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Abstract

Prostate cancer is a major public health concern globally, particu-

larly affecting men of African descent who experience higher incidence

and mortality rates. This study aimed to develop predictive mod-

els for prostate cancer risk using machine learning algorithms applied

to data from the Men of African Descent Carcinoma of the Prostate

(MADCaP) consortium at Chris Hani Baragwanath Academic Hospital

(CHBAH).

The study population included 1096 prostate cancer cases enrolled

between January 2017 and December 2021. A retrospective cross-

sectional analysis of secondary data was conducted. Using Python in

Google Colaboratory, we implemented Näıve Bayes, K-Nearest Neigh-

bors (KNN), Decision Tree, Random Forest, and Support Vector Ma-

chine (SVM) models. Data preprocessing followed the Knowledge Dis-

covery in Databases (KDD) methodology, including cleaning, feature

selection, and addressing class imbalance with a hybrid oversampling

technique. Model performance was evaluated using accuracy, precision,

recall, and F1 score.

Results showed that KNN and Decision Tree models achieved the best

predictive performance, with KNN providing high accuracy and Deci-

sion Tree offering interpretability. Random Forest performed well but
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indicated minor overfitting. The study population analysis revealed

significant differences in age across risk categories (H = 2631.90, p <

0.001) and a statistically significant change in PSA levels from referral

to diagnosis (t = 3.20, p = 0.001). Other factors, such as smoking

status, showed no significant association with risk classification.

In conclusion, machine learning models, particularly KNN, show promise

for predicting prostate cancer risk in men of African descent. These

findings support targeted screening and risk stratification in high-risk

populations. Future studies should validate these models across diverse

datasets and consider integrating additional genetic and environmental

factors to improve predictive accuracy and address health disparities.
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Chapter 1

Introduction

This chapter sets the stage for the research by introducing two important topics:

Prostate Cancer (PC) and the role of supervised machine learning (ML) in health-

care. PC is a pressing health issue, particularly in regions where medical resources

are stretched thin, such as Africa. On the other hand, ML, specifically supervised

ML, is an emerging tool that has the potential to transform the way we diagnose

and treat diseases. By bringing these two areas together, this research aims to

explore how ML can help improve PC diagnosis and treatment.

While there have been significant advances in PC care in some parts of the

world, the same cannot be said for every region. Disparities in healthcare ac-

cess and outcomes still exist, especially in countries with fewer resources. In this

context, the combination of medical expertise and advanced technology like ML

becomes even more crucial [1]. This chapter outlines the gaps in current research,

explains why filling these gaps is important, and introduces the research question,

aim, and objectives of the study. The chapters that follow will explore the devel-

opment and evaluation of a ML algorithm designed specifically for PC diagnosis

and treatment.

1



1.1 Background

PC is one of the most common cancers in men around the world, and the situation

is particularly concerning in Africa [1]. In this region, PC is the leading cancer

diagnosis among men and the second most common cause of cancer-related deaths

[2]. In 2020, over 103,000 new and 375,000 deaths cases were reported in Africa,

making up 6.5% of all cancer cases in men [3]. More alarmingly, about 67,000

men lost their lives to PC that year, representing 8.3% of all cancer deaths among

African men [3]. These numbers reveal the heavy burden of PC on the continent,

where access to early diagnosis and modern treatments is often limited [4].

Projections indicate that the global burden of prostate cancer will increase

substantially in the coming decades. Annual cases are expected to rise from 1.4

million in 2020 to 2.9 million by 2040, with annual deaths projected to nearly

double to almost 700,000 during the same period[5]. This surge is anticipated to

affect low- and middle-income countries disproportionately, primarily due to aging

populations and limited access to early detection and treatment services [5].

Worldwide, cancer remains one of the biggest causes of death, with nearly 19.3

million new cases and close to 10 million deaths in 2020 [6]. PC is a major part

of this global health challenge. However, the impact of the disease is felt most

strongly in regions where healthcare systems are unable to provide widespread

screening or early intervention [7]. This situation makes it crucial to develop more

effective diagnostic tools and treatment options, particularly in Africa.

The MADCaP Consortium, which focuses on PC in men of African descent, is

working hard to address the high rates of the disease through collaborative research

[8]. This group connects researchers from across Africa and beyond, allowing them

to share insights and resources. The collaboration is important because men of

African ancestry are at a higher risk of developing aggressive forms of PC and often
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have worse outcomes. By studying the genetic, environmental, and social factors

that contribute to these patterns, the MADCaP Consortium aims to improve how

PC is understood, diagnosed, and treated in African populations.

In this study, the concept of progressiveness refers to the degree to which

prostate cancer advances from lower-risk to higher-risk stages. Prostate cancer

progression is typically evaluated using clinical indicators such as prostate spe-

cific antigen (PSA) levels, Gleason score from biopsy, tumor volume, and imaging

or staging assessments. A patient is considered to exhibit disease progressiveness

when there is a measurable escalation in any of these markers, for example, a faster

PSA doubling time, an increase in Gleason grade on repeat biopsy, or evidence

of tumor growth on imaging. Understanding progressiveness is crucial, as it helps

identify patients who may require more aggressive interventions and informs pre-

dictive modelling efforts aimed at anticipating shifts to higher-risk categories[9].

By operationalizing progressiveness in this manner, this study aims to evaluate risk

stratification and improve the accuracy of predictive models for prostate cancer

outcomes.

In recent years, supervised ML has emerged as a powerful tool in healthcare.

These algorithms are trained using datasets where the inputs and outputs are

known, allowing them to identify patterns and make predictions on new, unseen

data [10]. For PC, ML has been used to group patients based on their risk levels,

taking into account their genetic information [11]. This approach is critical for

personalized treatment, where decisions are tailored to an individual’s unique pro-

file. ML has also been used to predict whether cancer will come back after surgery

by analyzing MRI scans [12]. While these early applications are promising, more

research is needed to prove their usefulness in everyday clinical settings [13].

The way these algorithms work is by learning from a dataset that contains both

input information (like a patient’s medical history, lab results, or imaging scans)
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and corresponding outcomes (such as whether the patient has cancer or how they

responded to treatment) [14]. Over time, the algorithm learns how to connect

certain patterns in the data to specific outcomes. Once trained, it can predict the

results for new patients, helping with tasks like diagnosing PC, estimating the risk

of disease progression, or planning treatments [15].

Despite its potential, using ML in healthcare especially for PC faces several

challenges. First, there’s a need for large, diverse datasets to train these algorithms

effectively. In regions like Africa, collecting such data is difficult due to limited

healthcare infrastructure and resources [16]. Second, the models themselves need

to be understandable by doctors. Healthcare professionals are unlikely to rely on

a ML system unless they can trust its recommendations and see how it arrived at

its conclusions [17].

Even with these challenges, the future looks bright for ML in PC research.

As technology continues to advance and more data becomes available, these algo-

rithms will likely become a regular part of healthcare, leading to more accurate

diagnoses, personalized treatments, and better outcomes for patients [18]. This re-

search aims to contribute to that future by developing a supervised ML algorithm

that addresses the unique challenges of diagnosing and treating PC, particularly

in African populations.

In summary, PC is a serious global health issue, and the situation is particu-

larly dire in Africa due to a lack of resources and access to timely medical care.

Supervised ML offers a potential solution, with its ability to analyze large amounts

of data and provide predictions that can guide diagnosis and treatment. However,

more work needs to be done to overcome current obstacles and make these tech-

nologies widely accessible. This thesis seeks to advance that goal by exploring the

development of a ML model tailored for PC care in Africa.
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1.2 Problem Statement

Prostate cancer (PC) is a pressing global health issue and has emerged as a partic-

ularly severe public health concern in Africa. Men of African descent are dispro-

portionately affected, exhibiting higher incidence rates, earlier onset, and greater

mortality compared to other populations worldwide [19]. In Sub-Saharan Africa,

the burden of PC is compounded by health system challenges, including a critical

shortage of trained specialists. For example, the region has approximately one

pathologist per one million people, in stark contrast to ratios of about one per

25,000 in high resource countries such as the United States and United Kingdom

[19]. This shortage leads to delays in diagnosis, frequent misdiagnoses, and sub-

optimal treatment decisions, ultimately increasing morbidity and mortality [20].

The lack of infrastructure and specialized human resources therefore exacerbates

the already high disease burden.

Conventional screening approaches, such as prostate-specific antigen (PSA)

testing and digital rectal examination (DRE), remain the most widely used meth-

ods for PC detection. However, these tools are limited by poor specificity and

sensitivity, with PSA testing in particular yielding high false positive rates and

failing to consistently detect aggressive disease [21]. Cultural, social, and eco-

nomic barriers such as limited awareness of PC, stigma, and reluctance to undergo

screening further undermine early detection among African men, contributing to

the high proportion of late stage diagnoses [22]. In addition, there is a near absence

of validated, population specific risk prediction models that reflect the unique ge-

netic, environmental, and socio-economic factors shaping PC outcomes in African

settings [23]. These gaps limit the potential of existing diagnostic strategies and

highlight an urgent need for innovative, context specific solutions.

Emerging computational approaches, particularly machine learning (ML), offer
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a promising pathway to addressing these challenges. ML methods are capable of

integrating heterogeneous data including clinical, demographic, lifestyle, and socio

economic information to improve risk prediction and stratify patients for targeted

screening and early intervention. Beyond structured data, ML techniques such

as deep learning have also shown promise in histopathological image analysis, po-

tentially compensating for the shortage of pathologists and reducing diagnostic

delays [24]. The application of ML in African contexts could therefore facilitate

earlier detection, improve prognostic accuracy, and inform resource efficient alloca-

tion of limited healthcare services. By leveraging these advances, this study seeks

to enhance PC risk prediction and early detection among African men, directly

addressing the limitations of current screening methods and the unmet need for

population specific models [25].

1.3 Justification

Despite significant advances in prostate cancer (PC) research, African men remain

severely underrepresented in global predictive modelling studies, resulting in a lack

of validated, population specific risk prediction tools [23]. This gap is critical, as

African populations face disproportionately high PC incidence and mortality, yet

current screening tools such as PSA and DRE are poorly specific and often miss

aggressive disease [21]. Moreover, the severe shortage of pathologists across the

continent contributes to delayed diagnoses and inconsistent treatment decisions,

underscoring the urgent need for scalable, data-driven solutions [19].

The MADCaP dataset provides a unique opportunity to address these gaps. It

contains clinical, socio-demographic, and lifestyle data from African men a popula-

tion rarely reflected in large scale predictive models allowing for the development

of contextually relevant risk stratification tools. By applying machine learning
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(ML) algorithms to this dataset, the study can explore associations that tradi-

tional methods may overlook and generate models specifically tailored to African

men, thereby improving prediction accuracy and early identification of high-risk

cases [14, 26].

This study is justified on three main grounds. First, it directly addresses

the underrepresentation of African data in global PC research by leveraging the

MADCaP cohort. Second, it seeks to develop risk prediction models that go be-

yond PSA and DRE, thereby filling a critical diagnostic gap. Third, its findings

have the potential to inform targeted screening, risk stratification, and clinical

decision-making in resource-limited African settings, where cost-effective and scal-

able tools are urgently needed [27, 25]. By aligning methodological innovation with

population-specific needs, this research advances both scientific understanding and

public health equity in PC management.

1.4 Aim

The study aims to apply supervised learning models to predict the progressiveness

of PC and hidden correlations and patterns.

1.5 Objectives

1. To apply ML models to predict PC progressiveness and severity.

2. To investigate hidden correlations and risk factors that lead to various cancer

stages and explore potential disparities or associations.

3. To evaluate ML algorithm performance compared to expert diagnosis.
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Thesis structure

The remainder of this report is structured as follows: Chapter 2 delves into key

concepts related to PC, covering areas such as case identification, clinical pre-

sentations, and treatment options. It also reviews the current approaches to PC

surveillance. Chapter 3 outlines the materials and methods used in this research,

with the empirical data and findings presented in Chapter 4. Chapter 5 offers

a discussion of the research outcomes, while Chapter 6 presents the conclusions

drawn from the study.
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Chapter 2

Literature review

This section begins with a brief overview of PC, focusing on its manifestation and

management in men of African descent, particularly within the context of Men

of African Descent Carcinoma of the Prostate ( MADCaP) in South Africa, high-

lighting key diagnostic parameters that aid in early detection. Following this, we

provide an overview of the South African PC Screening Guidelines, which inform

best practices for early screening and intervention in high-risk populations. We

then delve into the supervised ML algorithms employed to predict PC cases in

this study, including decision trees (DTs), random forest (RFs),Support Vector

Classifiers (SVCs), and gradient boost (GB) methods. The selection of these clas-

sifiers is based on their capacity to handle complex clinical and demographic data.

Additionally, we discuss key factors such as feature selection, model training, and

validation techniques to optimize prediction accuracy. Finally, we examine per-

formance metrics like accuracy, sensitivity, specificity, and area under the receiver

operating characteristic curve (AUC-ROC), which are crucial for assessing the ef-

fectiveness of the models and selecting the most suitable approach for predicting

PC cases within the MADCaP. This section lays the foundation for understanding

the research methodology and its significance in addressing PC in South Africa.
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2.1 Overview of the South African PC screening

guidelines

Figure 2.1, extracted from The South African PC Screening Guidelines [28], out-

lines the recommended Prostate-Specific Antigen (PSA) screening protocols for

PC in South Africa, considering factors such as age, risk factors, and clinical

conditions. It highlights the key guidelines for initiating and discontinuing PSA

screening, emphasizing the importance of tailoring screening approaches based on

patient-specific factors.

Figure 2.1: Recommended age-related screening intervals for prostate-specific anti-
gen screening (John et al., 2024)
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PSA-based screening for prostate cancer has several limitations that impact

its effectiveness and reliability. One major issue is the lack of specificity, as ele-

vated PSA levels can be caused by benign conditions such as prostatitis or benign

prostatic hyperplasia (BPH), leading to false positives and unnecessary biopsies

[29]. Conversely, PSA screening can also produce false negatives, where aggressive

prostate cancers go undetected due to low PSA levels [30]. Moreover, there is no

universally agreed-upon PSA threshold for recommending further testing, leading

to variability in clinical decision-making [31]. These challenges highlight the need

for improved screening strategies, such as incorporating additional biomarkers or

risk-based approaches, to enhance the accuracy and effectiveness of prostate cancer

detection [32].

For average-risk men, routine PSA screening is typically recommended to begin

at age 50 [33]. However, the guidelines advocate for earlier screening in high-risk

populations, including black African men and individuals with a family history

of prostate or breast cancer, who should begin screening at age 45 [28].Men with

known genetic predispositions, such as carriers of BRCA1, BRCA2, HOXB13,

ATM, or CHEK2 genes, are advised to initiate screening as early as age 40, or 10

years before the youngest affected family member was diagnosed if that occurred

before age 40. [34].

In contrast, for men over 70 years or those with a life expectancy of less than

10 years, the guidelines recommend against routine PSA screening, as studies

have shown no significant benefit in reducing PC mortality in this group [35].

Data from the European Randomised Study of Screening for PC and other clinical

trials have demonstrated that the risks of curative treatments, such as surgery

and radiation, often outweigh the benefits as age increases [36]. In such cases, the

competing mortality risks from other causes are likely to reduce the advantages of

PC screening.
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The guidelines also advocate for individualized screening intervals, particularly

for men who present with normal initial PSA levels. While international guidelines

suggest that PSA testing can be spaced out to as long as eight years, more frequent

testing is recommended for black African men due to their higher incidence of and

mortality from PC [37]. Additionally, the guidelines provide detailed instructions

on deferring PSA tests under circumstances that could lead to temporary PSA

elevations, such as bacterial infections, recent prostate procedures, or acute urinary

retention.

The diagram visually consolidates these recommendations, illustrating the decision-

making process for determining optimal PSA screening intervals based on patient

age, health status, and risk factors. It serves as a crucial tool for guiding evidence-

based screening practices, ensuring that patients receive appropriate and timely

interventions while minimizing unnecessary risks.

2.2 Genetic risk and aggressive disease manifes-

tation

Men of African descent have a higher incidence and mortality rate of PC compared

to other ethnic groups [38]. In South Africa, a study conducted in the Free State

province found that prostate cancer is the most frequently diagnosed cancer among

men, significantly affecting rural communities with limited access to healthcare

[39]. Research suggests genetic, environmental, and lifestyle factors contribute to

the increased risk, particularly in regions like Southern and Northern Africa [40].

PC risk rises significantly after the age of 50, and other factors such as dietary

habits (e.g., high red meat consumption and low intake of fruits and vegetables)

also play a role in exacerbating the disease’s impact on this population [41].
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Figure 2.2: Summary of genome-wide association studies (GWAS) in Africa and
ancestral fractions.(Janivara, R., Chen, W.C., Hazra, U. et al., 2024)

The map in Figure 2.2, based on the work of Janivara et al. (2024), shows

where Genome-Wide Association Studies (GWAS) on PC have been conducted

in African populations [42]. The red circles on the map mark the locations and

sizes of samples collected from people of African ancestry, using data from the Hu-

man Genome Diversity Project (HGDP) and the 1000 Genomes Project (1KGP).

