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Abstract

This study delves into the urgent challenge of cancer prediction by utilizing machine learning
techniques on extensive clinical data. Conventional diagnostic techniques frequently result in
delays and low sensitivity, underscoring the need for novel strategies. This work focuses on
miRNA expression patterns from the Genomic Data Commons (GDC) by utilizing machine
learning (ML) on large-scale clinical data. It builds a neural network model using the Keras
Sequential API, investigates five machine learning approaches, and applies feature selection
strategies to improve model interpretability. The research aims to provide insights into improving
early cancer detection and risk assessment. Despite inherent limitations such as data quality
variability and computational constraints, the study aims to rigorously examine ML methodologies

in cancer prediction, with implications for future research and practical applications.

Utilizing Python and a Jupyter notebook, this study gathered miRNA expression data from the
Genomic Data Commons (GDC) via its API, ensuring data quality through preprocessing
techniques like cleaning and normalization. Feature selection based on mutual information scores
was then applied to enhance model interpretability and performance. Subsequently, five machine
learning methods (k-nearest neighbors, random forest, logistic regression, support vector machine,
and gradient boosting) were employed for cancer type classification, alongside a neural network
model crafted with the Keras Sequential API for multi-class cancer classification. Performance
evaluation metrics, including accuracy, precision, recall, and F1-score, were computed to assess

model discriminative capabilities.

This study investigates cancer classification via machine learning on genomic data, revealing

diverse gene expression profiles across different cancer types. Preprocessing and feature selection



resulted in a dataset of 2,507 samples and 1,881 features, addressing class imbalances. Support
Vector Machine achieved notable performance, with high accuracy (99.04%), precision (96%),
recall (98%), and Fl-score (98.98%) across all cancer types. Random Forest demonstrated
precision scores of 98% and an Fl-score of 98.98%. Logistic Regression displayed robust
performance across metrics, while Gradient Boosting showed strong accuracy and precision. K-
Nearest Neighbors exhibited moderate accuracy and precision. Neural Network performed
consistently well across metrics, with rapid convergence and high accuracy on unseen data.
Confusion matrices and ROC curves validated accurate predictions, highlighting the potential of

machine learning in precise cancer classification and early intervention.

In conclusion, the five classifiers demonstrated robustness in accurately distinguishing between
different cancer types with minimal false positives with Support vector machine standing out for
its outstanding performance, with an accuracy score of 0.9904, reaffirming its efficacy in cancer

classification tasks
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Introduction

1.1 Background Study

Cancer continues to be one of the most pressing public health challenges worldwide, with its
prevalence and impact on individuals and societies escalating each year. In the medical world,
cancer first appeared in the 1600s and is defined by the growth of aberrant cells that can invade or
spread to other parts of the body (Abraham et al. 2009). Through a process called cancer
metastasis, this unchecked cellular development starts in one area of the human body and spreads
to other parts (Seyfried and Huysentruyt 2013; Liotta 1992). Usually, these cancerous cells are
categorized as benign or malignant. Malignant cells metastasis and present a more significant
hazard because of their destructive nature, whereas benign cells stay localized and do not spread.
Cancer has a long and expensive treatment regimen, primarily because of its high death rates and
propensity for recurrence. An estimated 1.7 million new cases and 0.6 million deaths were
attributed to cancer in the US in 2019 (Huang ef al. 2020). According to stated data, there have
been around 19.3 million (19,300,000) newly diagnosed cancer cases recently, which would result

in about 10 million fatalities in 2020 (Chhikara and Parang 2023; Ferlay et al. 2021). (Figure 1).

Traditional methods of cancer diagnosis rely heavily on invasive procedures such as biopsies and
imaging tests, often leading to delays in detection and diagnosis (Schiffman ez al. 2015). Moreover,
these methods may not be sensitive enough to detect early-stage tumors or identify high-risk
individuals who would benefit from preventive interventions. As the number of cancer cases and
deaths rises, newer surgical methods like robotic surgery and laparoscopy, along with tumor
adjuvant therapy and other cutting-edge technologies are becoming increasingly necessary to
improve survival rates and lower local recurrence rates (Shinji ef al. 2022; Akagi and Inomata

2020).



Figure 1. Percentage Representation of Total Cancer Incidences (19.3 million) and Total Deaths
(10 million). Data source: Chhikara and Parang (2023)
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As chemical engineers, irrespective of whether it involves discovering new pharmaceutical
ingredients for combating diseases or enhancing process efficiencies to comply with stricter
environmental laws, it is necessary to possess the ability to predict outcomes of certain events.
These events range from managing heat supply in reactors to determining reaction rates and
selectivity. Theoretical models, honed over centuries, aid in predictions, but many require
substantial computational resources for numerical solutions, as analytical solutions aren't feasible

for realistic systems(Dobbelaere et al. 2021).

Machine Learning, a subset of Artificial Intelligence, aligns the task of learning from datasamples
with the broader concept of inference (Dunjko and Briegel 2018; Alzubi et al. 2018). The two
primary stages of the learning process are usually (i) using an existing dataset to estimate unknown
dependencies inside a system and (ii) using these estimated dependencies to predict new system
outputs (Kourou et al. 2015). Machine learning is becoming an exciting field with many
biomedical research applications. A given collection of biological samples entails applying various
approaches and algorithms to navigate an n-dimensional space in search of appropriate
generalizations (Niknejad and Petrovic 2013; Kourou et al. 2015). In recent years, significant
advancements in machine learning algorithms and the availability of large-scale clinical datasets
have fueled rapid progress in cancer prediction and risk stratification. Supervised learning
algorithms, such as logistic regression, decision trees, random forests, support vector machines,
and deep learning models (e.g., convolutional neural networks), have been widely employed for

predictive modeling tasks in oncology (Murali et al. 2020; Erdem and Bozkurt 2021).

Numerous studies have demonstrated the feasibility and effectiveness of machine learning-based
approaches for cancer prediction using large-scale clinical data. Researchers have developed

predictive models for various cancer types, including breast cancer (CHAUDHURY et al. 2021),



lung cancer (Cengil and Cinar 2018), colorectal cancer (Bychkov et al. 2018), prostate cancer
(Singh et al. 2023), and others. These models have shown promising results in accuracy,
sensitivity, specificity, and clinical utility, paving the way for their integration into routine clinical

practice.

Applying machine learning algorithms to clinical data offers a novel and potentially transformative
approach to cancer prediction and risk stratification. By leveraging large-scale datasets containing
diverse patient information, including demographic, genetic, clinical, and imaging data, machine
learning models can identify complex patterns and relationships that may not be apparent through
conventional analysis methods. This enables the development of predictive models capable of
identifying individuals at increased risk of developing cancer, facilitating early intervention and

personalized treatment strategies.

1.2 Research Objectives

This research aims to develop and evaluate machine learning models for cancer prediction using
large-scale clinical data, focusing on miRNA expression profiles obtained from the Genomic Data

Commons (GDC). Specifically, the study objectives are:

i.  Collect miRNA expression data from Genomic Data Commons (GDC) and preprocess it
for analysis.

ii.  Explore five machine learning methods and optimize dataset characteristics for
classification.

iii.  Select informative features using Mutual Information scores to enhance model
interpretability.

iv.  Train six classifiers independently and evaluate their performance for cancer classification.



v.  Build and assess the performance of a neural network model for cancer classification using

Keras.

