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Abstract

Introduction: Prostate cancer (PCa) is one of the leading cause of morbidity among men worldwide,
and men of African descent experience significantly higher incidence, prevalence, and mortality.
Traditional diagnostic methods, for PCa typically depend on specific biomarkers, such as, prostate
specific antigen (PSA). These are gathered through procedures, such as the digital rectal exam (DRE).
DRE is non-invasive, dependent on clinician’s expertise, thus highly subjective, often leading to vari-
ability in detection rates. Furthermore, the excessive cost and time associated with the procedures
often create barriers to timely diagnosis, particularly in low income countries (LIC). This highlights
the need for innovative, cost-effective, and scalable approaches to PCa diagnosis. Traditional di-
agnosis methods often overlook the wealth of information in high-dimensional data collected from
cases over time, such as PSA, Gleason scores (GS), and socio-demographic data. The primary objec-
tive of this study was to investigate factors associated with PCa morbidity among men of African
descent using unsupervised machine learning (UML) techniques. UML offers a promising approach
by identifying correlations, patterns, and risk profiles in complex datasets, which facilitates faster,
precise and cost effective diagnostics.

Methods: This study utilized UML techniques to address these problems, using a robust dataset
from the Men of African Descent and Carcinoma of the Prostate (MADCaP) study, conducted in
Soweto, South Africa; during the survey period 2016 to 2020. Stratification of cases into clinically
meaningful groups was performed using a combination of key prognostic variables: GS, PS A level,
and TNM stage. The T'NM criteria included primary Tumour extent (T), regional lymph node
involvement (N), and the presence of distant metastasis (M). This multi-factorial approach was de-
signed to elucidate distinct risk profiles and generate novel insights into PCa heterogeneity. Key
methodologies included data pre-processing, clustering using advanced UML algorithms, and eval-
uation using the silhouette score to validate the robustness of the clusters. Applying clustering
algorithms including hierarchical, K-means, and spectral clustering, this research sought to uncover
hidden correlations and stratify patients into meaningful risk groups. This approach not only com-
plements traditional diagnostic methods, but also provides a pathway for more efficient, accessible,
and personalized PCa management, particularly in populations with limited access to advanced
healthcare resources.
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Results: The dataset comprised clinical, behavioural, and demographic information for (n = 1, 096)
PCa cases. Case ages ranged from 40 — 94 years, with a median age of 67 (IQR : 62 — 94). Based
on GS, 36.6% of cases were classified as high-risk, 52.9% as intermediate-risk, and 10.8% as low-risk.
Reported cigarette consumption varied widely, reaching up to 60 cigarettes per day, with a median
of 8 (IQR : 5 — 8). Clustering analysis revealed clinically significant subgroups, underscoring the
combined influence of GS, PSA levels, and TNM staging on PCa severity.

These findings underscore the utility of UML in case stratification and highlight its potential to in-
form risk-adaptive clinical guidelines. To validate the clustering models applied to the PCa dataset,
the Silhouette score was employed. This metric evaluates both intra-cluster cohesion and inter-
cluster separation, with values ranging from —1 to +1. Scores approaching +1 indicate well-defined
and clearly separated clusters, values near 0 suggest overlapping clusters, and values approaching

—1 reflect poor or incorrect clustering assignments.

Conclusion:The results of this study demonstrate the value of applying UML to large-scale clinical
datasets, providing a pathway to uncover underlying subgroups that may enhance clinical decision-
making, support personalized PCa management strategies, and inform policymaking. Future re-
search should aim to validate these PCa clusters using supervised machine learning approaches and

incorporate additional dataset features to further explore their implications for treatment outcomes.
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Chapter 1

INTRODUCTION

Chapter 1 provides an introduction and overview of this research project, focusing on the applica-
tion of big data (BD), Artificial intelligence (Al), machine learning (ML) and unsupervised machine
learning (UML) in prostate cancer (PCa) research. This study is part of a larger research within men
of African descent carcinoma of the prostate (MADCaP). It highlights the urgent need to innovate
screening, diagnostic, and prognostic approaches to address the morbidity and mortality posed by
the disease.

This chapter outlines the purpose of the research, which is to promote PCa research integrating
BD and UML techniques to analyse PCa data from the MADCaP database of men in sub-Saharan
Africa (SSA), find hidden patterns, and stratify cases into clinically defined risk groups for severe
PCa. The aim is to contribute to improving public health outcomes in underprivileged societies
within the greater part of Africa. Specific objectives are described that indicate how the integration
of innovative technology on PCa may assist precision medicine and patient care to improve public
health outcomes. This research represents a step toward addressing a gap in understanding PCa to
improve the outcomes of PCa in men.



1.1 Background

Cancer remains one of the leading causes of morbidity and mortality worldwide, with nearly 20 mil-
lion new cases reported in 2022 [1]]. Recent estimates from the Global Cancer Observatory (GLOBO-
CAN) indicate that the most frequently diagnosed cancers were lung cancer 40.9 per 100,000,
breast cancer 209.0 per 100,000, colorectal cancer 73.2 per 100,000, and prostate cancer PCa;
126.7 per 100, 000 [2]. Cancer is broadly defined as a group of diseases characterised by uncontrolled
division of abnormal cells, which can affect various areas of the body [3]. The spread of cancer within
the body, known as metastasis, is a critical factor in disease progression. Cancer cells invade tissues
beyond their site of origin, metastasis accounts for the majority of cancer-related mortality [4].

The ability of cancer to spread depends on multiple factors, including the type and stage of the
disease. Once metastasis occurs, the invasion of new tissues disrupts normal organ function, con-
tributing substantially to the morbidity and mortality associated with cancer [4]. Understanding the
molecular and genetic mechanisms underlying cancer spread, as well as the processes involved in
the establishment of Tumour cells at secondary sites, is essential for the development of targeted

therapies and for improving morbidity and mortality outcomes [5].

In 2022, Sub-Saharan Africa (SSA), with an estimated population of 1.23 billion, reported a cancer
incidence rate of 127.8 per 100,000 and a mortality rate of 88.2 per 100, 000, highlighting cancer as
a significant public health concern in the region [6]. The most prevalent cancers in the region were
breast cancer 54.5 per 100, 000, cervical cancer 46.0 per 100, 000, PCa 27.4 per 100, 000, and liver cancer
5.7 per 100,000 [7]. The increasing cancer burden in Africa can be attributed to several risk factors,
including rising life expectancy, urbanization, lifestyle changes, and limited awareness campaigns
on prevention and early detection [8]. For example, disparities in cancer awareness programs often

favour urban areas, leaving rural districts underserved [9].

PCa demonstrated the highest incidence rate among men across 40 SSA countries, with an estimated
27.4 per 100.000 reported in 2022 [10]. This substantial burden positions PCa as a critical public health
concern, reflecting not only improved awareness and advances in diagnostic methods, but also by
demographic shifts, particularly ageing population, a well established risk factor for the disease [11].
Within the MADCaP consortium, Nigeria recorded the highest PCa incidence at 41.2 per 100, 000, a
tigure that may be partially attributable to its large and diverse population base [3].

In 2022, South Africa reported an estimated PCa incidence of 62.0 per 100,000, indicating a sub-
stantial disease burden that may partially be attributable to more comprehensive cancer registries
and advanced diagnostic infrastructure [7]. In contrast, Ghana reported an estimated incidence of
30.4 per 100,000, a figure that may reflect the impact of centralized screening initiatives [3]. Sene-
gal’s reported incidence of 27.1 per 100,000 was notably lower than that of other nations in the
region. However, this apparent discrepancy is more likely to reflects constraints in healthcare access

and diagnostic capacity rather than a genuinely reduced underlying risk of PCa [12].



According to the South African National Cancer Registry 2022, PCa was the most commonly diag-
nosed malignancy among men, with an incidence rate of 51.9 per 100, 000, followed by basal cell
carcinoma at 35.8 per 100,000 [2]. PCa continues to be the leading male malignancy across SSA.
However, a substantial proportion of cases are diagnosed at advanced stages, frequently following

metastatic progression, which significantly contributes to elevated morbidity rates [13].

Advancement in digital data collection and storage technologies have greatly enhanced the capacity
for large scale aggregation and management of medical data [14]. These developments have enabled
the identification of trends and patterns within medical datasets through the application of AI [15].
Al refers to a computation system capable of autonomously identifying complex data correlations
and generating predictive insights through techniques such as deep learning, and robotic process
automation [15]. Within the healthcare domain, Al has demonstrated substantial utility across a
range of applications, including diagnostic support, personalized treatment recommendations, and

optimization of administrative workflows [16].

In recent decades, rapid technological advancements, have led the widespread integration of digi-
tal systems across industries, with particularly transformative effects in the healthcare sector. One
notable shift has been the transition from paper based record-keeping to Electronic Health Records
(EHR), enabling the creation of large scale repositories of clinical data [17]. These repositories encom-
pass diverse datasets, including genomic, imaging, and demographic information, enabling health
organizations to leverage advanced data analytics and ML techniques in pursuit of improved pop-
ulation health outcomes [18,(19].

The digitization of data collection and storage has led to the emergence of data science, as a piv-
otal discipline in data-driven decisions making, particularly through the use of descriptive and pre-
dictive analytics [20]. The primary objective of analytics is to enhance operational efficiency and
improve performance by uncovering meaningful patterns within complex datasets [21]. In health-
care, the broad applicability of data science has enabled institutions to interrogate diverse clinical
datasets; covering laboratory results, imaging, and patient demographics, to identify latent trends
and generate predictive insights, such as estimating the probability of disease recurrence following
treatment [18,21,122]].

Data analysis has four key aspects, the first being descriptive analytics; this is the foundation of
data insights through summarizing the frequencies of the data that allows the identification of key
performance indicators [23]. Diagnostics analytics inspects the results of descriptive analysis and
seeks to infer patterns of behaviour within the data [21]. Predictive analysis uses historical data
within repositories to make informed predictions, through statistical modelling, ML algorithms,
and data mining methods to anticipate future trends [17].

The implementation of digital health technologies, particularly longitudinal databases, has enabled
the accumulation of substantial healthcare data, resulting in the emergence of big data (BD) [22]. The
MADCaP study, utilizes a standardized Research Electronic Data Capture (REDCaP) system for data
collection across participating institutions capturing clinical , demographic, and lifestyle variables.
Key variables included were age, GS, PSA (diagnosis and referral), income, smoking history and
Tumour staging, alongside family history of PC [24,25]. REDCaP is a secure, web-based platform
systematically collects and stores demographic, clinical and treatment modalities, and outcome data



[26]. REDCaP enables real time data validation and harmonization across study sites, facilitating

robust cross national data sharing while adhering to the POPIA Act and data security [13].

BD are large complex datasets whose scale and complexity exceed conventional analytical capabili-
ties, necessitating ML [27]. ML employs adaptive algorithms that autonomously improve their per-
formance through exposure to data, utilizing statistical models to generate predictive outputs with
minimal explicit programming [22]. ML is further subdivided into subcategories: supervised learn-
ing (SL), semi-supervised learning (SSL), unsupervised machine learning (UML) and reinforcement
learning (RL) [27]. Among these, UML specialises in detecting inherent patterns from a dataset in
which similar or dissimilar outcomes are grouped to form a clusters [28]. This approach facilitates
the extraction of knowledge from raw, unstructured data through automated pattern recognition

techniques [28].

UML is a subdivision of ML that focuses on analysing and presenting data without predefined labels
or outputs, through the application of clustering [17]. Clustering is a process of grouping an array of
objects such that objects with similar features are placed in similar clusters [27]. The aim is to show
similarities where they exist and differences where they exist [27]. Before applying ML algorithms,
the data must be cleaned for impurities that can hinder the accuracy of the analysis, through data
pre-processes, such as imputation and label encoding, allowing for well-rounded analysis with high
predictive quality [18].

Clinical data repositories are often multi-dimensional in nature, comprising several features or at-
tributes, for example, body mass index (BMI), age, date of birth, demographic information, aller-
gies and vitals [21]. To reduce multi-dimensionality, preparation methods were be applied, such
as, dimensionality reduction, To reduce multi-dimensionality, preparation methods were applied
to reduce the number of variables within the dataset while retaining vital information [17]. This is
essential for simplifying complex datasets for visualizing high dimensional data in UML methods.

This research aims to apply UML clustering techniques to MADCaP datasets, including Hierarchi-
cal Clustering (HC), Agglomerative Clustering (AC), Density-based spatial clustering of application
noise (DBSCAN), K-means and Spectral Clustering (SC) techniques to uncover latent patterns and
associations within PCa data [28]. These analytical methods are instrumental in identifying hidden
substructures and subgroups in clinical datasets, particularly given the heterogeneous nature of PCa
presentations across individual cases [16]. These observed variations underscore the necessity of iso-
lating case specific features with clinical relevance within the clustering framework. By identifying
variables that meaningfully contribute to subgroup differentiation, this approach holds promise for

enhancing the precision of personalized treatment and management strategies for PCa [8].

This research employed iterative UML clustering on PCa case data without predefined input param-
eters, utilizing internal validity metrics to algorithmically identify similarities and dissimilarities
within clusters, external validation metrics were subsequently applied to validate the accuracy and
robustness of the clustering outcomes [29]. Once associations are drawn between groups for clini-
cally relevant outcomes, MADCaP data could be used to classify cases into distinct well-defined risk
groups to assist in clinical decision making [18]. UML offers a powerful, unbiased framework; by
posing targeted computational queries, these algorithms can uncover subgroups that may enhance
traditional hypothesis driven approaches, revealing novel insights into PCa heterogeneity [30].

4



1.2 Problem Statement

In SSA, the prevalence of PCa is a growing public health concern due to barriers in access to health-
care, prolonged diagnostic times, and the inaccessibility of prompt and efficient treatment, thus con-
tributing to higher morbidity and mortality among men. Diagnosis relies on the histological assess-
ment of tissue samples, which, while effective, maybe further improved by integrating structured
and unstructured clinical (TNM staging) and laboratory data (PSA and GS) alongside demographic

and socioeconomic factors for accurate PCa diagnosis.

Although existing detection methods have shown considerable efficacy. These conventional ap-
proaches fail to fully exploit the potential predictive value inherent in the multivariate relationships
between clinical parameters, demographic factors and socioeconomic determinants of health. In
resource constrained settings like Soweto, South Africa, challenges lie in providing timely access to
these services. Furthermore, disparities in diagnostic infrastructure persist increasing PCa morbidity
and mortality. Thus, there is a need to investigate the feasibility of using UML to supplement current

detection methods to identify high-risk PCa cases in an African setting to improve prognosis.

UML methods could provide low cost, scalable approach for identifying high-risk PCa case clusters
and improve triage efficacy. Unstructured and semi-structured PCa clinical and laboratory data are
often overlooked, and the systematic examination of such data through ML may provide a greater
perspective on PCa diagnosis and management and reduce PCa morbidity and mortality.

1.3 Justification

To efficiently uncover hidden patterns inside PCa datasets, five clustering algorithms were selected
K-means, HC, DBSCAN, and SC each offering distinct advantages associated with the complexity of
clinical and laboratory data [31]. K-Means was chosen for its computational efficiency and suitability
for large scale, continuous datasets such as PSA levels, though its assumption of spherical clusters
necessitates careful preprocessing [32]. HC provides a dendrogram based view of patient similarity,
enabling exploration of nested relationships without requiring a predefined number of clusters [33]].
DBSCAN was included for its robustness in detecting noise and outliers, which is critical when
identifying rare or atypical PCa presentations [34]. SC, leverages graph based techniques, excels
in capturing nonconvex structures and complex relationships in high dimensional data, such as
histological data [29].

All algorithms underwent rigorous parameter tuning to optimize performance and ensure clinical
relevance. For K-Means, the optimal number of clusters was determined using the elbow method,
Silhouette Score [17]. HC was tuned by comparing linkage criteria ward, complete, and average to
identify the most stable structures [35]. DBSCAN’s and parameters were refined through k-distance
plots and local density estimation to balance cluster granularity and noise detection [35]. SC affinity
matrix and Laplacian eigenmaps were analysed to determine the optimal cluster count through
eigenvalue gap analysis [34].



To evaluate clustering quality and clinical utility, a combination of statistical and domain specific
metrics were employed. These included Silhouette Score to assess how well data points fit into
assigned clusters and how distinct it is from other clusters [19]. Visualization technique PCA was
applied to interpret cluster structures and validate separability [36]. Together, these methods ensure
that the clustering outputs are not only statistically robust but also clinically actionable, supporting

early diagnosis, risk stratification, and personalized treatment planning in PCa management [37].

1.4 Study Aim and Objectives

1.4.1 Research question

Can unsupervised ML on routine clinical /demographic data (PSA, GS, TNM, age, income, smoking,

tamily history) identify data-driven clusters aligned with or extending guideline risk strata?