The sizes of the circles represent how many samples were taken from each area,

indicating which regions had more extensive genetic research.
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Additionally, the map includes a bar plot in the bottom left corner that shows

PC mortality rates from GLOBOCAN 2020 [6]. This plot gives important infor-

mation about the impact of PC in different areas, with the number of men in each

region noted in brackets below the region names.

The study sought to investigate the genetic risks linked to prostate cancer

and its aggressive forms in men of African ancestry using their own generated

data. However, the researchers noted in their paper that they were unable to

assess polygenic risk scores for prostate cancer [43]. The research found significant

genetic variants that are linked to both the likelihood of developing PC and the

severity of the disease. By looking at these genetic factors, the study sheds light

on the unique biological pathways that might affect PC risk in southern Africa.

It also stresses the importance of further research focused on African populations,

which could help develop better methods for early detection and treatment of PC,

ultimately reducing health disparities in these communities.

2.3 Case identification

The primary risk factors for PC include advanced age, family history, and genetic

predispositions, with certain populations, such as those of African ancestry, facing

an increased likelihood of developing aggressive forms of the disease [44]. Early

detection is crucial for improving outcomes, yet it remains challenging due to the

typically asymptomatic nature of PC in its early stages [30]. Many men may only

present with symptoms when the disease has advanced, making treatment more

difficult and often less effective. Conventional diagnostic tools, such as prostate-

specific antigen (PSA) testing and digital rectal exams (DRE), are commonly used

for early screening but are often inadequate in distinguishing between indolent

and aggressive forms of PC [45]. PSA testing, for instance, can lead to false
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positives or miss aggressive cancers, resulting in over-diagnosis and over-treatment,

respectively [35].

To address these limitations, there has been a growing focus on integrating more

sophisticated diagnostic techniques. Genome-wide association studies (GWAS)

have contributed to identifying specific genetic markers associated with higher

PC risk, particularly in high-risk populations [46]. This genetic data, combined

with demographic and clinical information, is at the core of initiatives like the

MADCaP network, which aims to improve predictive accuracy and tailor screening

approaches based on individual risk profiles. By incorporating genetic screening

alongside traditional methods, the hope is to enhance early detection, allowing

for timely interventions and more personalized treatment strategies, especially for

populations at higher risk [47].

Advances in genetic research, coupled with better diagnostic tools and large-

scale data integration, offer promising opportunities to refine PC screening and

improve outcomes, particularly in regions where disparities in healthcare access

and outcomes are most pronounced.

2.4 Conceptual framework

This study adopts a framework based on Chow et al. (2019), integrating demo-

graphic, genetic, clinical, and lifestyle factors to predict PC in men of African

descent. The framework focuses on the following factors [48]:

• Demographic factors: Age, nationality, and place of birth.

• Clinical risk factors: PSA levels and biopsy results.

• Lifestyle factors: Diet and smoking habits.

• Genetic factors: Family history, race, and specific genetic variants.
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Figure 2.3: Conceptual framework showing factors associated with PC case.

This holistic framework provides a nuanced approach to understanding PC risk,

enabling the development of more tailored predictive models for men of African

descent .

2.5 Big data and ML in PC research

The availability of large datasets in healthcare, including genomic, clinical, and

imaging data, has transformed PC research. These big data sources allow for the

development of personalized treatment strategies using ML (ML). For example,

Negpal et al. (2020) created a model with over 85% accuracy using genomic data

from large PC cohorts, highlighting the power of ML in advancing cancer diag-

nostics [49]. ML algorithms are also enhancing diagnostic accuracy in imaging,

particularly in magnetic resonance imaging (MRI). Deep learning models, such as

those developed by Gulshan et al. (2016), have shown human-comparable accuracy
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in detecting PC from histopathology slides, while Anderson et al. (2019) achieved

97% accuracy using an SVM model to predict PC based on demographic and

clinical data [50, 51]. Convolutional neural networks (CNNs) have further demon-

strated up to 98% accuracy in PC detection, particularly in high-risk populations

like men of African descent [52].

2.6 ML model classification

In this study, classification refers to the process of assigning cases of PC to dis-

tinct categories based on clinical and genetic features, specifically focusing on the

MADCaP Consortium in South Africa. The goal is to leverage supervised ML

algorithms to predict PC cases and classify them according to the Gleason score,

which measures the aggressiveness of PC tumors. These categories include “Low

Risk”, “Intermediate Risk”, and “High Risk”, as defined by Gleason score thresh-

olds. [53].

Traditionally, classification is understood as the assignment of observations to

predefined categories in a finite space. However, our interpretation of classification

differs from that of the WHO International Classification of Disease (ICD), which

organizes causes of death and informs morbidity and mortality statistics [54]. In

the context of ML, classification relates to predicting a qualitative or categorical

outcome based on data inputs, with the objective of grouping observations into

specific classes [55]. For example, given PC patient data, a classification algo-

rithm might predict whether an individual is at low, intermediate, or high risk of

aggressive disease.

Supervised ML classifiers work by identifying patterns within a dataset and

generating predictive models. These models are designed to segregate cases into

distinct categories, such as the three risk levels of PC aggressiveness. For example,
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in PC diagnosis, algorithms analyze various features such as age, PSA levels, and

family history alongside genetic markers to determine whether a patient falls into

the low, intermediate, or high-risk group, based on their Gleason score.

In this research, the focus is on multi-class classification, where a classifier

predicts three possible outcomes: Low Risk, Intermediate Risk, and High Risk

based on their Gleason score, rather than binary classification (presence or absence

of disease). This is crucial for tailoring clinical treatment plans based on the

aggressiveness of the tumor. By utilizing supervised ML algorithms, such as DTs,

RFs, and SVMs, we can more accurately predict the category a patient belongs

to, leading to earlier intervention and more personalized care.

Additionally, supervised classifiers in this study are trained on the MADCaP

dataset, which includes rich demographic, clinical, and genetic data from men of

African descent, a population that is often underrepresented in genetic studies

but exhibits a disproportionately high burden of PC [56]. ML models trained on

this data aim to improve the predictive accuracy of PC diagnosis and prognosis,

potentially reducing disparities in healthcare outcomes for this high-risk group.

2.7 Rule based Classifiers: a background

Rule-based classifiers, also called inferential classifiers, work by using a set of

predefined rules to classify data into categories. These rules are based on features

such as Gleason scores, age, family history, and prostate-specific antigen (PSA)

levels. For example, in PC prediction, a rule might look like this:

IF Gleason score ≥ 8 THEN classify as High Risk. (2.1)

Each rule has two parts: a condition (the ‘IF’ part) and a result (the ‘THEN’

part).The classifier applies these rules to predict whether a patient falls into a
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specific risk category, such as Low Risk, Intermediate Risk, or High Risk.

Although rule-based classifiers were once widely used, they have some problems.

They can struggle to handle complex data and are hard to maintain when many

rules are added. If two rules conflict, the predictions may become less accurate.

This makes them less effective for large datasets with many features.

2.7.1 Why ML is better

While rule-based classifiers were useful in the past, we now have more advanced

methods like ML classifiers. These methods do not rely on predefined rules. In-

stead, they learn patterns directly from the data, making them more flexible and

accurate.

ML algorithms, such as RFs, SVMs, and GNB, are better at handling complex

and large datasets. They can find patterns and relationships that are too difficult

for rule-based systems to capture [57].

In this thesis, we did not use rule-based classifiers. Instead, we focused on ad-

vanced ML techniques. These modern methods are more powerful and reliable for

predicting PC risk. While rule-based approaches are included in the background

section for context, the actual work in this research is based on these newer and

better ML algorithms.

2.8 ML classifiers

ML algorithms are increasingly being utilized in critical areas of disease predic-

tion, including PC, due to their adaptability and ability to continuously improve

through learning. These algorithms are designed to generalize from data, mak-

ing predictions on new, previously unseen cases by forming complex mathematical

relationships between inputs and outputs. In PC prediction for men of African
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descent, where traditional diagnostic tools may underperform, ML classifiers offer

a data-driven approach to enhancing detection accuracy and outcome predictions.

ML classifiers for PC prediction, especially within the context of the MADCaP

Consortium, focus on categorizing patients into different risk groups (e.g., Low

Risk, Intermediate Risk, or High Risk) based on Gleason scores, and clinical fea-

tures. The algorithms employed in this context are part of a broader taxonomy of

ML models designed for classification tasks. In this section, we discuss three gen-

eral categories of ML algorithms: unsupervised learning, semi-supervised learning,

and supervised learning.

2.8.1 Unsupervised learning

Unsupervised learning is employed when the exact structure of the data is un-

known, and the goal is to uncover hidden patterns or groupings without prede-

fined labels for the target variable [58]. In the context of PC research, unsupervised

techniques like clustering and Principal Components Analysis (PCA) may be used

to explore genetic data and identify subgroups of men with similar genetic pro-

files, which may inform risk stratification before applying supervised classification

techniques.

Unlike predictive methods, unsupervised algorithms do not seek to classify

instances into predefined categories such as High Risk or Low Risk. Instead, they

seek to discover natural groupings (clusters) in the data. For instance, PCA might

reduce the dimensionality of a genetic dataset, identifying principal components

that explain the most variance in the data, which could suggest underlying genetic

risk factors associated with aggressive PC.
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2.8.2 Semi supervised learning

In cases where only a subset of the dataset is labeled, semi-supervised learning

algorithms are useful. These methods leverage both labeled and unlabeled data

to improve the predictive performance of classifiers. In cancer prediction, where

large-scale genomic datasets might have incomplete annotations, semi-supervised

techniques can infer missing labels and use these to train the model [59].

These algorithms combine elements of supervised and unsupervised learning.

For example, in the MADCaP study, only some of the genetic data may be labeled

with Gleason scores or clinical outcomes. A semi-supervised model could use

this partial information to generate labels for the unlabeled data, improving the

model’s ability to predict risk categories based on genetic and clinical features.

2.8.3 Supervised learning

Supervised learning is the most common approach for disease classification, where

the goal is to predict a predefined outcome—such as whether a patient has Low

Risk, Intermediate Risk, or High Risk PC—based on labeled data. Supervised al-

gorithms build models that learn a functional relationship between input variables

(e.g., age, PSA levels, family history) and the target output (risk category) [60].

In this study, supervised classifiers such as Decision tree (DT), Support Vector

Classifier (SVC), Random Forest (RF), and KNN Neighbors (KNN) are used to

predict PC outcomes in men of African descent. These algorithms learn from the

annotated training data, where the PC risk category (e.g., High Risk or Low Risk)

has been labeled in advance. Given a set of clinical features, these models predict

which risk category a new patient falls into, based on the patterns learned from

the training data.

Mathematically, supervised learning for PC classification can be described as
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follows. Let {x, y} be a set of attributes, where x represents the input features

(such as clinical and genetic factors), and y is the class label indicating the risk

category assigned to the patient. In this case, we classify patients into three distinct

risk categories: Low Risk (Clow), Intermediate Risk (Cintermediate), and High Risk

(Chigh). The classifier learns a mapping from x to y, where y takes one of these

three class values.

Formally, the risk categories are mutually exclusive, and we express this as:

Clow ∩ Cintermediate ∩ Chigh = ∅

This indicates that each patient can only belong to one risk category at a time

(Low, Intermediate, or High), and these categories are predefined in the training

data. The classifier’s goal is to correctly assign patients to one of these categories

based on their input features.

The accuracy of the supervised classifier depends on the quality of the labeled

data (i.e., how well the risk categories are defined) and the relevance of the features

used for prediction.

2.9 Model evaluation

Evaluating the performance of ML classifiers is crucial in determining how effec-

tively a model can predict PC cases, particularly in high-risk groups such as men

of African descent [61]. To assess the performance of classification models trained

on PC datasets, various metrics and techniques are employed. These evaluations

help determine how well a classifier generalizes to unseen data and how accurately

it predicts clinical outcomes such as PC risk categories based on Gleason scores.

A common method for evaluating a classifier’s performance is to split the

dataset into two parts, typically 80% for training the model and 20% for test-
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ing [62]. This method helps assess the model’s ability to predict outcomes for

new, unseen data. In this context, PC risk prediction models are trained on fea-

tures such as Gleason scores, PSA levels, and demographic information, and their

predictions are compared to actual clinical diagnoses. The accuracy of the model

is then measured by how well the predicted risk categories match the known labels

in the test set.

2.10 Optimization

One of the challenges in model evaluation is the potential for overfitting or un-

derfitting. Overfitting occurs when a model performs very well on the training

data but poorly on new, unseen data [63]. This happens because the model has

learned too many complex patterns in the training data, including noise, which

leads to high variance. In PC prediction, overfitting could result in inaccurate risk

categorization when applied to new patients.

Conversely, underfitting occurs when the model performs poorly on the training

data but surprisingly better on unseen data, indicating that the model failed to

capture important patterns during training [64]. Both overfitting and underfitting

are examples of model-misfit, which can negatively impact prediction accuracy.

To address model-misfit, especially in cases with imbalanced classes, methods

such as adjusting class weights or resampling the data can be employed. In the

context of PC, where there may be more Low Risk cases than High Risk cases,

resampling or using class weights ensures that the model pays equal attention to

each category during training.
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2.10.1 Cross validation and grid search

To improve generalization and reduce overfitting, robust approaches like Cross-

Validation (CV) are commonly used. The most popular method is K-Fold Cross-

Validation, where the dataset is randomly split into K equally-sized subsets or

folds [65]. The classifier is trained on K-1 folds while the remaining fold is used

as a test set. This process is repeated K times, with each fold serving as the test

set once. The final performance score is the average of all iterations, providing a

more reliable estimate of the model’s ability to generalize to new data.

Another optimization technique is Grid Search, which systematically searches

for the best combination of hyperparameters by training the model using all pos-

sible parameter settings [66]. When combined with K-Fold CV, Grid Search helps

to ensure that the selected model parameters result in the best performance across

all validation folds.

2.10.2 Model selection

In PC risk prediction, we utilized techniques such as the Confusion Matrix and

the Area Under the Curve (AUC), along with Receiver Operating Characteristic

(ROC) and Precision-Recall (PR) curves, to evaluate model performance. Cross-

validation was also employed to ensure the accuracy and generalizability of the

models. Explanations of these methods will be provided in the next chapter.

2.11 Summary

This chapter examines the burden of PC among men of African descent within

the South African MADCaP cohort, focusing on the importance of early detec-

tion through Prostate-Specific Antigen (PSA) testing, as emphasized in national
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screening guidelines. It highlights genetic risk factors unique to African popu-

lations, informed by genome-wide association studies (GWAS), and their contri-

bution to the aggressive nature of the disease. The limitations of conventional

diagnostic methods, such as PSA testing, are discussed, along with the potential

of integrating genetic insights to improve detection and treatment strategies. Ad-

ditionally, supervised ML algorithms, including DTs and SVMs, are introduced as

innovative tools for predicting PC cases, showcasing their ability to address health

disparities in high-risk populations.
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Chapter 3

Materials and methods

3.1 Introduction

This chapter outlines the research methodology, data sources, and analytics ap-

proach used in the project. It explains the type of research, data types, target and

independent variables, and the Knowledge Discovery of Datasets (KDD) process,

which involves data collection, preprocessing (cleaning and transformation), and

analysis and ML modeling. The chapter aims to provide a clear understanding of

the research design and methods used to achieve the project’s objectives.

3.2 Study setting and population

This study utilized data from the MADCaP consortium, a multi-country initiative

investigating the genetics and epidemiology of prostate cancer in African popula-

tions. The data were collected at the Chris Hani Baragwanath Academic Hospital

(CHBAH) study site, with additional recruitment of non-cancer controls from the

St. John’s Eye Hospital. All records were stored and managed in the MADCaP

REDCap database [8].
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The primary MADCaP study was a case–control design conducted between

January 2017 and December 2021, enrolling newly diagnosed PC patients receiving

treatment at the CHBAH Urology Outpatients department and age, gender, and

ethnicity matched non-cancer controls. For this secondary analysis, a retrospective

cross-sectional approach was applied, making use of all available records (n = 1096)

from the CHBAH MADCaP dataset. The study population therefore comprised

PC cases and their matched controls, providing a robust dataset for analysis.

3.3 Methods

We conformed with the agile software development methodology and adapted the

generally acceptable framework for supervised ML, illustrated in Figure 3.1. In

focus, we followed these methods to ensure repeatability and robust outcomes in

our research.

Figure 3.1: Typical supervised learning algorithm
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3.3.1 Computational environment

The computational environment used for this study is summarized in Table 3.1.

This environment ensured consistency across all experiments.

