.43 49
Individual with cancer (1) 0.42 0.58 0.48 38
Accuracy 0.46 87
Macro avg 0.47 0.47 0.46 87
Weighted avg 0.48 0.46 0.46 87

Analyzing the confusion matrix in figure 7 provided for the model in question, it is observed that the
true Healthy individuals (0), 18 were correctly classified by the model, while 31 were erroneously classified
as Individuals with cancer (1). This indicates a tendency for the model to misclassify healthy individuals,
potentially leading to a high number of false positives. In contrast, of the true Individuals with cancer (1),
22 were correctly identified by the model, and 16 were misclassified as Healthy individuals (0). Although
the model was able to identify a significant portion of individuals with cancer, it still presents difficulties,
as it makes mistakes in a considerable portion of these classifications, which can result in false negatives.
False negatives, in the context of cancer diagnosis, are particularly worrying as they can lead to delays in
treatment.

From the metrics table 8 provided for this model, it is clear that its predictive ability to determine
whether or not an individual has cancer presents challenges. The accuracy for an individual Healthy (0) is
0.53, which indicates that when the model predicts that an individual is healthy, it is correct just over half
the time. The recall of 0.37 for the same class suggests that the model correctly identified only 37% of the
Healthy individuals (0) present in the test set. In relation to Individual with cancer (1), the precision is 0.42,
while the recall is higher, standing at 0.58. This metric suggests that the model tends to misclassify many
individuals as having cancer, but manages to capture 58% of those who actually have the disease. The f1-
score, which is a harmonic mean between precision and recall, is 0.43 and 0.48 for the Healthy individual
(0) and the Individual with cancer (1), respectively. These values point to a moderate performance of the
model. As for the general metrics, both the macro average and the weighted average of the metrics are
aligned with the global accuracy, which is 0.46, revealing consistency in the model’s predictions, although

it is operating below the 50% mark.
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Figure 8: Confusion Matrix of Deep Neural Network (DNN) model. True label represents the real state

of the individual and predicted label represents the state predicted by the model for this individual. Top

left corner (yellow): true negatives (TN). Top right corner (purple): false positives (FP). Bottom left corner

(purple): false negatives (FN). Bottom right (green): true positives (TP).
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Table 9: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Deep Neural Network (DNN) model

Precision Recall F1-score Support
Healthy individual (0) 0.73 0.71 0.72 49
Individual with cancer (1) 0.64 0.66 0.65 38
Accuracy 0.69 87
Macro avg 0.69 0.69 0.69 87
Weighted avg 0.69 0.69 0.69 87

This figure 9 or matrix provides a clear visualization of where the model got it right and where it
got it wrong, allowing for a deeper understanding of areas where the model may need improvements or
adjustments. The top left corner, represented in yellow, shows the number of true positives for the Healthy
individual (0), which is 35, that is, 35 healthy individuals were correctly classified by the model. The upper
right corner, in purple, indicates false positives, that is, 14 Healthy individuals (0) were incorrectly classified
as Individuals with cancer (1). Analyzing the bottom left corner, also in purple, 13 Individuals with cancer
(1) were erroneously classified as Healthy individuals (0), representing false negatives. Finally, the bottom
right corner, in green, shows that 25 Individuals with cancer (1) were correctly identified, corresponding
to the true positives.

By looking at the metrics table 9 for the deep neural network (DNN) model, it is possible to discern
several aspects about its performance. Regarding the individual Healthy (0), the model demonstrated an
accuracy of 0.73, meaning that 73% of the predictions it made for that class were correct. The recall, or
sensitivity, was 0.71, which reveals that the model was able to correctly identify 71% of all true Healthy
individuals (0) present in the dataset. The F1-score, which is a harmonic metric between precision and
recall, stood at 0.72.

As for Individual with cancer (1), the accuracy was 0.64, indicating that 64% of the predictions in this
class were correct. Recall was slightly higher, reaching 0.66, which suggests that the model correctly iden-
tified 66% of true Individuals with cancer (1). The F1l-score for this class was 0.65, remaining consistent
with previous metrics.

Overall, the model had a weighted average precision of 0.69, and an equally weighted average recall of
0.69. The weighted F1-score followed these values. The avg macro metric also showed values of 0.69 for
precision, recall and F1-score. The model’s overall accuracy was 0.69, that is, it made correct predictions

69% of the time.
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The results in predicting the presence or absence of cancer showed that the KNN model achieved
the best results, with an accuracy of 94%. Also, the KNN model demonstrated superior performance,
particularly with regard to the recall metric. With a recall of 0.96 for healthy individuals and 0.92 for
cancer individuals, KNN exhibited a unique ability to minimize false negatives. Such an ability is critical
in a medical environment, where failing to detect a positive case can have devastating consequences.
This performance can be attributed to the simplicity and effectiveness of KNN, which makes no specific
assumptions about the distribution of the underlying data, making it less prone to overfitting and more
capable of generalizing well to new data, especially when the set of data is small or imbalanced [148, 149,
77, 150].