1.3 Structure of the Report

The remainder of this thesis is organized as follows:

Chapter 2 comprehensively reviews the literature on cancer prediction, machine learning

techniques, and clinical data integration in predictive modeling.

Chapter 3 outlines the methodology employed in this study, including data collection,

preprocessing, feature selection, model development, and evaluation metrics.

Chapter 4 presents the experiments’ results, including model performance metrics, comparative

analyses, and interpretation of findings.

Chapter 5 discusses the implications of the study findings, potential limitations, and avenues for

future research.

Finally, Chapter 6 summarizes the study’s key findings and offers conclusions and

recommendations for further research and practical applications.

1.4 Scope and Limitations

1.4.1 Scope

The scope of this study encompasses developing and evaluating machine learning models for
cancer prediction using miRNA expression data obtained from the Genomic Data Commons
(GDC). The study explores five well-known machine learning methods: k-nearest neighbors

(KNN), gradient boosting(GB), support vector machine (SVM), random forest(RF), and logistic



regression(LR). Additionally, the scope includes feature selection techniques based on Mutual
information (MI) scores to enhance model interpretability and classification performance. The
methodology also involves constructing and evaluating a neural network model(NN) using the
Keras Sequential API for cancer classification. The study aims to contribute to the field of cancer
research by providing insights into the utility of machine learning techniques in improving early

detection and risk assessment.

1.4.2 Limitations

This study, while ambitious in its scope, is subject to several inherent limitations that may temper

the breadth and applicability of its findings. Among these limitations is the potential variability in
the availability and quality of miRNA expression data obtained from the Genomic Data Commons
(GDC), which may notably influence the reliability and generalizability of the machine learning
models developed. Moreover, the efficacy of the models is contingent upon the unique
characteristics of the dataset and the specific cancer types under consideration, thereby
necessitating caution in extrapolating findings to broader contexts. Additionally, the feature
selection process may inadvertently overlook pertinent features germane to cancer prediction,
warranting further investigation into alternative feature selection methodologies or the integration
of domain-specific knowledge. Notably, despite efforts to bolster model interpretability through
visualization techniques, specific machine learning models, particularly NN, may exhibit
diminished interpretability due to their inherent complexity. Lastly, the computational demands
entailed in training and evaluating multiple machine learning models, particularly NN, may impose
constraints on the scalability and complexity of the analyses conducted in this study, thus

warranting judicious allocation of computational resources.



In recognition of these constraints, this study endeavors to provide a transparent and
methodologically rigorous examination of the application of machine learning methodologies in
cancer prediction while remaining cognizant of the attendant limitations that may impact the

robustness and generalizability of its findings.

1.5 Definition of Terms

miRNA Expression Data: Quantitative measurements of microRNA levels in biological samples

crucial for understanding gene regulation and identifying biomarkers in cancer research.

Genomic Data Commons (GDC): A centralized repository managed by the National Cancer

Institute (NCI) that hosts diverse genomic and clinical datasets, including miRNA expression data,

to facilitate collaboration in cancer genomics research.

Machine Learning Methods: Algorithms enabling computers to learn from data and make

predictions without explicit programming.

Feature Selection: Identifying pertinent dataset features to enhance model performance and

interpretability.

Neural Network Model: Computational models inspired by the structure of biological neural

networks.



Literature Review

2.1 Cancer

Cancer, a formidable challenge in health, comprises a diverse array of diseases marked by the
uncontrolled growth and spread of abnormal cells within the body (Nenclares and Harrington
2020). The complex characteristics of this disease lead to different types of cancer, each with
distinct difficulties in diagnosis, management, and prognosis. Over 20 million additional instances
of cancer are expected annually by 2025, according to global demographic trends, which point to

an increasing incidence of the disease in the future decades (Valery et al. 2018).

Based on GLOBOCAN data from 2012, there were 8.2 million cancer-related deaths and about
14.1 million new cases of cancer (Ferlay et al. 2013). Prostate, lung, bronchus, colon and rectum,
and urinary bladder cancers were the most common cancer types in men. The breast, lung and
bronchus, colon and rectum, uterine corpus, and thyroid were the areas in which women
experienced the highest incidences. The aforementioned data indicates that a considerable
proportion of cancer cases in men and women are related to prostate and breast cancer, respectively
(Ward et al. 2019). The most common malignancies in children were those of the blood, brain, and
lymph nodes (Miller ef al. 2020). Incidence and mortality from cancer are still caused mainly by
lung cancer worldwide (Thandra et al. 2021). Worldwide, there were projected to be 19.3 million
new cases of cancer in 2020, along with roughly 10 million cancer-related deaths (Li 2022). The
World Health Organization highlights the critical need for novel strategies to comprehend and treat
cancer, pointing out that it is a leading cause of illness and mortality worldwide (W.H.O., 2018).

2.2 Cancer Diagnosis

Cancer diagnosis is a complex process in modern oncology, continually advancing with

improvements in medical technology, diagnostic techniques, and understanding of cancer biology.
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During the preliminary stage, clinical assessments conducted by healthcare professionals play a
vital role in identifying symptoms and potential signs of malignancy (Sawicki et al. 2021).
Subsequently, imaging technologies like X-rays, CT scans, MRI, and PET scans provide detailed
images of tumors (Mankoft 2007). Biopsy procedures, where tissue samples are extracted and
analyzed, confirm cancer diagnosis by identifying cancer cells and determining tumor
characteristics (De Mattos-Arruda et al. 2015). Molecular pathology and genomic profiling have
revolutionized cancer diagnosis by allowing the examination of tumors at a genetic level, leading
to personalized treatment approaches (Roychowdhury ef al. 2011). Via the use of liquid biopsy
techniques and blood-based biomarkers such as circulating tumor cells (CTCs) and circulating
tumor DNA (ctDNA), diagnostic capacities can be improved by non-invasively tracking tumor

activity in real-time (Soda 2021).

2.3 Early Detection of Cancer

Early cancer detection greatly increases the chances of survival. On the other hand, the majority
of malignancies are discovered at an advanced stage (Llewellyn et al. 2018). Improving cancer
survival rates requires early identification of the disease. The goal of early detection is to find signs
of cancer or precancerous changes as soon as possible, allowing for prompt treatment to increase
survival chances and reduce complications. This process involves identifying cell abnormalities
that may lead to cancer, including cancer itself and early changes that could develop into cancer
(Blandin Knight ef al. 2017). Screening is a component of early detection that involves testing
people who do not exhibit symptoms (Raffle and Gray 2019). For example, identifying minimal
residual disease and cancer recurrence is directly related to these principles and other facets of
cancer care. The ultimate objective is to identify and treat possible health problems before they

become life-threatening or seriously impair an individual’s quality of life.



Early cancer detection is a multi-stage process that begins with regular cell activity and advances
to cancer development (Rezaeipanah and Ahmadi 2022). This entails recognizing the malignancy
as well as any precursor changes that can eventually result in cancer. Testing individuals who do
not exhibit symptoms is known as screening, one facet of early detection initiatives. The principles
of early diagnosis are intimately related to various facets of cancer care, including the identification
of minimal residual illness and cancer recurrence (Tran et al. 2021). The ultimate goal is to identify
and manage possible health problems before they cause severe illness or death within an

individual’s expected lifespan.