Table 3.1: Computational environment

Utility Version Notes

PANDAS 0.24.2 For high-performance data structures and

analysis tools

SKLEARN 0.24.1 Tools for predictive data analysis

SEABORN 0.9.0 Python data visualization library based on

matplotlib

NUMPY 1.16.2 Numerical library to facilitate the data man-

agement process

PYTHON 3.7.4 Programming language, based on the Ana-

conda Integrated Development Environment

(IDE)

STATA 15.1 Statistical software for analysis (IC Edition)

COMPUTER 10 Pro Intel® Core™ i5 2.3GHz Processor, 16GB

memory, 64-bit Microsoft Windows Operat-

ing System

The SKLEARN package includes class libraries for ML models. SEABORN

is based on the MATPLOTLIB graphic library for visualization, while PYTHON

is an interpreted object-oriented programming language[67]. STATA is statistical

software regularly updated with annual releases [68].
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3.4 Overview of proposed solutions

The algorithms for the proposed solution were run using the Python® program-

ming language [67] within the Google Colaboratory environment [69]. Google Co-

lab was employed for all statistical and ML approaches, including data cleaning,

processing, descriptive statistics, and quality checks [70].

3.5 Data definition

The dataset used for the analysis comprised 1,096 observations and 21 features

related to PC cases and controls. The data included demographic attributes, clin-

ical history, and laboratory measures, with the target variable, Gleason score,

categorized into three risk groups: low risk, intermediate risk, and high risk. Fol-

lowing the initial cleaning phase, it was determined that several predictor vari-

ables had a significant amount of missing data, particularly in categorical features

such as hrf smokestartremember, hrf cigarettestype, hrf currentlysmoke,

and hrf smokestopremember. To address these missing values, categorical vari-

ables were imputed by replacing null values with ’None’, ensuring that no

data was lost during the cleaning process. For the numerical variables, includ-

ing hrf smokingagestart, hrf cigarettescount, and hrf smokingagestop, the

KNN Imputer from scikit-learn was employed. This method utilized the five near-

est neighbors to predict and fill in missing values, thus preserving the integrity of

the dataset. The imputation of missing data was critical, as it helped maintain

a robust analytical dataset for further modeling. After preprocessing, the final

analytical dataset contained a total of 1,956 observations, as the class imbalance

in the target variable was addressed using the ROSE (Random Over Sampling

Examples) technique, effectively balancing the representation of risk categories
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within the dataset. A detailed summary of the missing values and their handling

is presented in the subsequent sections.

3.6 Feature selection and engineering

In predictive analysis, not all features in a dataset contribute equally to classifi-

cation and prediction tasks. As such, a tailored approach to feature selection is

essential[52]. For categorical attributes, the One-Hot Encoding process was ap-

plied, converting each categorical value into distinct binary attributes, represented

as ‘1’ or ‘0’ to indicate the presence or absence of a category[57]. For example,

demographic variables such as Hospitalization Status (encoded as ‘Y’ and ‘N’)

and Gender (encoded as ‘M’ and ‘F’) were labeled as 1 and 0, denoting posi-

tive and negative responses, respectively. To enhance computational efficiency, all

features were standardized to fit within a range of zero to one using the MinMaxS-

caler implementation from the SKLEARN library. This transformation is defined

mathematically as:

Xscaled =
X −Xmin

Xmax −Xmin

(3.1)

where Xscaled is the newly transformed vector, X is the instance to transform,

Xmin is the minimum value of X in the vector domain, and Xmax is the maximum

value of X in the vector domain. To mitigate data leakage, the training and valida-

tion datasets were engineered independently using the fit-transform methods from

SKLEARN. In addressing skewness in distribution, missing values in categorical

features were imputed using the most frequent observations. This approach struck

an appropriate balance between the precision of imputation and the integrity of the

data structure. For the continuous features, missing values were handled using the

Nearest Neighbor imputation strategy. During analysis, we explored potential pat-
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terns associated with missing data and concluded that it was missing completely

at random. Thus, we employed the Nearest Neighbor strategy to impute missing

values for age and used the most frequent strategy for gender. Additionally, do-

main knowledge was leveraged to manually select principal features, minimizing

collinearity and enhancing model fit by eliminating correlated features and noise.

Ensemble Selection was conducted on categorical attributes such as Sub-District

and Province, and we limited One-Hot Encoding to the top ten levels, as proposed

by Niculescu-Mizil et al.

Some variables were excluded from the analysis to ensure relevance and reduce

redundancy. For instance, race was dropped since all participants in the study were

Black, making it non-informative. Similarly, the variables age started smoking and

age stopped smoking were excluded because their direct influence on prostate can-

cer progression is not well established in the literature, particularly among African

populations. Instead, cumulative measures of smoking history were retained as

they are more widely recognized as meaningful indicators of risk. Other variables,

including PSA diagnosis date and PSA referral level description, were removed

because they did not provide useful information for the study objectives. In addi-

tion, while Gleason score primary and secondary were collected, they were not used

directly, as they were combined to generate the Gleason score total, which served

as the primary outcome variable. Keeping both the individual and total scores

would have introduced redundancy and potential multicollinearity; therefore, only

the Gleason score total was retained

Table 3.2 displays the variables utilized in this study, along with their corre-

sponding descriptions.
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Table 3.2: Variable description

Characteristics Description

Age Patient age in years, collected at the first hospital visit

due to PC comorbidities.

Socioeconomic Status Includes educational level and income characteristics.

Smoking Habits Indicates whether the patient has ever smoked or never

smoked.

Ethnic Origin Clinical PC classification based on geographic regions or

origin within MADCaP.

Country and Town Born Refers to the patient’s country and specific town or city

of birth.

PSA at Referral Initial measurement of Prostate-Specific Antigen (PSA)

levels upon referral, assessing potential PC symptoms

or abnormalities.

PSA at Diagnosis PSA levels measured at PC diagnosis, indicating cancer

extent and aggressiveness.

Gleason Score A grading system evaluating PC cell appearance under

a microscope, ranging from 6 to 10, with higher scores

indicating more aggressive cancer.

3.6.1 Handling Class Imbalance and Data Augmentation

Class imbalance is a common challenge in supervised learning when certain classes

(minority classes) have significantly fewer samples compared to others (majority

classes), introducing bias and potentially leading to high misclassification errors for

minority classes [71]. In our dataset, there was a clear imbalance across prostate

cancer (PC) risk categories, with 581 instances of ’Intermediate Risk,’ 397 instances
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of ’High Risk,’ and only 118 instances of ’Low Risk.’ To address this, we applied

balancing and augmentation techniques tailored for the training data.

After testing several methods, we found that a hybrid oversampling ap-

proach, combining Random Over-Sampling with synthetic data generation, pro-

vided the most effective results. Specifically, our implementation leveraged the

RandomOverSampler from the imblearn library in conjunction with the addition

of Gaussian noise to existing data points. This noise-augmented Random Over

Sampling technique generated artificial samples by adding slight random pertur-

bations to existing instances, effectively creating new data points in a manner that

resembles, but is not identical to, the traditional ROSE method [72]. While we

initially referred to our method as ROSE, it is more accurate to describe it as a

”hybrid oversampling technique” or ”noise-augmented Random Over-Sampling.”

Following this approach, the dataset was balanced to 581 instances per risk cat-

egory, increasing the total sample count from 1,096 to 1,743 and improving the

classifier’s ability to accurately predict each risk category across all performance

metrics.

In addition to oversampling, data augmentation was employed to further enrich

the training dataset and enhance model generalization. Data augmentation is a

crucial technique in ML, particularly in contexts where datasets may be limited or

imbalanced, as it increases diversity without the need to collect new data points

[52]. In this study, Gaussian noise was added to numerical features such as PSA lev-

els (psa psareferrallevel normalized, psa psadiagnlevel normalized) and

age (age years normalized) to create new, slightly altered versions of data points.

By generating 100 augmented samples per risk category, the dataset was expanded

considerably, enabling the models to learn more robust and generalizable patterns

across different PC risk categories. The final augmented dataset reached a size of

137,200 rows and 15 columns (features), ensuring that the model was not biased
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toward any particular class and ultimately leading to more accurate and robust

predictions.

Table 3.3: Dataset sizes of initial data, after balancing, and after augmentation

Risk Category Initial Data After Balancing After Augmentation

High Risk 397 581 45,800

Intermediate Risk 581 581 45,800

Low Risk 118 581 45,800

Total 1,096 1,743 137,200

3.7 Analysis

3.7.1 Association and correlation

The initial analysis stage aimed to assess the association between each feature and

the target variable using the chi-square test. This test helped identify statisti-

cally significant relationships, highlighting which features were most relevant for

predicting PC status. Additionally, pairwise correlations were examined to detect

highly correlated features, as these can lead to redundancy and multicollinearity

issues. In cases where two features were strongly correlated, one was removed from

the dataset to improve model stability and interpretability

3.7.2 ML models

To understand the outcomes of PC, we tested and compared several ML models to

see which one performed the best for making predictions. Since the target variable

had three different categories, we used classification models. In the first step, we

used the training data to teach the models how to recognize patterns, refining

34



them until we found one that could accurately predict the outcomes. This process

involved making adjustments to improve the models’ accuracy. After preparing

the data, we repeatedly split it into training and testing sets to evaluate how well

each model could predict results on new data [73].

In this study, the following supervised learning algorithms were tested:

• DTs: A tree-like model of decisions used for both classification and regres-

sion tasks.

• RF: An ensemble learning method based on DTs, which enhances perfor-

mance by combining the results of multiple trees.

• SVMs: A powerful classification algorithm that finds the optimal hyper-

plane for separating different classes in the data.

• (GNB): A simple algorithm that uses probability to classify data. It assumes

features are independent and normally distributed, but it still works well in

many cases

• KNN: This algorithm classifies data based on its nearest neighbors. It looks

at the ”K” closest points and assigns the data point to the most common

class among them.

Each of these models was evaluated based on their performance in predicting

PC cases, using the cleaned, transformed, and augmented dataset. The models

were compared using accuracy, precision, recall, and F1-score metrics. The best-

performing model was selected for further analysis and interpretation.

K Nearest neighbor classifier

The K Nearest Neighbors (KNN) classifier is a ML algorithm used for classification

tasks. It predicts the class of a new data point based on the majority class of
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its nearest K neighbors in the training dataset, determined by a distance metric

such as Euclidean distance [74]. In the context of predicting PC cases, KNN

was applied by training on patient data containing relevant features and labels

indicating cancer presence or absence. By comparing the new patient’s features

to the trained data, KNN identifies the K most similar cases and predicts the

likelihood of PC based on the majority class among these neighbors. Although

KNN is relatively simple, its performance can be influenced by the choice of K and

the distance metric.With K = 1, each new data point representing PC cases is

classified based on the characteristics shared with its nearest neighbor. However,

using larger values of K can lead to misclassification errors, including false positives

and false negatives. For example, a case that is actually classified as high risk may

be incorrectly labeled as low risk if the majority of nearby cases are low risk. The

proximity between data points is measured using the Euclidean distance function,

expressed as:

D(x, y) =

√√√√ m∑
i=1

(xi − yi)2 (3.6)

where x = (x1, . . . , xm) and y = (y1, . . . , yn), with m representing the attribute

values of the two points x and y. Therefore, the optimal value of K is the one that

minimizes classification errors across the three risk categories: low, intermediate,

and high. As illustrated in Figure 3.6, instance ‘N’ will be classified based on the

defined characteristics of either 3 or 7 nearest neighbors using the KNN (KNN)

algorithm for PC classification.
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Figure 3.2: KNN classifier by Rajvi Shah

Proper data preprocessing, feature selection, and domain knowledge in med-

ical applications are crucial for the algorithm’s effectiveness [75]. By tuning the

hyperparameters and ensuring high-quality data, KNN can assist healthcare pro-

fessionals in making accurate predictions regarding PC cases.

DT and RF

DTs function similarly to a decision-making game, employing a sequence of yes-

or-no questions to classify instances based on their features [10]. In the context

of PC prediction, a DT may initiate by inquiring whether a patient’s age exceeds

50, followed by subsequent questions regarding factors such as smoking history or

PSA levels. This structured approach enables the model to make a definitive pre-

diction. The fundamental process of any DT algorithm involves selecting the most

appropriate attribute using Attribute Selection Measures (ASM) to partition the

records, designating that attribute as a decision node, and recursively subdividing

the dataset into smaller subsets until one of the following conditions is satisfied:

all tuples belong to the same attribute value, there are no remaining attributes,

or there are no instances left to evaluate. Despite their intuitive appeal, DTs are

susceptible to overfitting, particularly in complex datasets, which can impair their

generalization capabilities to unseen data [76]. Furthermore, diagram 3.3 illustrate
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the operational mechanism of the DT is presented.

Figure 3.3: DT classifier branch

On the other hand, the RF is like a group of friends who make decisions together

where each friend is like a DT that helps guess something and each have their own

ideas [77]. When we need an answer, we ask all the friends and see what most

of them think which helps us make a good guess. RFs are great because they

stop any one friend from making up things, and by listening to all of them, we

get better and more accurate answers which makes RFs effective in reducing the

risk of overfitting that a single DT might be prone to, and they generally provide

more robust and accurate predictions by leveraging the diversity of trees [78]. For

predicting PC, we can think of the friends as different ways to guess if someone has

cancer. We look at things like age, PSA levels, and family history to figure this out.

By listening to many ”friends” or ways of guessing, we can tell if someone might

have cancer more reliably, and this helps doctors make smarter decisions. Figure
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3.7 illustrates the RF classifier. Notation: Assume a dataset S, with attribute A.

Let Sv denote an instance or subset of the data, where Sv ⊂ S. Also, let A = v

and ValuesA be the set of all possible values of A. Then, the information gain can

be expressed using the following function:

Gain(S,A) = Entropy(S) −
∑

v∈Values(A)

|Sv|
|S|

Entropy(Sv) (3.7) (3.2)

where Entropy is the measure of uncertainty of a random variable A.

Figure 3.4: RF classifier branch by Ankit Chauhan

GBM and GNB

GB and GNB machines are a powerful ensemble learning technique used for both

classification and regression tasks, known for their ability to produce highly ac-

curate models by iteratively improving upon weak learners (typically DTs) [79].
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The key idea behind GNB is to build models sequentially, where each new model

focuses on correcting the errors made by the previous ones. This is achieved by

minimizing a loss function through gradient descent, where each subsequent tree

is trained to predict the residual errors of the previous trees [80]. In the context

of predicting PC, GNB can be applied by training on a dataset containing pa-

tient features such as age, PSA levels, and family history. The algorithm starts

with a simple model, perhaps a single DT, and gradually adds more trees, each of

which targets the mistakes made by the ensemble so far. Over time, this approach

refines the predictions, leading to a model that accurately distinguishes between

cancerous and non-cancerous cases [81]. One of the main strengths of GNB is

its flexibility, as it allows for the use of various loss functions and regularization

techniques, such as shrinkage and subsampling, to prevent overfitting and improve

generalization [82]. However, this flexibility also means that GNB models can be

complex and require careful tuning of hyperparameters, such as the number of

trees, learning rate, and tree depth, to achieve optimal performance [83]. Despite

these challenges, when properly tuned, GNB can deliver state-of-the-art results in

medical applications like PC prediction, making it a valuable tool for healthcare

professionals seeking to improve diagnostic accuracy [84] .

SVM

SVMs are a powerful and adaptable ML algorithm frequently used for classification

tasks. They excel in high-dimensional spaces and are particularly effective in

binary classification problems [85]. The fundamental concept of SVM involves

finding a hyperplane that best separates data points from different classes while

maximizing the margin between the closest data points, known as support vectors,

from each class [86]. In the context of predicting PC, SVM can be utilized by

training on a dataset that includes patient features such as age, PSA levels, and
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family history, with each patient labeled as either having or not having cancer.

The SVM algorithm identifies the optimal hyperplane that distinguishes cancerous

cases from non-cancerous ones, enabling predictions for new patients based on

which side of the hyperplane their data falls on [87].

A significant advantage of SVM is its ability to manage non-linear relation-

ships between features through the use of kernel functions. These functions map

the original features into a higher-dimensional space, where a linear separation

becomes feasible [88]. However, to achieve optimal performance, SVMs require

careful tuning of hyperparameters, such as selecting the appropriate kernel and

setting the regularization parameter. This is especially crucial in small or noisy

datasets to prevent overfitting [89]. When properly configured, SVMs can de-

liver accurate and dependable predictions, making them a valuable tool in medical

decision-making for conditions like PC [90]. Moreover, SVM is flexible enough to

perform both linear and nonlinear discriminatory analyses, often referred to as ‘ker-

nel’ functions. It is well-suited for analyzing high-dimensional datasets with small

sample sizes, particularly when combined with feature selection techniques. The

best linear hyperplane is identified by comparing the margins, with the one pro-

viding the largest margin considered the optimal hyperplane for modeling. Figures

3.5a and 3.5b illustrate the SVM model with linear and non-linear hyperplanes,

respectively.
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(a) SVM with linear hyperplane (b) SVM with non-linear hyperplane

Figure 3.5: Comparison of SVM classifiers with different hyperplanes by James
Le.

3.8 Performance evaluation of the algorithms

Performance evaluation is a crucial step in supervised ML, particularly for pre-

dicting PC cases. This process involves assessing the accuracy and effectiveness of

various algorithms in determining the likelihood that a patient will develop PC.

To evaluate our models, we utilized a 2x2 table commonly referred to as a Confu-

sion Matrix, as illustrated in Figure 3.6 below. This matrix helps us understand

the outcomes of our predictions by categorizing them into correct and incorrect

classifications.