AdaBoost, although it did not perform as effectively as KNN in terms of overall precision, demonstrated
a high recall of 0.92 for the "Individuals with Cancer” class, indicating a remarkable ability to identify
positive cases. However, the inherent complexity and sensitivity to outliers can be disadvantageous in
medical datasets, where abrupt variabilities are common [151].

The analysis also explored neural network models, where ANN proved to be inadequate for the dataset
under study, with a precision of just 46% and low recall values. In contrast, DNN achieved a moderate
precision of 69% and had more acceptable recall values [152, 153, 154]. However, even with these
limitations, DNN exhibits a greater ability to represent complex relationships in data compared to ANN,
which may explain its relatively better performance.

The lack of a balanced dataset, with only 144 samples from healthy individuals, may have impacted
the robustness of the model. Because of the notable imbalance in the data set (almost 1,900 samples
from cancer patients versus just 144 individuals without cancer) a subsampling approach was chosen
where both classes were limited to 144, this improved the results. The results were better than those
not presented here where all samples were used. Because in the first attempt used all the samples
from people with cancer (1980) and all from people without cancer (144) and the results obtained in the
metrics tables were very poor, obtaining accuracy equal to zero on some models. The decision not to use
the "oversampling” technique was to preserve the integrity and reliability of the data in a medical context,
especially since creating synthetic data in a medical context can introduce variables that deviate the model
from biological reality.

This problem with the number of samples may also have affected the list of 1500 genes of the feature
selection aimed at predicting the presence or absence of cancer, the number of genes in common is notably
small, with only 2 genes shared with PAM50 list. The first was ANLN, which is involved in cytokinesis, the

final process of cell division [155]. It has been associated with cell proliferation in several types of cancer,
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making it an interesting target for anticancer therapies. The second was NUF2, which is an essential
component of the centromere-associated complex, playing a fundamental role in the correct segregation
of chromosomes during cell division. Its dysfunction can lead to aneuploidy, a common feature in many
cancer cells [156]. The fact that all genes, including those in common, have very similar and low trait
importance values may suggest that the prediction of this condition is not strongly influenced by a small
set of genes, but possibly by a broader grouping of genetic and epigenetic factors [157].

The genes with the highest importance value in predicting the presence or absence of cancer are
not on the pam50 list. The first was HIGDI1B, which has been implicated in oxidative stress playing a
role in cell survival [158]. Secondly, TNNT2 was a gene associated with the heart muscle, however, its
relationship with breast cancer is unknown [159]. Third, RASL11A, which is involve in signal transduction
processes, is associate with cell proliferation [160] . Next, OTUD6B, which is related to the regulation of
deubiquitination, has an indirect relationship with protein stability in cancer cells [161]. Lastly, PMS2P3
is associated with DNA repair and maintenance of genomic integrity [162].

The results presented by ML models, namely in predicting the presence or absence of breast cancer,
demonstrated that did not reach an optimal level of precision. This limitation can be, to a large extent,
attributed to the biological complexity inherent to the disease. The absence of a specific set of genes that,
in itself, is decisive in predicting breast cancer indicates that the genetics of this pathology are multifaceted
and are not limited to a limited subset of genes.

Biologically speaking, the heterogeneity of breast cancer and the interaction of multiple genetic and
epigenetic factors may have contributed to the difficulty of models in making accurate predictions. The
PAMSO list, although recognized, may not completely cover all genes relevant to oncogenesis and disease
progression. The identification of genes such as HIGDIB, TNNT2, among others, which are not present
in the PAM50 list, highlights this idea.

Additionally, imbalance in the dataset, with a significantly lower representation of healthy individuals
compared to cancer patients, may have hampered the models’ ability to generalize appropriately. This
disparity emphasizes the importance of data balancing in medical contexts, where each sample has critical
relevance.