While early identification boosts survival in all groups, around 70% of cancer deaths happen in
low- and middle-income nations (Crosby et al. 2022), frequently as a result of delayed diagnosis.
For example, from the 1970s to 2011, Black sub-Saharan African women’s rate of late-stage breast
cancer detection consistently maintained over 60%, but in the US, Black women’s incidence of
late diagnosis dropped from roughly 60% to 32% during the same period (Jedy-Agba et al. 2016).
Certain cancers with practical early detection tests, like cervical cancer, exhibit significantly higher
mortality rates in low human development index (HDI) countries compared to high HDI countries
(19.8 versus 3.1 deaths per 100,000, respectively), while other cancers without early detection tests
show less variation (e.g., stomach cancer, 5.0 versus 4.0 deaths per 100,000, respectively) (Crosby

et al. 2022).

A significant equity issue is raised by the worldwide dilemma of late-stage cancer identification,
which is made worse in environments with limited resources (Haier and Schaefers 2022). When a
patient receives a later-stage cancer diagnosis, they may forfeit the chance for a curative
intervention, and costly systemic treatments frequently result in worse outcomes and severe side

effects. Significant improvements in patient outcomes could result from additional research

10



focused on applying early detection techniques to different forms of cancer.

2.4 Importance of cancer detection

It is impossible to overstate the significance of early cancer detection, as it significantly influences
patient outcomes, treatment approaches, and overall survival rates. Early cancer detection makes
it possible to identify the disease earlier when it is more contained and potentially treatable. At this
point, different therapeutic interventions, such as surgery, targeted therapies, and chemotherapy,
have a higher chance of being successful (Lee et al. 2018). Removing tumors surgically or
administering targeted treatments in an early stage greatly increases the likelihood of successful

treatment.

Early identification of cancer often enables more targeted and less aggressive treatment options
(Schiffman et al. 2015). For instance, cancer may require more involved and invasive therapies if
it 1s discovered in its later stages, which could increase side effects and lower the patient’s quality
of life. Early detection can lessen the need for these intense interventions, easing the physical and

psychological toll that therapy takes on patients.

Early cancer detection has financial advantages for healthcare systems and improves patient
outcomes. According to Mariotto et al. (2011), treating cancer in its early stages is less expensive
than handling instances that have progressed. The latter entails more significant costs associated
with extended hospital stays and costly procedures. Healthcare systems that want to deploy

resources as efficiently as possible must prioritize this cost-effectiveness.

The direct link between early identification and higher survival rates is possibly the most robust
case in favor of it. Early cancer detection increases the likelihood that it will be successfully

treated, extending the affected person’s life expectancy (Allemani et al. 2018). The significant

11



influence that early identification can have on the overall prognosis of cancer patients is

highlighted by the disparity in survival rates between early and late-stage diagnoses.

It also significantly enhances the biological well-being of cancer survivors. Early intervention
frequently involves less invasive treatments to reduce physiological stress and expedite recovery
(Burback et al. 2024). People can thereby maintain their best possible physiological state and

general well-being throughout and after treatment.

Programs for systematic early detection have the potential to improve population health generally.
These programs can potentially lower the total burden of cancer and related healthcare
expenditures by detecting and treating cases of the illness at an early stage (Cancer Research UK,
2020) (UK 2020). Initiatives for population-level screening for common malignancies, including
colorectal, cervical, and breast cancer, have shown the value and viability of early detection

techniques (Dare ef al. 2021).

2.5 Challenges Faced with Early Diagnosis

According to Dagogo-Jack et.al (2018), there are still ongoing issues in the diagnosis of cancer
because the disease is heterogeneous, there are gaps in early detection techniques, and there are
differences in the accessibility of diagnostic assistance. As a significant advance in accuracy,
especially in radiological imaging and pathology, the integration of artificial intelligence (Al) and
machine learning (ML) in cancer detection constitutes a breakthrough (Topol 2019). As
advancements continue, the focus is on improving existing procedures, investigating novel
diagnostic approaches, and tackling the complex problems associated with providing a cancer

diagnosis to those affected.

12



2.6 Machine Learning

Machine learning has revolutionized medical diagnosis, particularly in cancer, where accurate
tumor diagnosis is crucial (Igbal et al. 2021). Classifying tumors can be challenging because
lesions can range from benign to malignant. Using machine learning algorithms to analyze medical
imaging data is an innovative way to increase the efficiency and accuracy of malignant tumor

classification (Erickson et al. 2017).

Cancerous tumors can vary widely in size, form, and properties depending on their origin. Tumors
are commonly detected by imaging techniques such as magnetic resonance imaging (MRI),
computed tomography (CT), and ultrasound (Kong et al. 2019). Without a thorough evaluation, it
can be challenging to determine the precise type of tumor and distinguish between benign and

malignant growths.

Machine learning transforms traditional rule-based techniques for classifying cancer tumors into
automated, data-driven procedures (Sarker 2021). These systems, equipped with sophisticated
algorithms, can process extensive image collections, recognize intricate patterns, and provide
quick, precise predictions. The primary objective is to support medical practitioners in making
well-informed decisions that may lead to early interventions, customized treatment plans, and

improved patient outcomes for all types of cancer.

2.6.1 Supervised learning algorithm for tumor classification

A key component of machine learning is supervised learning (SL), where the objective is to acquire
the ability to precisely map input data to match output labels (Abdulqader ef al. 2020). Each
instance of input data in this learning process is linked with a predefined output label through the

use of labeled training data. The algorithm analyzes patterns and relationships in the data by

13



analyzing these annotated samples. The ultimate goal is to create a model capable of precisely
predicting outputs for brand-new, untested input data. Figure 2.1 shows a flowchart for supervised

learning.

Support Vector Machine (SVM)

A reliable and adaptable method used to address a wide range of classification issues is the SVM
(Awad et al. 2015). Its fundamental idea is to find the best boundary—a hyperplane—that
maximizes the distance between the dataset’s various categories. This hyperplane is positioned to
be equally distant from the nearest data points in each category to create a margin depicting the
separation degree. A more considerable margin usually indicates higher categorization accuracy.
Determining the hyperplane depends heavily on support vectors, essential data points on the
margin’s edge. The efficacy of SVM is not limited to a single dataset type; it may also be applied
to datasets with complex patterns that are difficult to divide using a straight line (Campbell and
Ying 2022; Ghosh et al. 2019; Gaye et al. 2021). It uses many methods, such as linear approaches
and the radial basis function (RBF), to identify the best hyperplane for accurately classifying the
data. SVM is appropriate for both small- and large-scale applications since it can handle datasets

of different sizes and performs well in high-dimensional environments (Ghosh et al. 2019).