14.2 Aim

The aim of this study was to identify factors associated with prostate cancer severity among men of
African descent by apply unsupervised machine learning techniques on unlabelled prostate cancer
clinical data to identify prostate cancer morbidity.

1.4.3 Objectives

The specific objectives of this study were to:

1. Apply unsupervised machine-learning to identify high-risk prostate cancer clusters based on de-
mographic (age), socioeconomic (income, smoking history), prostate specific antigen (at referral and
diagnosis), digital rectal examination (tumour and metastasis staging), family history and prostate

biopsy Gleason score.

2. Explore how unsupervised machine learning can detect clinically meaningful clusters that sup-

port patient risk stratification and tailored management.

3. Evaluate algorithmic performance using quantitative cluster validity measures, such as silhouette

analysis.

1.5 Summary

This section outlines the global health burden of PCa, highlighting epidemiological trends and sig-
nificant healthcare disparities. It emphasizes that men of African descent face disproportionately
high incidence rates, more aggressive disease, and worse outcomes. These disparities underscore
the urgent need for targeted research and interventions. The analysis also notes that technological
and big data advances are enabling more comprehensive PCa research, particularly in Sub-Saharan
Africa.



Chapter 2

LITERATURE REVIEW

This literature review provides a thorough examination of existing research and knowledge associ-
ated with PCa, with a specific focus on its epidemiology, risk factors, and progression. We explore
recent progress in data science approaches, including the application of UML techniques, to address
challenges in clinical data analysis. This section highlights the intersection of Al, BD, data analysis
and PCa research, emphasizing the possibility of UML to uncover hidden relationships, stratify pa-
tients, and inform clinical decision-making. By combining past studies, this review ascertains the
basis and justification for leveraging UML in investigating PCa data, addressing gaps in current

methods, and evolving analytical and diagnostic capabilities.

2.1 Epidemiology of Prostate Cancer

PCa is the second most prevalent malignancy among men globally, with an incidence of
91.5 per 100,000 in men over 39 years and a mortality rate of 22.6 per100, 000 [2]. In SSA, the inci-
dence and mortality rates were substantially higher in 2022, at 113.7 per 100, 000 and 68.4 per 100, 000,
respectively, with PCa representing the highest incidence among men across 40 SSA countries [10].
These figures reflect a significant increase in cancer incidence, reaching levels in 2022 that were ini-
tially projected to occur only by 2040 [10].

PCa mortality is strongly associated with age, particularly among men aged between 60 — 70 years
[8]. Additionally, African American men exhibit higher incidence rates and significantly greater
mortality compared to men of other ethnic backgrounds [6]. Recent epidemiological research indi-
cates a change in PCa diagnosis patterns, with the average age at detection reported at 45 years [4].
These findings, supported by data from the GLOBOCAN project; a comprehensive repository of
global cancer statistics covering 185 countries and 36 cancer types; suggest a changing demographic
landscape of the disease [6|7]. Disparities in PCa incidence and outcomes, including such epidemi-
ological shifts, are largely attributed to complex interactions among social, dietary, environmental,

and genetic factors [38]



2.2 Histopathologic Yields and Concordance of Prostate Cancer
Diagnosis

PSA is a serine protease produced by the epithelial cells of the prostate gland and is widely used
as a biomarker for PCa screening, diagnosis, and monitoring [25]. In clinical practice, serum PSA
levels are interpreted alongside other diagnostic modalities, such as DRE and prostate biopsy, rather
than in isolation [39]. According to the European Association of Urology (EAU) and the South
African Urological Association (SAUA), PSA levels are stratified as follows: low-risk, < 10ng/mL;
intermediate-risk, 10 — 20 ng/mL; and high-risk, > 20 ng/mL, to guide the diagnosis of adverse

disease features [40]].

Interpretation of PSA levels must account for biological and analytical variability, age-specific ref-
erence ranges, and the influence of non-malignant conditions such as benign prostatic hyperplasia
and prostatitis, which can also elevate PSA levels [40]. In research settings, PSA values are often
analysed as continuous variables; however, categorizing PSA into clinically relevant risk groups
facilitates direct comparison with established clinical guidelines [39]. The integration of PSA classi-
fications with established clinical pathological parameters, notably clinical stage and International
Society of Urological Pathology (ISUP) grade, significantly enhances their prognostic utility [4]. This
approach facilitates a more precise and individualized assessment of biochemical recurrence risk,
moving beyond the limitations of PSA level alone [41].

Within specific diagnostic zones, the free to total PSA ratio provides critical discriminatory value.
Particularly when total PSA levels fall within the borderline range of 4-10 ng/mL, a lower percent-
age of free PSA is strongly correlated with an increased probability of malignancy, thereby serving
as an invaluable diagnostic tool [42]. It is imperative to contextualize these diagnostic thresholds
within specific populations. The SAUA acknowledges the established benchmarks while emphasiz-
ing the necessity for additional considerations [43,44]. This is due to the unique epidemiological
profile of the African demographic, which includes a higher incidence and potentially more aggres-
sive disease biology among Black South African men, factors that may influence risk stratification

and clinical decision-making [44].

2.3 Clinical Staging Systems in Prostate Cancer: Gleason Score,
ISUP Grade Groups, and TNM Classification

The GS system remains a cornerstone of histological grading for prostate adenocarcinoma. It is
determined by summing the primary (most prevalent) and secondary (second-most prevalent) ar-
chitectural patterns, each scored from 1 to 5 based on glandular differentiation. [45]. ISUP Grade
Groups (GG), provide enhanced prognostic stratification for PCa [25]. These GG align with low,
intermediate, and high-risk disease categories and hold substantial prognostic value for predicting
biochemical recurrence, metastasis, and survival. Incorporating GS or ISUP grade groups into data-
driven clustering ensures alignment with clinically validated risk stratification system [39]]. Table[2.1]
shows ISUP GG mapped from GS.



Table 2.1: ISUP Grade Groups mapped from Gleason scores

ISUP Grade Group Gleason Score
1 < 6 (3+3)
2 7 (3+4)
3 7 (4+3)
4 8 (4+4, 3+5, 5+3)
5 9-10 (4+5, 5+4, 5+5)

Table 2.2: TNM Classification for Prostate Cancer (based on DRE assessment)

T — Primary Tumour (stage based on digital rectal examination only)

TX Primary tumour cannot be assessed

T0 No evidence of primary tumour

T1 Clinically inapparent tumour that is not pal})able
Tla  Tumour incidental histological finding in 5% or less of tissue resected

Tlb  Tumour incidental histological finding in more than 5% of tissue resected

Tlc  Tumour identified by needle biopsy (due to elevated PSA)

T2 Tumour that is palpable and confined within the prostate

T2a  Tumour involves one half of one lobe or less

T2b  Tumour involves more than half of one lobe, but not both lobes

T2c  Tumour involves both lobes

T3 Tumour extends palpably through the prostatic capsule

T3a  Extracapsular extension (unilateral or bilateral)

T3b  Tumour invades seminal vesicle(s)

T4 Tumour is fixed or invades adjacent structures other than seminal vesicles: external sphinc-

ter, rectum, levator muscles, and/or pelvic wall

N - Regional (pelvic) Lymph Nodes’

NX  Regional lymph nodes cannot be assessed
NO No regional lymph node metastasis
N1 Regional lymph node metastasis

M — Distant Metastasis?

MO No distant metastasis

M1 Distant metastasis

Mla Non-regional lymph node(s)
M1b  Bone(s)

Milc  Other site(s)

I Nodal metastasis no larger than 0.2 cm can be designated pNmi.
2 When more than one site of metastasis is present, the most advanced category
is used. (p)MlIc is the most advanced category.

The TNM system provides anatomical staging based on three components. T (Tumour): extent of
the primary tumour in the prostate and surrounding structures (T1c — Tumour identified by needle
biopsy due to elevated PSA; T2 — Tumour confined within the prostate; T3 — extracapsular extension;
T4 — invasion of adjacent structures) [4]. N (Node): regional lymph node involvement (NO — no
regional node metastasis; N1 — metastasis in regional lymph nodes). M (Metastasis): presence of
distant metastasis (MO — none; M1 — distant spread, including bone) [43].

The EAU guidelines recommend combining PSA, ISUP grade group, and TNM stage to classify
patients into low, intermediate, or high-risk disease classification for treatment planning [40]. In
exploratory ML, these variables serve as robust, clinically interpretable features that can be cross
validated against data-driven clusters for their potential to uncover prognostic insight [23]. TNM
staging is universally applied, including in South African where guidelines also emphasize the need
for context based specific management, particularly in low resource setting where advanced stage

diagnosis is frequent [46]. This integrated approach plays a critical role guiding decisions and prog-



nostic assessment. Table [2.2|shows the TNM classification applied in the study:.

2.4 Disparities in Prostate Cancer

The largest global health disparity exists in PCa, with black men having a two-fold increased risk of
developing PCa compared to other ethnic races [47]. These disparities stem from a complex interplay
of genetic, environmental, and socioeconomic factors. Additionally, PCa tends to be diagnosed at
younger ages among Black men, further compounding the burden of disease in this population [48].
In the United States of America black men are disproportionately affected by PCa, with an incidence
rate of 185, 5 per 100, 000, a higher burden of PCa compared to Caucasian men with 108.0 per 100, 000,
and a mortality rate of 2.2 times higher [48].

A meta-analysis of a randomized clinical trial showed that black men have a median age of 68 years
compared to 71 in Caucasian men, underscoring the susceptibility of black men to PCa [48]. Geo-
graphical disparities further exacerbate these inequalities. The southeastern states of America are
characterized by black populations and a high poverty rate, reported elevated PCa-related morbid-
ity and mortality, and similar patterns are observed in SSA in black men more than other ethnic
groups [49].

Historical exclusion of black men and systemic racism have led to distrust of medical systems within
black communities, resulting in lower screening and diagnosis in men of African descent [49]. Ad-
dressing systematic issues, such as access to healthcare and socioeconomic inequalities, through
policy changes and community-based interventions will promote equity and improve disease out-
comes [48].

In view of what has been mentioned so far, one may suppose that there is an urgent need for solu-
tions to bridge racial gaps in PCa care. By addressing the various causes of these disparities, such as
biological, access to healthcare, and systematic inequalities, healthcare providers and policymakers

may be able to work toward equitable outcomes for black men.

2.5 Prostate cancer Disparities and Management South Africa

Disparities in PCa outcomes arise from a complex interaction of medical practices, cultural norms,
and systemic healthcare constraints [48]. In the African context, clinicians face challenges in imple-
menting screening and treatment strategies that adequately reflect region specific risk profiles. At
the same time, cultural values; particularly norms surrounding masculinity, often discourage men
from seeking timely medical care [8]. The Southern African Prostate Cancer Study (SAPCS) provided
valuable insights into these dynamics by investigating both epidemiological and social determinants
of health among 1, 387 men aged 40 to 107 years as part of a multi-ethnic study of PCa [45].

The SAPCS cohort consisted of 741 PCa cases (53.4%) and 505 controls (36.4%). The ancestral dis-
tribution among cases was highly reflective of the South African population, with 78.1% identified
as Black South African, 8.2% as admixed/Asian, and 9.2% as European ancestry. Among controls,
75.8% were Black South African, 8.3% admixed/Asian, and 10.5% European ancestry [50]. Black
South African men were significantly more likely to present with advanced disease, with (ISUP> 4:
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OR =2.25,95% CI 1.49-3.40 and ISUP>3: OR = 2.02, 95% CI: 1.41-2.90) [50]]. Furthermore, residence
in provinces with high poverty rates was associated with increased likelihood of advanced disease
(ISUP>4: OR =1.51, 95% CI: 1.07-2.13). In contrast, men of admixed / Asian ancestry were less likely

to present with ISUP >3 compared to men of European ancestry [45].

2.6 Contemporary Evaluation of the D’Amico Risk Classification

of Prostate Cancer

One of the most significant events of the was the formation of D’Amico’s model for stratifying PCa
patients into those with low, intermediary and high-risk of biomedical recurrence after surgery [51]].
A high incidence of PCa, paired with high mortality emphasized the need for accurate PCa risk
stratification due to the increased number of treatment options that were being made available [51].
The prediction model was based on clinical tumour stage (t-stage), PSA and GS [52]. Patients with
clinical T1c-T2a, a PSA of 10 ng/mL , and GS of less than or equal to 6 were regarded as low risk,
those with clinical stage T2b disease or PSA of 10.1to 20 ng/mL or biopsy GS 7 were intermediate
risk, and those with clinical stage T2c or PSA > 20 ng/mL or biopsy GS 8 to 10 were high-risk [52].
D’Amico’s classification remains key to stratifying PCa risk. Part of the aim of this project is to
train UML models on PCa stratification of newly diagnosed patients based on the heterogeneity that
may exist due to the risk criteria they may harbor [53]. However, D’Amico’s classification did not
consider differences in PCa phenotypes according to ethnicity; a large growing body of literature
has investigated the susceptibility of diverse ethnic groups [53].

2.7 Exploring Ethnic Disparities in the Distribution and effect and
Distribution of High-Risk Prostate Cancer undergoing Radio-
therapy

Investigating disparities in the PCa phenotype based on ethnicity is a continuing concern within
public health. This article identified 31,002 PCa patients treated using D’Amico’s high-risk cri-
teria (DHRC); 20,894 were Caucasian, 5,256 African Americans, 2, 868 Hispanic-Latino and 1,984
Asian [53]. PCa data was stored within the surveillance, epidemiology, end result (SEER) database
consisting of approximately 26% from the United States of America in terms of demographic com-
position aged > 18 years with histologically diagnosed PCa [51]]. The researchers aimed to evaluate
the variations in the distribution of DHRC and their effect on cancer specific mortality among PCa
patients treated with external beam radiography and stratified by ethnicity [51]. Although DHRC
has been widely applied in clinical decision making, there is a partial comprehension of how eth-
nicity influences the distribution and impact of DHRCs [53]. A retrospective analysis was utilizing
SEER, and key findings of the analysis revealed significant differences in the distribution of DHRC
among the ethnic strata [54]. The findings of the study provide valuable insights into the complex
contribution of ethnicity, DHRC distribution, and cancer-specific mortality in high-risk PCa patients
experiencing radiotherapy [45]. This knowledge can assist in targeted treatment strategies to deliver

evidence-based healthcare solutions tailored to an individual, therefore contributing to efforts aimed
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at addressing disparities in PCa care [30].

2.8 Men of African Descent and Carcinoma of the Prostate

The MADCaP consortium was formed as an international, multi-centre, and hospital-based PCa
research, collaboration to study the genetic aetiology of PCa in men of African descent [13]. The
MADCaP study focused on researching PCa in men of black ethnic origin residing in the same
catchment [55]. The MADCaP network was established to encourage scientific research, knowledge
and data exchange among the seven participating centres [13].

The MADCaP study was a case-control study. The cases were men newly diagnosed with PCa
at one of the seven participating urological clinics and controls where PCa-free men of matching
ancestry, age (within 5-year age groups), and geographical location [56]. The focus was to compare
genetic and epidemiological factors between the cases and controls to identify PCa associated risk
factors [13]. The seven participating study sites included Urological centres in Nigeria, Senegal,
Ghana and South Africa [56].

Suitable participants, both in cases and controls, provided information on demographics, anthro-
pometric, physical activity, lifestyle, medical and family history [56]. Surveys and medical records
were captured using REDCaP. A total of 1,000 PCa cases and 1, 000 ethnic and age-matched popu-
lation controls were enrolled from Soweto for this study [13]. A map of all participating MADCaP
centres is shown in Figure
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Figure 2.1: Population allocation of the Black African men registered at multiple African and implementation
centres, highlighting ethnic composition of both cases and controls across various MADCaP centres
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2.9 Big Data and Artificial Intelligence in Public Health

BD refers to large, complex data characterised by volume, velocity, variety and veracity [57]. In
Healthcare, these datasets are generated from diverse sources such as, the internet and health
surveillance networks. The complex, often unstructured nature of this data, includes systematic
semantic, social and economic interrelationships, renders conventional analytical techniques inade-
quate [58,59]. Consequently, managing and extracting value from BD requires advanced computa-
tional techniques to handle, most notably those in the field of Al [57].

Managing BD is crucial in healthcare as a growing field that continues to evolve and influence health
measures [18]. The quality BD analysis can be significantly hindered by challenges such as data
entry errors, duplicated or incomplete records, and noise pollution [60]. Therefore, robust data
management and preprocessing are essential steps before any meaningful analysis can be run [61}
62]. The global landscape is increasingly emphasizing on BD within the internet domain, parallel
the steady rise of Al in healthcare diagnostics and decision-making [35].