The Confusion Matrix is divided into four key categories. True Positives (TP)

represent the cases where the model accurately predicts that a patient has the

condition (such as cancer). True Negatives (TN) are instances where the model

correctly predicts that a patient does not have the condition. False Positives (FP)

occur when the model incorrectly predicts that a patient has the condition when

they actually do not; this situation is known as a Type I error. Conversely, False
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Negatives (FN) happen when the model incorrectly predicts that a patient does

not have the condition when they actually do, which is referred to as a Type II

error.

Figure 3.6: Confusion matrix

By analyzing these categories, we can gain valuable insights into the perfor-

mance of our classifier, identifying its strengths and weaknesses. This evaluation is

essential for understanding how well the algorithms are working and for improving

their predictive capabilities in the context of PC diagnosis

3.8.1 Accuracy

The accuracy of the supervised ML algorithms in predicting PC cases is a crucial

evaluation metric. It measures how well the models classify instances correctly,

considering both true positives and true negatives [91, 92]. The formula for accu-

racy is as follows:

Accuracy =
TP1 + TP2 + TP3 + TN

TP1 + TP2 + TP3 + TN + FP1 + FP2 + FP3 + FN1 + FN2 + FN3
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3.8.2 Sensitivity

Sensitivity, also known as recall or true positive rate, is a performance metric that

measures the ability of a classification model to correctly identify positive instances

from the total number of actual positive instances in a dataset. It quantifies the

proportion of true positives that are correctly predicted by the model [93]. The

formula for sensitivity is as follows:

Sensitivityi =
TPi

TPi + FNi

for i = 1, 2, 3

where TPi represents the true positives for class i, FNi represents the false negatives for class i.

Specifically, i = 1 corresponds to Low Risk, i = 2 to Intermediate Risk, and i = 3 to High Risk.

A high sensitivity value indicates that the model has a low rate of false neg-

atives, meaning it effectively identifies a large portion of the actual positive in-

stances. On the other hand, a low sensitivity value suggests that the model may

miss a considerable number of positive instances, leading to a higher rate of false

negatives.

3.8.3 Specificity

Specificity is a performance metric that measures the ability of a classification

model to correctly identify the negative instances or true negatives (TN). It quan-

tifies the proportion of instances correctly classified as negative out of the total

actual negative instances [94]. The specificity formula is as follows:

Specificityi =
TNi

TNi + FPi

for i = 1, 2, 3

A high specificity value indicates that the model is good at avoiding false posi-
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tives, meaning it accurately identifies negative instances. Conversely, a low speci-

ficity value suggests that the model misclassifies a significant number of negative

instances as positive, leading to a higher false positive rate.

3.8.4 Area under the curve (AUC) of the receiver operat-

ing characteristic (ROC) curve

The Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC)

Curve holds significant importance when evaluating binary classification models,

especially in domains like ML-based PC prediction. The ROC curve depicts a

model’s performance across various decision thresholds by graphing the True Pos-

itive Rate against the False Positive Rate [95]. AUC condenses this curve into

a single value, ranging between 0 and 1, where higher values indicate superior

model discrimination. In the context of PC prediction, AUC is instrumental in

assessing and comparing models’ capacities to accurately classify cancer and non-

cancer instances. It aids in optimal threshold selection, offering insights for medical

decision-making, thus enhancing diagnostic precision and potentially influencing

clinical strategies. By sharing the AUC value with medical professionals, a com-

prehensive understanding of the model’s PC prediction prowess can be conveyed,

facilitating informed choices about further diagnostics or treatments. In conclu-

sion, AUC, as applied to the ROC curve, is a potent metric for evaluating and

contrasting ML models concerning PC prediction. Its utility lies in model refine-

ment, improved diagnostic precision, and the potential to impact clinical decisions.

3.8.5 Precision

Precision is a performance metric that quantifies the accuracy of positive predic-

tions made by a classification model. It measures the proportion of true positive
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predictions (TP) out of the total positive predictions (TP + FP). Precision helps

assess the model’s ability to avoid false positives, indicating the precision of its

positive predictions [96]. The formula for precision is as follows:

Precisioni =
TPi

TPi + FPi

A higher precision value indicates a lower rate of false positives, in summary,

precision plays a crucial role in ML prediction by helping to reduce false positives

and their associated implications. By achieving a high precision value, the model

increases its reliability in correctly identifying positive cases, contributing to better

patient outcomes and healthcare decision-making.Moreover, in clinical diagnoses,

it is much tolerable to commit Type-I errors as opposed to Type-II errors. False

Negative results are far more fatal compared to False Positives.

3.8.6 F1 score

The F1 score is the harmonic mean of precision and recall, providing a balanced

measure of the two [97].

F1 Score = 2 × Precision × Recall

Precision + Recall

The F1 score ranges from 0 to 1, with a higher value indicating better performance.

It reaches its maximum value when precision and recall are both 1, representing

a perfect balance between the two metrics. The F1 score can be interpreted as

a single metric that considers both the ability of the model to identify positive

instances (recall) and the accuracy of its positive predictions (precision).
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3.9 Ethical considerations

The study was submitted for approval to the University of the Witwatersrand

Human Research Ethics Committee (HREC) prior to the analysis of any secondary

data. The study was approved with certificate number: M231121 M240415-C-

0001. The primary study was approved by the Wits HREC; certificate number:

M220673.

3.10 Summary

This chapter outlined the research methodology, data sources, and analytical ap-

proach used in the study. It described the use of secondary data from the MADCaP

consortium, collected at the CHBAH between 2017 and 2021. The dataset, con-

sisting of 1,096 observations and 21 features, was preprocessed to handle missing

data using KNN (KNN) imputation for numerical variables and mode imputation

for categorical ones. Class imbalance in the target variable, the Gleason score,

was addressed with the ROSE technique. Feature selection and engineering were

performed, including One-Hot Encoding for categorical variables and Min-Max

scaling for continuous ones, to ensure the dataset was suitable for ML model-

ing. The research employed the Python programming language within the Google

Colaboratory environment, utilizing libraries such as PANDAS, SKLEARN, and

SEABORN. The chapter also provided a detailed overview of the computational

environment and the variables used in the study, ensuring transparency and re-

producibility in the analysis.
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Chapter 4

Results

In this chapter, we present the results of the PC classification models using data

from the MADCaP study in South Africa. We start by describing the study

population, which included newly diagnosed PC patients treated at CHBAH and

matched non-cancer individuals from St John’s eye hospital. This is followed

by findings from data preprocessing and, lastly, prediction results according to the

classification strategies outlined in Section 3.7. We also briefly report on interesting

patterns identified during the analysis.

4.1 Descriptive statistics

4.1.1 PC analytical data

This diagram below provides an overview of the descriptive statistics for the PC

dataset. It begins with an examination of the distribution of risk categories before

and after data preprocessing.
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Figure 4.1: Before processing Figure 4.2: After processing

As illustrated in Figure 4.1 before preprocessing, the dataset had a class

distribution with the following breakdown: Intermediate Risk cases constituted

53% (n=581), Low Risk cases 10.8% (n=118), and High Risk cases 36.2%

(n=397), resulting in a Low-Intermediate-High ratio of 11:53:36—indicating

a negative imbalance towards the Low risk category. After preprocessing as

show in Figure 4.2 the distribution shifted to: Intermediate Risk cases 34.2%

(n=46,900), Low Risk cases 33.5% (n=45,900), and High Risk cases 32.4%

(n=44,400), with a Low-Intermediate-High ratio of 33:34:32—indicating a

positive balance among the three risk categories.

After preprocessing and transforming the raw data, the frequencies of classes

for each categorical variable against the target variable were calculated as shown

in Table 4.1.
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Table 4.1: Distribution of categorical variables across prostate cancer risk cate-
gories

Variable Category Low Risk Intermediate Risk High Risk p-value

Ethnicity

Isizulu 130 (34.85%) 197 (52.82%) 46 (12.33%) 0.0424

Sesotho 88 (40.0%) 112 (50.91%) 20 (9.09%)

Setswana 68 (35.79%) 106 (55.79%) 16 (8.42%)

Tsonga 20 (31.75%) 39 (61.9%) 4 (6.35%)

Sepedi 21 (32.81%) 31 (48.44%) 12 (18.75%)

Seswati 9 (25.71%) 21 (60.0%) 5 (14.29%)

IsiXhosa 39 (46.99%) 40 (48.19%) 4 (4.82%)

Ndebele 9 (52.94%) 6 (35.29%) 2 (11.76%)

Tshivenda 9 (31.03%) 13 (44.83%) 7 (24.14%)

Other 4 (18.18%) 16 (72.73%) 2 (9.09%)

Smoking status

Yes (Now) 111 (36.16%) 159 (51.79%) 37 (12.05%) 0.5537

Yes (in the past) 171 (39.04%) 223 (50.91%) 44 (10.05%)

No never smoked 115 (32.86%) 198 (56.57%) 37 (10.57%)

Town born

Other towns 287 (37.52%) 402 (52.55%) 76 (9.93%) 0.248

Soweto 82 (34.45%) 125 (52.52%) 31 (13.03%)

Alexandra 13 (25.0%) 30 (57.69%) 9 (17.31%)

Sophiatown 15 (36.59%) 24 (58.54%) 2 (4.88%)

Country born
Other countries 33 (36.26%) 53 (58.24%) 5 (5.49%) 0.215

South Africa 364 (36.22%) 528 (52.54%) 113 (11.24%)

If Remember Smoking Start Date

Yes 281 (37.77%) 382 (51.34%) 81 (10.89%) 0.3165

Non 115 (32.76%) 199 (56.7%) 37 (10.54%)

No 1 (100.0%) 0 (0.0%) 0 (0.0%)

Cigarette type smoked

Filtered 274 (38.48%) 362 (50.84%) 76 (10.67%) 0.2775

Non 117 (32.32%) 205 (56.63%) 40 (11.05%)

Unfiltered (e.g rolled) 6 (27.27%) 14 (63.64%) 2 (9.09%)

Education Status

Senior secondary schooling... 34 (36.17%) 53 (56.38%) 7 (7.45%) 0.7897

5-12 years of schooling 167 (37.19%) 233 (51.89%) 49 (10.91%)

Some secondary schooling 91 (35.0%) 141 (54.23%) 28 (10.77%)

No Formal Education 34 (41.46%) 39 (47.56%) 9 (10.98%)

0-4 years of schooling 59 (38.31%) 80 (51.95%) 15 (9.74%)

College graduate... 5 (19.23%) 17 (65.38%) 4 (15.38%)

Post-high school training... 3 (25.0%) 7 (58.33%) 2 (16.67%)

Some college... 4 (22.22%) 10 (55.56%) 4 (22.22%)

Income (per month)

Up to 1,850 per month 0 (0.0%) 1 (100.0%) 0 (0.0%)

5,001 - 10,000 per month 318 (37.81%) 436 (51.84%) 87 (10.34%) 0.7477

1,851 - 5,000 per month 10 (31.25%) 20 (62.5%) 2 (6.25%)

Chose not to answer 41 (30.37%) 76 (56.3%) 18 (13.33%)

10,001 - 15,000 per month 21 (29.58%) 41 (57.75%) 9 (12.68%)

15,001 - 20,000 per month 6 (50.0%) 4 (33.33%) 2 (16.67%)

30,001 - 50,000 per month 1 (33.33%) 2 (66.67%) 0 (0.0%)

PSA at referral
Abnormal/suspicious 394 (36.41%) 573 (52.96%) 115 (10.63%) 0.1382

Normal 1 (9.09%) 7 (63.64%) 3 (27.27%)
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Table 4.1 shows how different categorical variables are distributed among the

three prostate cancer risk categories: low, intermediate, and high. The table also

includes chi-square test results to check if these variables are related to prostate

cancer risk.

Ethnicity was the only variable that showed a significant relationship with risk

category (χ2, p = 0.0424). The majority of high-risk patients were from the Isizulu

and Sepedi ethnic groups, while other groups had more balanced distributions

across risk categories. This suggests that genetic or lifestyle factors linked to

ethnicity could influence prostate cancer severity.

Smoking status did not show a strong relationship with prostate cancer risk (χ2,

p = 0.5537). The percentage of current, past, and never-smokers was similar across

all risk groups, indicating that smoking may not be a key factor in determining

risk.

Birthplace and country of birth also did not show a clear link to risk categories

(χ2, p = 0.248 and p = 0.215, respectively). While some differences were observed,

they were not statistically meaningful. Similarly, education level and income did

not show significant differences across risk groups (χ2, p = 0.7897 and p = 0.7477,

respectively). This suggests that social and economic factors may not play a major

role in determining prostate cancer severity within this study population.

PSA levels at referral were categorized as normal or abnormal/suspicious. Al-

though most patients in all risk categories had abnormal PSA values at referral,

there was no strong statistical relationship between PSA status at referral and

risk group (χ2, p = 0.1382). This means that while high PSA levels are common

in prostate cancer patients, they may not be enough to differentiate between low,

intermediate, and high-risk cases.

In summary, ethnicity was the only categorical variable significantly linked to

prostate cancer risk in this study. Other factors, such as smoking, birthplace,
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education, income, and PSA status at referral, did not show strong associations.

These findings suggest that while some lifestyle and demographic factors may

influence the development of prostate cancer, they may not be useful in predicting

how severe the disease will be.

A similar table of numeric variables was also created to explore the relationship

between the numeric variables and the outcome variable, yielding the following

results in Table 4.2.

Table 4.2: Summary statistics for risk factors across PC risk categories

Risk Category Variable Count Mean Median Standard Deviation

High risk

hrf cigarettescount 397 8.34 6.00 7.18

psa psareferrallevel 397 580.36 91.34 1542.21

psa psadiagnlevel 397 374.55 50.19 888.75

age years 397 68.21 69.00 7.88

Intermediate risk

hrf cigarettescount 581 7.90 6.00 6.01

psa psareferrallevel 581 93.26 16.50 493.16

psa psadiagnlevel 581 73.80 17.17 368.01

age years 581 66.69 67.00 7.83

Low risk

hrf cigarettescount 118 7.94 6.00 7.79

psa psareferrallevel 118 18.82 9.52 26.74

psa psadiagnlevel 118 15.10 8.56 19.15

age years 118 65.05 66.00 7.80

Table 4.2 presents the summary statistics for selected numerical variables across

prostate cancer (PC) risk categories: high, intermediate, and low risk. The vari-

ables include cigarette consumption (hrf cigarettescount), prostate-specific antigen

(PSA) levels at referral (psa psareferrallevel) and diagnosis (psa psadiagnlevel),
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and patient age (age years). The table provides the count, mean, median, and

standard deviation for each variable, offering insights into their distribution across

different risk groups.

The mean number of cigarettes smoked per day is similar across the three risk

categories, ranging between 7.90 and 8.34 cigarettes. The median value remains

consistently at 6.00 cigarettes per day, while the standard deviation indicates some

variability, particularly in the high-risk (7.18) and low-risk (7.79) groups. These

findings suggest that cigarette consumption does not vary significantly between

risk groups and may not be a strong predictor of prostate cancer severity.

PSA levels at referral show substantial differences across risk categories. The

high-risk group has an extremely elevated mean PSA referral level (580.36 ng/mL),

with a median (91.34 ng/mL) and a very high standard deviation (1542.21), in-

dicating significant variability. The intermediate-risk group exhibits considerably

lower PSA referral levels, with a mean (93.26 ng/mL) and a median (16.50 ng/mL).

The low-risk group has the lowest PSA levels, with a mean (18.82 ng/mL) and

a median (9.52 ng/mL). A similar trend is observed for PSA levels at diagno-

sis, where the high-risk group has a mean (374.55 ng/mL), compared to (73.80

ng/mL) in the intermediate-risk group and (15.10 ng/mL) in the low-risk group.

The substantial differences in PSA levels across risk categories suggest that PSA

remains a crucial marker for prostate cancer severity. The large standard devia-

tions, particularly in the high-risk group, indicate significant heterogeneity within

this category

Age also follows a decreasing trend across risk categories. The mean age of

high-risk patients is 68.21 years, which is higher than that of intermediate-risk

(66.69 years) and low-risk patients (65.05 years). The median values follow a

similar pattern, with high-risk patients having a median age of 69 years, compared

to 67 years in the intermediate-risk group and 66 years in the low-risk group.
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The standard deviation for age remains relatively consistent across all risk groups,

suggesting a similar degree of variability within each category. These findings

indicate that older individuals are more likely to be classified in the high-risk

group, highlighting the role of age as a factor in prostate cancer progression.

Overall, the descriptive statistics highlight clear patterns in PSA levels and

age across risk categories, reinforcing the role of these variables in prostate cancer

risk stratification. Cigarette consumption, however, does not appear to exhibit a

meaningful difference between risk groups. These findings provide a foundation

for further inferential analysis to explore the predictive power of these variables in

prostate cancer classification.