In resume, ML models were not able to fully capture the complexity and biological variability of breast

cancer, leading to results that, although promising in certain aspects, still have room for optimization.
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4.3 Breast Cancer (BC) subtype prediction

In the context of predicting cancer subtypes, diagnostic accuracy becomes even more critical, as each
subtype may require a distinct treatment and specific management approach. Below is a consolidated
analysis of the performance of different ML models in predicting cancer subtypes. This analysis is illus-
trated through the corresponding confusion matrices (Figures 9 to 14) and tables of results (Tables 11 to

16), after applying the best parameters identified in table 10 of the section on hyperparameter optimization.
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Table 10: Optimal parameters for Machine Learning (ML) models obtained through the CustomRandom-

izedSearchCV class for prediction of cancer subtype "three-gene classifier”

Model

Hyperparameters

SVM

Max1_iter: [1000]

Kernel: [linear]

Gamma: [1.7188391428171454]
C: [5.220567527846975]

LR

Solver: [saga]

Penalty: [I1]

Multi_class: [multinomial]
Max_iter: [5000]

C: [0.8620689655172413]

RF

Min_samples_split: [16]
Max_features: [sqri]
Max_depth: [16]

Criterion: [gini]

AdaBoost

N_estimators: [200]
Learning_rate: [1.0]
Algorithm: [SAMME]

ANN

Solver: [sgd]

Max_iter: [500]

Learning_rate_init: [0.02596655972934871]
Learning _rate: [adaptive]
Hidden_layer_sizes: [1024]

Batch_size: [auto]

DNN

Solver: [Ibfgs]

Max_iter: [500]

Learning_rate_init: [0.5831305113526224]
Learning _rate: [invscaling]
Hidden_layer_sizes: [256, 128, 128]
Batch_size: [64]
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Figure 9: Confusion Matrix of Support Vector Machines (SVM) model. Vertical axis (True label): Represents
the actual cancer subtypes for patients: "ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-",
and "HER2+". Horizontal axis (Predicted label): Represents the predicted cancer subtypes for patients:
"ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-", and "HER2+". Numbers in diagonal
cells (yellow and blue) represent correct predictions, while numbers outside this diagonal represent incor-

rect predictions.

58



Table 11: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Support Vector Machines (SVM) model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.96 0.89 0.92 123
ER+/HER2- Low Prolif 0.92 0.95 0.94 125
ER-/HER2- 0.95 0.96 0.96 57
HER2+ 0.89 0.98 0.93 48
Accuracy 0.93 353
Macro avg 0.93 0.95 0.94 353
Weighted avg 0.94 0.93 0.93 353

Observing the confusion matrix in figure 9 of the SVM model for BC subtype prediction, several insights
can be extracted. Of the 123 true observations in the "ER+/HER2- High Prolif” category, the model
correctly predicted 109 of them, but there were 10 cases that were incorrectly classified as "ER+/HER2-
Low Prolif”, 1 case as "ER-/HER2-" and 3 cases as "HER2+", indicating that most confusions of this
subtype were with "ER+/HER2- Low Prolif”. Of the 125 true observations in the "ER+/HER2- Low Prolif”
category, 119 were correctly identified by the model, with errors distributed among 3 cases classified as
"ER+/HER?2- High Prolif”, 1 case as "ER-/HER2-" and 2 cases as "HER2+". The "ER-/HER2-" category
showed strong performance with 55 of the 57 true observations classified correctly and only 1 case was
incorrectly identified as "ER+/HER?2- High Prolif” and 1 case as "HER2+". Among the 48 true observations
in the “HER2+" category, 47 were correctly predicted with only 1 case incorrectly classified as “ER-/HER2-
". Overall, the model performs well in distinguishing between cancer subtypes.

When analyzing the metrics presented in table 11 for the SYM model in predicting the breast cancer
subtype, several aspects deserve detailed attention. The accuracy metric, which measures the proportion
of true positives to total predicted positives, reveals strong results across all categories. The "ER+/HER2-
High Prolif” subtype exhibits an accuracy of 0.96, suggesting that the model is highly effective in accurately
identifying this subtype. The "ER-/HER2-" subtype has a slightly lower accuracy of 0.95, still extremely
robust, while "ER+/HER2- Low Prolif” and "HER2+" record accuracies of 0.92 and 0.89, respectively.

Regarding the recall metric, which measures the proportion of true positives in relation to the total
number of real positive cases, the values are also impressive. The "HER2+" subtype stands out with a re-
call of 0.98, followed by "ER-/HER2-" with 0.96 and "ER+/HER2- Low Prolif” with 0.95. The "ER+/HER2-
High Prolif” subtype has a recall of 0.89, which is still strong but slightly lower than the other categories.
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The F1-score, which is the harmonic mean between precision and recall, also provides a comprehen-
sive view of the model’s effectiveness. In this case, all subtypes present values above 0.90, with emphasis
on "ER-/HER2-" with 0.96 and "ER+/HER2- Low Prolif” with 0.94.