The SVM optimizes the separation between the separating hyperplane and the support vectors to
offer the best possible separability between classes (de Boves Harrington 2015). The mathematical

definition of the linear separating hyperplane in the feature space is as follows:

y=1Tx;+d

where Xx; is a feature vector of a binary class, d is an intercept, and I is the norm vector of the

14



Figure 2. Supervised Learning Flowchart
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separating hyperplane for the two classes. The cost function of 1 is expressed as:

1 E
SQI) =5 IUP+C Y k
i=1
Subject to:
in(lTxi+d)2(1—ki) kLZO
where C is the regularization parameter, k; indicates the classification errors, E represents the

number of misclassified samples, and y; denotes the class label.
Logistic Regression (LR)

LR is a machine learning technique mainly applied to binary classification issues, meaning the
solution is either yes or no (Strickland 2017). It uses a mathematical model designed to forecast
things based on input data. Because of its adaptability, LR can forecast whether an observation
falls into a specific category, making it suitable for handling progressively complicated
circumstances. The benefits of LR include low preprocessing requirements for input data, ease of
training, computing efficiency, and simplicity (Awad et al. 2023). However, its inability to solve
more complicated problems and occasional tendency to focus too much on details can be a

disadvantage.
Decision Tree Algorithm

The decision tree (DT) is one kind of categorization algorithm. It grows the tree using a divide-
and-conquer tactic (Priyanka and Kumar 2020). The data instances are connected by a variety of
characteristics. Nodes and leaves comprise a decision tree. A decision tree’s leaves display the
kinds of events that satisfy the criteria, while nodes represent checks on feature values. The answer

is either “true” or “false”. Rules can be constructed from the root node to the leaf, and the nodes

16



met on the way are required for the rule to predict the class at the leaf (Song and Ying 2015). Trees

must be pruned to remove unnecessary preconditions and redundancy.

Random Forest (RF)

Building a strong “forest” out of several decision trees is the basis of the RF, a supervised learning
method that may be used for both regression and classification tasks (Quatrini et al. 2020). RF
builds decision trees from various datasets, combines their predictions, and uses a voting process
to choose the best option. This process is similar to how a forest becomes stronger with more trees.
RF reduces overfitting by combining results collaboratively, outperforming a single decision tree.
RF creates a varied forest by combining several decision trees and using feature randomness and
bagging to construct a classification rule set (Dhilsath and Samuel 2021). The combined
predictions of all the trees provide a more precise and complex outcome than any one tree could

have done on its own.

K-Nearest Neighbors (KNN)

A straightforward machine learning technique for classifying data is the KNN algorithm. To
identify the most similar data points, it compares newly collected data with existing ones
(Shokrzade et al. 2021). Based on the classification of the most comparable points, the category
of the new data point is then guessed. KNN is renowned for being straightforward and for doing
well with noisy data. For precise forecasts, it is crucial to determine the appropriate number (“k”)
of similar points to consider. KNN can process various kinds of data; however, it might not
function effectively in massive datasets or where the data is poorly organized (Ali et al. 2019).
KNN is a helpful machine learning tool overall, particularly for smaller tasks or where simplicity

is preferred.
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Gradient Boosting

Known for its accuracy in predicting outcomes, GB is a potent machine-learning approach (Zhang
and Haghani 2015). It functions through a sequential combination of several basic models, such as
decision trees. All subsequent models fix the errors of their predecessors. GB builds a robust
prediction model by assigning greater weight to models that accomplish well (Bentéjac et al.
2021). Tasks like category, quantity, or ranking prediction are done with it. GB has become even
more efficient with the development of variants like AdaBoost and XGBoost (Bentéjac et al. 2021,
Aziz et al. 2020). For many prediction problems, this approach is helpful because it works well
with complex data relationships. Since Friedman and his colleagues first proposed the concept of
GB in 2000, it has grown to be one of the most effective machine learning techniques (Freeman et

al. 2016).

2.6.2 Unsupervised learning

Unsupervised learning is a data-driven method that analyzes unlabeled data in isolation from
people (Naeem et al. 2023). This technique is often used for exploratory tasks, significant trend
and structure finding, generative feature extraction, and data cluster identification. Activities
including feature learning, density estimation, grouping, dimensionality reduction, anomaly
detection, and association rule discovery are all included in unsupervised learning (Malik and
Tuckfield 2019). Unlike supervised learning, unsupervised learning does not depend on
predetermined correct or wrong answers or outside assistance. Instead, computers find and expose
interesting structures in the data on their own. Algorithms for unsupervised learning take input
data and use the features it has learned to classify fresh data. This approach is especially beneficial
for feature reduction and clustering, which improves our comprehension of complex relationships

and patterns in the data (Alelyani ez al. 2018).
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2.6.3 Semi-supervised learning

Semi-supervised learning is a hybrid strategy, amalgamating elements of supervised and
unsupervised approaches by leveraging labeled and unlabeled data (Yang et al. 2022). The main
goal of a semi-supervised learning model is to improve prediction performance beyond what is
possible with labeled data alone. This methodology finds valuable applications in machine
translation, fraud detection, text categorization, data labeling, and other areas (Duarte and Berton
2023). Semi-supervised learning, as opposed to traditional supervised techniques that depend on
labeled data, contains elements of both supervised and unsupervised machine learning approaches

and is especially helpful when getting labeled data is a time-consuming procedure.

2.7 Integration of Multi-Modal Data for Cancer Classification

Machine learning is used to classify cancer by capturing different aspects of cancer biology and
patient characteristics using numerous data types. To create reliable and accurate machine learning
models for cancer diagnosis, prognosis, and treatment, several data categories offer abundant

information.

2.7.1 Gene Expressions

Machine learning approaches have significantly impacted gene expression analysis, especially in
detecting and categorizing cancer. This is essential for identifying cancer early and comprehending
its underlying genetic traits. Genome research has entered a revolutionary phase, transitioning
from classic machine learning techniques to deep learning approaches.

Machine learning can effectively predict cancer subtypes in several investigations, such as those
conducted by

Chen et al. (2014) and Golub et al. (1999). Darweesh et al. (2021) have shown the prospective

performance of decision tree models that use hierarchical techniques and particle swarm

19



optimization algorithms for breast cancer screening using mammography pictures. In research like
Ali et al. (2023), it has been shown that simpler algorithms like SVM and RF work well for
classifying microarray breast cancer data. The efficacy of ensemble-based approaches in
classifying lung cancer is a noteworthy example of this research area’s complexity (Pradhan et al.

2023).

Conclusively, investigations highlight the potential of machine learning methods in precisely
classifying cancer kinds according to gene expression information, providing paths for enhanced
diagnosis and treatment approaches. Ontology-driven machine learning models and empirical
assessments of neural network-based approaches for gene expression analysis are two examples
of the ongoing research gaps. Machine learning applications in cancer classification can be
advanced through targeted analysis of particular cancer types, including ovarian cancer, as Merlin

& Sathiaseelan (2021) noted.

2.7.2 Imaging Analysis

The field of cancer classification using machine learning in conjunction with imaging data analysis
is developing quickly and has great promise for influencing cancer detection and therapy.
Researchers want to reliably diagnose and describe distinct types of cancer by automating the
processing of many medical imaging scans, such as CT, MRI, mammography, and PET scans, by
utilizing machine learning techniques, including convolutional neural networks (CNNs) and
SVMs (Lee and Chen 2015; Zhang and Sejdi¢ 2019). Machine learning algorithms can accurately
distinguish malignant and benign tissues since they are trained on annotated datasets to identify
discriminative features suggestive of malignant tumors (Saba 2020). Moreover, a thorough

understanding of tumor biology and behavior is made possible by integrating data from many
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imaging modalities, making accurate tumor segmentation and measurement for treatment planning

and monitoring possible.