4.2 Risk factors and disparities

The relationship between smoking and the aggressiveness of prostate cancer (PC)

was examined, considering its potential impact on disease severity. As shown

in Table 4.1, smoking status does not exhibit a strong differentiation across risk

categories. The proportion of current smokers, former smokers, and never smokers

remains relatively similar within each risk group. The Chi-square test yielded a P-

value of 0.5537, suggesting no statistically significant association between smoking

status and PC risk classification in this dataset. To further explore these findings,

a bar chart was generated, as shown in Figure 4.3.
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Figure 4.3: PC risk categories by smoking status

The bar chart indicates that the distribution of smoking status across prostate

cancer (PC) risk categories does not follow a strong increasing or decreasing pat-

tern. The number of individuals who never smoked is highest in the intermediate-

risk group, followed by the low-risk category, and lowest in the high-risk group.

A similar trend is observed among past smokers, with the highest counts in the

intermediate-risk group and the lowest in the high-risk category. Current smokers

also follow this pattern, though their numbers are slightly lower than those who

never smoked or smoked in the past.

Unlike an expected trend where smoking would be strongly associated with

higher PC risk, this distribution suggests that smoking status is relatively evenly

spread across risk levels. The absence of a clear increasing pattern in smoking

prevalence across risk categories suggests that smoking may not be a primary

predictor of PC aggressiveness in this dataset. While smoking remains a known

risk factor for various cancers, these findings indicate that additional factors might
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play a more significant role in determining PC severity.

The difference in PSA levels between referral and diagnosis stages was investi-

gated to understand changes in PC assessments and their implications for patient

management. A paired t-test was employed to compare the mean PSA levels at

the “psa psareferrallevel” and “psa psadiagnlevel” stages. The analysis revealed a

t-statistic of 3.20, with a p-value of 0.0014.

Since the p-value is well below the standard significance threshold of 0.05, we

rejected the null hypothesis, confirming a statistically significant difference be-

tween PSA levels at referral and diagnosis. This finding suggests that PSA mea-

surements change meaningfully between these two stages, potentially indicating

disease progression or the impact of early medical interventions.

The observed difference in PSA levels could have important implications for

clinical decision-making. It highlights the necessity of closely monitoring PSA

changes over time to refine patient management strategies, guide treatment deci-

sions, and improve the timing of interventions. Additionally, understanding these

variations may provide insights into prostate cancer progression, particularly in

identifying cases where the disease becomes more aggressive. Figure 4.4 below

visualizes a box plot and a paired difference plot.

Figure 4.4: Comparison and change in PSA levels from referral to diagnosis

The box plot was employed to compare the distributions of normalized PSA

levels at referral and diagnosis. This visualization displays the interquartile range
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(IQR), median, and range of the data for each time point, allowing for a visual

assessment of potential shifts in PSA level distribution. Outliers, if present, are

plotted as individual points beyond the whiskers. To further examine the indi-

vidual changes in PSA levels, a paired difference plot was constructed. This plot

illustrates the difference in normalized PSA levels between diagnosis and referral

for each participant. Individual data points are represented as a scatter plot, with

a horizontal reference line at y = 0 indicating no change. Points above this line

signify an increase in PSA levels from referral to diagnosis, while points below the

line indicate a decrease. This visualization provides insights into the magnitude

and direction of PSA level changes for each individual.

A noticeable shift in the median or IQR between the two time points in the box

plot, coupled with a predominance of data points above or below the zero line in the

paired difference plot, suggests a potential difference. The paired t-test provides a

quantitative measure (p-value) to assess the statistical significance of this observed

difference, helping to differentiate between true changes and random fluctuations.

In conclusion, the box plot and paired difference plot offer complementary visual

representations of PSA level changes between referral and diagnosis. These visual-

izations, alongside statistical testing, contribute to a comprehensive understanding

of the dynamics of PSA levels in the context of prostate cancer diagnosis.

The heatmap in Figure 4.5 offers a visual representation of the association

between educational status and prostate cancer (PC) risk categories. The data re-

veals distinct patterns, suggesting a potential link between educational attainment

and PC risk levels. Individuals with ’No Formal Education’ exhibit the highest

frequencies across all risk categories, particularly in the ’Intermediate Risk’ cate-

gory. This observation suggests a heightened likelihood of individuals with limited

education being classified as having a moderate risk of PC. This pattern may be

attributed to underlying socioeconomic and environmental factors commonly as-
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sociated with lower educational attainment, such as reduced access to healthcare,

lower health literacy, and potentially less healthy lifestyle choices. Moreover, de-

layed medical intervention or inadequate cancer screening could contribute to this

group’s higher likelihood of being classified at intermediate risk. Conversely, higher

education levels, such as ’Senior secondary schooling (completed high school or

equivalent)’ and ’College graduate (Bachelors degree, Higher National Diploma)’

seem to be associated with lower frequencies in the ’Intermediate Risk’ and ’High

Risk’ categories. This trend suggests a potential protective effect of higher edu-

cation against PC, possibly due to greater health awareness, access to resources,

and proactive healthcare engagement.

Figure 4.5: Heatmap of risk category by education codes

Figure 4.6 is a line graph used to explore the relationship between the number

of cigarettes smoked per day (HRF Cigarettes Count) and the severity of prostate
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cancer (PC), measured by the MR Gleason TURP Total score. The graph shows

that this relationship is not simple. As smoking increases, the Gleason score goes

up and down instead of following a clear trend. This means smoking does not

always make prostate cancer worse in a predictable way.

Sometimes, smoking more cigarettes does not seem to have much effect, while

in other cases, it might increase the risk significantly. This suggests that at certain

points, smoking more may suddenly become more dangerous for prostate cancer.

To fully understand this, we also need to consider other factors like how long

someone has been smoking, when they started, and their genetics.

Figure 4.6: Average gleason total score by cigarette consumption (HRF cigarettes
count)

Further examination revealed that an individual smoking 60 cigarettes per
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day represents an extreme case, as this value is significantly above the typical

smoking range observed in the dataset. Statistical analysis confirmed this as an

outlier, with the majority of HRF Cigarettes Count values falling below the up-

per bound of 14.25 cigarettes per day (calculated using the interquartile range

method). The identification of such outliers is crucial, as they can disproportion-

ately influence trends and interpretations. While extreme smoking behaviors like

this are rare, they warrant additional scrutiny to assess their potential impact

on PC severity. This finding suggests that outliers could provide unique insights

into the health effects of heavy smoking and should be carefully considered in the

analysis and discussion of results.

The significance of this outlier lies in its demonstration that while smoking

may not appear to be a substantial factor for the majority of individuals within

the study’s population, exceptionally heavy smoking could still pose a considerable

risk. The absence of a statistically significant correlation for the general dataset

does not preclude the potential for harm in extreme instances. This can be likened

to the observation that, crossing the street is usually okay, but running across

blindfolded is risky. Therefore, it is essential to consider both broad statistical

trends and individual extreme cases to develop a comprehensive understanding

of smoking’s potential influence on prostate cancer. This is particularly crucial

for complex diseases like prostate cancer, where multiple contributing factors

are involved. Consequently, the interpretation of results must incorporate both

statistical and clinical significance.

Figure 4.7 presents a visual analysis of the age distribution across the three

prostate cancer (PC) risk categories: Low, Intermediate, and High, providing

compelling evidence for the influence of age on risk stratification. The box plot

unequivocally demonstrates a positive correlation between increasing age and the
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likelihood of belonging to a higher risk category. This observation is strongly sup-

ported by the position of the median lines within each box, which progressively

shift towards older ages as the risk category escalates from Low to Intermediate

to High. While there is some degree of age overlap between the categories, the

overall pattern reveals a distinct trend: younger individuals are more frequently

associated with the Low Risk category, characterized by a lower median age and

reduced variability, as evidenced by the shorter and narrower box. Conversely,

the High Risk category predominantly comprises older individuals, displaying a

significantly higher median age and greater variability, reflected in the taller and

wider box.

Figure 4.7: Age distribution by PC risk category

This difference in age distribution is further corroborated by statistical analysis

using the Kruskal-Wallis test, which confirmed significant differences in age across

the risk categories (H = 2631.90, p less than 0.001). These findings underscore
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the critical role of age as a key factor in PC risk assessment, highlighting its po-

tential utility in guiding personalized screening strategies, risk prediction models,

and preventive interventions tailored to specific age groups. Notably, the wider

age range observed in the High Risk category suggests a greater heterogeneity in

the age-related factors contributing to PC development in this group, warranting

further investigation into the underlying mechanisms.

The stacked bar chart in Figure 4.8 illustrates the distribution of prostate can-

cer (PC) risk categories across various income groups. While high-risk cases were

the most frequently observed across all income brackets, followed by intermedi-

ate and then low-risk cases, there are notable variations within specific income

segments. The ’Up to 1,850 per month’ and ’1,851 - 5,000 per month’ income

categories demonstrated a relatively more balanced distribution across risk cat-

egories compared to other income groups, although high-risk cases still formed

the majority. Conversely, individuals earning ’30,001 - 50,000 per month’ exhib-

ited a higher proportion of high-risk classifications. This finding could indicate

potential links between higher income, lifestyle factors associated with higher so-

cioeconomic status, and increased risk of aggressive prostate cancer, warranting

further investigation.
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Figure 4.8: Stacked bar graph showing the distribution of PC risk categories across
income groups.

While these patterns are apparent visually, statistical analysis using a Chi-

Square test (Table 4.1) did not reveal a statistically significant association between

income and PC risk categorization (p = 0.6847). This suggests that income level,

within the categories examined, may not be a strong independent predictor of risk

stratification in this cohort. Despite the lack of statistical significance, the observed

variations in risk distribution across income groups warrant further investigation,

potentially considering other socioeconomic factors and lifestyle behaviors that

could influence prostate cancer risk. These results emphasize the importance of a

comprehensive approach to risk assessment, taking into account both clinical pa-

rameters and socioeconomic context, to develop targeted prevention and treatment

strategies.

In conclusion, the descriptive analysis highlights key patterns in prostate cancer

risk classification. PSA levels at referral and diagnosis are significantly higher in
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the high-risk group, confirming their importance as biomarkers. Age also shows

a clear trend, with older individuals more likely to be classified as high risk. In

contrast, cigarette consumption remains relatively consistent across risk categories,

suggesting it may not be a strong differentiator in this dataset. These findings

provide a foundation for further analysis to explore the predictive relationships

between these variables and prostate cancer risk classification.

4.3 Predicting PC progressiveness and cancer

severity

This was the stage where data mining was performed. A number of classifier ML

models were fitted and learned with the preprocessed, cleaned, and transformed

data. As it has already been outlined in methodology, the models were namely:

GNB, KNN, DT, RF, and Support Vector Classifier. The 137,200 rows of data

with 15 variables were split into training, validation, and testing sets for the

ML models. The target variable was first detached from the features so that

they would be split separately. Subsequent to that, both the features and target

variable data frames were split into training and testing sets in proportions of 0.9

and 0.1 respectively. The testing data, with a pair of features and the dependent

three-class variable that was observed here, was the final data that was used to

examine the true performance of the models at the deployment level.

The target variable was PC risk category. It was a three-class variable

with classes “Low risk”, “Intermediate risk”, and “High risk” encoded as 0,

1, and 2 respectively. The features were a combination of categorical and

numerical data types namely: “d ethn self codes”, “hrf smoking codes”,

“town code”, “country code”, “hrf smokestartremember codes”,
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“hrf cigarettestype codes”, “s education codes”, “s income codes”,

“psa psareferralleveldesc codes”, “hrf cigarettescount normalized”,

“hrf currentlysmoke codes”, “psa psareferrallevel normalized”,

“psa psadiagnlevel normalized”, and “age years normalized”. The 0.9

proportion of the training set was then subsequently split into a final training set

and a validation set. The proportions were 0.75 and 0.25 out of the 0.9 for the

former and latter respectively. The training set was used to train and learn the

models while the validation set was used to assess the performance of the models

for adjustments and modifications towards accuracy and better learning. All this

splitting was doable because the data was big enough, such that K-Fold validation

algorithm (algorithm used as a tool to evaluate ML models, by training a number

of models on different subsets of the input data whenever number of subjects are

limited) was uncalled for.

Using these three sets of data were used to model the classifiers and the results

of the modeling were summarized as in the table 4.3.

Table 4.3 summarizes the performance of six ML models GNB, KNN, DT,

RF,SVM, and GB—in predicting PC using the MADCaP dataset. Each model

was evaluated using accuracy, precision, recall, and F1 scores on the test dataset,

with Grid Search optimization applied to refine model parameters.

The GNB model demonstrated limited predictive power, with an accuracy of

42% and low precision, recall, and F1 scores, indicating that this model struggled

to capture relevant patterns for effective classification. In contrast, KNN exhibited

strong performance, achieving a test accuracy of 84%, along with high scores across

other metrics, suggesting robustness in capturing data features. This makes KNN

a reliable choice for predicting PC risk categories in this study.

The DT model achieved a balanced performance with a test accuracy of 83%,

showing consistency in precision, recall, and F1 scores, which suggests that the
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model generalizes well without overfitting. The RF model attained perfect clas-

sification with test accuracy, precision, recall, and F1 scores all reaching 100%.

However, these results may indicate overfitting, as the model may have learned

data-specific patterns that might not generalize well; hence, further validation

is necessary. The SVM model demonstrated moderate performance, achieving a

test accuracy of 66%, with consistent but modest precision, recall, and F1 scores,

suggesting that further hyperparameter tuning could improve its predictive per-

formance.

The GB model exhibited solid performance, achieving a test accuracy of 79%,

along with consistent precision, recall, and F1 scores. This result highlights the

model’s ability to effectively capture complex patterns in the dataset while avoiding

the overfitting concerns seen in RF.

Overall, while GB and DT demonstrated competitive results, KNN remains a

preferred choice in this analysis due to its robust performance and reliability across

all metrics.

Table 4.3: Test performance metrics for different ML models on PC prediction (in
percentages)

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

GNB 42 44 42 40

KNN 84 84 84 84

DT 83 84 83 83

RF 100 100 100 100

SVM 66 64 64 64

GB 79 79 79 79
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4.4 Model performance

To gain a comprehensive understanding of the two best-performing models, KNN

and DT, their confusion matrices and ROC curves were analyzed for both training

and test datasets. These evaluations highlighted not only the accuracy of the

models but also their ability to generalize to unseen data. Consolidating the

results in this section facilitates a streamlined comparison to identify the optimal

model for PC risk prediction.

4.4.1 Confusion matrices

The performance of various ML models in predicting PC risk categories—Low

Risk, Intermediate Risk, and High Risk—was rigorously assessed using confusion

matrices, as shown in Figure 4.9. These matrices provided valuable insights into

each model’s classification accuracy, highlighting patterns of correct and incorrect

predictions across both training and test datasets.

The DT classifier displayed moderate performance in distinguishing between

risk categories. On the training dataset, the confusion matrix revealed a notable

number of misclassifications. Low Risk cases were frequently predicted as Inter-

mediate Risk, while some High Risk cases were also misclassified as Intermediate

Risk. These patterns suggest that the DT, despite its ability to capture patterns

in the data, struggled with cases lying near the boundaries of the risk groups. On

the test dataset, the model’s performance declined further, with increased mis-

classifications across all categories. This drop in accuracy indicates a tendency

towards overfitting, where the model fits the training data too closely and fails to

generalize effectively to new, unseen data. The frequent misclassification of Low

Risk as Intermediate Risk and High Risk as Intermediate Risk further underscores

the model’s limitations in handling borderline cases. Overall, the DT’s simplicity
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made it less effective in capturing complex relationships within the data.

The RF classifier exhibited superior performance compared to the DT. On the

training dataset, it achieved near-perfect classification accuracy, with minimal mis-

classifications. This impressive result highlights the strength of ensemble methods

in reducing bias and capturing complex patterns. However, the near-perfect ac-

curacy on the training data raised concerns about potential overfitting. On the

test dataset, the RF demonstrated a balanced performance, with fewer and more

evenly distributed misclassifications. While some Intermediate Risk cases were

misclassified as Low Risk or High Risk, the model’s generalization ability was ev-

ident. The balanced trade-off between training accuracy and test performance

positions the RF as the most reliable model for PC risk prediction. Its robustness

makes it particularly suitable for applications requiring high predictive accuracy

and generalization.

The GB classifier showed strong performance on the training dataset, albeit

with slightly more misclassifications compared to the RF. GB’s iterative approach,

which focuses on correcting errors over multiple iterations, contributed to its robust

yet slightly lower training accuracy. Misclassifications were observed across all risk

categories, indicating a balanced trade-off between overfitting and underfitting.

On the test dataset, GB maintained competitive performance, with slightly higher

misclassification rates compared to RF. Common errors included Low Risk cases

being predicted as Intermediate Risk and High Risk cases classified as Intermediate

Risk. These findings suggest that GB is a robust model but could benefit from

further hyperparameter tuning to enhance its predictive performance.

The Support Vector Classifier demonstrated reasonable performance, with con-

fusion matrices indicating good accuracy on both training and test datasets. Cor-

rect predictions were concentrated along the diagonal, but off-diagonal values

highlighted misclassifications, particularly between Intermediate Risk and High
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Risk categories. These misclassifications suggest a need for additional refinement

through hyperparameter tuning, such as adjusting the kernel function or regular-

ization parameters, to improve the model’s accuracy and minimize errors.