The relevance of BD is supported by current findings that provide a comprehensive analysis of the
fundamental concepts and application of Al in the field of Public Health, with a detailed overview
of the theoretical underpinnings of Al, ML algorithms and data modelling techniques [63,64]. Addi-
tionally, it highlights the potential brought by BD in healthcare research, such as improved disease

monitoring and prevention, precision medicine, and epidemiological surveillance [65].

2.10 Data Science in Action

Data Science in recent years has emerged as a new and important field of study. Data science is a
combination of disciplines such as statistics, data mining, databases, and distributed systems [21].
Data science methods consist of combining data from a variety of sources to encourage a large,
complex database for individuals, corporations, and society [37]. This contains linking principles,
procedures, and techniques for understanding a phenomenon by way of automating methods of

exploration of data to improve decision making in organisation and health institutions [18]].

As explained in Chapter I} civilisation has shifted from primarily paper based or analogue storage to
digital systems, such as databases [66]]. Data science can become a cornerstone of public healthcare,
disease surveillance and policy delivery [51]. Researchers have demonstrated the use of data science
in analysing large data, emphasizing the importance of predictive analysis for gaining a competitive
advantage in industries such as finance, retail, and manufacturing [36]. These studies have shown
the transition from conventional statistical approaches to a dynamic ML model that adapts to the

ever-changing data and technology environments [18]].
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2.11 Data Analysis in Health

Data analysis has become an integral component across industries, and healthcare is the primary
poised domain to benefit from its application [18]. The use of EHRs, statistical techniques, and
global health surveillance systems has resulted in BD has enabled researchers to be able to extract

meaningful insights from the health data [28].

This development has led to significant advancements in the utilisation of data analysis for pre-
dicting, managing and implementing policy [51]. However, despite these developments there re-
main areas that are still unaddressed, principally in the situation of addressing health challenges in
low-income nations and tackling health [17]. Much of the present research application focuses on

high-income countries leaving low-income nations undeserved.

Data analysis is characterized into descriptive, prescriptive, and predictive analytics [23]]. In descrip-
tive analytics the focus is on summarizing data to provide insights or outlines on trends. Prescriptive
provides recommendations by examining potential outcomes that may arise with interventions; this
may play a pivotal role in personalized care and resource allocation [23]. Predictive data analytics
utilize historical data to make future predictions such as treatment outcomes, disease outbreaks, and

remissions [17].

While data analysis has made notable headway in healthcare, its application remains focused on in-
fectious diseases, while non-communicable disease’s (NCD) have received less attention contribut-
ing to the high burden of disease [8]. Moreover, current data analysis models are developed for
structured data, leaving unstructured and semi-structured data such as clinical notes and social
determinants of health underutilised [11]. These data have the potential to understand disease pro-

gression, treatment response, and patient outcomes.

The application of data analysis within healthcare has transformative potential and limitations,
while there have been groundbreaking developments in understanding and managing disease [58].
There are inequities in the application of data analysis in low-income nations and addressing these
disparities will require investment into innovation and integration of analytical methods to priori-
tize the development of appropriate solutions for improved disease mitigation in underdeveloped

countries, thus advancing global health outcomes [27].
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212 Leveraging Artificial Intelligence to Improve Cancer Detec-
tion

Al represents a computational model designed to emulate human cognitive functions, including
complex decision making and problem-solving capabilities, through advanced algorithmic pro-
cesses [16]. Al field encompasses several specialized domains, such as deep learning (DL), neural
networks (NN), and machine learning (ML) [34]. Recently, Al has been integrated into many as-
pects of oncology demonstrating transformative potential, with significant implementation in areas
such as cancer screening, gene mutation identification, MRI-biopsy imaging, and, most recently, the

acceleration of drug detection [15].

Al frameworks are employed to systematically analyse structured structured PCa records, facilitat-
ing data-driven predictions for optimal patient treatment strategies [34]. In radiology, for instance,
Al-assisted images processing enhancing efficiency, allowing clinicians to focus on complex aspects
of diagnostic tasks requiring expert judgement [63]. However, unstructured and semi-structured
datasets are often underutilised, resulting in an abundant wealth of information left unexplored that
has the potential to give deeper meaning to cancer diagnoses [29].

By analysing large volume of PCa patient data, Al-based solutions may provide a comprehensive
and automated diagnosis, minimizing the risk of human error and improving the quality of patient
care [15]. In addition, Al can help public health professionals identify measures aimed at early
diagnosis and prompt treatment to prevent PCa progression and complications, thus reducing PCa
prevalence [51]. The integration of Al into PCa detection represents a promising direction for the
tuture of PCa diagnostic methods and has the potential to revolutionize the field of Public Health
[67].

2.13 Harnessing Big Data in Prostate Cancer Translational Re-

search

BD refers to exceptionally large and complex datasets that are beyond the understanding of the
human mind; necessitating computational tools for processing and interpretation [31]. A critical
challenge lies in the standardization and integration of data collected from multiple institutions,
for instance, in the case of MADCaP, where diverse data types ranging from images and texts, on
PCa diagnosis and treatment are stored [13]. To unlock BD’s potential, researchers seek to discover
disparities in PCa burden and outcomes across different stages of progression [60].

BD applications in PCa research remain at an early developmental stage, with significant unexplored
potential in this domain [16,21]. Thus, BD initiatives have strategically prioritised crucial analysis
on PCa leading to conceptual advances in our understanding of cancer biology impacting PCa diag-
nosis and treatment [60]. As the application of BD in PCa is relatively new, there remains a plethora
of opportunities for exploration. Overall, there seems to be some evidence to indicate that BD may

further advance critical analysis fundamental concepts associated with PCa biology [59].
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214 Machine Learning

ML is a rapidly growing subfield of AI where the computer-based scientific application of algorithms
and statistical modelling techniques are utilized to make predictions from BD [28]. Specifically, it has
been adopted in the healthcare industry due to its ability to process and analyse BD produced by
surveillance systems and EHR [68]. Collected from EHR, has led to supervised machine learning
algorithms being trained and applied to labelled data to predict the future using historical data [18].
The potential of ML in healthcare stems from the diverse structure of healthcare data, which also

represents a substantial challenge in modelling precise and valuable healthcare ML models [69].

UML utilises clustering algorithms inputted with unlabelled data to find similar clusters of data
points. Clustering assists when nothing about the data is fully known, and exploring the data helps
in uncovering patterns that stand out about the dataset [28]. ML in summation, maybe an invaluable
apparatus for up to the minute data analysis, providing public health researchers with effective
predictive and exploratory abilities [70].

2.15 Unsupervised Machine Learning on Prostate Cancer

UML is uniquely suited for identifying new patterns and relationships in complex, unlabelled
datasets, such as those commonly found in EHRs [28]]. This is particularly relevant for conditions
such as PCa were identification of novel patterns and associations in irregularly stored data can re-
veal essential insights for treatment and prognosis [23,42]. By utilizing UML techniques to uncover
hidden substructures within data and classification of potential biomarkers can improve accuracy of

prognostic models and treatment plans [17].

While UML models do not provide complete accuracy due to the lack of labelled outcomes and are
often used as a pre-processing step for supervised learning, they remain an effective and essential
instrument for the exploration analysis of new patterns and associations in PCa research [69]. In the
context of PCa, clustering techniques enable grouping cases according to risk factors, and disease
characteristics [19]. Such grouping provides clinically meaningful stratification that may not be
apparent through traditional risk models [28]. To support UML, dimensionality reduction methods
are employed to simplify high dimensional data, thereby improving computational efficiency and
enhancing the interpretability of results through clear visualization [36].

2.16 Summary

The literature review emphasizes two central themes: the significant global burden of PCa pro-
nounced disparities in incidence and morbidity for men of African descent and the transformative
role of technology (Al, BD, UML) in addressing these challenges. Specifically, UML provides pow-
erful tools for analysing complex datasets without predefined labels. Techniques such as clustering
and dimensionality reduction are being used to identify novel patient subtypes, analyse biopsy in-

teractions, and improve risk stratification based on integrated clinical and genetic information.

16



Chapter 3

METHODS

3.1 Research Approach

In this section, we discuss the methods that were applied to the MADCaP dataset in conjunction
with UML analysis. We detail the criterion of participant inclusion and exclusion criterion, data
preparation process, encompassing pre-processing techniques, feature selection, and dimensionality
reduction techniques, with specific algorithms utilized to discover hidden correlation within the
MADCaP data. The methodological steps were taken to ensure reproducibility and offer clarity on
how the analysis was systematized to report the objectives of the research dissertation. Additionally,
the motivation for selecting UML methods is deliberated, in combination with the criteria used to
evaluate the models.

3.2 Study Design

This study presents a secondary analysis of retrospective cases collected enrolled into the MAD-
CaP database over a period of four years (2016 to 2020). The data was sourced from the Urology
Out-Patient Department, Chris Hani Baragwanath Academic Hospital (CHBAH), which serves as a

collaborator centre of the MADCaP consortium.

This analysis explored various parameters and variables contained within the data set and seek to
derive meaningful insights and outcomes that can contribute to the larger body of scientific knowl-
edge related to PCa. This study aimed to advance of medical science within the field of urology

through robust analysis of PCa dataset.

CHBAH is a tertiary academic hospital located in Soweto, South Africa, is the largest hospital in
Africa spanning 173 acres, and operates with approximately 3, 200 beds while employing 6, 760 staff
members [71]]. The hospital serves a densely populated socio-economically diverse population from
Soweto, surrounding peri-urban and rural communities with Gauteng Province [72]. This includes
a large proportion of historically underserved populations, many of whom experience limited ac-
cess to private healthcare services. CHBAH provides a critical point of access for specialized medical
care, including oncology services, for a significant portion of low income households [73]. The hospi-

tals diverse patient base offers a unique opportunity to examine disease patterns with representative
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segment of the population most affected by health disparities in the region [13].

3.3 Study Site

The study was be based on the MADCaP cohort enrolled at the Urology Out-Patient Department,
Chris Hani Baragwanath Academic Hospital (CHBAH) study site. Cases with newly diagnosed
primary PCa, irrespective of stage, grade, or pathological classification, were deemed eligible and
subsequently enrolled in the study [55]. The research collected data for men aged 40 years and older
to garner valuable insights into the characteristics, risk factors, and potential management strategies
associated with primary PCa [13]. Overall, this study contributes to the development of a nuanced
understanding of PCa, offering insights that may inform improved approaches to management and
treatment [13].

3.4 Study Population

The dataset comprised of men of African descent diagnosed with primary PCa, who were followed
from the point of initial diagnosis, through to conclusion of the follow up period, as part of their
enrolment in the MADCaP study [13]. The majority of cases underwent either radiation therapy or

hormone deprivation therapy, Though treatment modalities varied across MADCaP study centres
[74].

The research study conducted an comprehensive evaluation of secondary PCa cases among black
African men in Soweto, South Africa utilizing data collected by the MADCaP consortium at
CHBAH. The study assessed their current state of health and quality of life; case data was mined
from a STATA file format [13]. The study made significant strides to mitigate the influence of extrane-
ous factors, ensuring integrity and reliability of the results. To achieve this, the data anonymisation,
and all personal identifiers were meticulously removed. This method safeguarded the privacy and

minimized the risk of bias and potential confounding factors.

The MADCaP study enrolled participants from Soweto diagnosed with PCa in terms of age, eth-
nicity and clinical characteristics [13]]. Study data were systematically collected using standardized
protocols and stored in a secure REDCaP database, ensuring POPIA compliant data management.
A STATA file containing de-identified eligible cases was exported for analysis. See appendix |H for

data dictionary.

3.4.1 Variables

Table below presents the set of variables that selected for clustering analysis, based on their
relevance and contribution to models discriminatory power. These selected variables were chosen
through feature selection techniques, guided by their clinical relevance, predictive strength, and
statistical correlation with case outcomes. The data consisted of several types, Integers, Float and
Boolean variables. To ensure consistency in the data for modelling, mapping and conversion facili-
tated for seamless integration, for instance, categorical variables currently smoke "Yes" or "No" were
converted to binary "1" or "0" denoting whether patient are still smoking [75]. Ordinal variables such
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as smoking with "Yes", "Yes (in the past)" and "No" were label encoded to 0, 1, and 2 respectively

denoting smoking behaviours [34].

Table 3.1: Variables Chosen for Analysis

Characteristic Description

Age Age at diagnosis

Cigarette count ~ Average number of cigarettes smoked per day
Smoking Current smoking status (Yes/No)

Income Monthly earnings

Final Staging-T  Primary tumour stage (based on digital rectal examination [DRE])
Final Staging-M  Presence of distant metastasis

PSA at Diagnosis Prostate-specific antigen (PSA) level at diagnosis

PSA at Referral =~ Prostate-specific antigen (PSA) level at referral

Gleason Total Calculated as Gleason primary + secondary + tertiary (if present)
Father’s Cancer =~ Whether the father was diagnosed with prostate cancer

Brother’s Cancer Whether any biological brother was diagnosed with prostate cancer
Son’s Cancer Whether any son was diagnosed with prostate cancer

3.4.2 Inclusion and Exclusion Criteria

The MADCaP study collected data related to Men of African descent who were previously diag-
nosed with PCa and had received prior treatment. Specifically, the study analyses secondary data
from men with treatment naive, histologically diagnosed PCa, enrolled from the Department of
Urology, at CHBAH. Only cases were included in this UML analysis. The study leveraged exist-
ing clinical and demographic variables from the MADCaP REDCaP database, focusing exclusively
on cases with confirmed PCa to identify potential subtypes or patterns within the population. The

strictness of the inclusion criteria made the findings of this research robust and reduced bias.

3.4.3 Sampling

This study constitutes a secondary data analysis of PCa records from the MADCaP study, covering
the period from January 2016 to December 2020. The sample size consisted of n = (1, 096) cases that
met the inclusion criteria ensuring maximum data utilization for exploratory ML. Since this was
unsupervised analysis of secondary, the determination of a sufficient sample size did not rely on
traditional statistical power calculations. Rather, it was guided by considerations of cluster stability
and analytical precision [76,[77]. Techniques such as the elbow method and silhouette scoring were
employed to evaluate the robustness and quality of the derived clusters. Using this dataset, the
study aimed to explore risk factors and variables associated with PCa diagnosis and prognosis over

a five-year period.
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3.5 Experimental Environment

The experimental environment for this research utilized a suite of open-source software tools de-
ployed on a Microsoft Windows Operating System. Python 3 served as a core programming lan-
guage for the algorithm development and training. The Jupyter Notebook is the preferred Inte-
grated Design Environment (IDE) selected for its flexibility and and support for iterative analysis.
To support ML workflows, libraries from the Scikit-learn ecosystem. Widely recognized as gold
standard in python-based ML. Table3.2]below summarizes the specific hardware and software tools

employed in this study.
Table 3.2: Hardware and Software Tools List
Apparatus Version Description
Laptop Windows 11  Intel Core i9, 3.60GHz base frequency,
16GB RAM
NumPy 1244 Provides support for large, multidimen-

sional arrays and matrices, along with
mathematical functions to operate on them

Pandas 1.3.10 Offers data structures and tools for data
manipulation and analysis, particularly
tabular data (DataFrames)

SciPy 1.8.5 Provides algorithms for optimization, in-
tegration, interpolation, eigenvalue prob-
lems, and statistics, widely used in ML

Matplotlib 3.84 Comprehensive library for creating static,
animated, and interactive visualizations in
Python

Seaborn 0.13.1 High-level interface for statistical data vi-

sualization, built on Matplotlib, with em-
phasis on heatmaps and correlation plots
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Figure 3.1: Shows agile iterative cycles and steps followed for UML modelling process, planning and design
to develop, review, and interpretation.

3.5.1 Software Engineering Practices

The Agile development methodology was adopted in this research to accommodate the need for flex-
ibility and iterative refinement during data preparation and analysis allowing for continuous testing
of assumptions and adjustments to methods as new insights emerged [78]. Unlike traditional re-
search methods, agile analysis approach emphasizes collaboration, adaptability and responsiveness
to change. This process followed key phases, such as planning, execution and reflection enabling
findings to be integrated and refined throughout the study. The aim was to map UML practices
adopted and the challenges encountered thereby supporting navigation of evolving requirements
for the study [79].

This method facilitated analysis through iterative cycles, allowing for adaptability to changing re-
quirements and supporting continuous model improvement [78]. As outlined in Chapter [1, the
research objectives were centred on unsupervised modelling, which aims were defined at the ini-
tial stage of the study. Regular goal assessment provided a more detailed understanding of project
components in iteration ensuring alignment with the broader study. The analytics portion of data
analysis typically followed a sequential waterfall process, The agile methodology facilitated the
breakdown of larger tasks into smaller ones for the overall process to be manageable, flexible and re-
sponsive [79]. The overarching goal was to reach a point of optimality in the UML models through
iterative experiments and refinement of models [78]. The iterative process for PCa analysis using
agile methodology is illustrated above in Figure
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Figure 3.2: Flow diagram illustrating the stages of UML applied to PCa data, from preprocessing and feature
selection to clustering and clinical interpretation of case subgroups

3.5.2 Data Generation

The data for this study were obtained from a single MADCaP site, selected from among seven loca-
tions of MADCaP consortium, see Figure Specifically, the data were sourced from the CHBAH,
and subsequently extracted from the REDCaP database, and where they are archived and stored.

