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Summary

Abstract

Prostate cancer is one of the most common malignancies among men world-
wide. Early and accurate diagnosis of the pathology plays a critical role in improv-
ing treatment outcomes. This thesis presents a comprehensive Machine Learning
and Deep Learning ((ML)/(DL)) framework for prostate cancer diagnosis: it inte-
grates zonal prostate segmentation, lesion segmentation, Prostate Imaging Report-
ing and Data System (PI-RADS) classification, and cancer detection using multi-
parametric Magnetic Resonance Imaging (mp-MRI). The analysis relies on data
from T2-weighted imaging (T2W), Apparent Diffusion Coefficient (ADC) imaging,
and Diffusion-weighted Imaging (DWI), along with morphologic and biomarker-
related clinical information. The proposed multi-stage workflow aims to support
radiologists, reduce diagnostic variability, and possibly serve as an educational tool
for medical trainees.

The studied Deep Learning models were based on U-Net architectures. For
peripheral zone (PZ) and central gland (CG) segmentation, we relied on the
Prostatel58 dataset of 3T mp-MRIs: we trained on 90 scans, validated on 25, and
tested on 24. We considered Attention-Res-UNet, Vanilla-Net, and V-Net individ-
ually and also as an ensemble. Meta-Net and YOLO-V8 were also evaluated. We
achieved high performance in providing anatomically precise delineations: YOLO-
V8 achieved the best results, with a DSC of 89% for the central gland and 73%
for peripheral zone segmentation.

For lesion segmentation, we developed a dedicated dataset of 311 mp-MRI cases
collected at the Centro Diagnostico Italiano (CDI), Milan, including 58 PI-RADS



3 and 253 PI-RADS 4-5 cases. The data set comprised T2W, ADC, and DWI
sequences with manually annotated masks and was preprocessed by normalization
and registration. Four deep learning architectures, U-Net, Dense U-Net, Attention
U-Net, and LSTM U-Net, were evaluated using both single-modality and multi-
input strategies. The Dense U-Net achieved the best performance, with a DSC of
69% on ADC images for PI-RADS 4-5 and 68% for PI-RADS 3-5.

PI-RADS is a standardized scoring system used by radiologists to categorize
prostate lesions based on their likelihood of clinically significant cancer. The PI-
RADS machine learning classifier improved diagnostic consistency by extracting
discriminative imaging features. Three approaches were evaluated for automated
PI-RADS 3-5 classification using T2W, DWI, and ADC sequences: (1) hand-
crafted radiomic features from manually segmented lesions, (2) a fully automated
lesion and zonal segmentation pipeline, and (3) a custom convolution neural net-
work learning high-level features from ADC images and masks. ADC-derived fea-
tures performed best, with an ensemble model achieving 77% accuracy Accuracy
(Acc), 83% AUC, and 0.618 Matthews Correlation Coefficient Matthews Corre-
lation Coefficient (MCC), with PI-RADS 5 most reliably classified (AUC 94%),
while PI-RADS 3 remained the most challenging.

The cancer detection stage integrated imaging and clinical parameters, such as
age, prostate-specific antigen (Prostate-Specific Antigen (PSA)) levels, and biopsy
results, to enhance malignancy prediction. In total, 345 patients were included in
the study, with data collected from Trita Hospital in Tehran, Iran. Using ADC
images, the proposed model achieved the highest performance, with an accuracy
of 83%, AUC of 87%, and a Matthews Correlation Coefficient of 0.638.

A key contribution of this research is the creation of an end-to-end clinically
inspired workflow that connects all diagnostic stages and includes, for practical
deployment, a user-friendly 3D Slicer plugin that we contributed to developing.

Although the size of the data set and the lack of multicenter validation still
represent limitations of the work, the results highlight the potential of multimodal
Al-driven approaches to improve diagnostic accuracy, standardize reporting, and

help personalized patient care.
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This work establishes a foundation for future developments in Al-assisted
prostate cancer diagnosis and clinical decision support systems.

Keywords

Prostate Cancer; MultiParametric Magnetic Resonance Imaging (mp-MRI);
Prostate Lesions; PI-RADS; Prostate Zones; Deep Neural Networks; U-NETs.
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Chapter 1

Introduction

1.1 Context

Prostate cancer (Prostate Cancer (PCa)) stands as the most prevalent malignancy
among men worldwide, with an estimated 1.4 million new cases and 375,000 deaths
in 2020 [2]. The incidence rates exhibit significant geographical variation, with
higher rates observed in Northern and Western Europe, North America, and the
Caribbean, and lower rates in Asia and North Africa [3]. In the United States, the
age-adjusted incidence rate is 120.2 per 100,000 men, while the mortality rate is
19.2 per 100,000 men [4].

The disease predominantly affects older men, with more than 80% of cases
diagnosed in individuals over 65 years of age [5]. Risk factors for prostate cancer
include age, race, family history, and certain genetic mutations. Notably, Black
men have a higher incidence and mortality rate compared to other ethnic groups,
with a two-fold increased risk of diagnosis and a 2.5-fold increased risk of death
[6].