The weighted average and macro average of the metrics are also strong, both hovering around 0.93-
0.94, indicating solid overall performance even taking into account the weight of each class (which is the

case with the weighted average).
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Figure 10: Confusion Matrix of Linear Regression (LR) model. Vertical axis (True label): Represents the
actual cancer subtypes for patients: "ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif’, "ER-/HER2-",
and "HER2+". Horizontal axis (Predicted label): Represents the predicted cancer subtypes for patients:
"ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-", and "HER2+”. Numbers in diagonal
cells (yellow and blue) represent correct predictions, while numbers outside this diagonal represent incor-

rect predictions.
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Table 12: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Linear Regression (LR) model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.95 0.89 0.92 123
ER+/HER2- Low Prolif 0.91 0.94 0.93 125
ER-/HER2- 0.95 0.95 0.95 57
HER2+ 0.94 1.00 0.97 48
Accuracy 0.93 353
Macro avg 0.94 0.95 0.94 353
Weighted avg 0.94 0.93 0.93 353

The matrix analysis in figure 10 allows for a deep understanding of correct and incorrect model predic-
tions. Observing the "ER+/HER2- High Prolif” subtype, it appears that the model correctly identified 113
samples, while 8 samples were incorrectly classified as "ER+/HER2- Low Prolif’, 1 sample was wrongly
classified as "ER-/ HER2-" and another as "HER2+". Regarding the "ER+/HER2- Low Prolif” subtype,
120 samples were correctly identified, while two were confused with "ER+/HER?2- High Prolif”, two with
"ER-/HER2-" and one with "HER2+". For the "ER-/HER2-" subtype, 54 samples were correctly classi-
fied and two samples were incorrectly categorized, one as "ER+/HER2- High Prolif” and the other as
"ER+/HER2- Low Prolif”. Finally, the "HER2+" subtype presented an impeccable classification, with 48
samples correctly identified and no confusion with other subtypes.

This matrix shows that the model has an excellent ability to distinguish the "HER2+" subtype, without
errors, and also a remarkable performance for the "ER-/HER2-" subtype. However, the "ER+/HER2- High
Prolif” and "ER+/HER2- Low Prolif” subtypes showed a slightly higher number of incorrect classifications
among themselves, suggesting that these two subtypes may present more similar characteristics, leading
to greater difficulty of the model in correctly distinguishing between them.

Analyzing the score metrics presented in table 12, a picture of high accuracy in the model predictions
can be discerned. The "ER+/HER2- High Prolif” subtype boasts a precision of 0.95 and a recall of 0.89,
resulting in an fl-score of 0.92. This means that, of this subtype, 95% of the predictions made by the
model are correct, but only 89% of the real cases of this subtype were correctly identified by the model. In
turn, the "ER+/HER2- Low Prolif” subtype has a slightly lower precision, 0.91, but a higher recall, 0.94,
indicating that although a smaller proportion of predictions are correct, a greater proportion of real cases

were identified. The fl-score for this subtype is 0.93, which is a harmonic mean between precision and
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recall and, in this context, is slightly higher than the "High Prolif” subtype. The "ER-/HER2-" subtype
exhibits consistently high values across all metrics, with precision and recall both set at 0.95, leading to
an fl-score also of 0.95. Finally, the "HER2+" subtype demonstrates the highest precision and recall,
with values of 0.94 and 1.00, respectively, which translates into an f1-score of 0.97, the highest among all
subtypes.

The global accuracy of the model is 0.93, reflecting the proportion of correct predictions among all
those made. The macro and weighted averages provide a global perspective of the metrics, with both

averaging around 0.94, which corroborates the high performance of the model.
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Figure 11: Confusion Matrix of Random Forests (RF) model. Vertical axis (True label): Represents the
actual cancer subtypes for patients: "ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif’, "ER-/HER2-",
and "HER2+". Horizontal axis (Predicted label): Represents the predicted cancer subtypes for patients:
"ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-", and "HER2+". Numbers in diagonal
cells (yellow and blue) represent correct predictions, while numbers outside this diagonal represent incor-

rect predictions.
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Table 13: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Random Forests (RF) model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.88 0.92 0.90 123
ER+/HER2- Low Prolif 0.94 0.92 0.93 125
ER-/HER2- 0.94 0.88 0.91 57
HER2+ 0.88 0.92 0.90 48
Accuracy 0.91 353
Macro avg 0.91 0.91 0.91 353
Weighted avg 0.91 0.91 0.91 353

As refered, the main diagonal of the matrix in figure 11 shows the model hits, that is, the instances
in which the predictions correspond to the true labels. Observing this diagonal, it appears that the model
was able to correctly classify 114 samples for "ER+/HER?2- High Prolif”, 116 for "ER+/HER2- Low Prolif”,
51 for "ER-/HER2-" and 47 for "HER2+ ". These values reinforce the high precision and recall observed
in the previously discussed metrics.