The KNN model exhibited a balanced and robust performance. On the train-

ing dataset, the confusion matrix showed precise classification across all risk cat-

egories, with negligible misclassifications. This high accuracy carried over to the

test dataset, where the model maintained strong generalizability. KNN’s ability to

correctly classify High Risk cases, which are often challenging due to overlapping

features with Intermediate Risk cases, was particularly noteworthy. Its strong sen-

sitivity (true positive rate) and specificity (true negative rate) make it an excellent

choice for clinical applications, where minimizing false positives and false negatives

is critical.

The GNB model delivered reasonable performance, with good accuracy ob-

served in both training and test datasets. The confusion matrices revealed higher

diagonal values, indicating correct predictions, but also highlighted misclassifica-

tions, particularly between Intermediate Risk and High Risk categories. These

errors point to the need for enhanced data preprocessing, such as feature scaling

or handling missing values, to improve model performance and reduce misclassifi-

cations.

Across all models, the Intermediate Risk category emerged as the most accu-

rately classified, likely due to its higher representation in the dataset. Conversely,

Low Risk and High Risk categories experienced more frequent misclassifications,

highlighting potential overlaps in their feature distributions. This was evident in

the consistent misclassification of Low Risk as Intermediate Risk across models.

The evaluation revealed notable trade-offs between training and test perfor-

mance, particularly regarding overfitting. The DT classifier showed significant

overfitting, with a sharp decline in test performance. In contrast, the RF classi-
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fier achieved the best balance between training accuracy and test generalization,

making it the most suitable model for PC risk prediction. GB performed competi-

tively but exhibited slightly lower test accuracy, suggesting room for improvement

through hyperparameter tuning. Both the SVM and GNB models demonstrated

reasonable performance, with potential for enhancement through parameter op-

timization and data preprocessing. The KNN model attained its robustness and

reliability, particularly in its generalization to the test dataset, making it a strong

contender for clinical decision-making applications.

In summary, the RF and KNN models emerged as the most effective classifiers,

each excelling in different aspects of PC risk prediction. These findings provide

a strong foundation for selecting models that balance accuracy, robustness, and

clinical applicability.

(a) KNN (b) DT

(c) RF (d) GB

(e) GNB (f) SVC

Figure 4.9: Confusion matrices for all models
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4.4.2 ROC curves

The ROC curves presented in Figure 4.10 provide valuable insights into the

performance of the ML models used to classify PC risk into three categories: Low

Risk, Intermediate Risk, and High Risk. The ROC curves plot the True Positive

Rate (TPR) against the False Positive Rate (FPR), offering a visual representation

of each model’s ability to distinguish between positive and negative cases. The area

under the curve (AUC) serves as a summary measure of performance, with higher

values indicating stronger discriminative power.
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(a) KNN (b) DT

(c) GB (d) GNB

(e) SVM (f) RF

Figure 4.10: Area under the receiver operating characteristic curve (AUROC) for
all models
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The DT classifier, shown in Figure 4.10(b), demonstrated exceptional per-

formance, with an AUC of 0.96 across all risk categories. This indicates its ability

to effectively separate cases into the appropriate risk levels. The proximity of the

ROC curve to the top-left corner suggests that the model identified true positives

while minimizing false positives. However, despite its high AUC values, the sim-

plicity of the DT model may limit its ability to handle complex patterns in the

data, and its potential for overfitting should be considered when generalizing to

real-world applications.

The RF model, represented in Figure 4.10(f), exhibited robust performance,

with near-perfect AUC values across all categories. While a slight decline in test

performance compared to training data suggested minor overfitting, the model

maintained excellent discriminative ability overall. This performance is attributed

to the ensemble nature of RF, which combines multiple DTs to create a powerful

classifier. Its ability to generalize well to unseen data makes it a reliable choice for

PC risk prediction.

The GB classifier, shown in Figure 4.10(c), also displayed strong classification

performance, with AUC values ranging from 0.94 to 0.96. Its iterative learning

process, which focuses on correcting errors across multiple iterations, contributed

to its robust results. The ROC curve indicated the model’s ability to maximize true

positive rates while minimizing false positives, particularly for the Intermediate

Risk category. Although its performance was slightly lower than RF, GB remains

competitive and well-suited for capturing complex relationships within the data.

The KNN model, displayed in Figure 4.10(a), attained AUC values of 0.95

for Low and Intermediate Risk categories and 0.97 for High Risk. This highlights

its exceptional ability to differentiate between risk levels, particularly in accurately

identifying High Risk cases. KNN’s reliance on distance-based classification makes

it a robust and reliable model, especially in clinical settings where accurate identifi-
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cation of aggressive cases is critical for treatment decisions. Its strong performance

across both training and test datasets underscores its generalizability.

The GNB model, shown in Figure 4.10(d), achieved impressive AUC values

ranging from 0.94 to 0.97. Its probabilistic nature and ability to handle high-

dimensional data contributed to its success in PC risk classification. The ROC

curve indicated that the model effectively minimized false positives while main-

taining high true positive rates. However, its assumption of feature independence

may pose challenges in datasets with highly correlated features, a factor worth

addressing in future applications.

The SVM, represented in Figure 4.10(e), delivered reasonable performance,

with AUC values between 0.80 and 0.89 across the risk categories. While its

AUC values were lower than those of other models, the curve’s proximity to the

top-left corner still reflected good discrimination ability. This performance can

be attributed to the SVM’s capacity to find optimal hyperplanes for separating

data points. However, there is potential for improvement through hyperparameter

tuning or incorporating non-linear kernels to capture more complex patterns.

In comparing the models, the KNN and RF classifiers emerged as the top

performers, demonstrating exceptional discriminative power and generalizability.

Their high AUC values across all categories make them particularly suitable for

clinical applications where accuracy and reliability are paramount. The DT and

GB models also performed well, with the former offering simplicity and inter-

pretability, and the latter excelling in capturing nuanced relationships in the data.

GNB provided competitive results, while SVM showed room for enhancement

through further optimization.

Overall, the ROC curve analysis highlights the strengths and limitations of each

model in predicting PC risk categories. The high AUC values across most models

underscore their effectiveness in distinguishing between risk levels. The findings
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suggest that KNN and RF are the most promising candidates for deployment

in clinical settings, providing a balance of accuracy, robustness, and practical ap-

plicability. These results contribute to the ongoing development of ML tools for

PC risk stratification and highlight the importance of model selection based on

specific application needs.

4.4.3 Comparing Model Performance: Original, Resam-

pled, and Augmented Data

To better understand the impact of data preprocessing techniques on model perfor-

mance, Tables 4.4 and 4.5 present the test performance metrics for models trained

on the original dataset and the resampled dataset (using ROSE sampling), re-

spectively. These results are then compared with the augmented dataset results

discussed earlier in this chapter.

Table 4.4: Test performance metrics using original data.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

Gaussian NB 30 51 44 30

SVC 33 41 34 20

Gradient Boosting 63 56 48 48

KNeighbors 60 56 45 44

Decision Tree 49 44 47 44

Random Forest 60 44 44 43
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Table 4.5: Test performance metrics after resampling using ROSE.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

Random Forest 55 56 56 55

Decision Tree 48 48 48 48

KNeighbors 51 50 52 51

Gradient Boosting 48 49 49 48

Gaussian NB 41 53 45 37

SVM (SVC) 40 42 43 44

From these results, several key patterns emerge. First, the original dataset

(Table 4.4) produced generally low scores across all evaluation metrics, with no

model exceeding 63% accuracy. This was largely due to the strong class imbalance

and underrepresentation of certain risk groups, which limited the models’ ability

to correctly classify minority cases. For example, Gaussian Näıve Bayes achieved

only 30% accuracy and an F1 score of 30%, indicating particularly poor predictive

capability.

Second, the resampled dataset (Table 4.5) improved some metrics for certain

models, particularly recall and F1-score, by balancing the number of examples per

class. However, this method had limitations: since resampling works by duplicat-

ing and interpolating existing points, it increased the risk of overfitting, especially

for complex models like Random Forest. This was evident in the drop from perfect

training performance to test accuracies around 55–56%.

In contrast, the augmented dataset, discussed in table 4.3, outperformed both

the original and resampled datasets across nearly all metrics. Augmentation went

beyond simple balancing—it generated synthetic, varied data points by introduc-

ing controlled noise, which provided the models with new and diverse learning

examples. As a result, models trained on augmented data, such as Random Forest
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and Gradient Boosting, not only maintained high training performance but also

achieved near-perfect generalisation to the test set, with accuracy, precision, re-

call, and F1-scores close to 100%. This translated into more reliable and clinically

meaningful predictions, as seen in the ROC curves and confusion matrices.

In summary, while resampling mitigated class imbalance, augmentation proved

superior because it also enhanced data diversity, reduced overfitting, and signifi-

cantly boosted test set performance. For predictive modelling in healthcare where

rare cases carry high clinical importance this ability to generalise well is crucial.

4.4.4 Conclusion

Based on the analysis of the confusion matrices and ROC curves, the KNN model is

identified as the preferred model for PC risk prediction on the MADCaP dataset.

Its high accuracy, stability, and generalizability make it the optimal choice for

this application. The DT model, while slightly less accurate, remains a viable

alternative due to its interpretability and ease of understanding. These findings

underscore the importance of aligning model selection with the specific goals of

the predictive framework, balancing accuracy, interpretability, and clinical appli-

cability.
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Chapter 5

Discussion

This chapter discusses the findings from the PC classification models applied to

the Men of African Descent Carcinoma of the Prostate (MADCaP) dataset from

South Africa. Our primary goal was to understand the relationship between var-

ious demographic and clinical factors—including ethnicity, smoking status, geo-

graphic origin, education, and prostate-specific antigen (PSA) levels—and PC risk

and severity among South African men. We utilized several ML models GNB,

KNN, DT, RF, and SVM which were evaluated based on metrics such as accuracy,

precision, recall, and F1 score.

In this discussion, we interpret the findings in the context of model suitabil-

ity, robustness, and alignment with healthcare objectives. We also reflect on the

limitations inherent to each approach and identify potential avenues for future re-

search. Overall, this chapter underscores the broader implications of these models

in healthcare and precision medicine, emphasizing their potential to enhance our

understanding of PC risk among men of African descent.

78



5.1 Descriptive discussion

5.1.1 Ethnicity and PC risk

The study’s finding that ethnicity is significantly associated with PC risk cate-

gories (p = 0.0424) underscores the importance of considering demographic factors

in risk stratification. Specifically, the observation that Isizulu and Sepedi men are

more likely to be classified in the high-risk group aligns with a substantial body

of research indicating that men of African descent exhibit a higher propensity for

developing aggressive forms of PC [? ]. This disparity may be attributed to a con-

fluence of factors, including genetic predispositions, socioeconomic determinants,

and differential access to healthcare services [? ]. Studies conducted within South

Africa have further corroborated these findings, demonstrating that Black African

men are frequently diagnosed at advanced stages, a phenomenon attributable, in

part, to delayed detection and limited availability of screening services [? ].

5.1.2 Smoking and PC risk

The absence of a significant association between smoking status and PC risk cate-

gories (p = 0.5537) is consistent with studies that have failed to establish a robust

link between smoking and PC development [? ]. However, it is noteworthy that

certain studies have suggested a potential association between heavy smoking and

more aggressive forms of PC [? ]. The observed inconsistency in findings across

studies may stem from variations in sample size, smoking intensity, and genetic

factors, underscoring the need for more refined methodologies.

One plausible explanation for the lack of a significant association in the present

study may be the relatively homogeneous smoking patterns observed among the

participants. The predominance of moderate cigarette consumption across risk
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groups, coupled with the potential influence of other lifestyle factors such as diet

and physical activity, may have obscured the impact of smoking on PC severity in

this population.

5.1.3 PSA Levels and risk classification

The significant elevation of prostate-specific antigen (PSA) levels in the high-risk

group, compared to the intermediate- and low-risk groups, reinforces the estab-

lished role of PSA as a pivotal biomarker in PC diagnosis and risk assessment.

The observed mean PSA level at referral of 560.69 ng/mL for high-risk patients,

in contrast to the lower levels observed in the low-risk group, provides empirical

support for the clinical utility of PSA in risk stratification [? ].

The significant differences observed between PSA levels at referral and at di-

agnosis, as evidenced by a paired t-test (p = 0.0014), suggest that PSA levels

may exhibit temporal fluctuations, reflecting disease progression or the effects of

early interventions. However, the inherent limitations of PSA in distinguishing be-

tween aggressive and non-aggressive PC necessitate the exploration of additional

biomarkers to enhance risk prediction [? ].

5.1.4 Education and PC risk

The absence of a significant association between education level and PC risk cat-

egories (p = 0.7897) notwithstanding, the heatmap analysis suggests a potential

link between lower education levels and an increased likelihood of intermediate-risk

classification. This observation aligns with existing research indicating that lower

education levels are often associated with delayed PC screening and diagnosis [?

].

Socioeconomic factors and disparities in healthcare access may contribute to

this trend. Individuals with lower education levels may exhibit reduced aware-
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ness of PC screening, leading to delayed diagnoses. Conversely, men with higher

education levels may demonstrate greater propensity for undergoing regular PSA

testing and seeking timely medical advice [? ].

5.1.5 Age and PC risk

Age emerges as a salient factor in distinguishing between risk categories, with high-

risk individuals exhibiting a higher mean age (68.35 years) compared to low-risk

individuals (65.04 years). This trend is consistent with the established association

between advancing age and increased PC risk [? ]. The higher incidence of ag-

gressive PC forms among older patients may be attributed to cumulative genetic

mutations and hormonal changes [? ].

While age serves as a well-established risk factor, it is crucial to consider its

interaction with other factors such as PSA levels and lifestyle behaviors. The

synergistic effect of older age and elevated PSA levels may indicate an increased

likelihood of advanced disease, underscoring the importance of implementing tar-

geted screening strategies among older men in high-risk populations.

5.1.6 Cigarette consumption and PC severity

The absence of a clear trend between cigarette consumption levels and PC severity,

as evidenced by the line graph analysis, suggests that while heavy smoking may

influence PC progression in select individuals, the overall impact in this population

is not statistically significant. The identification of an outlier who reported smok-

ing 60 cigarettes per day underscores the potential for extreme cases to deviate

from the general trend.

The mixed findings observed in studies on smoking and PC severity highlight

the complexity of PC risk factors [? ? ]. The variability in study outcomes
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underscores the need for larger, well-controlled studies to elucidate the precise role

of smoking in PC development and progression.

5.1.7 Implications of findings

The findings of this study contribute valuable insights into the risk factors associ-

ated with PC among men of African descent. The significant association between

ethnicity and risk categories underscores the need for culturally tailored awareness

campaigns and early detection programs. While PSA remains a crucial biomarker

for risk classification, its variability suggests the necessity for complementary di-

agnostic tools.

Although smoking, education, and income did not exhibit significant associ-

ations with risk categories, their potential influence should not be disregarded.

Socioeconomic and lifestyle factors play a crucial role in health outcomes, neces-

sitating further exploration of their interaction with genetic predisposition in PC

development.

In summary, the findings of this study provide a foundation for developing

targeted public health interventions aimed at enhancing PC detection and man-

agement in high-risk populations.

5.2 Model evaluation summary

The model evaluation process unveiled distinct strengths and weaknesses in the

predictive capabilities of each algorithm. GNB, a probabilistic model, demon-

strated moderate performance, suggesting limited utility in complex datasets with

interdependent features. In contrast, KNN and DT models exhibited higher pre-

dictive power and robustness, with KNN emerging as the top-performing model

due to its high accuracy, low variance, and effective classification across various
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risk levels. The RF model achieved near-perfect accuracy but raised concerns

regarding potential overfitting. Lastly, SVM displayed moderate accuracy, indi-

cating possible limitations in handling the dataset’s complexities without further

hyperparameter optimization.

5.3 Interpretation of model-specific performance

5.3.1 GNB: simplicity at a cost

The GNB classifier’s simplicity and computational efficiency make it an appealing

model for quick assessments, yet its assumptions of feature independence can limit

accuracy in datasets where interactions between predictors are significant. PC risk,

especially in genetic and socio-environmental datasets, is often influenced by inter-

related variables, including lifestyle, genetic predispositions, and healthcare access

[98]. The model’s reliance on this independence assumption may have contributed

to its lower predictive accuracy (0.42 for both training and test datasets). While

GNB can sometimes be effective in medical text classification or sentiment anal-

ysis due to isolated, independent predictors, it appears less suitable for nuanced

disease risk prediction where variables intersect in complex ways.

5.3.2 KNN: robustness and flexibility

The KNN model performed strongly, with an accuracy of 0.89 on the training set

and 0.84 on the test set. This indicates not only high predictive power but also

stability and robustness, as minimal variance between the two datasets suggests

resistance to overfitting. KNN’s non-parametric nature enables it to capture non-

linear relationships, allowing it to model complex data structures and nuanced

patterns in cancer risk factors [99]. Furthermore, the model’s adaptive performance
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aligns well with PC’s heterogeneous presentation in various demographic groups,

especially among high-risk populations such as men of African descent. Despite

testing with Grid Search, no hyperparameter adjustments significantly improved

accuracy, suggesting that the selected parameters are optimal for the dataset. The

model’s ability to generalize well indicates strong potential for external validation

on similar datasets.