The dataset employed in this study consists of cases diagnosed with PCa who were admitted into
study site at CHBAH. These datasets are stored in a database, ensuring systematic structure in re-
trieval and management. Key variables were extracted ,included demographic, clinical and lifestyle
factors outlined in Table To ensure consistency, categorical variables were processed according
to predefined coding schemes. For instance, monthly earnings were grouped into standardized in-
come bands (<ZAR 5,000 : ZAR 5,000 — 10,000: >10,000), while smoking status was classified as
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No (never smoked), Yes (now), Yes (in the past) based on self reported histories. Family history of
PCa was recorded as (Don’t know, NO and Yes) indicating whether first degree relative had been

diagnosed with the disease.

3.6 Data Preprocessing

MADCaP
Data
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PCa: Aggregated Data Exploratory Data
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Figure 3.3: Pre-processing workflow for MADCaP data, including data cleaning, normalization, feature
selection, and handling of missing values prior to unsupervised machine learning analysis

Jupyter Notebook (version 6.5.4) was utilized to access statistical and data visualization packages
and libraries required for data pre-processing. The scikit-learn package included several transformer
modules for converting datasets with discrepancies into standardized data suited for unsupervised
learning algorithms [80]. The dataset necessitated various pre-processing techniques, for instance
handling missing values and Gaussian rounding. Within the dataset, compatibility issues arose with
estimators assuming each value in a variable contained meaningful information, essential for ML
algorithms to run successfully. In such circumstances, imputation techniques for handling missing
values were employed [17].

The proposed pre-processing steps were essential prior to applying UML techniques, as they en-
hanced the likelihood of uncovering meaningful underlying patterns in the dataset [31]. However, a
significant challenge with such clinical data is the inherent presence of biases and formatting incon-

sistencies. These issues can skew clustering results by disproportionately emphasizing certain data
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features, thereby constraining the discovery of novel insights [36]].

To identify anomalies and potential sources of noise, this study employed exploratory data analysis
(EDA) on the MADCaP dataset. EDA is a descriptive statistical approach that facilitates hypothesis
generation and refinement through visual techniques such as outlier detection and distributional as-
sessment [29]]. These approaches were applied to extract maximal insight from the dataset, enabling
an unbiased examination of data structure and variability. This approach is particularly valuable for
uncovering underlying phenomena within the MADCaP dataset without relying on preconceived

assumptions [34].

Quite a few variables in the dataset exhibited a wide range of values, including extreme and po-
tentially implausible observations. To address this, outlier detection was performed to identify and
exclude values that deviated from established biological plausibility or clinical norms, for example,
PSA levels presented with markedly aberrant values [81]. This step was essential to mitigate the
influence of data entry errors, measurement anomalies, and false observations, thereby preserving

the integrity and reliability of subsequent analytical results [17].

3.6.1 Data Imputation

The dataset contained missing values due to unrecorded information and instances of data corrup-
tion, which were represented as NaN. To address this, data imputation was applied as a strategy
to substitute missing values with alternate values from the dataset, thereby preserving most of the
data for analysis. [18]. To ensure that the dataset was generally undamaged and usable for mod-
elling purposes subsequently reducing bias and impairing the model’s analysis [63]. Additionally,
the dataset was not very large, and avoiding further loss is very important because deleting a sub-
stantial amount of the dataset could significantly affect the final model [36]. A common technique
for data imputation is to compute a statistical value for each column attaining the arithmetic mean

of each column, and replacing missing values in the columns [27].

To handle the missing values, the mean imputation method was applied to numerical columns,
such as PSA levels, GS, and cigarette count [75]. Categorical variables such as smoking history, em-
ployment status and income were also imputed using mode imputation, and median imputation
was applied to variables with skewed distributions such as age and father’s age [34]. The com-
bination of these imputation techniques facilitated the dataset to maintain its essential statistical
properties while addressing missing values effectively, thus providing a robust foundation for sub-
sequent UML analysis in the context of PCa research. This pre-processing approach is critical in
medical data analysis, were accurate handling of missing information can significantly influence

model performance and the interpretation of results.
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3.6.2 Feature Extraction

The PCa dataset was characterized by substantial amount of features which could result in subpar
classification performance therefore feature extraction was applied [36]. Feature extraction is the
process of examining the relevant importance of each feature in the dataset and removing redun-
dant features [18]. Through the feature-importance scores technique, decision trees were used to
describe the most relevant features, which assisted in identifying the variables that contributed sig-
nificantly to the model [27]. When the dimensionality and computational cost of UML techniques
were reduced, only the most relevant features were extracted and retained, while unnecessary char-
acteristics were discarded [18]. In the PCa dataset, certain variables were excluded to ensure that the
analysis focused on factors most relevant to disease outcomes, with the selection guided by existing
literature and expert input, thereby avoiding the inclusion of irrelevant variables. [82].

Feature extraction was conducted through a systematic process that combined domain expertise,
clinical relevance, and statistical analysis to ensure that the most meaningful variables were re-
tained for subsequent clustering [18]. The dataset initially included 47 variables encompassing de-
mographic, behavioural, clinical, and familial domains. However, not all variables were relevant
for modelling PCa outcomes. Therefore, the feature extraction strategy was guided by literature, ex-
pert driven exclusion of biological, clinically irrelevance variables, and data driven dimensionality

reduction informed by statistical significance and redundancy.

The variable participanttype, maternal and paternal ethnicity d_ethn_mother, d_ethn_father, and
place of birth sd_townborn, sd_countryborn, as these are considered to have no direct or indirect
biological relevance to PCa progression or outcomes. Variables such as record_id and study_id serve
as unique identifiers for records or participants. These identifiers were removed, as they do not
hold any predictive or biological relevance to PCa, serving solely to label individual cases. Similarly,
sd_languageinterview, which specifies the language used in interviews, is unlikely to impact PCa
risk, progression, or treatment outcomes, and thus provides little utility in our research. Date fields
psa_psareferraldate, psa_psadiagndate are also removed as they were contextually redundant and

not relevant to the disease prediction in this study.

On the other hand, feature engineering enabled transformation of existing features within the
dataset to a new variable. The GS was computed by summing the primary, secondary, and, when
applicable, tertiary architectural patterns of the highest grade. For analytical purposes, a novel cat-
egorical variable, PCa_risk, was generated to capture clinically meaningful risk groups. Low-risk
was defined as GG 1 < 6 intermediate-risk as GG 2 (GS3+4 = 7) and GG 3 (GS 4 + 3 = 7); and
high-risk as GG 4 (GS 8) and GG 5 (GS 9 -10). Similarly, to facilitate risk stratification, the variable
psa_psadiagnlevel was transformed into an ordinal variable, psa_category, based on clinically vali-
dated thresholds: low-risk (PSA < 10 ng/mL), intermediate-risk (PSA 10-20ng/mL), and high-risk
(PSA >20ng/mL). By adhering to both locally and internationally accepted guidelines for GS and
PSA classification, the study ensured consistency with established clinical protocols and enhanced
comparability with existing case data [18,25/36,83]

When performing UML, it was essential avoid redundant variables, as they can introduce noise and

inflate dimensionality without contributing to meaningful insight [27]. Retaining mr_ finalstagingt,
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which encapsulates the definitive clinical stage, ensured the dataset remained concise and free of un-
necessary duplication. In contrast, removing mr_dreclinicalstagingt, mr_dreclinicalstagingn, and
mr_dreclinicalstagingm improved computational efficiency, by reducing the number of features the
model must process, thereby minimizing dimensionality and potential noise [18]. Table [3.3| shows

feature extraction summary:.

Table 3.3: Feature Extraction Summary

Variable(s) Decision Rationale

study_id, record_id, Participant Excluded Administrative identifiers with no an-

type alytical value

Language interview, ountry Excluded Non-predictive demographic vari-

born, Town born ables

ethnicity mother, father, Race fa- Excluded  Lacked biological plausibility for PCa

ther, Race mother prediction

Employ status_other, Employ Excluded Qualitative free-text inputs with in-

type_other consistent values

PSA referraldate, PSA diagn- Excluded Redundant date variables with lim-

date ited predictive value

Age, Currently smoke,Income, Retained  Demographic and modifiable be-

Cigarette count havioural risk factors

PSA diagnosis level, PSA refer- Retained  PSA levels as key clinical biomarkers

ral level

Gleason turp total Retained  Standard indicator of tumour aggres-
siveness

Final staging (TM) Retained  Final tumour and metastasis staging

Father, brothers cancer, Sons Retained  Family history variables with estab-

cancer lished PCa associations

The succeeding steps encompassed statistical evaluation aimed at dimensionality reduction. Uni-
variate and Multivariate analyses were conducted to assess the strength and significance of each
variable’s association with the outcome of interest [61]. This approach facilitated the identifica-
tion and preservation of clinically significant and potentially modifiable variables, guided by both
literature evidence and expert validation [4,84]. For instance, PSA levels at both diagnosis and
referral, GS and staging T'M were retained as essential clinical indicators due to their established
prognostic value. Smoking behaviour and income were retained as potentially modifiable risk fac-
tors, given their relevance to public health interventions. Additionally, family history of PCa among
fathers, brothers and sons were also preserved due to their known predictive characteristic value in
assessing individual risk. By extracting only relevant features the MADCaP dataset became more
streamlined, focusing on clinically and potentially modifiable factors.
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3.6.3 Label Encoding

The PCa dataset was comprised of variables of various data types, such as categorical, ordinal and
numerical data. Because of this discovery, label encoding was selected as an appropriate data pre-
processing technique to enable the effective processing and analysis of the dataset [34]. By applying
label encoding, categorical variables in this dataset were assigned unique integer values, where
each category was allotted a specific numerical symbol [29]. This transformation ensured that cat-
egorical data could be efficiently processed by UML algorithms that typically require numerical
data [18]. Through encoding categorical features, the dataset became suitable for computations, en-
abling the models to recognize patterns and associations in the data [23]. For instance, variables
like employstatus, and income represent categorical data that contain a limited number of possi-
ble values, such as different employment statuses, and income brackets. Label encoding allowed
these values to be transformed into a numerical form while preserving their categorical distinctions,
making it feasible to use them in clustering algorithms or principal component analysis (PCA) for

dimensionality reduction [34].
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Figure 3.4: Framework for UML modelling process, outlining stages from data collection, exploration, and
preparation to iterative refinement for robust and interpretable clustering.
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Contrasting one-hot encoding, which generates split-up binary columns for each category, label en-
coding keeps the dimensionality lower, which is beneficial for UML techniques, as it reduces com-
putational complexity and avoids issues with the "curse of dimensionality" [28]. For variables with
no natural ordering, such as income or psa — referralleveldesc, label encoding provided an effi-
cient transformation, as it simply mapped each category to an integer label without adding extra
columns [18]. This simplification is valuable in UML modelling as it made it better to measure sim-
ilarity or distance between data points. Moreover, UML algorithms like k-means clustering and
hierarchical clustering can operate more effectively with lower-dimensional, integer-coded data, as
this representation allows for more straightforward computations of similarity or dissimilarity be-
tween data points [70].

In summing up, label encoding was chosen for these variables to efficiently transform categorical
data into a form harmonious with UML algorithms, maintaining distinctions between categories
without adding unnecessary dimensionality, which is crucial for improving model performance and

interpretable in clustering data.

3.6.4 Data Standardization and Normalization

ML algorithms perform effectively when variables are scaled to standard and normalization in a
popular numerical data scaling technique applied before to modelling. Standardization is a data
pre-processing method that is used to transform the characteristics of a data set so that they have a
mean of 0 and a standard deviation of 1 [69]. This process is attained by subtracting the mean from
each feature and dividing by the standard deviation [28]. Normalization is principally important
in ML analysis as it places features on a similar scale, ensuring that features with larger ranges or
values do not disproportionately influence models [34]. It is commonly applied in algorithms sensi-
tive to feature magnitude, such as Principal Component Analysis (PCA) and clustering techniques.

Standardization is expressed by the following formulae.

The formulae for Z-score normalization of feature X is:

(3.1)

where:
e 7 is the standardized value,
* Xis the original value of the feature,
® i is the mean of the feature values, and
* 7 is the standard deviation of the feature values

This phase safeguards that each feature is capable of contributing equally to the model and avoids
features with superior scales from dominating the ML process leading to bias [69]. In the context of
the PCa dataset, normalization ensures that all data variables are similar in scale, for the algorithms
to efficiently learn the patterns and associations within the data without being subject to bias in
the scale of the variables [85]. This procedure is a fundamental practice in ML, and guarantees
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the robustness and dependability of the models in training and evaluation [34]. This measure is
particularly important as various ML models, including PCA and clustering algorithms, perform
better when features are on a comparable scale [18].

This harmonizing of data allows distance-based models, such as k-Means or DBSCAN, to assess
correlations among data points more accurately, optimizing model performance and reliability of the
models [28]. Through the fit transform a consistent scale across all numeric features, standardization
strengthens the foundations for UML and meaningful insights in PCa by reducing bias in the data
[57].

3.7 Dimensionality Reduction

In ML, problems may arise due to the dataset having a large number of variables, statistical and
ML methods have difficulty in handling high-dimensional data [34]. Dimensionality reduction is
the method that minimizes the overall number of features in a dataset while still preserving the
majority of the essential data as feasible [29]. There are two techniques of conducting dimension

reduction, feature selection and feature extraction.

Feature selection was a needed component for ML modelling, encompassing identifying and retain-
ing a set of variables that are most relevant from the original data while removing less noteworthy
features [18]]. Variables without statistical significance for the outcome of the disease were removed;
for example, the mother’s ethnicity, dates, and language of interview, were excluded as they held
no biological predictive relevance [8]. It was essential to avoid redundant variables as they increase
noise within the dataset. Literature strategies proposed optimal features, refer to Table ?? on se-
lected variables as the best predictors and correlation analysis to pick out relevant clinical features

associated with the outcomes of the patients [74].

Varieties of algorithms are used in dimensionality reduction, such as PCA and t-Distributed Stochas-
tic Neighbors Embedding (t-SNE) for visualization of unlabelled and linear discrimination analysis
(LDA) for labelled data [18]. Each has its advantages and drawbacks. In this research, the adopted
method was PCA, which is a statistical technique that utilizes an orthogonal conversion on associ-
ated variables to unassociated variables [18].

3.7.1 Principal Component Analysis

PCA is a statistical technique that utilizes an orthogonal conversion on associated variables to asso-
ciated variables [86]. PCA is a UML linear dimensional reduction-algorithm utilising singular value
decomposition of data to project in lower dimensional space [35]. This is achieved by transforming
variables into a new set of variables, which are uncorrelated and ordered by the variance to explain
the data [17]. PCA generates new orthogonal coordinates within the data, such that the utmost
variance that develops is set as the initial coordinate referred to as principal component one (PC1),
whereas the subsequent notable variance coordinate is placed in second (PC2) [86]. PC1 embodies
the principal source in variation the eigenvector containing the largest eigenvalue, and PC2 inhib-
ited the least important contribution to variation in PCa data [86]. Part of the study aims to develop
an algorithm and assess the correlation of unlabelled MADCaP dataset through application of UML
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dimension reduction technique PCA [18].

The explained variance ratio is the measure of the fraction of the sum variance in each eigenvector
through assigned eigenvalues from the original dataset, explained for each principal component
(PC) [86]. PCA explains that the variance ratio is given to the i-th PC as it is taken from scikit-learn
to explain the total variance of the MADCaP dataset using the following mathematical expression:

L
D )\]

j=1

EVR,; = (3.2)
Where); is the eigenvalue conforming to the i-th value of PC, and p is the total number of PC [87].
The explained variance ratio assisted in verifying the importance of every single PC, and portion of
variability in the data, thereby identifying the PC that captured the most significant patterns [87].
This approach assisted in revealing the core structure of MADCaP data and enhancing the execution
of consequent UML models [86].

3.8 Clustering Algorithms

This section describes the clustering techniques applied comprising data pre-processing to facilitate
optimal ML algorithms extensively employed in analysing large volumes of MADCaP dataset. Part
of the aim of this project is to develop clustering algorithms to effectively analyse and interpret data.
These techniques include but are not limited to PCA, agglomerative clustering (AC), hierarchical
clustering (HC), K-means, DBSCAN and Spectral Clustering (SC) [28]. The application of these tech-
niques will enable the identification of patterns and relationships within the data, leading to a deeper
understanding of PCa risk factors, associations and aid in decision-making processes [51]. The ver-
satility of these techniques allows for the exploration of different perspectives and approaches to

data analysis, which may ultimately yield more comprehensive results [23].