However, a confusion matrix also highlights where the model made incorrect predictions. For ex-
ample, 8 truly "ER+/HER2- Low Prolif” samples were classified as "ER+/HER2- High Prolif” and 4 truly
"ER+/HER2- High Prolif” samples were classified as "ER+/HER2- Low Prolif”. These confusions between
"High Prolif” and "Low Prolif” may indicate that there are similar characteristics between these two classes
that the model found difficult to distinguish. Additionally, it appears that the "ER-/HER2-" subtype had 3
samples classified as "ER+/HER2- High Prolif” and 2 as "ER+/HER2- Low Prolif”, suggesting that there
may be common characteristics or overlaps between these classes. Finally, the "HER2+" subtype showed
a mixture of classifications, with one sample classified as "ER-/HER2-" and another as "ER+/HER2- High
Prolif".

The RF model, used to predict breast cancer subtypes, shows remarkable performance, evidenced
by the metrics provided in table 13. Analyzing the metrics individually by subtype, for "ER+/HER2- High
Prolif”, the precision is 0.88, the recall is 0.92 and the fl-score is 0.90. These values indicate that the
model has an excellent ability to correctly predict this subtype, being more cautious when assigning a
sample to this group, resulting in a recall greater than precision. For the "ER+/HER?2- Low Prolif” subtype,
the precision, recall and fl-score values are 0.94, 0.92 and 0.93, respectively, denoting an excellent

balance between the metrics. The "ER-/HER2-" subtype has a precision of 0.94, recall of 0.88 and f1-
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score of 0.91. The "HER2+" subtype records a precision of 0.88, a recall of 0.92 and an fl-score of
0.90.

When evaluating general metrics, such as the macro average and the weighted average, all values
center around 0.91, demonstrating the robustness and balance of the model in general terms. This
balance is essential to ensure that the model is not over-optimized for a specific subtype, but rather

performs consistently across the various subtypes. Accuracy remains in this balance with 0.91.
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Figure 12: Confusion Matrix of adaboost model. Vertical axis (True label): Represents the actual cancer
subtypes for patients: "ER+/HER2- High Prolif’, "ER+/HER2- Low Prolif’, "ER-/HER2-", and "HER2+".
Horizontal axis (Predicted label): Represents the predicted cancer subtypes for patients: "ER+/HER2- High
Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-", and "HER2+". Numbers in diagonal cells (yellow and blue)

represent correct predictions, while numbers outside this diagonal represent incorrect predictions.
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Table 14: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of adaboost model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.89 0.91 0.90 123
ER+/HER2- Low Prolif 0.90 0.90 0.90 125
ER-/HER2- 0.96 0.88 0.92 57
HER2+ 0.92 0.94 0.93 48
Accuracy 0.91 353
Macro avg 0.92 0.91 0.91 353
Weighted avg 0.91 0.91 0.91 353

The confusion matrix presented in figure 12 represents the model prediction results for the different
cancer subtypes. In the "ER+/HER2- High Prolif” class, 116 samples were correctly predicted, while 6
were incorrectly classified as "ER+/HER2- Low Prolif” and 1 as "HER2+". Regarding the "ER+/HER2-
Low Prolif” class, 116 samples were correctly identified, 7 were incorrectly categorized as "ER+/HER2-
High Prolif”, 1 as "ER-/HER2-" and 1 as "HER2+" . In the "ER-/HER2-" subtype, the model made the
correct prediction for 52 samples, 2 were classified as "ER+/HER2- High Prolif’, 1 as "ER+/HER2- Low
Prolif” and 2 as "HER2+". Finally, for the "HER2+" subtype, the model correctly identified 45 samples and
incorrectly classified 3 as "ER+/HER2- High Prolif”. These results reflect the model’s ability to correctly
distinguish between different subtypes, as well as identify areas where improvements or adjustments may
be needed.

The Adaboost model’s metrics table 14 reveals remarkably good performance on several fronts. With
a weighted average precision of 0.91 and a weighted average recall and fl-score also at 0.91, the model
demonstrates substantial effectiveness in correctly classifying the different subtypes. In particular, the
"ER-/HER2-" class has the highest accuracy of 0.96, indicating that the model has an exceptional ability
to identify true positives within this category. However, its recall for this same class is relatively lower
(0.88), suggesting a tendency for a greater number of false negatives compared to other classes.