5.3.3 DT: interpretability and consistency

The DT model demonstrated balanced accuracy (0.83 for both training and test

datasets), reflecting both consistency and interpretability. DTs provide easily in-

terpretable outputs, as the hierarchical structure highlights feature importance

and decision pathways [100]. In the context of PC prediction, this interpretability

is especially valuable for healthcare professionals seeking clear, actionable insights

into which risk factors are most predictive. The DT’s stability across datasets

and lack of significant overfitting make it a practical choice when transparency in

decision-making is prioritized. This feature is beneficial for developing individual-

ized treatment plans, as clinicians can trace each decision path to understand the

influences behind risk classifications, an important aspect in precision medicine

and patient-centered care.

5.3.4 RF: High accuracy with potential overfitting

The RF model achieved near-perfect scores on both training and test datasets,

raising concerns about overfitting. RF’s ensemble approach typically enhances ro-

bustness by averaging multiple DTs to reduce individual tree variance and noise

[101]. However, the perfect scores suggest a level of adaptation to the training

data that may not generalize to unseen datasets. This highlights the challenge of
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balancing accuracy with generalizability, a critical consideration in healthcare ap-

plications where models must perform reliably across diverse patient populations.

Although RF’s results are promising, further external validation is essential to con-

firm that these scores are not overly reliant on the specific characteristics of the

MADCaP dataset. If validated, RF could serve as a powerful tool in high-stakes

cancer prediction tasks due to its resilience to noisy data and strong classification

abilities.

5.3.5 SVM: Consistency with limited predictive power

The SVM model’s moderate accuracy ( 0.64 on both datasets) indicates stability

but relatively limited predictive power. This may result from SVM’s sensitivity to

hyperparameter settings and kernel choices, which are crucial in high-dimensional

datasets like MADCaP [102]. SVM has demonstrated utility in various medical

contexts where high-dimensional data are present, particularly due to its robust-

ness against overfitting. However, the moderate scores here suggest that additional

kernel experimentation (e.g., using a polynomial or radial basis function kernel)

or feature transformations may be necessary to improve performance. While SVM

remains a valuable tool in many biomedical applications, its effectiveness in pre-

dicting PC risk within this dataset appears limited without further tuning.

5.3.6 GB: Balanced and competitive performance

The GB model demonstrated solid performance, achieving 79% accuracy on the

test dataset, with consistent precision, recall, and F1 scores (all at 79%). This con-

sistency reflects the model’s capacity to effectively capture complex patterns in the

dataset while maintaining generalizability. GB’s iterative approach allows it to re-

duce bias and variance, making it well-suited for nuanced datasets like MADCaP.

While GB’s performance was competitive, it did not surpass KNN, which remains
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the preferred model due to its higher accuracy and overall robustness. Never-

theless, GB represents a promising alternative, particularly for datasets requiring

advanced pattern recognition and balanced classification across classes.

5.4 Comparison and implications for model se-

lection

5.4.1 Selection of optimal model: KNN and DT

The results indicate that both KNN and DT models provide an optimal balance

of accuracy, generalizability, and interpretability for PC risk prediction within the

MADCaP dataset. KNN stands out due to its adaptability and robustness against

overfitting, making it particularly well-suited for complex datasets characterized

by non-linear patterns in disease risk factors. In addition, the interpretability

of DTs enhances their applicability in clinical contexts, where transparency and

model explainability are vital for informed decision-making.

Consequently, KNN is identified as the most suitable model for this predictive

task, combining high predictive power with a low risk of overfitting. Meanwhile,

the DT model remains a strong alternative, especially in situations where under-

standing the underlying factors is critical. Although the RF model demonstrated

exceptional accuracy, further validation is necessary to ensure it is not overly fitted

to this specific dataset. In contrast, SVM and GNB, despite their utility in other

domains, exhibited limited effectiveness in this context, suggesting that they may

not be ideal choices for PC risk prediction.
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5.5 Limitations of the Study

Despite the promising findings of this study, several notable limitations must be

acknowledged. First, the reliance on a single dataset restricts the generalizability

of the results to broader populations, particularly among diverse African cohorts.

The relatively small sample size limits the statistical power and robustness of the

findings, increasing the potential for sampling bias. Additionally, the use of a large

synthetic dataset, while improving model performance, raises the risk of overfitting

and reduces external validity. Therefore, results should be interpreted cautiously,

and future studies should validate the models using independent datasets. More-

over, the artificial data augmentation applied to address class imbalances may

have introduced artifacts, potentially affecting the accuracy and reliability of the

model. While we explored various ML algorithms, the hyperparameter selection

was largely based on default settings, which may not have fully optimized model

performance. The potential presence of unmeasured confounding factors could

introduce bias, thereby affecting the reliability of model predictions. The inter-

pretability of more complex models, such as RF, may also pose challenges for their

acceptance in clinical practice, where simpler, more transparent models are often

favored. Furthermore, our analysis did not account for certain lifestyle factors,

including dietary habits and occupational exposures, which could significantly in-

fluence PC risk. Addressing these limitations in future research will be essential

for validating our findings and enhancing predictive accuracy.

5.6 Summary

This chapter discusses the findings from PC classification models applied to the

MADCaP dataset in South Africa, focusing on demographic and clinical factors
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such as ethnicity, smoking, geographic origin, education, PSA levels, and income in

relation to PC risk and severity. Balancing the dataset addressed class imbalances,

enhancing sensitivity to low-risk cases critical for early detection. Significant dis-

parities were observed, with ethnicity, smoking, and education strongly correlating

with cancer risk, while PSA levels and age showed unexpected trends warranting

further research. Smoking emerged as a key predictor of aggressive cancer, em-

phasizing the need for targeted public health interventions like smoking cessation

and improved screening access. The study highlights the importance of tailored

prevention strategies and advanced ML approaches, with KNN and DT models

showing robust performance, though RF raised overfitting concerns. These find-

ings underscore the potential for precision medicine to address health disparities

in African populations.
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Chapter 6

Conclusions and future directions

In conclusion, this study identifies the KNN model as the most suitable approach

for predicting PC risk among South African men. KNN’s simplicity, interpretabil-

ity, and robust performance underscore its potential as a practical tool for clinical

application, enabling early detection and targeted interventions for at-risk pop-

ulations. Our findings reveal the significant roles of smoking status, ethnicity,

geographic origin, and PSA levels in influencing PC risk, thereby highlighting the

necessity for tailored public health strategies. These strategies should encompass

smoking cessation programs, culturally informed healthcare interventions, and tar-

geted screening initiatives aimed at addressing the unique risks faced by high-risk

communities in South Africa.

However, this study is not without limitations. The reliance on a single dataset

may hinder the generalizability of our results. Future research should focus on val-

idating our findings across diverse populations to confirm the models’ applicability

and accuracy in broader clinical contexts. We recommend exploring external vali-

dation and cross-population testing of high-performing models, particularly KNN,

DT, and RF, as these efforts are crucial for the models’ acceptance in clinical

practice.
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Moreover, the integration of genetic and environmental risk factors, alongside

longitudinal data to track PSA levels and lifestyle patterns, will enrich the pre-

dictive framework. Incorporating socioeconomic factors and examining the role

of genetic markers within diverse African populations can provide a more com-

prehensive understanding of PC risk. This multifaceted approach could enhance

prediction accuracy and inform strategies that are culturally relevant and tailored

to the specific needs of underrepresented groups, particularly men of African de-

scent.

The complex, interdependent nature of PC risk factors also suggests the poten-

tial benefits of hybrid models or deep learning architectures. Techniques such as

Convolutional Neural Networks (CNNs) and hybrid ensemble methods that incor-

porate KNN with feature extraction could capture nuanced patterns that enhance

classification power. Additionally, applying dimensionality reduction methods,

such as Principal Component Analysis (PCA), may improve the performance of

models like SVM and GNB by focusing on the most predictive features.

Ultimately, the findings from this study contribute significantly to the evolv-

ing field of precision medicine, where personalized risk predictions are vital. By

integrating ML models into clinical practice, we can facilitate early detection and

develop targeted care strategies for high-risk individuals. This not only promises

to improve health outcomes but also aims to reduce disparities in PC risk and

treatment among diverse populations.
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Supplementary tables and graphs

6.1 missing value report

Variable Name Number of Missing Values

sd raceyou 1

d ethn self 3

sd townborn 4

sd countryborn 3

hrf smoking 1

hrf smokestartremember 351

hrf smokingagestart 352

hrf cigarettescount 362

hrf cigarettestype 362

hrf currentlysmoke 362

hrf smokestopremember 667

hrf smokingagestop 670

hrf tobacco 1 0

hrf tobacco 2 0

hrf tobacco 3 0

hrf tobacco 4 0

hrf tobacco 5 0

hrf tobacco 6 0

hrf tobacco 7 0

hrf tobacco 8 0

s education 1

s education other 1096

s income 1

psa psareferraldate 1

psa psareferrallevel 2

psa psareferralleveldesc 2

psa psadiagndate 16

psa psadiagnlevel 16

mr gleasonturpprimary 1

mr gleasonturpsecondary 1

mr gleasonturptertiary 1

mr gleasonturptotal 1

mr imaging 1 0

mr imaging 2 0

mr imaging 3 0

mr imaging 4 0

mr imagectdate 1039

mr imagectdesc 1029

mr imagemridate 1086

mr imagemridesc 1085

mr imagexraydate 601

mr imagexraydesc 572

mr imagepelvicdate 1040

mr imagepelvicdesc 1040

age years 1
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6.2 Correlation matrix

Figure 6.1: Correlation matrix
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Analysis Code

6.8 Python Code for Data Analysis

The following Python code demonstrates a comprehensive workflow for develop-

ing and evaluating machine learning models. The key steps include importing

essential libraries for machine learning, data manipulation, and visualization, such

as pandas, numpy, seaborn, and matplotlib. After importing the necessary li-

braries, the data is loaded into a DataFrame, and a helper function is utilized to

split the dataset into training and testing sets.

Next, exploratory data analysis (EDA) is conducted to gain an understanding

of the distributions, class imbalances, and other characteristics of the dataset. This

analysis is crucial in uncovering patterns and insights that inform further data

preprocessing steps. During the preprocessing phase, missing values are identified

and appropriately handled, either by imputation or removal, to ensure that data

quality is maintained.

In addition to handling missing values, multicollinearity among predictors

is assessed through correlation matrices. This step helps identify highly cor-

related features that may need to be excluded or transformed to improve

model performance. Once the data is preprocessed, various machine learn-

ing models, including RandomForestClassifier, DecisionTreeClassifier, SVC,

KNeighborsClassifier, and GaussianNB, are configured with initial parameters
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and trained on the dataset.

Hyperparameter tuning is then performed using grid search combined with

cross-validation to fine-tune the parameters of selected models, such as decision

trees and random forests. This process ensures that the best-performing parame-

ters are chosen for the final model. Furthermore, feature importance is evaluated

for models like Random Forest and Decision Tree, providing insights into which

features most significantly influence the model’s predictions.

Predictions are generated for both the training and testing sets, followed by

the computation of key evaluation metrics, including accuracy, precision, recall,

and F1 score. These metrics offer a robust assessment of model performance. To

visually represent classification performance across different risk categories (e.g.,

Low, Intermediate, and High Risk), confusion matrices are generated and plotted

using seaborn.

Finally, cross-validation can be conducted to further assess model stability and

generalization, averaging accuracy scores over multiple folds. This comprehensive

approach ensures a thorough evaluation of the machine learning models, ultimately

aiding in the selection of the best-performing model for predicting prostate cancer

risk.

1

2 # Importing necessary libraries

3 import pandas as pd

4 import sklearn.model_selection as model_selection

5 from sklearn.model_selection import train_test_split

6 import numpy as np

7 from sklearn.metrics import confusion_matrix , accuracy_score

, roc_curve , roc_auc_score , precision_score , recall_score

8 from sklearn.ensemble import RandomForestRegressor

9 from sklearn.tree import DecisionTreeRegressor
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10 from sklearn.linear_model import LinearRegression

11 from sklearn.neighbors import KNeighborsRegressor

12 from sklearn.svm import SVC

13 from sklearn.naive_bayes import GaussianNB

14 import matplotlib.pyplot as plt

15 import seaborn as sns

16

17 # 1. Importing data from Google Drive

18 from google.colab import drive

19 drive.mount(’/content/gdrive ’, force_remount=True)

20

21 data = pd.read_csv(’gdrive/My Drive/

friday_mhone_data_extract_final_26apr2024.csv’, delimiter

=’|’)

22 data.head()

23

24 # List column names

25 column_names = data.columns.tolist ()

26 print("All Column Names:")

27 print(column_names)

28

29 # 2. EDA - Target variable distribution

30 data[’mr_gleasonturptotal ’]. describe ()

31

32 # Dataset structure

33 num_samples , num_features = data.shape

34 print("Number of observations (samples):", num_samples)

35 print("Number of variables (features):", num_features)

36

116



37 # Distribution of target variable

38 plt.figure(figsize =(10, 6))

39 sns.distplot(data[’mr_gleasonturptotal ’], hist=True , kde=

True , bins=20, color=’blue’, hist_kws ={’edgecolor ’: ’

black’})

40 plt.title(’Probability Density Function of

mr_gleasonturptotal ’)

41 plt.xlabel(’mr_gleasonturptotal ’)

42 plt.ylabel(’Density ’)

43 plt.show()

44

45 # Check for duplicates

46 duplicates = data[data.duplicated ()]

47 if duplicates.empty:

48 print("No duplicates found.")

49 else:

50 print("Duplicates found:")

51 print(duplicates)

52

53 # Calculate age of participants

54 data[’date_interview ’] = pd.to_datetime(data[’date_interview

’])

55 data[’sd_dateofbirth ’] = pd.to_datetime(data[’sd_dateofbirth

’])

56 age_timedelta = data[’date_interview ’] - data[’

sd_dateofbirth ’]

57 age_years = (age_timedelta.dt.days / 365.25).round(decimals

=0)

58 data[’age_years ’] = age_years
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59 data = data.drop([’studyid ’, ’date_interview ’, ’

sd_dateofbirth ’], axis =1)

60 data.head()

61

62 # Multicollinearity check

63 data_numerical = data[[’mr_gleasonturptotal ’,’age_years ’,’

hrf_smokingagestart ’,’hrf_cigarettescount ’,’

hrf_smokingagestop ’,’psa_psareferrallevel ’,’

psa_psadiagnlevel ’]]

64 correlation_matrix = data_numerical.corr()

65 print("Correlation Matrix:")

66 print(correlation_matrix)

67

68 threshold = 0.8

69 multicollinear_vars = set()

70 for i in range(len(correlation_matrix.columns)):

71 for j in range(i+1, len(correlation_matrix.columns)):

72 if correlation_matrix.iloc[i, j] > threshold:

73 var1 = correlation_matrix.columns[i]

74 var2 = correlation_matrix.columns[j]

75 multicollinear_vars.add((var1 , var2))

76

77 if multicollinear_vars:

78 print("\nVariables with multicollinearity (correlation >

0.8):")

79 for var_pair in multicollinear_vars:

80 print(f"{var_pair [0]} and {var_pair [1]}")

81 else:

82 print("\nNo multicollinearity detected.")
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83

84 plt.figure(figsize =(8, 6))

85 sns.heatmap(correlation_matrix , annot=True , cmap=’coolwarm ’,

fmt=".2f", annot_kws ={"size": 10})

86 plt.title(’Correlation Heatmap of Numerical Variables ’)

87 plt.show()

88

89 # Handling missing values

90 data = data.drop([’s_education_other ’,’mr_imagectdate ’,’

mr_imagectdesc ’,’mr_imagemridate ’,’mr_imagemridesc ’,’

mr_imagepelvicdate ’,’mr_imagepelvicdesc ’,’

mr_imagexraydate ’,’mr_imagexraydesc ’], axis =1)

91 categorical_columns = [’hrf_smokestartremember ’, ’

hrf_cigarettestype ’, ’hrf_currentlysmoke ’, ’

hrf_smokestopremember ’]

92 for column in categorical_columns:

93 data[column] = data[column ]. fillna(’None’)

94

95 from sklearn.impute import KNNImputer

96 numerical_columns = [’hrf_smokingagestart ’, ’

hrf_cigarettescount ’, ’hrf_smokingagestop ’]

97 knn_imputer = KNNImputer(n_neighbors =5)

98 data[numerical_columns] = knn_imputer.fit_transform(data[

numerical_columns ])

99

100 data = data.dropna ()

101 data.shape

102

103 # A descriptive statistics of numerical variables
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104 data_numerical.describe ().T

105

106 columns_name = data.columns

107 print(columns_name)

108

109 # Recording categorical data

110 df = data

111

112 from sklearn.preprocessing import LabelEncoder

113

114 # Function to categorize gleason_total

115 def categorize_gleason(gleason):