3.8.1 K-means Clustering

This technique of cluster analysis seeks to partition the observations in K clusters in which each
data point fits to the nearing mean [17]. The data points are given into the algorithm without any
predefined outcome to create clustering results [18]. The final clusters depend on selecting initial
centroids that create separate clusters [34]. The algorithm has two phases: firstly, to determine
initial centroids and secondly designating data points to the proximate cluster and then recalculating
the cluster mean assigning individual points to the nearest centroid [31]. To attain the number of
centroids to select the elbow approach is applied to determine the K-value of centroids for optimal
performance by iterating for K = 1 to K = n [18]. To determine the optimum number of clusters the
elbow approach was applied. The method looked to find the best number of clusters to the k-means
model for superior PCa data segmentation and visual inspection of PCa aggressiveness amongst
cases [88].
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The core purpose of the algorithm on PCa is to discover related cases, consequently assigning them
together to form clusters or segments according to similarity conditions, which are defined between
data [32]. To attain this, the model employs distance measure to compute comparisons and vari-
ations in the PCa data points. The algorithm relies on centroids to determine the clusters. Three
centroids, as recommended by the elbow method, followed by an iterative cycle that continues un-
til the predefined conditions are met [36]. To determine the optimal number of clusters, the elbow
method score was used to identify the K value of the centroids that correspond to the highest peak
on the silhouette coefficient plot [88]. This assessment signifies the number of clusters that best fit
the underlying pattern while maintaining variance between clusters. A high score denotes a testi-
mony of well-formed clusters with marginal overlay or miss-assignment. By applying the silhouette
method we can determine how well the model performed on the PCa data [88]].

The application of UML to PCa datasets provides indispensable information on features that are
unrecognizable by the human eye [89]. Through grouping, recognition, and segmentation methods,
UML may assist in diagnosing PCa by indicating patients at high risk of PCa [17]. However, the
models are not the only source of information on PCa diagnosis [27]. ML models explore enormous
datasets to discover anomalies [28]. The trends identified by UML in the data set can provide insight
into the risk factors for PCa, thus helping to diagnose PCa early and improving the prognosis [81].
Therefore, early diagnosis would reduce the risk of PCa morbidity by detecting early-stage cases,
leading to increased chances of curative treatments [22]. The application of ML can contribute to the
management and care of PCa, stemming from diagnosis, treatment recommendations and adminis-
trative activities [15]. Therefore, by revealing at risk patients through a constellation of symptoms,
primarily in patients with underlying PCa, this study may bridge the gap in PCa morbidity [89].
Figure shows how MADCaP datasets were managed and pre-processed in the analysis using
UML techniques.

Figure 3.3|shows the flow chart of data sourced from the MADCaP centres on men afflicted by PCa.
Inclusion parameters encompasses all men affected with PCa. Utilising the datasets, clusters were
generated and classified into numerous groups. The data from MADCaP was loaded into Jupyter
Notebook in a Python environment, using pandas and Numpy software libraries; the data will be
refined using data munging into formats better suited for unsupervised machine learning [27]. Clus-
tering variables with similar or different characteristics using unsupervised machine learning tech-
niques on unlabelled data [27]. Using clustering techniques, the algorithm is trained to extract pat-
terns from input data to derive meaning. Points are assigned to the closest cluster centroids that
reflect certain parts of the data using the K-means algorithm, which detects centre points within the
data [17].
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3.8.2 Agglomerative Clustering

AC builds upon pre-defined principles; the algorithm will first declare data points in its structure
and merge the two systems until a criterion is met and ceases when the criterion is satisfied [17].
Clusters are linked by a specification of similarity and how they are measured that is defined by an
existing cluster [28]. In a bottom-up systematic practice where each data point is a cluster of its own,
paired clusters appear as the data points move upward the hierarchy, while pairs of different clusters
move far apart [18]. DBSCAN does not require several clusters to be set and operates by identifying
in crowded points areas of a feature space [17]. Points within a densely populated region are the
core sample clusters that grow until all points have been picked within a lying distance [49].

To comprehend the AC process, it is imperative to acknowledge the existence of various approaches,
the agglomerative approach emphasizes proximity of data points end up in the same cluster, this
bottom-up approach starts with grouping singleton points to create a new instance of the cluster
from individual points closest to each other [18,28]]. It repeatedly finds pairs closest to each other,
merging them to produce a new cluster and, at the same time, removing individual points previously

represented [63].

This research sought to implement AC to uncover features within the MADCAaP data using the
ward method. This study provided the opportunity to advance the understanding of PCa using
AC [18]. In the research, two clusters were merged such that the variance within the clusters was
not increased; primarily each point stood as an individual cluster, and the closest clusters merged
according to the given metrics [34]. The ward linkage method is applied in agglomerative clus-
tering, which uses at times a non-euclidean similarity; this measure was used to generate clusters
in dissimilar PCa datasets [19]. Ward linkage joins by initially setting the distances calculated as
follows.

0 = L p sy ML e 1 (33)

Where T' = ||v| + |s| + [{]

The ward method is commonly implemented using the nearest neighbor chain algorithm. This ap-
proach does not precisely express a measure of distance among the datum of clusters [18]. The
technique is an ANOVA-based methodology. One-way uni-variate ANOVAs are implemented for
individual variables with groups characterized by the clusters at that phase of the process. In each

phase, two clusters merge with a small increase in the combined error sum of squares [27].

3.8.3 Hierarchical Clustering

HC results in a dendrogram as shown in Figure which depicts the hierarchical structure of the
cases within the MADCaP dataset [90]. This method aided in identifying potential disease subtypes
based on the PCa clinical characteristics in Table These subtypes may have different prognoses
and treatment responses enabling patient stratification and predicting patient outcomes [82]. This
analysis provides an exciting opportunity to advance our knowledge of PCa in identifying unique
subtypes of the disease that may have varied prognoses and responses to treatment [82]. Due to the
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scarcity of PCa research employing HC dendrogram analysis researchers may not fully understand
HC and its full application. The initial step of the model was to determine the statistic to be used
to calculate distance or similarity between cases [91]]. The chosen distance measure is the Euclidean

distance, calculated by the formulae.
Where:
> (a; —b;)” (3.4)

In principle, a and b are two cluster cases being measured up on the variable j, where K is the total
number of variables included in the analysis [65]. The algorithm allowed for distance amongst two
cases to be calculated across multiple variables, whereby each phase, the sets of clusters with the
least squared Euclidean distance were merged [65].

3.8.4 DBSCAN

DBSCAN exploits the densities of the data points in the dataset to facilitate the identification of
meaningful trends and patterns by recognizing a random point in the data as a core point [27]. A
user-defined radius is used to measure discrete points proximity to the core point, consequently,
points that are close to the core point are added to extend the cluster [92]. On the other hand points
not in proximity to the cluster are classified as non-core points, thus serving as definitive markers
for the limits of the cluster [92], [36]. The model produces clusters that are arbitrary shapes in the
dataset. DBSCAN centres its clusters not simply by the highest density values but also considers
the distances between points. This dual consideration allows DBSCAN to perform efficiently on
complex datasets [84].

The algorithm applies two parameters to determine how the clusters are defined: epsilon, which
sets the radius of the area around a point, and the minimum number of points required to form a
dense region (Min Pts) [84]. The algorithm begins at any unprocessed case points and if the points
satisfy the density criterion of Min Pts neighbor, all the neighboring points are added to the same
cluster [34]. The model continues expanding the cluster at each dense neighbor point. Once all the
expansions have been achieved, a cluster is formed, and the model can take up again at any other
unprocessed point to locate additional clusters [17]. Non- dense points that discovered are either
noise or border points.

3.8.5 Spectral Clustering

SC involves two phases; it is a two-phase process. Data points are treated as nodes of a graph,
whereas the succeeding step calculates the eigenvalue decomposition of the corresponding simi-
larity matrix [66]. The number of clusters are specified in advance in SC component = 2 were 21
defined within the algorithm to produce 2 clusters for the results [66]. The nodes in the affinity
graph correspond to data points and edges between the nodes represent the similarity among the
respective data point measured using a Gaussian kernel or distance metric [34]. The consequential
affinity matrix beneath describes these comparisons and aids as a basis for the next phase of algo-
rithmic computation [66]. The eigenvalue decomposition algorithm calculates the Laplacian matrix
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derived from the affinity matrix [93]. When the Laplacian matrix is constructed, its eigenvalues and
eigenvectors are calculated, and the eigenvectors equivalent to the smallest eigenvalues develop a
new depiction of the data in lower dimensional space [93]].

The Laplacian matrix is computed as follows:

L=D-W (3.5)

Where L is the Laplacian matrix, D is the degree matrix where one diagonal component represents

the sum of the similarities, and the affinity matrix of the pairwise similarities are presented by W.

3.9 Performance Testing

A popular exercise is to adjust the features so that the data interpretation is more suitable for these
algorithms [28]. The PCA is an approach that revolves around the dataset in a way such that the
revolved features are statistically uncorrelated [34]. The conception behind feature extraction is that
it is probable to find a representation of the data better suited to analysis than the raw representa-
tion given [17]. Several critical stages must be taken in the process of establishing and analysing a
UML models for PCa in the research. We identified an appropriate evaluation criterion the elbow,
Silhouette Score and epsilon score [27]. This method provides an objective method for evaluating

clustering methods.

3.10 Data Management

All the data was stored in a secure external hard disc drive, which was closely monitored, password
encrypted and accessed by authorized personnel, ensuring the highest level of data confidentiality.
These measures were implemented to safeguard patient information and prevent any unauthorized
access, maintaining compliance with ethical and legal standards of data protection. Furthermore, no

identifiable data was shared or accessed during the study, thereby preserving anonymity.

To ensure adherence to ethical research practices, an application for an ethical clearance certificate
was made to the Human Research Ethics Committee (Medical) at the University of Witwatersrand.
This application was supported by the MADCaP study, which oversees the use of the dataset. Ta-
ble [3.2| provides a detailed overview of variables included in our study, outlining the relevance of
the data used for analysis. This framework guaranteed that all research activities were conducted
ethically and responsibly while protecting the integrity of the patient data.
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3.11 Ethical Considerations

An application for ethical clearance will be submitted to the Human Resource Ethics Committee
(Medical) at the University of the Witwatersrand. Additionally, permission to use the available
dataset was sought from the National Cancer Registry. Approval from the National Health Re-
search Database (NHRD) was not required, as this project was conducted as a sub-study under the
MADCaP study, which had already received the necessary approvals. The ethics certificate for the
MADCaP study is provided in the appendix protocol number M/220673. These steps were under-
taken to ensure a compliance with ethical research practices, safeguard the integrity of the research,
and uphold the confidentiality and privacy of patient data. Please see the research ethics certificate
in Appendix

This study adhered to ethical and legal standards governing the use of personal health information,
with particular attention to participant anonymity, confidentiality, and responsible data manage-
ment. The dataset used was retrieved through authorized institutions in accordance with the Pro-
tection of Personal information Act (POPIA) No. 4 of 2013 of South Africa. For this research, only
anonymized, de-identified secondary data were used. As such, no additional consent was required

for secondary data analysis, in line with the guidance for research using de-identified data under
the POPIA Act.

To guard participant confidentiality, all direct identifiers, including names, ID numbers, and contact
details were removed before data access and analysis. The dataset was fully anonymized, and no
attempts were made to re-identify any individual. All data were securely stored on encrypted pass-
word following the data protection principles outlined in the POPIA through protected systems,
with limited access to the researchers. All results are presented in aggregated form only, with no
individual level data disclosed in tables, figures, or narrative descriptions.

3.12 Limitations of the Study

However, approaches of this kind carry with them several limitations unlabelled data presented a
significant challenge, as there are small statistical tests applicable to measure the accuracy of the clus-
tering techniques; the PCA technique rotated the dataset, and therefore, statistical features became
uncorrelated [34]. The reduction of the dataset into two dimensions led to the loss of information;
this practice may have discarded imperative features that are necessary for the underlying struc-
ture [31]. The initial limitation was the size of the data as it has been well recommended that UML
models require a vast majority of data to for them to be efficient [28]. Another problem with this
approach is that it fails to take missing variables into account, unrecorded variables in the dataset
meant the dataset could not be fully utilized and the removal of variables during the data cleaning

and feature extraction, contributed to the model not performing at optimum [18]].
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UML analysis is dependent on the quality of input data; problems with data might cause bias limit-
ing the ability of ML approaches to generate insightful results [31]. Additionally, ambiguous models
create a challenge of interpretability. Considering the models are trained from unlabelled variables
it could be problematic in the interpretation of these outcomes [27]. Through substantive manual
summarization of the cluster features in PCa data, we can to garner interrelations from the pat-
terns generated. The project was limited to a sample of Soweto representatives of cases mainly
at the MADCaP study site at CHBAH and would tend to miss participants diagnosed from other
provinces and cities in South Africa.

3.13 Summary

The application of UML followed a systematic process to extract meaningful patterns from PCa
data. This began with data collection, followed by pre-processing steps including cleaning, han-
dling missing values, and normalization to ensure data consistency. Feature selection then identi-
tied the most relevant clinical and biological variables, such as GS, PSA levels, and Tumour stage.
These tailored steps addressed the complexity and heterogeneity of PCa biopsies, ensuring robust
and interpretable results. Leveraging UML techniques like dimensionality reduction and clustering,
the analysis provided insights into risk stratification based on key factors GS, PSA, age, lifestyle,
and staging. Cluster quality was evaluated using metrics like the Silhouette score to ensure robust-
ness. Ultimately, this approach identified clinically significant patient groupings, revealed potential

stratification strategies, and supported the development of data-driven public health initiatives.
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Chapter 4

RESULTS

41 Introduction

This study was exploratory and interpretive in nature; results of applying a clustering assessment
of the MADCaP dataset for PCa in South African men are represented here. The outcomes highlight
patterns, clusters and associations identified within the data, which contribute significant under-
standing into potential risk stratification and underlying attributes of PCa. Results start with an
overview of the cluster analysis of the UML procedures. Interpretation of key variables, including
the newly generated risk variables categories. Visualizations, such as, dendrogram, scatter plots,

and heatmaps are made use of to illustrate the structure and association revealed by the analysis.

4.2 Descriptive Statistics

This section presents a descriptive overview of the study dataset through univariate, bivariate, and
multivariate analyses. Univariate distributions of continuous variables were examined using his-
tograms, box plots, and violin plots, while categorical variables were summarized with pie charts
and stacked bar charts presented in ranges and interquartile range(IQR). Relationships between vari-
ables were further explored through correlation analyses, scatter plots, and multivariate heatmaps.
This EDA was undertaken to validate data quality, guide the choice of appropriate statistical mod-
els, and provide a baseline characterization of the cohort. Specifically, EDA highlighted the clinical
and demographic features of men diagnosed with PCa within the MADCaP dataset.
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4.2.1 Results of Imputed Variables

Table summarizes the extent of missing data across key study variables prior to imputation.
Overall, the dataset demonstrated excellent completeness, with very low levels of missing values for
most clinical parameters. Demographic variables such as age and smoking-related measures each
exhibited 0.09% missing values. Tumour staging variables 7' — stage and M — stage) showed com-
plete data capture with no missing observations 0%. For PSA biomarkers, PS A at diagnosis demon-
strated slightly higher missing-ness 1.46% compared with PSA at referral 0.18%. Gleasontotal also
showed minimal missing values 0.18%, ensuring sufficient reliability for risk stratification. In con-
trast, family history variables exhibited the highest degree of missing values, particularly regarding
second-generation relatives, with 15.42% for sons and 12.77% for brothers diagnosed with cancer.
These findings highlight strong overall data quality, while emphasizing the need for cautious inter-

pretation of family history variables in subsequent analyses.

Table 4.1: Imputation by Variable

Variable Missing (n) Imputed (%)
Age 1 0.09%
Cigarette count 1 0.09%
Smoking 1 0.09%
Income 1 0.09%
Final Staging-t 0 0%
Final Staging-m 0 0%
PSA at Diagnosis 16 1.46%
PSA at Referral 2 0.18%
Gleason Total 2 0.18%
Fathers 2 0.18%
Brothers Cancer 140 12.77%
Sons with Cancer 169 15.42%
4.2.2 Univariate Analysis
Distribution of Age Boxplot of age
g ® O 00000 O 00 O
o . “ o o © o 40 50 60 70 80 90
Age Age

Figure 4.1: The age distribution of prostate cancer cases, reflecting the predominance of PCa in older men
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Figure 4.1 presents the age distribution of PCa cases in the cohort, ranging from 40 — 94 years. The
histogram reveals a near-normal distribution, with the majority of cases concentrated between ages
55 — 75. Peak incidence was observed between 68 — 70 years, aligning with global epidemiological
trends that characterized PCa as a malignancy predominantly affecting older males. Cases below
the age 50 were rare, and incidence declined gradually beyond age 80, further reinforcing the well
established association between advancing age and increased PCa risk.