It has been widely studied how to classify cancer using machine learning on imaging data,
particularly in the detection of brain tumors and breast cancer. The need for machine learning for
precise histopathology-based breast cancer diagnosis was highlighted by Saxena & Gyanchandani
(2020). The potential of deep learning in medical image analysis was brought to light by Litjens et
al. (2017). This is important for tasks like picture classification and segmentation in cancer
classification. With an emphasis on computational opportunities and problems, Manhas et al.
(2021) evaluated automated cancer diagnosis utilizing deep learning and machine learning
techniques. While Khan et al. (2023) focused on MRI-based brain tumor image classification using
CNN, Darweesh et al. (2021) proposed a hierarchical machine learning approach for early breast
cancer diagnostics based on mammography images, highlighting the growing interest in medical

image classification for brain tumors.

All of this research demonstrates how crucial machine learning and deep learning methods are for
accurately classifying cancer from medical imaging data, particularly for diagnosing breast cancer
and brain tumors. Nevertheless, there remains a research gap in the application of machine learning
for the classification of cancer using imaging data in additional cancer types, like ovarian, prostate,
and lung cancer. To help create reliable and broadly applicable models for cancer detection and
classification, future studies may investigate machine-learning approaches for precise cancer

classification across a range of imaging modalities and datasets.

2.8 Current state of cancer research

Applying machine learning techniques in cancer prediction research is essential in transforming

cancer treatment and diagnosis approaches. Machine learning algorithms encompass supervised
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and unsupervised learning methods widely used in cancer prediction, such as risk evaluation, early
identification, tumor characterization, therapy response prediction, and survival analysis.
Prominent developments in risk assessment include thoroughly examining extensive
epidemiological databases, which forecast an individual’s propensity for cancer by considering
various multifactorial factors (Kourou et al., 2015). Liu et al. (2019) have proven that machine
learning techniques, specifically those that employ CNNs, provide encouraging results when it
comes to automating lesion detection and categorization in medical imaging data. This enhances

diagnostic accuracy.

Furthermore, machine learning techniques significantly advance the characterization of tumors
and their classification by using genomic and clinical data to predict therapy response, identify
molecular subtypes of tumors, and tailor effective treatment plans. Coudray et al. (2018) provide
an example of how deep learning techniques enhance treatment results for cancer patients by
enabling the development of predictive models based on gene expression profiles. These
developments highlight how machine learning in cancer prediction has the potential to
revolutionize the field by offering previously unattainable insights into the biology of cancer and

the mechanisms underlying treatment response.

Machine learning-based cancer prediction research currently includes many studies using different
data modalities, and approaches focused on improving our knowledge of cancer prognosis, risk
assessment, and treatment results. Together, these studies demonstrate the multidisciplinary nature
of cancer prediction research, from the extensive cancer statistics provided by Siegel et al. (2022)
to the creative approaches to predictive modeling and data integration put forth by Yang et al.
(2021) and Lobato-Delgado et al. (2022). Furthermore, the groundbreaking studies by

Haldavnekar et al. (2020) and Zhou et al. (2023) demonstrate the potential of machine learning in
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predicting the fate of cancer stem cells and the prognosis of postoperative gastric cancer,
respectively, highlighting the ongoing progress in this area and the increasing importance of

machine learning-driven approaches in improving cancer patient outcomes.
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Methodology

This section discusses the methods employed in this research. All codes were written with python
programming language, including Python libraries on Jupyter notebook. Figure 3.1 shows a

schematic view of this section.

3.1 Clinical Dataset Collection

The data collection and preprocessing procedure aimed to obtain miRNA expression data from the
Genomic Data Commons (GDC) using the GDC API. The process begins by extracting sample
IDs from a manifest file, which serve as key identifiers. A payload is then constructed to query the
GDC API, specifying the data type as ‘miRNA Expression Quantification’ and filtering files based
on the obtained sample IDs. A POST request to the GDC API is used to retrieve metadata
associated with the selected samples, including important patient information, disease types, and

file details.

After obtaining the data, miRNA expression files for the specified samples were retrieved from the
GDC API. These downloaded files, organized by sample types, contained the necessary raw
genomic information for subsequent analysis. During preprocessing, each miRNA expression file
was individually processed. This involved transposing the files to reorient the data and extracting
relevant details from the metadata file. A label dictionary (labelDict) was used to assign labels

based on associated disease types to improve interpretability.

3.2. Machine learning techniques and optimization methods

Five well-known machine learning methods were considered in this study: KNN, GB, SVM, RF,

and LR.
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Figure 3. Schematic diagram of the work
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3.2.1 Data exploration and cleaning

The dataset’s dimensions and characteristics were explored, revealing key insights. The dataset
was scrutinized for missing values (A), and the absence of null entries ensured a robust foundation
for subsequent analyses. The dataset comprises samples from diverse cancer types. Less-
represented groups were eliminated to correct the sample’s distributional imbalances (B).
Choosing an equal number of records randomly for each class, depending on the minimum class

size, was crucial (C).

3.2.2 Data preprocessing

The preprocessing began by separating the feature values (X) and class labels (y) from the original
genomic expression dataset, ensuring they were in a format suitable for machine learning in the
scikit-learn framework (D). The feature matrix, represented as X, contained gene expression
profiles from various samples, while the target vector, denoted as y, indicated the cancer types for
each sample. The LabelEncoder was used to translate categorical class labels into numerical values
to prepare for efficient model training (E). The dataset was divided into training and test sets after
encoding (F). The dataset was divided into test and training sets after encoding. Further analysis
of the models during training involved separating the training set into separate subsets for training
and validation. By scaling feature values to a range of 0 to 1, data normalization techniques were
used to increase the robustness of the model (G). These preprocessing steps ensured the dataset
was adequately formatted, encoded, and normalized, laying a strong foundation for developing

precise and resilient classification models.

3.2.3 Feature selection
Using the mutual info classif function from scikit-learn, we computed mutual information (MI)

scores between the normalized feature set and encoded target labels. By quantifying the
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informational link between specific target labels and particular features, these MI scores offer
valuable insights into the relevance of the data for the classification task. The top 400 features
were then chosen (though this number can be changed for experimentation) from a sample of
features sorted according to their mutual information scores. Keeping the indices corresponding to
the highest-ranking features and sorting the MI scores in descending order were part of the
selection procedure (H). The feature sets for the training, validation, and test datasets were then
updated using these chosen features. This approach aims to enhance model interpretability and

improve classification performance by focusing on the most informative features.

3.2.4 Classification

This research project encompassed the application of six distinct classifiers—RF, LR, SVM, GB,

KNN, and NN for cancer classification.

RF, LR, SVM, GB, KNN, and MLP were the six classifiers used in this research project to classify
cancer. Each classifier was configured in a framework of one against the other to predict a class
from the other. The training dataset was used to train each classifier independently on the chosen
feature set. The classifiers included RF, LR (using the’ sag’ solver with a maximum iteration limit
of 5000 to assure convergence), SVM (with a linear kernel), GB, KNN, and MLP. Subsequently,
forecasts were generated using the test dataset, and thorough performance assessments were

carried out.