The "ER+/HER2- High Prolif” and "ER+/HER2- Low Prolif” classes demonstrate precision, recall and
fl-score values close to 0.90, which also indicates good performance of the model in these categories.
On the other hand, the "HER2+" class has a precision and f1-score above 0.90, and a recall of 0.94, thus
becoming the class with the highest recall, suggesting a robust ability of the model to capture most true

positive cases in this category.
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Figure 13: Confusion Matrix of Artificial Neural Networks (ANN) model. Vertical axis (True label): Repre-
sents the actual cancer subtypes for patients: "ER+/HER2- High Prolif’, "ER+/HER2- Low Prolif”, "ER-
/HER2-", and "HER2+". Horizontal axis (Predicted label): Represents the predicted cancer subtypes for
patients: "ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif’, "ER-/HER2-", and "HER2+". Numbers in di-
agonal cells (yellow and blue) represent correct predictions, while numbers outside this diagonal represent

incorrect predictions.
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Table 15: Score metrics (precision, recall, f1-score, support, accuracy, macro average, weighted average)

of Artificial Neural Networks (ANN) model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.94 0.92 0.93 123
ER+/HER2- Low Prolif 0.94 0.96 0.95 125
ER-/HER2- 0.95 0.96 0.96 57
HER2+ 0.96 0.94 0.95 48
Accuracy 0.94 353
Macro avg 0.95 0.95 0.95 353
Weighted avg 0.94 0.94 0.94 353

The presented confusion matrix in figure 13 provides a visual representation of the single-layer neural
network model predictions for classifying breast cancer subtypes. The diagonal values of the matrix indicate
the correct predictions of the model, with the "ER+/HER2- High Prolif” class having 114 correct predictions,
the "ER+/HER2- Low Prolif” 121, the "ER-/HER2-" 56 and to "HER2+" 47. These numbers reflect the
high accuracy of the model in correctly identifying cancer subtypes.

However, there are also some glaring errors. The "ER+/HER2- High Prolif” class was confused 7
times with "ER+/HER2- Low Prolif” and 2 times with "ER-/HER2-". For "ER+/HER2- Low Prolif”, there
were 2 cases in which it was confused with "ER+/HER2- High Prolif” and 1 case for each of the other
two classes. "ER-/HER2-" was misclassified once as "ER+/HER2- High Prolif”, and "HER2+" was also
confused once with "ER+/HER2- High Prolif".

Despite these confusions, it is clear that most of the model’s predictions are found on the diagonal of
the matrix, indicating that most of the predictions are correct.

Analysis of this model’s metrics table 15 reveals high effectiveness in several classification dimensions.
The average weighted precision, average weighted recall, and average weighted fl-score are all at 0.94,
demonstrating excellent agreement between the model predictions and the true classes. Specifically, the
"ER-/HER2-" class boasts a precision of 0.95 and a recall of 0.96, exhibiting the highest balance between
identifying true positives and minimizing false negatives. The "ER+/HER2- Low Prolif” class follows closely
with a precision and recall of 0.94 and 0.96, respectively, also representing a very good performance.

In contrast, the "HER2+" class presents a precision of 0.96 but with a slight decrease in recall to 0.94.
Although this is a minimal difference, it suggests a slight susceptibility of the model to false negatives in

this class. However, it is worth noting that all these metrics remain high, which implies a very robust
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overall performance.
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Figure 14: Confusion Matrix of Deep Neural Network (DNN) model. Vertical axis (True label): Represents
the actual cancer subtypes for patients: "ER+/HER?2- High Prolif”, "ER+/HER2- Low Prolif”, "ER-/HER2-",
and "HER2+". Horizontal axis (Predicted label): Represents the predicted cancer subtypes for patients:
"ER+/HER2- High Prolif”, "ER+/HER2- Low Prolif’, "ER-/HER2-", and "HER2+". Numbers in diagonal
cells (yellow and blue) represent correct predictions, while numbers outside this diagonal represent incor-

rect predictions.
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Table 16: Score metrics of Deep Neural Network (DNN) model

Precision Recall F1-score Support
ER+/HER2- High Prolif 0.97 0.90 0.93 123
ER+/HER2- Low Prolif 0.94 0.96 0.95 125
ER-/HER2- 0.93 0.98 0.96 57
HER2+ 0.94 0.98 0.96 48
Accuracy 0.95 353
Macro avg 0.94 0.96 0.95 353
Weighted avg 0.95 0.95 0.95 353