The accompanying box plot indicates a median age of 68 (/QR : 62 — 72), showing that half of
the cases were diagnosed before and the other half after this age. The interquartile range captures
the middle 50% of cases within a narrow age band, typical of an older population. The whiskers
extend from approximately 45 — 95 years, with outliers indicating diagnoses at unusually young or
old ages. The distribution is slightly right-skewed, further emphasizing the concentration of cases

in older age groups while acknowledging uncommon early and late diagnoses.
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Figure 4.2: Visualization illustrates distribution represents the count of cigarettes smoked by MADCaP
participants.

Figure |4.2| depicts the distribution of daily cigarette consumption among cases, ranging from 0 - 60
cigarettes per day. The histogram demonstrates a right-skewed distribution, with most individu-
als concentrated on fewer than 10 cigarettes per day. A clear peak is observed at approximately 5
cigarettes per day, with smaller secondary peaks at 10 and 20 cigarettes per day, reflecting distinct
smoking subgroups within the cohort. Heavy smoking > 20 cigarettes per day was rare, though a

few cases extended up to 60 cigarettes per day, highlighting the presence of extreme outliers.

The accompanying box plot illustrates a median daily cigarette consumption of 6 (/QR : 3 — 12), in-
dicating that half of the cohort smoked fewer than 6 cigarettes per day, while the other half smoked
more. The IQR captures the middle 50% of smokers within a relatively low-consumption band, sug-
gesting that light-to-moderate smoking predominates in this population. The whiskers extend to
approximately 18 cigarettes per day, with outliers representing individuals who reported smoking
between 20 and 60 cigarettes per day. This distribution highlights the predominance of light smok-
ers, while also identifying a small subset of heavy smokers who may exert a disproportionate impact

on clinical outcomes..
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Distribution of PSA at diagnosis level
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Figure 4.3: Prostate specific Antigen distribution at diagnosis.

Figure |4.3| demonstrates the distribution of PSA levels at diagnosis within the cohort. The distribu-
tion is right-skewed, with values ranging from 0.00 — 100.00 ng/mL, indicating a concentration of
cases at lower PSA levels and an extended tail toward higher values. This pattern reflects the hetero-
geneity of disease presentation at diagnosis. Half of the cohort exhibited PSA levels below the central
threshold, while the middle 50% of observations fell within a relatively broad range—highlighted
by a median of 14.00 (/QR : 8.00 — 32.00) ng/mL

Approximately 50% of cases demonstrated PSA levels within the clinically borderline range of 4-10
ng/mL, whereas 25% of cases displayed markedly elevated levels exceeding 32.00 ng/mL. These
elevated concentrations may be associated with advanced disease stages or high-risk pathological
characteristics. The presence of extreme values; > 100.00 ng/mL further underscores the hetero-
geneity of PCa at diagnosis and highlights the limitations of PSA as a stand-alone biomarker for risk
stratification. This distribution aligns with established epidemiological patterns and reinforces the

necessity for integrated diagnostic approaches.
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Figure 4.4: Total Gleason score distribution Calculated as primary + secondary + tertiary
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Figure 4.4/ presents a histogram revealing a bimodal, right-skewed distribution of GS, with a promi-
nent peak at GS 7 (3 4+ 4) or (4 + 3), consistent with the clinical predominance of intermediate-risk
PCa. A secondary peak is observed at GS 6 (3 + 3), representing low-risk cases, while higher scores
(8 — 10) appear with decreasing frequency, reflecting the expected distribution of aggressive disease
within PCa populations. The corresponding boxplot supports these findings, showing a concen-
tration of scores within the intermediate-risk range, with whiskers extending from GS 6 — 10 and
potential outliers beyond these bounds. This distribution underscores the heterogeneity of patho-
logical aggressiveness in PCa and strengthens the GS role as a key prognostic indicator, consistent
with global histopathological trends in PCa diagnostics. The median GSwas 7 (IQR : 6 — 8).

Distribution of PCa Risk based on Gleason Score Total categorized

B intermediate-risk
B high-risk
W low-risk

Figure 4.5: Evaluation of Gleason total categorized into three groups to represent low-risk, intermediate-risk
and high-risk

Figure 4.5/ depicts the distribution of PCa risk levels among cases, categorized by GS into low-risk
(green), intermediate-risk (blue), and high-risk (red) groups. Most cases fell within the intermediate-
risk category 62.6%, followed by high-risk cases 23.1%, resulting in a combined 85.8% classified as
clinically significant PCa. This distribution suggests that most cases in the cohort present with dis-
ease requiring active intervention rather than conservative management. In contrast, only 14.2%
of cases were classified as low-risk, indicative of a minority with indolent Tumours typically man-
aged through active surveillance. This pattern may reflect delayed diagnosis due to limited routine
screening, as well as potential genetic and environmental factors contributing to more advanced

disease presentation.
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Distribution of PCa Risk based on PSA diagnosis level categorized

PSA Diagnosis Risk
W High Risk
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Figure 4.6: PSA category classification categorized into three groups to represent low-risk, intermediate-risk
and high-risk.

The pie chart Figure {4.6| presents the distribution of PCa risk categories at diagnosis, stratified by
PSA levels. The cohort is predominantly characterized by high-risk cases 39.7%, defined by PSA
levels exceeding 100 ng/mL, a threshold indicative of aggressive disease. In contrast, intermediate-
and low-risk categories constitute 32.7% and 27.7% of cases, respectively, reflecting markedly lower
prevalence. The pronounced predominance of high-risk cases underscores a significant clinical and
public health concern: the continued trend of late-stage disease presentation, which may reflect
delays in detection, screening accessibility, or diagnostic follow-up. This distribution highlights the
urgent need for enhanced early detection strategies and targeted interventions to mitigate advanced

prostate cancer burden.
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Figure 4.7: Violin plot of PSA and GS to evaluate the visualizes the distribution of PSA at diagnosis across
different risk categories for PCa represented by different colour groups: purple represents low-risk, orange
intermediate-risk, and green represents high-risk.
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Table 4.2: Kruskal-Wallis and Pairwise Dunn Test Results (Bonferroni-adjusted p-values)

Comparison High-risk Intermediate-risk Low-risk
High-risk 1.00 0.00 0.00
Intermediate-risk 0.00 1.00 0.00
Low-risk 0.00 0.00 1.00

Kruskal-Wallis Test: H = 74.901, p < 0.0001

Figure 4.7 presents a violin plot illustrating the distribution of PSA levels at diagnosis across three
PCarisk categories. This visualization combines box plot elements with kernel density estimates, of-
fering a depiction of both central tendency and distribution shapes within each group. The low-risk,
(purple), shows a relatively narrow and symmetric distribution, suggesting a consistent PSA profile
with minimal outliers. The intermediate-risk group (green) displays a broader distribution with an
extended upper tail, indicating considerable heterogeneity and the presence of elevated PSA values
despite a comparable central tendency to the low-risk group. The high-risk (orange) reveals a dis-
tinct right-skewed distribution, reflecting the clinical reality that high-risk cases frequently present
with markedly elevated PSA levels. These patterns highlight the variability in PSA expression across
risk groups and underscore the necessity of an integrated diagnostic approach; incorporating GS,
imaging, and other clinical parameters, to improve risk stratification and guide treatment decisions.
The median PSA levels and (IQR) were as follows: low-risk, 8.0 (/QR : 6.0 —13.0); intermediate-risk,
7.7 (IQR : 5.2 — 46.0); and high-risk, 14.0 (IQR : 8.0 — 82.0).

The Kruskal-Wallis test revealed a significant difference in PSA levels across risk groups (H =
74.901,p < 0.0001). Pairwise Dunn tests confirmed that all group comparisons were statistically
significant (p < 0.001), indicating clear distributional separation between high, intermediate, and
low-risk categories. These findings validate PSA as a strong stratification marker and support the
clinical relevance of the risk groupings.

Prostate Cancer Risk Distribution by Family History of Father
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Figure 4.8: A stacked bar chart visualizing the association between familial history PCa and severity, blue
(0): No history of PCa in the father. red (1): Uncertain/Don’t know. Green (2): Yes, the father had PCa
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Figure 4.8 illustrates participants” knowledge of their fathers” PCa history. The majority of respon-
dents reported no known paternal history of PCa (blue), while a substantial proportion indicated
uncertainty (red, “Don’t know”). A confirmed paternal history of PCa (green, “Yes”) was the least
frequently reported. Notably, the prevalence of uncertainty was high across all risk categories 53.9%
in the low-risk group, 55.3% in the intermediate-risk group, and 56.9% in the high-risk group; high-
lighting a significant gap in awareness of family medical history. This lack of knowledge may under-
mine the effectiveness of early detection and prevention strategies that depend on accurate familial
risk assessment. Interestingly, a small subset of participants with a confirmed paternal history was
observed across all disease severity levels: 34.7% in the low-risk group, 5.1% in the intermediate-risk
group, and 41.9% in the high-risk group. This distribution suggests that while hereditary factors
may influence PCa risk, they are not the sole or dominant determinant of disease severity within
this cohort
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Figure 4.9: Scatter plot showing the relationship between PSA levels at diagnosis and age among cases in the
MADCaP database, illustrating variability in PSA distribution across age groups.
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The scatter plot in Figure 4.9|illustrates the distribution between age and PSA at diagnosis of men
that were diagnosed PCa. The data reveal a concentrated distribution of diagnoses between the ages
of approximately 50 — 90, consistent with the epidemiological profile of PCa as a disease predom-
inantly affecting older men. Within this age band, PSA levels exhibit substantial variability, with
several cases exceeding 700 ng/mL: indicative of potentially advanced disease. The absence of a
clear linear trend between age and PSA suggests that while age is a known risk factor for PCa, PSA
elevation at diagnosis is not uniformly associated with increasing age. Instead, the wide disper-
sion of PSA values across the age scale underscores the heterogeneity of disease presentation and

reinforces the need for individualized diagnostic assessment.

This pattern further supports the clinical imperative for age-appropriate screening protocols that
account for both chronological age and PSA dynamics, rather than relying solely on age thresholds.
The presence of markedly elevated PSA levels in cases across various age groups may reflect de-
layed diagnosis, biological aggressiveness, or disparities in healthcare access, particularly relevant

in resource constrained settings.
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Figure 4.10: Scatter plot for correlation between PSA referral level and PSA diagnostic level

Figure above displays a scatter plot that shows clear positive association between PSA referral
and diagnosis. The plot reveals a dense clustering of points that generally follow a positive lin-
ear trend, suggesting a strong association between PSA values recorded at the point of referral and
those measured at diagnosis. This observed pattern implies that elevated PSA levels at referral are
predictive of similarly elevated levels at the time of formal diagnosis, reinforcing the clinical utility
of referral PSA as an early indicator of disease burden. The consistency of this relationship across
the cohort supports the reliability of PSA screening in identifying cases who may require expedited
diagnostic workup. However, the presence of variability around the trend line also highlights po-
tential delays or fluctuations in disease progression between referral and diagnosis, which may be
influenced by healthcare system factors, biological variability, or timing of follow-up assessments.

Clinically, the findings underscore the importance of timely referral and diagnostic confirmation
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following elevated PSA readings, particularly in settings where delays may contribute to disease

advancement.
Table 4.3: Correlation Tests for Prostate Cancer Dataset
Variable 1 Variable 2 Test Type Correlation Coef- P-value
ficient / \*
Age (years) PSA at Diagnosis Pearson r =0.10 0.0017
(ng/mL)
PSA at Referral Level PSA at Diagnosis Pearson r=0.72 5.91 X
(ng/mL) (ng/mL) 107172
Final Staging — Tu- Final Staging - Spearman re = 0.29 9.72 X
mour (7T) Metastasis (M) 10-2
PCa Risk Category Family History — Fa- Chi-Square  x* = 16.66 0.002
ther with Cancer
PCa Risk Category Family History - Chi-Square x* =11.08 0.025
Brother(s) with Can-
cer
Cigarette Consump- PSA at Diagnosis Spearman re = 0.35 4.23 X
tion (per day) (ng/mL) 1071
PCa Risk Category Family History - Chi-Square x? = 1.80 0.77

Son(s) with Cancer

Table 4.3|shows correlation analysis of the PCa dataset, which uncovers associations between sever-
ity of the diseases and the range of clinical values and lifestyle factors. Age and PSA at diagnosis
show a weak correlation » = 0.10,p = 0.002, indicating that, PSA levels increase with age. PSA at
referral and diagnosis level is robust r = 0.72,p = 5.917'™, signifying that PSA levels at referral are
predictive of PSA at diagnosis and PCa severity.

Results from this study showed that there is moderate correlation between final staging (T) and
metastasis (M) » = 0.29,p = 9.727%3. This suggests that higher Tumour stages are associated with
metastasis. Additionally, chi-square tests reveal further associations between PCa_risk and fam-
ily history. For example, father’s history of PCa wass related to severity of PCa X? = 16.66, 0.03.
Brother’s having PCa is also associated with increased X? = 11.08,p = 0.03. These results suggest
a potential hereditary factors or shared environmental component influencing PCa severity. There
is a moderate correlation r = 0.35,p = 4.237'5, with cigarettes count per day, and PSA at diagnosis.
This indicates that smoking might contribute PSA levels.
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4.2.3 Multivariate Analysis

Correlation Matrix of Numerical Features
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Figure 4.11: Correlation heat-map showing variable relationships

Figure[4.11| presents a correlation heatmap illustrating the interrelationships among key clinical and
pathological variables within the MADCaP dataset. Variables with a correlation coefficient > 0.8
were classified as highly correlated. Notably, GS total and final staging(T") exhibited a moderate
correlation » = 0.39, suggesting a partial association between histological grading and Tumour ex-
tent. PSA at referral and PSA at diagnosis demonstrated a moderate correlation » = 0.54, while
PSA at diagnosis and final staging (T) were similarly associated » = 0.43. These findings reinforce
the role of PSA as a biomarker for PCa progression, with elevated PSA levels tending to coincide

with more advanced disease stages.

A particularly strong correlation was observed between PSA at referral and PSA at diagnosis
r = 0.72, which aligns with clinical expectations given the temporal proximity and biological con-
tinuity of these measurements. In contrast, age showed weak correlations with most variables: G.S
r = 0.11, final staging(T) r = 0.08, final staging(M) r = 0.14, PSA at diagnosis r = 0.09, and
PSA at referral r = 0.12. These low coefficients suggest that age alone may not be a robust in-
dicator of disease severity within this cohort. Nevertheless, given prior literature identifying age

as a risk factor for prostate cancer incidence, the variable was retained in the analysis to preserve
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epidemiological relevance.

4.3 Results of Unsupervised Machine Learning on PCa

Table 4.4: List of variables included in the PCA analysis.

No. Variable
Cigarettescount
PSA at referral level
PSA at diagnosis level
Age

Income

Smoking

Final staging (T)
Final staging (M)
Father

Brother’s cancer
Son’s cancer

PCa risk
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Figure 4.12: Principal Component Analysis of selected prostate cancer risk profiles based on key clinical
variables, including PSA levels, tumor staging, and Gleason Scores.
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PCA reduced dimensionality in data while preserving the variance, allowing these clinical features
to cluster at different risk levels. From the scatter plot, data shows overlapping yet distinguishable
clusters amongst the three risk groups. The first principal component (PC1) largely captures PCa
variations are influenced by PSA, and Tumour staging risk factors, while the second principal com-
ponent (PC2) may be influenced by age, smoking history, and familial PCa history. High-risk cases
appear to be more concentrated in specific regions of the plot, possibly due to a combination of ad-
vanced Tumour staging, elevated PSA levels, and family history of PCa. These cases are likely to
present with more severe PCa characteristics.

While intermediate-risk cases form a transitional region between high-risk and low-risk clusters
This suggests some cases share PCa characteristics with high-risk participants, while others
may align closely with the low-risk individuals, depending on Tumour staging, PSA levels and
lifestyle risk factors. Low-risk cases are more wide spread and blend into the the broader population,
likely due to lower PSA levels, early stage Tumour classification and weaker associations with family
history or smoking exposure PCA provided a valuable dimensionality reduction method by
reducing dimensional data into smaller set of summary indices to analyse complex PCa datasets.
Improving efficiency by fully differentiating PCa risk categories.