3.2.5 Performance metrics
Performance Metrics such as accuracy, precision, recall, and F1-score were computed, providing
a holistic assessment of each classifier’s discriminative capabilities. The mathematical

representation of the measures mentioned above is calculated as follows:
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TP+TN

1. Accuracy (ACC) = m (1)
.. _ TP ..
2. Precision (P) = e (11)
3. Recall (R) or Sensitivity or True Positive Rate = —— (iii)
TP+FN
4. Fl-Score=2 x & (iv)
P+R

Where:

TP is the number of true positives (correctly predicted positive samples)

TN is the number of true negatives (correctly predicted negative samples)

FP is the number of false positives (incorrectly predicted positive samples)

FP is the number of false negatives (incorrectly predicted negative samples)

Furthermore, classification reports and confusion matrices were generated, offering insights into
the model’s performance for each cancer type. The study culminated in a comparative analysis of

the classifiers, identifying the most suitable approach for multi-class cancer classification.

3.2.6 Build the neural network model

Using the Keras Sequential API, a NN model was built in this study to categorize various forms
of cancer. The model comprised three layers: an output layer with 10 neurons and two hidden
layers with 40 and 20 neurons each. Softmax was utilized to translate the model’s outputs into
probabilities for each type of cancer, boosting its capability to predict many types. The model was
trained with a particular learning rate using the Adam optimization method, and its performance
was assessed using a particular kind of loss function. A different dataset was used to evaluate the

model’s learning progress during several training epochs. The model’s accuracy in predicting
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various cancer kinds was then evaluated using a fresh dataset. During training, the model’s
performance was shown through graphic representations. Algorithm 1 outlines the key steps

performed in this methodology.

Algorithm 1: Cancer Classification using Machine Learning

Data Loading and Exploration:
Input: Dataset file path
Output: DataFrame containing the dataset
Algorithm:
Load the dataset into a DataFrame using the provided file path.
Display the shape of the DataFrame to show the number of rows and columns.
Use the describe method to generate descriptive statistics of the dataset.
Print the names of the first three columns.
Print the name of the last column.
Check for missing values and display the columns with missing values.

Display the distribution of classes in the dataset using a bar chart.

Data Preprocessing:
Input: DataFrame
Output: Preprocessed DataFrame with balanced classes
Algorithm:
Remove columns with missing values.
Visualize the class distribution and remove classes with fewer records.
Balance the dataset by randomly selecting an equal number of records for each class.
Split the dataset into training, validation, and test sets.

Normalize the feature values between 0 and 1 using Min-Max scaling.
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Feature Selection:

Input: Training and validation sets

Output: Selected features for training and validation sets
Algorithm:
Compute Mutual Information scores for each feature.
Select the top features based on their scores.

Extract the selected features from the training, validation, and test sets.

Model Training:
Input: Selected features and corresponding labels for training and validation sets
Output: Trained machine learning models

Algorithm:

Train multiple classifiers (RF, LR, SVM, GB, KNN, MLP) using the selected features and labels.

Train a NN model using TensorFlow/Keras with the selected features and labels.

Model Evaluation:
Input: Trained models, test features, and corresponding labels
Output: Performance metrics and visualizations
Algorithm:
Evaluate each classifier’s performance using accuracy, precision, recall, and F1-score.
Generate a classification report and confusion matrix for each classifier.
Plot ROC curves for multi-class classification.

Train and evaluate the NN model, plot training and validation accuracy/loss curves.
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Results

4.1 Data Exploration and Cleaning

The dataset comprises 2,507 samples and 1,881 features, providing a rich reservoir of genomic
information for analysis. The initial examination revealed diverse gene expression levels across
samples, indicative of the complex molecular landscape underlying different cancer types.
Descriptive statistics offered valuable insights into the distribution and variability of gene
expression, setting the stage for further investigation into potential biomarkers and therapeutic
targets. Moreover, the absence of missing values underscores the dataset’s completeness,
facilitating seamless data preprocessing without the need for imputation techniques that could

introduce bias.

Analysis revealed the presence of five distinct classes, with liver cancer (920 samples) emerging
as the most prevalent, followed by brain and skin cancers with 637 and 455 samples, respectively
(Fig 4.1). This distribution provided valuable context for subsequent analyses, highlighting the
need to address class imbalances to prevent bias in classification models. Furthermore, identifying
and excluding classes with limited representation, such as ‘Stomach’ and ‘unknown’ labels with
39 and 22 samples, respectively, demonstrated a proactive approach to data refinement, ensuring

the focus remains on the most well-represented and clinically relevant cancer types.

To mitigate class imbalance, we employed a random sampling approach to select an equal number
of records for each cancer type based on the minimum count of records per class (Fig 4.2). This
balanced sampling strategy enhances the dataset’s suitability for machine learning algorithms,

reducing the risk of biased predictions and improving model generalization.
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Figure 4. Cancer types class distribution
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Figure 5. Cancer types class distribution based on random sampling.
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4.2 Data Preprocessing

The data preprocessing phase successfully prepared the dataset for machine learning modeling,
with meticulous steps ensuring its integrity and compatibility with algorithms. By separating
features from the target variable, encoding categorical labels, and stratifying data split into training,
validation, and test sets, the groundwork was laid for rigorous model training and evaluation. The
features (X) and the target variable (y) were separated to conform to the input requirements of
machine learning algorithms. The feature matrix (X) contains 2,446 samples and 1,881 features,
while the target array (y) contains corresponding class labels for each sample, encoded numerically
for compatibility with machine learning models. Furthermore, data normalization has standardized
feature values, mitigating biases and enhancing model performance. These comprehensive
preprocessing steps establish a solid foundation for subsequent analysis, facilitating the
exploration of intricate gene expression patterns and the development of accurate cancer

classification models.

4.3 Feature Selection

Leveraging the mutual information algorithm, the relevance of each feature was computed,
enabling the selection of the top N features deemed most pertinent to the classification task. In this
case, selecting the top 400 features from the normalized dataset has substantially reduced its
dimensionality while preserving the critical information necessary for accurate classification. The
resultant feature-selected datasets for training and testing exhibit a refined structure, with
dimensions reduced to 1564 samples for training, 490 samples for testing, and 392 samples for
validation, each with 400 selected features. These datasets were poised for utilization in machine
learning modeling, where the retained features are expected to contribute significantly to the

model’s predictive performance.
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4.4 Performance of Algorithms

4.4.1 Precision

The precision scores obtained from the classification data demonstrated notable variations across
different cancer types, reflecting the diverse performance of the machine learning algorithms in
correctly identifying instances within each class. Among the classifiers, as seen in Table 4.1a, the
RF and NN exhibited exceptional precision scores across all cancer types, with RF achieving
precision scores of 0.98 for Bladder, 0.99 for Brain, Liver, and Skin, while NN achieved precision
scores of 0.97 for Bladder, 1 for Brain and Liver, and 0.99 for Skin. These results highlighted the
robustness of RF and NN in accurately distinguishing between various cancer types, with minimal
false positives. Conversely, KNN classifier demonstrated lower precision scores, particularly for
Bladder and Skin cancers, achieving scores of 0.94 and 0.96, respectively, indicating a

comparatively lower accuracy in correctly identifying instances within these classes.