When observing the confusion matrix provided in figure 14 , it is noted that for the "ER+/HER2- High
Prolif” subtype, 109 cases were correctly classified while 9 cases were incorrectly classified as "ER+/HER2-
Low Prolif”, 2 cases were incorrectly classified as "ER-/HER2-", and 3 cases were misassigned to the
"HER2+" subtype. For the "ER+/HER2- Low Prolif” subtype, 122 cases were correctly categorized, but 1
case was misidentified as "ER+/HER2- High Prolif”, and two other cases, one for "ER-/HER2-" and another
for "HER2+", they were also incorrectly classified. Regarding the "ER-/HER2-" subtype, 55 samples were
correctly classified and one case was incorrectly assigned to each of the other three subtypes. Finally, for
the "HER2+" subtype, 45 cases were correctly identified, 1 case was incorrectly classified as "ER+/HER2-
High Prolif”, and 2 cases were incorrectly categorized as "ER-/HER2-". When evaluating the matrix as a
whole, it becomes evident that the majority of samples were correctly classified,

When analyzing the metrics table 16 of the multi-layer neural network model for predicting breast
cancer subtypes, it is seen that the precision, recall and f1-score values are generally high for all classes.
The "ER+/HER2- High Prolif” subtype has a precision of 0.97, although its recall is slightly lower, recording
0.90, which results in an fl-score of 0.93. In contrast, the "ER+/HER2- Low Prolif” subtype exhibits a
precision of 0.94 and a recall of 0.96, providing an fl-score of 0.95, slightly higher than the previous
one. The "ER-/HER2-" and "HER2+" classes boast remarkable performance, with recalls of 0.98 and
f1-scores of 0.96 for both. The accuracy for these two classes is 0.93 and 0.94, respectively. The model’s
overall precision, or accuracy, reaches an impressive value of 0.95 and the weighted average and macro
are around the same value.

Overall, the DNN model performed exceptionally high in classifying subtypes, with an accuracy of
95%. DNN stands out as the most appropriate choice, since it was the best at capturing the biological

relationships between the features, especially when dealing with complex data such as genetic expressions
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and clinical information. This model not only achieved high precision but also presented the best balance
between the critical metrics of precision and recall, with an average macro recall value of 0.96 [163, 164,
154, 165].

Recall is particularly important in the medical context, as it is more risky not to identify a positive case
than to incorrectly identify a negative case as positive. Thus, the model that best balances precision and
recall, possibly weighting more heavily toward recall, should be considered the most appropriate.

While ensemble methods like RF and AdaBoost did not fare as well, potential reasons include their
intrinsic complexity and sensitivity to outliers. On the other hand, models like SVM and LR showcased
high accuracy. However, their capabilities might not match the intricate complexities of medical data as
efficiently as DNN. On the flip side, ANNs, which typically have a single layer, may not be as suited for
such data. Despite their simplicity, ANNs have limitations in capturing complex non-linearities, compared
to SVMs with non-linear kernels or DNNs, and may also be more sensitive to the presence of outliers
[166]. However, SVM and LR exhibit advantages in specific scenarios due to their inherent simplicity,
regularization features, and margin maximizing properties.

The prowess of DNN lies in its ability to decipher complex, non-linear relationships in data, crucial
for medical applications. It optimizes multiple parameters, making it highly adaptable. Furthermore, its
architectural depth allows for the recognition of high-level data features, vital for understanding intricate
inter-relationships between variables [163]. The model’s capacity to learn effective internal representations
becomes invaluable for high-dimensional datasets like genetic expressions, simplifying data’s complexity
and aiding in classification. With noise and measurement error tolerance, coupled with a vast array of
regularization techniques, the DNN proves robust against data variations, ensuring efficient performance
on both training and unseen data [154, 165].

Given the criticality of recall in medical contexts, and the superior performance of DNN across all
metrics, it stands out as the top choice for biomedical applications, underscoring the immense potential
of ML in the medical domain.

In addition to these assessments, additional analyses were performed to find gene-to-gene correlations
by cross-referencing the PAM50 gene list with two lists of 1500 and 1400 genes generated after the f-value
feature selection (features that have been most implicated in cancer). The results of this analysis were
saved in a two-text file. the resulting lists are named: list_cross1500 and list_cross1400. With the list of
1,500 characteristics crossed with the PAM5O list, only 2 genes were found in common, and have already
been discussed in the previous section, despite the importance value of the 1,500 characteristics being

very similar and all having low importance values. With the list of 1400 features belonging to the dataset
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to predict the subtype, 32 genes in common were found, but here the range of feature importance values
is from 158.2114 to 0.06139.