4.4 K-means Clustering

4.41 K-means Clustering of dimensionally reduced PCa data

Principal Component 2

Principal Component 1

Figure 4.13: K-means clustering applied to dimensionally reduced prostate cancer variables, illustrating the
unsupervised grouping of cases based on underlying clinical features.
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K-means clustering Figure provided insights on the distribution of PCa risk based on key clin-
ical and demographic variables decomposed using PCA to reduce dimensionality while retaining
the most informative aspects of the dataset. The plot has two axes labelled "Principal Component 1"
and "Principal Component 2" representing two principal components of the data. The clusters were
colour-coded into four colours: pink, blue, green, and purple. Each cluster has a centroid marked by
a black triangle. K-means identified four significant groupings among PCa cases. The centroids of
each cluster represent the average characteristics of each group, which may correspond to different
PCa risk levels. The separation between clusters is influenced by the PCA decomposed variables,

indicating that the chosen risk factors contribute significantly to risk stratification.

4.4.2 K-means clustering on PSA levels

Scaled K-Means Clustering of PSA Levels

Cluster 0
Cluster 3
Cluster 1
Cluster 2

0.5

0.0

Scaled PSA Diagnosis Level

-1.5 -1.0 -05 0.0 0.5 1.0 1.5
Scaled PSA Referral Level

Figure 4.14: Using K-means clustering on PSA at referral and diagnosis levels to extract PCa severity

The PSA levels demonstrated a strong correlation of 0.72 Figure necessitating further analysis
using K-means clustering shown in Figure to gain deeper insights into PCa severity based on
PSA levels at referral and diagnosis. The clustering analysis identified four distinct groups, each
representing different levels of PCa severity. Cluster 1 (green) likely comprises cases with low PSA
levels at both referral and diagnosis. Cluster 2 (purple) may represent cases with intermediate PSA
levels at both stages, indicating moderate disease severity. Cluster 3 (blue) includes cases with high
PSA levels at both referral and diagnosis, potentially corresponding to those with more aggressive
disease. Finally, Cluster 0 (red) may include cases of misdiagnosis or cases with a high GS, signifying
a high-risk category.
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Figure 4.15: K-means clustering of PCa cases (k=3) based on PSA, Tumour staging (TM), and GS. Following
ISUP low-risk, intermediate-, and high-risk categories defined clinical guidelines.

4.4.3 K-means Clustering of PSA, Tumour Staging, and Gleason Score

The clustering analysis Figure revealed three distinct subgroups of PCa cases that closely align
with recognized clinical risk stratifications. One subgroup was characterized by low PSA levels,
organ-confined disease (stage T1-T2, M0), and < 6, corresponding to a low-risk category. A second
subgroup encompassed cases with intermediate PSA values, limited disease extension, and GS of 7
(34 4 and 4 + 3), consistent with an intermediate-risk classification. The third subgroup comprised
cases with markedly elevated PSA levels, advanced local or metastatic disease (stage T3-T4 or M1),
and GS > 8, indicative of high-risk disease.

These stratified clusters demonstrated strong coherence with established clinical guidelines, sug-
gesting that unsupervised learning approaches can effectively capture and summarize conventional
risk categories from underlying patient data. However, minor overlaps observed at the bound-
aries between clusters point to residual heterogeneity within standard classifications. This finding
highlights the potential of data-driven methods to uncover more distinct PCa subtypes, which may
inform improved risk stratification and personalized management strategies beyond current stan-

dardized frameworks.
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4.4.4 Hierarchical Clustering Dendrogram
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Figure 4.16: Hierarchical clustering dendrogram of prostate cancer (PCa) risk factors, illustrating the step-
wise grouping of variables based on clinical similarity.

Figure presents a HC of key clinical and demographic variables associated with PCa sever-
ity. The dendrogram reveals meaningful groupings based on feature similarity, offering insight into
how different factors coincide in relation to disease progression. PSA-related variables, specifically
PSAatreferral and PSA at diagnosis, cluster closely together, reflecting their shared role in assess-
ing Tumour burden. Tumour staging (T'M) also form a distinct cluster, underscoring their combined
relevance in defining disease extent. Interestingly, PCa risk is grouped alongside smoking-related
and hereditary cancer factors, suggesting that both lifestyle and genetic predisposition may con-

tribute to disease severity.

In terms of risk stratification, the clustering structure mirrors conventional PCa classifications. Low-
risk cases tend to form isolated clusters, characterized by lower PSA levels and early-stage Tumour.
Intermediate-risk cases exhibit overlaps with both low and high-risk groups, indicating a transi-
tional severity profile. High-risk cases cluster with advanced staging, elevated PSA levels, and
stronger familial predisposition. This multidimensional clustering highlights the complex interplay
of clinical, behavioural, and genetic factors in PCa progression and reinforces the need for compre-

hensive screening approaches that integrate these domains.
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4.5 Agglomerative Clustering

Agglomarative Clustering (k=4)

Principal Componebt 2

Principal Component 1

Figure 4.17: Agglomerative Clustering analysis, applied in the context of PCa

Results show that there were four distinct clusters which correspond to different PCa risk-profile
shown in Figure[4.17]in colours blue, green, purple and red. AC was chosen because it builds nested
clusters by successfully merging or splitting them based on similarity. The clusters represent the PCa
risk groups Cluster 1 (pink) low-risk group, with lower PSA level, less aggressive Tumour staging.
Cluster 2 (green) intermediate group with moderate levels of PS A, Tumour staging, mixed or posi-

tive family history. These necessitate closer monitoring and potentially more intensive treatments.

Cluster 3 (purple) are the high-risk cases requiring comprehensive and aggressive treatment plans
due to the clinical presentation of high PSA, advanced Tumour staging, a family history of PCa,
exposure to smoking and a low economic status. Cluster 4 (blue) may be transitional group contain-
ing PCa outliers or mixed cases, with inconsistent PSA level and a risk factors that may not align
strongly with other clusters.
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4.5.1 Agglomerative Clustering on PSA at diagnosis and Age

Agglomerative Clustering Age Vs PSA at Diagnosis
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Figure 4.18: A two dimensional scatter plot of Age and PSA at diagnosis, were three clusters of PCa cases
identified by the agglomerative clustering algorithm, the values on the x-axis (Age) and y-axis PSA at diag-
nosis are expressed in terms of standard deviations from the mean rather than their original units.

To further investigate the association between age and delayed PCa diagnosis, age and PSA levels
were clustered for analysis. Figure [£.18| presents the outcomes of AC, offering valuable insights into
the risk stratification of PCa cases based on age and PSA levels at diagnosis. The upper Cluster
(green) comprises participants with PSA levels above 0.5, representing cases with severe PCa. Ele-
vated PSA values in this group are indicative of advanced Tumour stages, with the cluster consisting

of older men.

The middle Cluster (yellow), characterized by PSA levels between —0.5 and 0.5, represents an
intermediate-risk category. These cases may correspond to localised PCa of moderate severity, with
a broad age distribution. The overlap between this group and the low-risk category suggests that
moderate PSA levels are observed across various age ranges. Lastly, the lower Cluster (purple)
includes cases with PSA levels ranging from —0.5 to —1.5, indicative of lower disease severity, re-
flecting indolent PCa. This group consists of individuals across different age groups, suggesting the

presence of early-diagnosed or less aggressive Tumour types.
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4.5.2 Agglomerative Clustering on PSA, Tumour staging (T and M), and GS

Agglomerative Clustering (k=3)
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Figure 4.19: Agglomerative clustering of PCa cases (k=3) based on PSA, Tumour staging (T and M), and
GS. Following ISUP low-risk, intermediate-, and high-risk categories defined clinical guidelines.

The analysis yielded three distinct patient subgroups Figure illustrates the emergence of three
distinct case subgroups based on key clinical features associated with PCa severity. When compared
to established risk stratification frameworks, such as those defined by ISUP and local clinical guide-
lines, a partial overlap was observed. One subgroup corresponded closely to the guideline-defined
low-risk category, characterized by lower PSA levels, early-stage Tumours, and lower GS. In con-
trast, the remaining two subgroups comprised heterogeneous combinations of cases traditionally
classified as intermediate and high-risk, suggesting that conventional criteria may obscure underly-
ing variability within these categories.

This divergence indicates that the clustering approach captured latent heterogeneity not fully ac-
counted for by standard classification systems. Specifically, the algorithm appears to have defined
more granular disease patterns within the intermediate and high-risk divisions, revealing subpop-
ulations that may differ in prognosis, treatment response, or underlying biology. These findings
underscore the potential of UML methods to augment existing clinical frameworks by uncovering
clinically relevant subgroups that transcend traditional boundaries. Such insights may inform more

personalized risk stratification and guide tailored therapeutic strategies in diverse patient popula-
tions.
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4.6 DBSCAN

DBSCAN Visualization with Epsilon = 0.02

PC1

Figure 4.20: DBSCAN on decomposed MADCaP dataset to identify outliers within the data

DBSCAN clustering with an epsilon of 0.2, applied visualization showed a prominent horizontal
cluster, indicating that many PCa cases have similar clinical features, represented along the first
PC1. This suggests that PC1 plays a significant role in distinguishing risk groups related to clinical
factors like PSA levels, Tumour staging (7'M ), and genetics. The scattered points, especially in the
lower areas of the plot, highlight outliers who may have unique or extreme risk profiles, such as
those with advanced Tumours, high PSA values, or a strong family history of PCa.

Results indicate outliers, identified as noise by DBSCAN, represent cases whose features signif-
icantly differ from the main clusters. Furthermore, the vertical spread along PC2, although less
noticeable, may reflect secondary factors such as socioeconomic status, smoking history, or family
history. The presence of unclassified cases points to clinical heterogeneity, where individuals do not
tit neatly into specific groups, highlighting the complexity of classifying PCa severity.
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DBSCAN clustering algorithm on Age and metastasis (M)

DBSCAN Clustering of Age and Final Staging M
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Figure 4.21: DBSCAN algorithm on age and metastasis (M), This means that the values on the x-axis (Age)
and y-axis (Final Staging M) are expressed in terms of standard deviations from the mean rather than their
original units.

The DBSCAN algorithm to standardized values of age (x-axis) and metastasis stage (M) y-axis with
both variables scaled to express standard deviations from their mean generated two primary clus-
ters alongside a limited set of outliers Cluster = — 1 in Figure The first cluster consisted of cases
exhibiting no evidence of metastasis M = 0 distributed across a broad range of ages, reflecting a con-
sistent profile of localized disease independent of cases age. A second distinct cluster included cases
with advanced metastatic disease, also spanning a wide age range, which suggests that metastatic
burden rather than age served as the dominant factor in cluster formation. A small number of cases
with intermediate metastatic stages were identified as noise, underscoring the presence of clinically
heterogeneous cases that do not conform to densely grouped cluster patterns. This result empha-
sizes the utility of DBSCAN in distinguishing dominant case subgroups based on severe metastatic
status, while also revealing less common transitional states that may represent unique pathological

trails.
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4.7 Spectral Clustering
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Figure 4.22: Spectral clustering of decomposed data from PCA.

SC on PCa dataset leveraging the eigenvalues similarity matrix to identify cluster, particularly those
that are not necessarily spherical in shape. The plot reveals three dissimilar clusters, differentiated
by colour: dark, teal, and yellow. The dark purple cluster is concentrated along the left side of the
graph, showing a group of cases with less severe PCa, characterized by a younger demographic with
lower risk profiles. The teal cluster appears vertically aligned, showing variability in PSA levels but
remaining primary associated with younger ages, suggesting a subgroup with slightly elevated PSA
levels, potentially identifying cases at increased risk for PCa due to elevated PSA reading.

The low-risk group consists of cases with early-stage Tumours, lower PSA levels, and a minimal
risk of metastasis. These cases usually show a low disease severity and could be managed through
active surveillance instead of immediate treatment. The intermediate-risk group includes those with
a moderate Tumour burden, varying PSA levels, and certain risk factors that could lead to severe
PCa. This group needs careful monitoring to assess whether they might move into a higher severity
category.
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In contrast, the high-risk group is clearly defined, encompassing cases with advanced PCa features,
such as elevated PSA levels, aggressive Tumour staging, and a higher likelihood of metastasis. Indi-
viduals in this group face a significant risk of poor outcomes and require more aggressive treatment
approaches, including surgery, radiation, or systemic therapies. SC proved to be particularly useful
in identifying these severity-based groups because it can capture complex, non-linear relationships
among variables. The algorithm’s use of similarity graphs allows for a more accurate depiction of
PCa severity gradients, it provides a refined, data-driven classification of PCa severity, which could
improve personalized treatment strategies and risk-based patient management.

4.7.1 Spectral clustering on age and Tumour staging (T)

Spectral Clustering Visualization
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Figure 4.23: Spectral clustering on age and Tumour staging (T)

The SC visualization offers a clear breakdown of PCa severity, considering both age and the
final staging(T'). How the cases are grouped suggests distinct categories that align with varying
levels of PCa progression. The variable Tumour staging (T') is an indicator of how far the Tumour
has invaded, a key aspect of how severe the PCa has become.

Age also contributes significantly in PCa, affecting when PCa begins, and how it progresses. The
clusters reveal that younger cases have lower-risk because of low Tumour, while older cases show
a wider range of staging, indicative of different stages of progression. These clusters suggest poten-
tial risk-based groups, where Tumours at lower stages are separated from those that are advanced.
Clusters, particularly those with higher staging (7"), may represent cases with high-risk profiles who
need close monitoring and more aggressive treatment strategies. See Figure
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4.7.2 Performance Evaluation

Table 4.5/ shows that the first PC1 captured 20.85% of the total variance, indicating that PC1 is the
most influential in differentiating patterns in risk stratification. This indicates that a sizeable portion
of the variance is driven by clinical variables, such as, PSA levels, Tumour staging and age. The
second principal component (PC2) explains 10.62% of the variance, contributing to the second axis
this could be hereditary factors.

Table 4.5: Explained Variance of Principal Components

Principal Component Explained Variance (%)

PC1 20.85
PC2 10.62
PC3 10.36
PC4 9.72
PC5 8.93
PCé6 7.28
PC7 6.99
PC8 6.21
PC9 6.06
PC10 5.87
PC11 4.75
PC12 1.97

Further than PC2, the next principal components are PC3, PC4 and PC5, capturing variance of
10.36%, 9.72%, and 8.93%), collectively 29.22% of the variance,which may represent risk factors such
as socioeconomic status, smoking history and PSA levels. The first five components capture over
60.48%of the total variance, meaning that clustering methods applied within the reduced dimensions

can effectively stratify PCa severity levels while reducing the noise from less informative variables.

4.7.3 Silhouette Scores

Clustering Method Silhouette Score Optimal K
K-Means 0.37 4
K-means on PSA levels 0.47 4
K-means on PSA,GS, Tumour staging (TM) 0.51 3
Agglomerative clustering 0.32 4
Agglomerative clustering Age and PSA at Diagnosis 0.28 3
Agglomerative on PSA,GS, Tumour staging (TM) 0.58 3
Hierarchical Clustering 0.29 4
DBSCAN Age and Tumour staging M 0.70 3
Spectral clustering 0.47 3
Spectral clustering Age and Tumour staging T 0.37 4

Table 4.6: Silhouette Scores for Different Clustering Methods on PCa Data
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The silhouette score, which assesses the goodness of fit and cohesiveness was utilized to evaluate
the clustering models on PCa dataset. The scores range from —1 to +1, where the best score is
+1 indicates clusters are clearly separated and -1 signifies poor clustering in the dataset. DBSCAN
achieved the highest silhouette score 0.70 when clustering based on age and Tumour staging (M),
suggesting that this method effectively captures the underlying patterns within the data and forms
well-separated clusters. Similarly, DBSCAN applied to the broader dataset yielded a silhouette score
of 0.65, further demonstrating its effectiveness in detecting natural groupings without requiring a
predefined number of clusters.

Among the partition-based approaches, K-means clustering on PSA levels produced a relatively
high silhouette score 0.47 with four clusters, indicating that PSA levels play a significant role in
stratifying PCa severity. Standard K-means clustering and AC both achieved moderate scores of 0.37
and 0.32, respectively, with four clusters, suggesting comparable clustering performance. However,
when AC was applied to age and PSA at diagnosis, the silhouette score decreased to 0.28, likely due
to increased heterogeneity in the data.

Spectral clustering yielded varying results depending on the variables used. When applied to Tu-
mour staging (7') and age, it produced a silhouette score of 0.37 with four clusters, while its perfor-
mance on the broader dataset resulted in a score of 0.47 with three clusters. These findings suggest
that SC can provide reasonable separability but may be sensitive to the choice of input variables.
HC produced a silhouette score of 0.29, comparable to AC on age and PSA, suggesting that the
hierarchical approach may not provide the most optimal separation for this dataset.