4.4.2 Recall Scores

Several key observations arise in reviewing the provided classification data, as seen in Table 4.1b,
outlining recall scores for different cancer types across various machine learning algorithms. SVM
exhibited outstanding performance, with near-perfect recall scores across all cancer types, notably
achieving 0.99 for Bladder, Brain, and Skin cancers and an impressive 0.98 for liver cancer
detection. RF and GB methods also demonstrated robust performance, consistently achieving high
recall scores above 0.98 across all cancer types. However, LR and KNN algorithms exhibited
slightly lower recall scores, particularly for bladder and liver cancer detection, with LR achieving
0.96 and 0.98 for bladder and liver cancers, respectively, and KNN scored 0.94 for Bladder and

0.96 for liver
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Table 1. Performance Metrics

RF
LR
SVM
GB
KNN
NN

RF
LR
SVM
GB
KNN
NN

(a)
PRECISION
Bladder Brain  Liver Skin
0.98 0.99 099 0.99
0.95 1 0.98 0.99
0.96 1 1 0.99
0.97 0.99 0.99 1
0.94 1 0.97 0.96
0.97 1 099 0.97
(c)
F1-SCORE
Bladder Brain  Liver Skin
0.98 0.99 099 0.99
0.95 0.99 0.98 0.99
0.97 1 099 0.99
0.97 0.99 099 0.99
0.94 1 0.97 0.97
0.97 1 099 0.98

RF
LR
SVM
GB
KNN
NN

RF
LR
SVM
GB
KNN
NN
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(b)
RECALL

Bladder Brain Liver Skin

0.98 0.99 0.99 0.99

0.96 0.98 0.98 0.99

0.99 1 0.98 0.99

0.98 0.99 0.99 0.99

0.94 0.99 0.96 0.99

0.98 0.99 0.98 0.99

(d)
OVERALL PERFORMANCE
Accuracy Precision Recall FL-

score
0.9886 0.9898 0.9898 0.9898
0.9786 0.9797 0.9796 0.9796
0.9904 0.99 0.9898 0.9898
0.9872 0.9878 0.9878 0.9878
0.9697 0.9695 0.9694 0.9694
0.9858 0.9859 0.9857 0.9858




cancers.

4.4.3 F1-Score

Table 4.1¢ provides data on the F1-score metrics. SVM again demonstrated strong performance,
achieving high F1-scores consistently across all cancer types, with notable scores of 0.97 for
bladder and skin cancers and a perfect score of 1 for brain cancer detection. RF and GB methods
also exhibited commendable performance, consistently scoring above 0.97 across all cancer types.
LR showed competitive results, particularly for brain and skin cancer detection, with F1-scores of
0.99. However, KNN and NN algorithms, while achieving perfect scores for brain cancer,
exhibited slightly lower F1-scores for other cancer types, suggesting room for improvement or
optimization in these methods. Overall, these F1-score metrics provided valuable insights into the
efficacy of different machine learning algorithms for cancer classification tasks, with SVM, RF,

and GB algorithms standing out for their robust performance across various cancer types.

4.4.4 Overall Performance Metrics

Table 4.1d provided an overall performance of the algorithms presenting accuracy, precision,
recall, and F1-score metrics for different machine learning algorithms across various cancer types.
The SVM stood out with the highest accuracy of 0.9904, as well as precision, recall, and F1-score,
all at 0.9898, demonstrating its effectiveness across different evaluation metrics. RF also showed
strong performance with an accuracy of 0.9886 and precision, recall, and F1-score, all at 0.9898,
making it a competitive choice for cancer classification tasks. LR and GB methods exhibited
comparable performance, achieving accuracy scores of 0.9786 and 0.9872, respectively, with
precision, recall, and F1-scores around 0.9796 and 0.9878. However, KNN and NN algorithms,
while maintaining reasonable accuracy levels, demonstrated slightly lower precision, recall, and
F1-scores, indicating potential areas for improvement or optimization in these methods
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4.4.5 Confusion Matrix and ROC

The results of the classification model are presented through the confusion matrix, which
showcases the predicted labels against the actual labels. Each cell in the matrix represents the
number of instances where a predicted label corresponds to an actual label. In this case, the RF
classifier performed well, as evidenced by the diagonal elements having high values, indicating
correct predictions. RF accurately predicted 94 instances of Bladder, 126 instances of Brain, 176
instances of Liver, and 89 instances of Skin. However, a few misclassifications are evident in off-
diagonal elements, such as 1 instance of Brain being misclassified as Bladder and one instance of
Skin being misclassified as Liver. To visually represent the confusion matrix, a heatmap was
generated using Seaborn, a Python data visualization library (Fig 4.3). The ROC curve for each
class was then plotted with a dashed line, labeled to denote the class against the rest, accompanied

by its AUC value (Fig 4.4)

The LR classifier, upon analysis, exhibited satisfactory performance, as indicated by
predominantly high values along the diagonal elements, signifying accurate predictions as seen in
Fig 4.5. The model correctly predicted 92 instances of Bladder, 125 instances of Brain, 174
instances of Liver, and 89 instances of Skin. However, there are a few misclassifications evident
in off-diagonal elements, such as three instances of Bladder being misclassified as Liver and one

Instance
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Figure 6. Confusion Matrix using Random Forest Classifier
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Figure 7. Multi-class ROC Curve using the Random Forest Classifier
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Figure 8.Confusion Matrix using Logistic Regression Classifier
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4.5 Neural Network Model Performance

The NN model trained with the specified architecture and parameters achieved impressive results
on the dataset. During the training process, the model quickly converged to high accuracy levels
on both the training and validation sets, with the training accuracy reaching near-perfect levels and
the validation accuracy consistently high. The evaluation of the test set showed that the model’s
predictions closely matched the actual labels (Fig 4.6), indicating robust performance in unseen
data. The loss curves (Fig 4.7) also demonstrated rapid convergence and stabilization, indicating
effective learning throughout the training process. This suggests that the model generalizes well to

new samples, confirming its effectiveness in classification tasks.
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Figure 9. Neural network model performance curve
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Figure 10. Neural network model loss curve
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Discussion

An ever-growing range of multi-class classification problems arises from the investigation of
cancer using gene expression research. There is an increasing need for creative and practical
solutions to address the shortcomings of traditional machine learning techniques, such as

reproducibility and interpretability.

In this study, we have introduced a novel approach for the data-driven classification of multiple
cancer categories using RNA-seq. The principal advantage of our approach is in the robustness
and ease of use of the top-scoring gene sets, which provide clear limits for interpretation based on
biology. Studies like Kaur et al. (2012) and Haibe-Kains et al. (2012) show that recent research

has begun to support these simple models.

The study evaluated the efficacy of six machine learning-based classification algorithms for multi-
class cancer classification: RF, LR, SVM, GB, KNN and NN. SVM showed the best performance
among these algorithms, which is in line with earlier research findings (Wu and Hicks 2021). SVM
was found to be superior to other algorithms, such as ANN, DT, NB, and KNN, in a meta-analysis
by Nindrea ef al. (2018). Furthermore, research on categorizing breast cancer using imaging data
has also demonstrated the efficacy of SVM (La Forgia et al. 2020). Furthermore, SVM’s
superiority over alternative algorithms for breast cancer classification was established by Wu and
Hicks (2021). SVM has demonstrated potential in risk assessment, diagnosis, and outcome
prediction in addition to cancer classification (Kourou et al. 2015; Heidari ef al. 2018), indicating
its possible clinical utility outside the purview of our study. Although SVM’s applications in risk
assessment and outcome prediction were not examined in our study, the literature currently in
publication (Heidari ef al. 2018; Kourou et al. 2015) demonstrates its

superiority over competing algorithms, which is consistent with our findings.
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In a study on liver cancer categorization by Rajesh et al. (2020), RF obtained the most remarkable
accuracy of 80.64%. Furthermore, the accuracy of the SVM classifier for a dataset was only 84.6%,
according to earlier research. It should be emphasized, nonetheless, that taking into account a more
extensive dataset can help to increase this accuracy further. Our results supported this claim,
showing that utilizing a 400-feature dataset increased accuracy compared to the study’s original

dataset, which had only 68 features.