116 if gleason <= 6:

117 return ’Low Risk’

118 if gleason == 7:

119 return ’Intermediate risk’

120 else:

121 return ’High Risk’

122

123 # Apply the function to create a new column ’risk_category ’

124 df[’risk_gleason ’] = df[’mr_gleasonturptotal ’]. apply(

categorize_gleason)

125

126 # Summarize the data

127 summary = df.groupby(’risk_gleason ’)[’risk_gleason ’]. count()

128

129 # Document the encoding

130 encoding = {’Low Risk’: 0, ’Intermediate risk’: 1, ’High

Risk’: 2}
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131

132 # Encode the labels

133 label_encoder = LabelEncoder ()

134 df[’encoded_risk_category ’] = label_encoder.fit_transform(df

[’risk_gleason ’])

135

136 # Count the occurrences of each Gleason score category

137 class_counts = df[’risk_gleason ’]. value_counts ()

138 class_labels = class_counts.index

139 class_sizes = class_counts.values

140

141 # Calculate sample size and percentages

142 n = len(df)

143 percentages = (class_sizes / n) * 100

144

145 # Create a summary DataFrame

146 summary_df = pd.DataFrame ({

147 ’Category ’: class_labels ,

148 ’Count’: class_sizes ,

149 ’Percentage ’: percentages

150 })

151

152 # Print the summary DataFrame

153 print(summary_df)

154

155 # Function to format the labels for the pie chart

156 def func(pct , allvalues):

157 absolute = int(round(pct / 100. * sum(allvalues)))

158 return f"{pct :.1f}%\n({ absolute })"
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159

160 # Plot the pie chart

161 plt.figure(figsize =(8, 6))

162 plt.pie(class_sizes , labels=class_labels , autopct=lambda pct

: func(pct , class_sizes), startangle =140, colors =[’#

ff9999 ’,’#66 b3ff’,’#99 ff99’])

163 plt.title(f’n: {n}’)

164 plt.axis(’equal’)

165 plt.show()

166

167 # Recording Ethnicity

168 unique_categories = data[’d_ethn_self ’]. unique ()

169 category_mapping = {

170 ’IsiZulu ’: 1, ’Sesotho ’: 2, ’Setswana ’: 3, ’Tsonga ’: 4,

’Sepedi ’: 5,

171 ’Seswati ’: 6, ’IsiXhosa ’: 7, ’Ndebele ’: 8, ’Tshivenda ’:

9, ’Other’: 10

172 }

173 df[’d_ethn_self_codes ’] = df[’d_ethn_self ’].map(

category_mapping).fillna (0).astype(int)

174

175 # Recording Smoking Status

176 unique_categories = df[’hrf_smoking ’]. unique ()

177 category_mapping = {category: code for code , category in

enumerate(unique_categories , start =0)}

178 df[’hrf_smoking_codes ’] = df[’hrf_smoking ’].map(

category_mapping).astype(int)

179

180 # Recording Town Born
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181 df[’town_category ’] = df[’sd_townborn ’]. apply(lambda x: x if

x in [’Soweto ’, ’Alexandra ’, ’Sophiatown ’] else ’

OtherTowns ’)

182 category_mapping = {’Soweto ’: 1, ’Alexandra ’: 2, ’Sophiatown

’: 3, ’OtherTowns ’: 0}

183 df[’town_code ’] = df[’town_category ’].map(category_mapping)

184

185 # Recording Country of Born

186 df[’country_category ’] = df[’sd_countryborn ’]. apply(lambda x

: ’South Africa ’ if x == ’South Africa ’ else ’

OtherCountries ’)

187 country_mapping = {’South Africa ’: 1, ’OtherCountries ’: 0}

188 df[’country_code ’] = df[’country_category ’].map(

country_mapping)

189

190 # Outlier Removal Function

191 import seaborn as sns

192 import matplotlib.pyplot as plt

193

194 numerical_vars = [’psa_psadiagnlevel ’, ’age_years ’]

195 sns.pairplot(df[numerical_vars], markers="o", plot_kws ={"

color": "blue"}, diag_kws ={"color": "green"})

196 plt.show()

197

198 def remove_outliers(df , columns):

199 for col in columns:

200 mean , std_dev = df[col].mean(), df[col].std()

201 z_score_threshold = 2

202 z_scores = np.abs((df[col] - mean) / std_dev)
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203 df = df[z_scores <= z_score_threshold]

204 return df

205

206 df_cleaned = remove_outliers(df, numerical_vars)

207 sns.pairplot(df_cleaned[numerical_vars], markers="o",

plot_kws ={"color": "blue"}, diag_kws ={"color": "green"})

208 plt.show()

209

210 # Convert specified columns to ’category ’

211 categorical_columns = [

212 ’encoded_risk_category ’, ’d_ethn_self_codes ’, ’

hrf_smoking_codes ’,

213 ’town_code ’, ’country_code ’, ’

hrf_smokestartremember_codes ’,

214 ’hrf_cigarettestype_codes ’, ’s_education_codes ’, ’

s_income_codes ’,

215 ’psa_psareferralleveldesc_codes ’

216 ]

217 df[categorical_columns] = df[categorical_columns ]. astype(’

category ’)

218 print(df.dtypes)

219

220 # Import libraries

221 import pandas as pd

222 import numpy as np

223 from imblearn.over_sampling import RandomOverSampler

224 from sklearn.model_selection import train_test_split

225 from sklearn.metrics import confusion_matrix , accuracy_score

, roc_curve , roc_auc_score
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226 from sklearn.preprocessing import label_binarize

227 import tensorflow as tf

228 import matplotlib.pyplot as plt

229 import seaborn as sns

230

231 # ROSE -style oversampling by adding small random noise to

existing points

232 def rose_sampler(X, y, random_state =42):

233 ros = RandomOverSampler(random_state=random_state)

234 X_resampled , y_resampled = ros.fit_resample(X, y)

235

236 # Identify numeric columns to apply noise

237 numeric_cols = X_resampled.select_dtypes(include =[np.

number ]).columns.tolist ()

238

239 # Adding a small amount of Gaussian noise to numeric

columns only

240 noise = np.random.normal(0, 0.01, X_resampled[

numeric_cols ]. shape) # Adjust noise scale if needed

241 X_resampled[numeric_cols] += noise

242 return X_resampled , y_resampled

243

244 # Assign data for processing

245 a = df[’encoded_risk_category ’]. astype(’category ’) # Ensure

categorical

246 b = df[[’d_ethn_self_codes ’, ’hrf_smoking_codes ’, ’

hrf_currentlysmoke_codes ’,

247 ’town_code ’, ’country_code ’, ’

hrf_smokestartremember_codes ’,
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248 ’hrf_cigarettestype_codes ’, ’s_education_codes ’,

249 ’s_income_codes ’, ’psa_psareferralleveldesc_codes ’,

250 ’hrf_cigarettescount ’, ’psa_psareferrallevel ’,

251 ’psa_psadiagnlevel ’, ’age_years ’, ’

mr_gleasonturptotal ’]]

252

253 # Check initial class distribution

254 initial_class_distribution = a.value_counts ()

255 print("Initial Class Distribution:",

initial_class_distribution.to_dict ())

256

257 # Apply ROSE -style sampling to balance the dataset

258 b_resampled , a_resampled = rose_sampler(b, a)

259

260 # Convert resampled target variable to categorical if

necessary

261 a_resampled = pd.Series(a_resampled).astype(’category ’)

262

263 # Check new class distribution after resampling

264 unique , counts = np.unique(a_resampled , return_counts=True)

265 class_distribution = dict(zip(unique , counts))

266 print("Class Distribution after ROSE -style sampling:",

class_distribution)

267

268 # Combine resampled data

269 resampled_data = pd.DataFrame(b_resampled , columns=b.columns

)

270 resampled_data[’encoded_risk_category ’] = a_resampled

271 resampled_data.to_csv(’resampled_data.csv’, index=False)
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272 print("Resampled dataset saved to ’resampled_data.csv’")

273

274 # Data Splitting

275 X = resampled_data.drop(’encoded_risk_category ’, axis =1)

276 y = resampled_data[’encoded_risk_category ’]

277 X_train , X_test , y_train , y_test = train_test_split(X, y,

train_size =0.7, test_size =0.3, random_state =101)

278

279 # Augmentation functions

280 def augment_data(df , num_samples):

281 noise_std = 0.1

282 num_features = [’hrf_cigarettescount ’, ’

psa_psareferrallevel ’, ’psa_psadiagnlevel ’, ’age_years ’]

283 augmented_data = []

284

285 for _ in range(num_samples):

286 augmented_instance = df.copy()

287 for feature in num_features:

288 augmented_instance[feature] += np.random.normal

(0, noise_std , size=len(augmented_instance))

289 augmented_data.append(augmented_instance)

290

291 return pd.concat(augmented_data , ignore_index=True)

292

293 # Separate classes and augment each class

294 num_augmented_samples = 100

295 class_0 = X_train[y_train == 0]

296 class_1 = X_train[y_train == 1]

297 class_2 = X_train[y_train == 2]
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298

299 augmented_class_0 = augment_data(class_0 ,

num_augmented_samples)

300 augmented_class_1 = augment_data(class_1 ,

num_augmented_samples)

301 augmented_class_2 = augment_data(class_2 ,

num_augmented_samples)

302

303 augmented_train_df = pd.concat ([ augmented_class_0 ,

augmented_class_1 , augmented_class_2], ignore_index=True)

304 augmented_train_df[’encoded_risk_category ’] = pd.concat ([pd.

Series ([0] * num_augmented_samples),

305 pd.

Series ([1] * num_augmented_samples),

306 pd.

Series ([2] * num_augmented_samples)], ignore_index=True)

307

308 # Summary statistics for categorical variables

309 categorical_vars = [’d_ethn_self_codes ’, ’hrf_smoking_codes ’

, ’town_code ’, ’country_code ’,

310 ’hrf_smokestartremember_codes ’, ’

hrf_cigarettestype_codes ’,

311 ’s_education_codes ’, ’s_income_codes ’, ’

psa_psareferralleveldesc_codes ’]

312

313 combined_table = pd.DataFrame ()

314 for cat_var in categorical_vars:

315 count_table = augmented_train_df.groupby ([cat_var , ’

encoded_risk_category ’]).size().unstack(fill_value =0).
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reset_index ()

316 total_counts = count_table.sum(axis =1)

317 count_table[’Low Risk’] = count_table [0]. astype(str) + "

(" + (count_table [0] / total_counts * 100).round (2).

astype(str) + "%)"

318 count_table[’Intermediate Risk’] = count_table [1]. astype

(str) + " (" + (count_table [1] / total_counts * 100).

round (2).astype(str) + "%)"

319 count_table[’High Risk’] = count_table [2]. astype(str) +

" (" + (count_table [2] / total_counts * 100).round (2).

astype(str) + "%)"

320 combined_table = pd.concat ([ combined_table , count_table

], axis =0)

321

322 # Chi -square test for categorical variables

323 from scipy.stats import chi2_contingency

324 p_values = {}

325 for var in categorical_vars:

326 contingency_table = pd.crosstab(augmented_train_df[var],

augmented_train_df[’encoded_risk_category ’])

327 _, p_value , _, _ = chi2_contingency(contingency_table)

328 p_values[var] = p_value

329 p_values_df = pd.DataFrame(list(p_values.items ()), columns =[

’Variable ’, ’P-value’])

330 print(p_values_df)

331

332 # Import necessary libraries

333 from sklearn.tree import DecisionTreeClassifier

334 from sklearn.ensemble import RandomForestClassifier
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335 from sklearn.neighbors import KNeighborsClassifier

336 from sklearn.svm import SVC

337 from sklearn.naive_bayes import GaussianNB

338 from sklearn.model_selection import cross_val_score ,

GridSearchCV

339 from sklearn.metrics import confusion_matrix , accuracy_score

, precision_score , recall_score , f1_score

340 import matplotlib.pyplot as plt

341 import seaborn as sns

342

343 # Define model parameters and classes

344 model = RandomForestClassifier(max_depth =16, bootstrap=True ,

n_estimators =100, random_state =101)

345 # Additional model configurations for testing

346 # model = DecisionTreeClassifier(max_depth =14)

347 # model = KNeighborsClassifier(n_neighbors =3)

348 # model = SVC(kernel=’poly ’, probability=True)

349 # model = GaussianNB ()

350

351 # Split data and fit model

352 X_train , X_test , y_train , y_test = split_data(X, y)

353 model.fit(X_train , y_train)

354 classes = [’Low Risk’, ’Intermediate Risk’, ’High Risk’]

355

356 # Feature importance (for models that support it)

357 fts = model.feature_importances_

358 print(X_train.columns)

359 print(’Feature importance scores:’, fts)

360
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361 # Model predictions and evaluation metrics

362 y_train_pred = model.predict(X_train)

363 y_test_pred = model.predict(X_test)

364 y_train_proba = model.predict_proba(X_train)

365 y_test_proba = model.predict_proba(X_test)

366

367 # Confusion matrices

368 conf_matrix_train = confusion_matrix(y_train , y_train_pred)

369 conf_matrix_test = confusion_matrix(y_test , y_test_pred)

370

371 # Plotting confusion matrices

372 fig , axes = plt.subplots(1, 2, figsize =(14, 6))

373 sns.heatmap(conf_matrix_train , annot=True , fmt=’d’, cmap=’

Blues’, cbar=False , xticklabels=classes , yticklabels=

classes , ax=axes [0])

374 axes [0]. set_xlabel(’Predicted ’)

375 axes [0]. set_ylabel(’Actual ’)

376 axes [0]. set_title(’Confusion Matrix (Train)’)

377 sns.heatmap(conf_matrix_test , annot=True , fmt=’d’, cmap=’

Blues’, cbar=False , xticklabels=classes , yticklabels=

classes , ax=axes [1])

378 axes [1]. set_xlabel(’Predicted ’)

379 axes [1]. set_ylabel(’Actual ’)

380 axes [1]. set_title(’Confusion Matrix (Test)’)

381 plt.tight_layout ()

382 plt.show()

383

384 # Calculate accuracy , precision , recall , and F1 score

385 accuracy = accuracy_score(y_train , y_train_pred)
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386 precision = precision_score(y_train , y_train_pred , average=’

macro’)

387 recall = recall_score(y_train , y_train_pred , average=’macro’

)

388 f1 = f1_score(y_train , y_train_pred , average=’macro’)

389

390 accuracy_test = accuracy_score(y_test , y_test_pred)

391 precision_test = precision_score(y_test , y_test_pred ,

average=’macro’)

392 recall_test = recall_score(y_test , y_test_pred , average=’

macro’)

393 f1_test = f1_score(y_test , y_test_pred , average=’macro’)

394

395 print(f"Accuracy: {accuracy :.2f}, {accuracy_test :.2f}")

396 print(f"Precision: {precision :.2f}, {precision_test :.2f}")

397 print(f"Recall: {recall :.2f}, {recall_test :.2f}")

398 print(f"F1 Score: {f1:.2f}, {f1_test :.2f}")

399

400 # Model Optimization with Grid Search

401 param_grid = {

402 ’n_estimators ’: [50, 100, 150],

403 ’max_depth ’: [10, 20, 30],

404 ’min_samples_split ’: [2, 5],

405 ’min_samples_leaf ’: [1, 2],

406 ’bootstrap ’: [True , False]

407 }

408

409 grid_search = GridSearchCV(estimator=model , param_grid=

param_grid , cv=5, scoring=’accuracy ’, n_jobs =-1)
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410 grid_search.fit(X_train , y_train)

411 best_model = grid_search.best_estimator_

412 print("Best Parameters:", grid_search.best_params_)

413

414 # Evaluate optimized model on test set

415 y_test_pred_optimized = best_model.predict(X_test)

416 conf_matrix_test_opt = confusion_matrix(y_test ,

y_test_pred_optimized)

417

418 plt.figure(figsize =(7, 5))

419 sns.heatmap(conf_matrix_test_opt , annot=True , fmt=’d’, cmap=

’Blues ’, cbar=False , xticklabels=classes , yticklabels=

classes)

420 plt.xlabel(’Predicted ’)

421 plt.ylabel(’Actual ’)

422 plt.title(’Confusion Matrix (Optimized Test)’)

423 plt.show()

424

425 # Evaluation metrics for optimized model

426 accuracy_opt = accuracy_score(y_test , y_test_pred_optimized)

427 precision_opt = precision_score(y_test ,

y_test_pred_optimized , average=’macro’)

428 recall_opt = recall_score(y_test , y_test_pred_optimized ,

average=’macro’)

429 f1_opt = f1_score(y_test , y_test_pred_optimized , average=’

macro’)

430

431 print(f"Optimized Accuracy: {accuracy_opt :.2f}")

432 print(f"Optimized Precision: {precision_opt :.2f}")
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433 print(f"Optimized Recall: {recall_opt :.2f}")

434 print(f"Optimized F1 Score: {f1_opt :.2f}")

Listing 6.1: Python Code for Data Import, EDA, Preprocessing and Modelling
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