4.8 Summary

The outcomes of the UML uncovered distinct case clusters constructed PCa risk, PSA levels, Age,
lifestyles, and Staging classifications. These clusters afforded insight into the heterogeneousness
and disparities of PCa severity, feature relationships that align with clinical observations. Valua-
tion metrics, such as, silhouette Score, authenticated the robustness of our clustering algorithms,
revealing well-defined and interpretable classes. The outcomes stress the capability of UML meth-
ods to stratify cases into clinically significant subdivisions, offering a groundwork for enhancing risk
assessment and personalized PCa treatment and management policies. This methodology draws at-
tention to how effective UML models can uncover hidden interactions in PCa data, providing more
effective and tailored PCa interventions.
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Chapter 5

Discussion

5.1 Prostate Cancer Profile Evaluation

PCa represents a global public health challenge, characterized by heterogeneity in progression,
severity, and outcomes in different populations. Traditional risk stratification system, while useful,
fail to capture the complex interplay of clinical, demographic, and socioeconomic factors especially
in under-represented populations such as men of African ancestry, who experience disproportion-
ately high rates of aggressive and advanced stage PCa. A major difference in our understanding
PCa progression rests in our ability to efficiently stratify PCa cases centred on PCa risk factors and
disease attributes by means of large complex dataset from MADCaP. In the face of progression in
clinical and epidemiological research, existing methods for classification very often overlook the po-
tential of data driven decision making, specifically in addressing inequalities in populations, such
as, men of African origins, who experience excessively advanced rates of aggressive PCa compared
to other ethnic groups [48].

The true value of UML in this context lies not only in its analytical value, however, in its translation
of clinical findings into insights. This translation can be achieved through sustained collaboration
among urologist, data scientist, and software engineers [49,54]. A promising pathway is the inte-
gration of UML into EHR platforms could enhance clinical workflows by providing automated risk
stratification of cases. To translate these findings into clinical value, a practical deployment path
would involve embedding the validated clustering model as a risk stratification widget within the
existing EHR systems [13]. The widget would function as a passive clinical support tool, routinely

analysing case data during or after consultation assigning cluster based risk profiles [36].

The required data features for inference are clinical, and socio-demographic routinely collected in
urological procedures, facilitating integration [14]. The model would operate on a scheduled up-
dates (quarterly or biannually), retrained on the growing institutional data to ensure it evolves with
shifting demographics and clinical practices [18,19]. Essentially, a model monitoring framework
must be established to continuously track performance metrics cluster drift, silhouette score, and
the distribution of input variables to ensure the tool remains accurate, reliable, and clinically rele-
vant [89]. This method would allow for a low-friction implementation that supports the urologist’s

workflow without interrupting it, ultimately aiming to standardize and improve risk assessment at
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the point of care [32,49].

Through integrating UML techniques in the PCa research; our efforts were to provide a framework
for leveraging BD, Al, and UML to widen clinical understanding of the disease heterogeneity and
progression in African men. This study, analysed retrospective PCa clinical data of cases in Soweto,
South Africa, focusing on their demographic, socioeconomic and clinical features to categorized
into PCa risk groups (low, intermediate and high risk) using UML techniques Table ?? [6]. The
current stratification is based on Table ISUP guided features while the models align with these
frameworks, they capture additional nuances in African men that are underrepresented within the
local and global datasets [48]. The application of UML should be evaluated, such clustering could
inform tailored risk models that better reflect local disease biology and presentation patterns [6].
These findings may reinforce the value of UML in advancing the standards of personalized medicine
in oncology, where treatment decisions are increasingly guided by patient specific risk stratification
and biological profiles [2,/69].

An open question remains is whether the patient subgroups identified through UML correspond to
the established guideline risk groups. Our analysis showed broad alignment, for example, clusters
characterized by high PSA, GS and advanced staging were clearly mapped to the defined cate-
gories. However, UML added clinically meaningful sub-groups within these broad clusters. Within
the guideline-defined risk groups, clustering identified sub-clusters differentiated by PSA, GS and
staging relationships. These findings suggests that the current triage system, while effective, may
mask heterogeneity by grouping together cases with distinct disease phenotypes [36,42,94]. Rather
than contradicting existing guidelines, UML offers a data-driven framework to enhance them, espe-

cially in populations with unique clinical presentations [16].

The impact of PCa in LICs is profound, as it not only affects the individuals diagnosed but also places
a significant burden on families and the healthcare systems [25]. Older cases often face more aggres-
sive forms of PCa, which leads to higher morbidity rates and a greater loss to productive years of
life [95]. This is particularly concerning in LICs, where healthcare infrastructure is already strained,
and resources for PCa treatment are limited. The most reasonable explanations for severe outcomes
in PCa in LICs include, but are not limited to, the inaccessibility of life-prolonging treatments such
as radiation therapy, hormone therapy, and targeted molecular treatments [66]. Furthermore, in
many LICs, healthcare systems are often under-resourced, and access to specialized PCa care is lim-
ited [12,95]. Hospitals in these regions, including tertiary institutions, often experience delays in
patient diagnosis. As a result, cases often present with advanced stages of PCa which are more
difficult to treat [4]. By uncovering this hidden heterogeneity, clustering can enable more nuanced
triaging, for example, prioritizing select high-risk subgroups for immediate intervention while flag-
ging certain intermediate-risk cases who may exhibit more aggressive disease and require closer
surveillance [32,50]. This method demonstrates how Al could complement established guidelines

to move toward more personalized treatment and efficient resource allocation in LICs [59].

The younger age of PCa onset in observed in LICs, particularly in SSA, maybe partially attributed
to a mixture of genetic, environmental, and lifestyle factors [14]. For instance, genetic suscepti-
bility to more aggressive forms of PCa have been observed in certain populations, which could
contribute to the earlier onset and faster progression of the PCa [6}/15]. Additionally, the absence
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of widespread screening programs, such as PSA testing, often result in delayed diagnosis at ad-
vanced stages of PCa, further worsening outcomes [13]. For example, clustering outputs based
on PSA levels, Tumour staging and GS features trigger identification of high risk cases may as-
sist clinicians towards guideline based interventions methods [14]. Such systems would need the
expert collaboration between urologist, oncologist, data scientist and engineers to ensure clinical in-
terpretability, usability, reliability and adaptable to diverse health systems contexts, particularly in
LICs where PCa burden is high with limited healthcare resources [4,6,48,58].

In SSA, the burden of infectious diseases and other non-communicable diseases often reduces the at-
tention on PCa, leading to a lack of awareness and delayed diagnosis. The dominance of other health
priorities, together with insufficient resources for PCa care, means that PCa cases in these regions
are less likely to receive timely and effective treatment [56]. This underscores the pressing need for
improved healthcare infrastructure, increased access to diagnostic tools, and the implementation of
targeted screening programs to address the growing burden of PCa in LICs. ML could play a signif-
icant role in bridging these gaps by enabling earlier detection, risk stratification, and personalized

treatment strategies, even in resource-limited settings.

Many studies have established that ML algorithms are quite effective for grouping of PCa in cases
[89,96,97]. However, fewer studies have explored the application of UML algorithms for PCa in
men of African descent [64]81,98,99]. In a review of past studies on PCa classification using UML
clusters were derived from clinical variables such as G'S, PSA, and tumour staging (7’NM). For in-
stance, Sammounda R et al (2021), used K-means clustering with elbow method on pixels of histori-
cal and near-infrared of PCa images [100]. The findings of the study highlight the potential of UML
techniques to uncover hidden meaningful segments within PCa cohort dataset, which can inform
personalized treatment strategies and improved clinical outcomes. An optimized K-means based
segmentation method may improve the accuracy of PCa segmentation, particularly distinguishing
different regions effectively [17,64,81}/100].

Clustering algorithms uncovered distinct subgroups of PCa based clinical and sociological variables.
This data-driven approach offers, clinicians a guided risk profiling and tailoring strategies, thereby
influencing positive PCa management. This study is unique providing a novel exploration of UML
in the understanding PCa pattens, in SSA context. By employing PCA, K-means, AC, HC, SC, and
DBSCAN, the study managed to identify robust clusters grounded in features with with established
clinical relevance, including GS, PSA, staging, and age. The consistency of certain features across
multiple algorithms underscores their prognostic importance. The resulting clusters move beyond
mere academic exercise; they provide actionable, insights that could potentially be integrated into
clinical decision-support systems to enable more precise risk profiling, tailor treatment strategies,
and ultimately work towards mitigating outcome disparities in the region.

The application of multiple clustering methods ensured a widespread understanding of the data,
capturing both linear and non-linear associations, as well as atypical cases critical to management
of PCa. PCa reduced data dimensionality while preserving key features like age, PSA, GS and
Tumour staging. This enabled effective clustering without losing much of the information. The
results emphasized G'S, PSA, and Tumourstaging are contributors to PCa severity. Through de-
tection of hidden nuances in clusters, these methods could improve clinical decision-making and
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customize treatment strategies. Moreover, integrating UML techniques into clinical practices could
assist mitigate disparates in PCa severity and treatment by providing a more detailed understanding
of disease severity.

5.2 Limitations

This study has several important limitations that must be considered when interpreting its findings.
First, in the initial phase of the clustering analysis, the GS, a cornerstone of PCa risk stratification,
was omitted. Although the analysis was revised to incorporate GS, its initial exclusion may have
influenced the early clustering outputs and interpretations. Future work must ensure that all key
clinical markers are systematically integrated from the outset to build a biologically relevant cluster-
ing models.

Second, the generalizability of our findings is constrained by the single-source, hospital-based na-
ture of the cohort. The data were drawn from a tertiary referral centre CHBAH, which manages a
disproportionate number of cases presenting advanced or complex disease. This inherently intro-
duces a selection bias toward more severe PCa presentations, which skews the identified clusters
and risks overestimating the prevalence of high-risk disease. This limitation is particularly signifi-
cant given the established context that Black men are more prone to present with advanced disease
and experience worse outcomes. Therefore, our clusters may mask presentations more common in
community or screening settings and may not be generalizable to the broader population. There-
fore, the external validity and clinical utility of these clusters must be confirmed through future
validation across multi-center cohorts, including primary and secondary care facilities, to ensure

robustness and broader applicability.

Third, the rigorous data cleaning process, while necessary, directly impacted on the analytical cohort
size and its characteristics. During preprocessing, we identified extreme, physiologically implausi-
ble values in key variables, most notably a PSA value of 5000,2 ng/mL. Such artifacts, resulting from
data entry errors, vastly exceed the known biological range for PSA. Their removal was mandatory
to ensure the internal validity and biological plausibility of the analysis; however, this process re-
duced the final analytic cohort from 1,096 to 808 cases. This reduction necessarily diminished the
statistical power of the study and may have altered the distribution of variables within the dataset,
potentially biasing the resulting clusters away from the original population’s true characteristics.
This underscores a fundamental trade-off between data quality and sample size in retrospective
analyses and highlights the critical need for automated data validation at the point of entry in future

prospective studies.

Finally, the unsupervised nature of the machine learning approaches used means that the clinical
significance and prognostic value of the identified clusters remain inferential. Without prospective
validation against long-term patient outcomes, such as metastasis, or cancer-specific mortality , the

true utility of these clusters for guiding clinical decision-making cannot be fully ascertained.

UML methods do not rely on labelled data, making it challenging to validate the accuracy of the clus-
ters. Unlike supervised learning, there is no ground truth to compare the results. While DBSCAN
was effective at identifying outliers, other methods like K-means may have overlooked rare but
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clinically important subgroups, such as cases with atypical disease presentations. AC can capture
complex and non-linear relationships, the resulting clusters may be difficult to interpret, especially
in high-dimensional datasets.

Small clusters or outlier correlation might not have adequately reflected the entire information, af-
fecting the dependability of inferences drawn about the rare subgroups. Finally, the analysis centred
on predefined set of clinical variables, which, while insightful, might have disregarded other ef-
fective aspects such as nutritional of ecological exposures. Impending research could address these
confines by incorporating, more diverse dataset and integrating multi-feature data to provide a more

comprehensible understanding of heterogeneity in PCa.
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Chapter 6
Conclusion And Future Directions

This study, examined PCa data by means of UML algorithms to uncover clinically significant cor-
relations and patterns. The results indicates the importance of data quality in finding clinically
significant insights from PCa data, particularly in grouping and patient stratification. Demographic,

clinical and lifestyle information contain substructures for understanding PCa severity.

This study demonstrated the potential of UML to identify distinct patient subgroups based on clini-
cal features including age, tumour staging, family history, smoking history, PSA levels, and socioe-
conomic status contribute to differentiating PCa risk levels GS < 6 (low-risk), GiS = 7 (intermediate-
risk), and G'S' > 8 (high-risk). Through clustering algorithms on patient data based on these multi-
dimensional clinical predictors. Adding on more clinical features, such as, imaging and molecular

data, could provide more thorough understanding of of PCa risk profiles.

The findings underscore the importance of using ML techniques to extract actionable insight from
the complex dataset, specifically in the context of improving patient outcomes and improving pa-
tient to patient treatment. Study highlighted the potential of ML methods to derive actionable in-
sights from complex PCa datasets. The ability to classify patients into clinically applicable clusters
indicates that clustering methods may facilitate better clinical decision-making and personalised

healthcare treatment strategies.

Additionally, the study lays groundwork for incorporating ML models into clinical practice, set-
ting the stage for robust classification models that can assist in severity prediction and treatment
optimization. Future studies should aim to validate these results in larger, prospective cohorts and
compare UML-derived clusters with long-term patient outcomes. Additionally, investigating hybrid
ML methods that combine supervised learning with clustering could further improve risk prediction

models.

In summary, this study underscores the importance of machine learning in furthering prostate can-
cer research and enhancing patient outcomes, highlighting the need for high-quality datasets to fully

realize its potential impact.
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9/14/25, 7:15 PM

import

import numpy

import
import

import os

import
import

import numpy
import tqdm

import
import
import

Tanaka_(1) (55) (1) (1)

pandas as pd

as np

warnings
pandas as pd

plotly.express as px
seaborn as sns

as np

datetime
matplotlib.pyplot as plt
seaborn as sns

plt.style.use('ggplot"')

from
from
from
from
from
from
from
from
from
# 3D

sklearn.

sklearn

sklearn

decomposition import PCA

.metrics import confusion_matrix
sklearn.
sklearn.
sklearn.
IPython.
sklearn.

metrics import accuracy_score

ensemble import RandomForestClassifier
cluster import KMeans

display import clear_output

preprocessing import StandardScaler, normalize
.metrics import silhouette_score
sklearn.

preprocessing import LabelEncoder

Visualization
import plotly as py

import plotly.graph_objs as go
from numpy import unique
from numpy import where

from sklearn.model_selection import train_test_split

pd.set_option('display.float_format', lambda x:
pd.set_option('display.max_colwidth', None)
pd.set_option('display.max_rows', None)

#import plotly.1io as pio

"%.2F" % x)

#pio.templates.default = 'simple_white’

warnings.filterwarnings('ignore")

df = pd.read_stata('C:/Users/rwafa/OneDrive/Documentos/Aka/CommentsDoc/Research Dat

Data Overview

df.shape

(1096, 47)

df.head(5)

file:///C:/Users/rwafa/Downloads/Tanaka_(1) (55) (1) (1).html

1/255



Appendix F

Data Dictionary

88



548 | [mr_radiaxbeamdose ] X-Beam treatment / radiation dose notes
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552 | [mr_radiabrachythedose ] Low dose brachytherapy(seeds) dose notes
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[mr_radiationtreat] = '3'
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[mr_radiationtreat] = '3'
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Show the field ONLY if:
[mr_radiationtreat] = '4'
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Show the field ONLY if:
[mr_radiationtreat] = '4'
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Final staging - T
557 | [mr_finalstagingn] Final staging - N text
558 | [mr_finalstagingm] Final staging - M text
559 | [medical_record_complete ] Section Header: Form Status dropdown
Complete? 0 | Incomplete
1 | Unverified
2 | Complete
Instrument: PSA summary (psa_summary)
560 | [ psa_psareferraldate] Section Header: PSA text (date_ymd)
PSA referral
561 | [psa_psareferrallevel ] Referral PSA level (ng/ml) text (number_2dp)
562 | [psa_psareferralleveldesc] Specify referral PSA level dropdown
1 | Normal
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563 | [ psa_psadiagndate ] Diagnostic PSA text (date_ymd)
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3 | Unknown
Custom alignment: RH
566 | [psa_followupdatel] Section Header: PSA follow up text (date_ymd)
PSA follow up 1
567 | [psa_followupvaluel] Follow up PSA level (ng/ml) 1 text (number_2dp)
568 | [ psa_followupdate2 ] PSA follow up 2 text (date_ymd)
569 | [psa_followupvalue2] Follow up PSA level (ng/ml) 2 text (number_2dp)
570 | [psa_followupdate3] PSA follow up 3 text (date_ymd)
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572 | [psa_followupdate4 ] PSA follow up 4 text (date_ymd)
573 | [ psa_followupvalue4] Follow up PSA level (ng/ml) 4 text (number_2dp)
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