Histopathologists often employ immunohistochemical staining as part of traditional cancer
categorization methods, with additional imaging techniques employed (Wu and Hicks 2021;
Fanizzi et al. 2019). Radiomics is increasingly used as a diagnostic technique (Kogak et al. 2019;
Santos et al. 2019). Although these techniques have demonstrated some efficacy, the machine
learning algorithms suggested in this work present a novel method for precisely categorizing
cancerous tumors, which may supplement currently available imaging modalities. Furthermore,
machine learning algorithms can reduce the likelihood of human error caused by expert tiredness
or inexperience, especially when processing medical data more quickly and thoroughly. Early and
accurate identification of cancer patients, given the aggressiveness and lethality of the disease,

may facilitate timely interventions and ultimately lead to improved outcomes.

Our study demonstrates the potential of machine learning algorithms for classifying various forms
of cancer. However, it is critical to recognize the limitations of our research. Even though we
analyzed and contrasted the performance of five algorithms, our analysis left out many other
classifiers. SVM performs exceptionally well in cancer classification tasks, despite this drawback,

according to prior analyses of alternative methods (Wu and Hicks 2021; Heidari et al. 2018)
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Conclusion

6.1 Conclusions
From the result obtained from this research, the following conclusions were made:

1. The study collected miRNA expression data from GDC, comprising 2,507 samples and
1,881 features. The samples had 920 liver cases, 637 brain cases, 455 skin cases, 435 bladder cases,
39 stomach cases, and 22 unknown cases. The dataset’s completeness and integrity were ensured
through meticulous preprocessing steps, with no missing values requiring imputation techniques.
Descriptive statistics revealed diverse gene expression levels, setting the stage for further
exploration into potential biomarkers and therapeutic targets. Class balancing techniques were also
implemented to mitigate biases and enhance the dataset’s suitability for machine learning

algorithms, ultimately improving model generalization.

2. Six machine learning methods, RF, LR, SVM, GB, KNN, and NN, were used in exploring
and optimizing dataset characteristics for cancer classification. The dataset’s characteristics were
fine-tuned through rigorous experimentation to enhance model performance. Stratified data splits
were employed to ensure representative training, validation, and testing sets. Moreover, data
normalization was applied to standardize feature values, mitigating biases and improving the

algorithms’ ability to extract meaningful patterns from the data.

3. By computing the relevance of each feature, the top 400 features deemed most pertinent to
the classification task were selected. This approach effectively reduced the dataset’s
dimensionality while preserving critical information necessary for accurate classification. The

resulting feature-selected datasets exhibited a refined structure, poised for utilization in machine
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learning modeling, where the retained features were expected to contribute significantly to the

model’s predictive performance.

4. Six trained classifiers were independently evaluated for their performance in cancer
classification. Precision, recall, and F1-score metrics were assessed across various cancer types to
gauge the algorithms’ effectiveness. A notable performance was observed in classifiers such as RF
(0.9886, 0.9898, 0.9898, 0.9898) and NN (0.9858, 0.9859, 0.9857, 0.9858) in Accuracy, Precision,
Recall, and F1-score respectively, which demonstrated robustness in accurately distinguishing
between different cancer types with minimal false positives. SVM also stood out for its outstanding
performance, with an accuracy score of 0.9904, reaffirming its efficacy in cancer classification

tasks.

5. Lastly, this study concluded that the model exhibited impressive results, quickly
converging to high accuracy levels during training. Evaluation of the test set demonstrated the
model’s ability to generalize well to unseen data, confirming its effectiveness in classification
tasks. The rapid convergence and stabilization of loss curves further indicated the model’s capacity
to capture complex relationships within the data. Overall, the NN model showcased promising
potential for improving cancer classification accuracy and contributing to advancements in

personalized medicine.

6.2 Contribution to Knowledge

This study significantly contributes to cancer classification and genomic analysis by providing a
systematic approach to handling miRNA expression data. The study ensures the integrity and
suitability of the dataset for machine learning modeling through meticulous preprocessing

techniques, including class balancing strategies and feature selection methodologies. By
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addressing class imbalances and selecting informative features based on Mutual Information
scores, the study enhances the interpretability of classification models, thereby facilitating a deeper
understanding of the underlying biological mechanisms driving cancer subtypes. Furthermore, the
comprehensive evaluation of six classifiers offers insights into their comparative performance,
guiding researchers in selecting appropriate modeling approaches tailored to specific cancer types

and performance metrics.

Moreover, the successful construction and validation of a NN model for cancer classification
underscore its efficacy in capturing complex relationships within genomic data. This validation
contributes to advancing the application of deep learning techniques in cancer research, promising

improved classification accuracy and novel insights into cancer biology.

As chemical engineers embarking on machine learning-based cancer prediction with large-scale
clinical data, we harness the power of machine learning algorithms to develop predictive models
for early cancer detection and personalized treatment strategies. This effort not only aligns with
the core principles of chemical engineering, emphasizing the analysis and manipulation of
complex systems, but also underscores the importance of innovation and collaboration in
addressing pressing global health challenges. Furthermore, this research venture presents a unique
opportunity to apply fundamental chemical engineering concepts such as process optimization and
systems analysis to the intricate landscape of medical data analytics. Overall, the study’s
contributions enhance the methodologies for analyzing genomic data and hold significant
implications for precision oncology and personalized medicine initiatives, ultimately advancing

our ability to diagnose and treat cancer more effectively.
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6.3 Recommendations

Based on the insights gained from this study, several recommendations emerge to steer future

research and clinical practice within the realm of cancer classification and genomic analysis;

To have a thorough understanding of cancer biology, researchers ought to investigate the
integration of several data types, including protein expression, DNA methylation, mRNA
expression, and miRNA expression. Researchers can get new insights into the molecular pathways
underlying the spread of cancer and identify prospective treatment targets by utilizing multi-omics
data integration techniques.

Furthe research is necessary to improve the interpretability and performance of the model by
exploring feature selection techniques other than Mutual Information scores. Methods that can
enhance the discriminatory strength of machine learning models and provide supplementary
insights into the underlying structure of genomic data include principal component analysis,
autoencoder-based dimensionality reduction, and recursive feature elimination.

Furthermore, they must be validated on external datasets to ensure that produced models can be
applied to other populations and experimental settings. Research institutions and data consortia
working together can make it easier to share data and increase the reproducibility of research
findings, which would improve the accuracy and usefulness of machine learning models in

healthcare settings.

Future studies should also consider the social and ethical ramifications of incorporating genetic
data into treatment. To ensure that genetic research maximizes benefits while reducing risks and
downsides, concerns about patient privacy, data security, and informed permission should be

carefully considered.
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Finally, it is crucial to support the translation of research findings into practice and their sharing
with various stakeholders, such as the public, legislators, and healthcare professionals. Researchers
can optimize their impact on cancer care and public health by involving stakeholders in the study

process and encouraging interdisciplinary cooperation.
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