Furthermore, the significant correlation of 32 genes in common with the genes in the PAM50 panel,
which is a reference in the field, strengthens the biological validity of the models. Below the 5 in common
with the highest feature importance value. Among these genes, KRT5 stands out, which codes for keratin
5, a protein involved in the structure and stability of epithelial cells. It is commonly used as a marker
for basal-like breast cancer, a subtype that is typically more aggressive and has a worse prognosis [167].
Also ESR1, which is an estrogen receptor and plays a crucial role in modulating gene transcription and
regulating the cycle cell phone. Its presence is generally a good indication for hormonal therapy in ER+
cancers [168]. Furthermore, EGFR, which is an epidermal growth factor receptor, is involved in several
signaling pathways that control cell proliferation. It is frequently overexpressed in more aggressive breast
cancer subtypes, such as HER2+ and basal-ike [169]. FOXC1 is associated with invasion and metastasis in
breast cancer and is also considered a prognostic biomarker for the basal-like subtype [170]. Lastly, BCL2
regulates apoptosis, a process of programmed cell death. Its imbalance can contribute to the survival of
cancer cells [171].

However, there are genes that were not in the PAM50 panel and exhibited a higher feature importance.
the lists with the name of all the genes in the feature selection are in the repository with the name:
feature1500_list.txt and feature 1400_list.txt .

Firstly, ROPNIB, that is still the subject of investigation, but initial studies suggest a possible involve-
ment in relevant cellular processes [172]. Second, CELSRZ2, which is associated with cell adhesion, may
be a factor in the migration of cancer cells [173]. Also CSAD, which is involved in the metabolism of the
amino acid serine, has been linked to the growth of cancer cells [174]. MPZL plays a role in cell signaling
pathways and may be related to cancer aggressiveness [175]. Finally, MTFRZ2 plays a role in the formation
of mitochondria, which can affect energy production in cancer cells [176].

Overall, it is possible to suggest that, while the models are highly effective in classifying cancer sub-
types, corroborated by alignment with the PAM50 panel, they are less consistent in determining the pres-
ence or absence of the disease. This difference highlights the importance of balanced datasets and the
need for further investigation of identified genes that are not in the panel as the genes were the same
for both cases. Furthermore, by incorporating this analysis with existing biological knowledge about the
genes involved, the research solidifies the emerging role of ML models in precision medicine, not only
as diagnostic tools, but also as platforms for identifying biological pathways, relevant information and the

development of targeted therapies.
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Chapter 5

Conclusions and future work

This study aimed to develop an Al tool for the diagnosis and classification of breast cancer. Consequently,
the effectiveness of several ML models to carry out this task were explored.

The study revealed that for classifying individuals with and without cancer, KNN demonstrated the best
performance, particularly regarding recall, a crucial metric in medical contexts. DNN was the most suitable
for classifying cancer subtypes, showing high accuracy and a remarkable balance between precision and
recall. Of course, these results had the help of the fvalue, which proved to be the best feature selection
method compared to PCA and total.

One of the most significant challenges faced was the availability and quality of datasets. At the begin-
ning of the research, it was difficult to find comprehensive datasets. The datasets that were available often
were limited in size and lacked samples from individuals not diagnosed with cancer. This problem was
exacerbated by the bureaucracy involved with acquiring medical data and the lack of standardized data
formats. Inequality in sample sizes between classes and the sensitivity of some models to these issues,
such as ANN, were also significant challenges.

To advance this field, it is crucial to work on expanding the dataset samples, both for cancer and
non-cancer cases. It was also important to obtain clinical data from individuals without cancer. Initiating
efforts to create a more accessible and standardized dataset would also be valuable. Furthermore, future
research could focus on optimizing AdaBoost and DNN models to improve their metrics, especially recall,
and on approaches to deal with class imbalance in a medical context. with more samples it is possible to
improve the performance of the models as we will have more data for training and testing them.

The tool developed in this study proved to be effective and easy to use, providing methods for pre-
processing, feature selection and hyperparameter optimization. In the future, it would be interesting to add
more alternatives such as more normalization methods and grid search. Hyperparameter optimization was
performed using Random Search due to its efficiency in exploring the parameter space in a more random

and less costly way, although the use of Grid Search can be considered for future research for a more
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exhaustive and accurate search.

This study contributed to the growing body of research in medical applications of ML by providing
valuable insights into the relative effectiveness of different algorithms in critical medical tasks. The models
developed in this study demonstrated promising metrics, making them viable candidates to assist physi-
cians and hospitals with personalized medicine and challenging breast cancer diagnosis. In the future, it
would also be interesting to explore the potential of neural networks in more depth. RNNs and CNNs were
not used in this study due to the nature of the available data, which were gene expression data and not
time series or images.

In summary, this study represents a significant step forward in applying ML to the field of oncology.
With future adjustments and expansions, there is great potential for significant advances in this critical
area of medicine. Finally, the high degree of importance attributed to genes that were not previously
identified in the PAM50 panel suggests new avenues of research and possible targets for future therapies.
The data provide a solid foundation for subsequent investigations and deeper understanding of the biology

underlying breast cancer types and their respective subtypes.
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