The clinical management of prostate cancer has evolved with advancements
in imaging technologies, particularly mp-MRI, which combines T2W, DWI, and
dynamic contrast-enhanced imaging. This imaging modality has significantly im-
proved the detection and localization of prostate lesions, helping to differentiate

between clinically significant Clinically Significant (CS) and indolent tumors [7]



8]-

Organ and zonal segmentation. A critical component of mpMRI analysis is
the accurate segmentation of the prostate into its anatomical zones, including the
peripheral zone, transition zone Transition Zone (TZ), and central zone Central
Zone (CZ). Among these, the peripheral zone is the most common site for clin-
ically significant prostate cancer clinically significant prostate cancers (CsPCa).
However, manual delineation of these zones is time-consuming and subject to
inter-observer variability. Recent studies have demonstrated the potential of DL
algorithms to automate prostate zonal segmentation with high accuracy, offering

a promising solution to this challenge [9].

Lesion segmentation. After zonal segmentation, the next key step is the iden-
tification and outlining of lesions within the prostate. Lesion segmentation enables
precise assessment of tumor size, location, and spatial relationship to surround-
ing anatomical structures, which is critical for diagnosis, risk stratification, and
treatment planning. Traditionally, this task relies on manual contouring by ra-
diologists, which is both time-consuming and prone to inter-observer variability.
Recent advances in DL have demonstrated strong potential for automating lesion
segmentation, thereby reducing radiologists’ workload, improving consistency, and

minimizing the risk of human error [10].

Prostate Imaging Reporting and Data System (PI-RADS) prediction.
The PI-RADS was developed to standardize the acquisition, interpretation, and
reporting of prostate mpMRI [10]. The most recent version, PI-RADS v2.1, as-
signs each lesion a score from 1 to 5, where higher scores indicate a greater like-
lihood of clinically significant prostate cancer [11]. This standardized framework
improves communication among radiologists and urologists, guides decisions re-
garding biopsy and treatment, and reduces variability in reporting. Recent re-
search suggests that integrating Al-based lesion detection with PI-RADS scoring
could further improve diagnostic accuracy and reproducibility, providing valuable

support in clinical decision-making [12].



Moreover, clinical data play a crucial role in the accurate assessment and
management of prostate cancer. Factors such as prostate-specific antigen levels,
prostate-specific antigen Density (PSAD), and patient history are vital in guid-
ing biopsy decisions and interpreting imaging findings. Incorporating these clini-
cal parameters alongside PI-RADS scoring can enhance risk stratification, reduce
unnecessary biopsies, and improve the detection of clinically significant prostate

cancer [13].

Prostate Cancer Prediction. However, it’s important to note that not all
lesions with high PI-RADS scores are malignant. For instance, lesions categorized
as PI-RADS 4 or 5 have a high probability of being prostate cancer, but false
positives can occur, leading to negative biopsy results [14]. Therefore, biopsy
remains essential for definitive diagnosis, even in the presence of high PI-RADS

scores.

1.2 Formulation of the Problem

This thesis addresses the problem of improving prostate cancer detection and char-
acterization using mp-MRI through four main steps: (1) automated prostate zonal
segmentation, (2) lesion segmentation, (3) PI-RADS classification, and (4) real
cancer detection by integrating imaging and clinical data. These tasks represent
essential components of the diagnostic pathway, yet remain challenging due to the
complexity of prostate anatomy, the heterogeneity of tumors, and limitations of
current imaging interpretation practices. To address this challenge, we utilized
real-world patient data collected from a diagnostic center. We applied state-of-
the-art AI models tailored to each stage of the pipeline. This approach allows us
to evaluate the feasibility and performance of advanced Al methods in a clinically
realistic setting.

Despite the adoption of PI-RADS as a standardized framework, mpMRI inter-

pretation is still highly dependent on radiologist expertise and suffers from inter-



and intra-observer variability. Manual segmentation of zones and lesions is labor-
intensive and inconsistent, while lesion classification is limited by the fact that
not all lesions with high PI-RADS scores are malignant. For this reason, a biopsy
is still required to confirm malignancy, but it is invasive, costly, and carries risks
such as infection or bleeding. Even then, biopsies may under-sample the prostate
and miss clinically significant tumors.

Furthermore, imaging alone does not provide a complete picture of disease
risk. Clinical parameters such as prostate-specific antigen, PSAD, and patient
history are indispensable for accurate diagnosis and treatment planning. The lack
of integration between imaging findings and clinical information reduces diagnostic
accuracy and may lead to unnecessary biopsies or the missed detection of cancers.

The core problem, therefore, is the need for automated, accurate, and repro-
ducible methods that combine advanced image analysis with clinical data to sup-
port the reliable detection and characterization of prostate cancer. This thesis
formulates and addresses this problem by developing and evaluating DL—based
approaches across the four key diagnostic steps, aiming to reduce diagnostic vari-

ability, assist clinical decision-making, and improve patient outcomes.

1.3 Research Contributions

This thesis makes several key contributions to the field of prostate cancer diagno-
sis and medical imaging, addressing both methodological and clinical challenges

through the development of an integrated artificial intelligence framework.

e Development of a comprehensive Al pipeline: A multi-stage frame-
work was designed to perform prostate zonal segmentation, lesion segmen-
tation, PI-RADS classification, and real cancer detection. This integrated
approach reflects the actual clinical workflow by linking the outputs of one
stage to the next and is more complete than most previous studies that focus
on only one task. By supporting multiple diagnostic stages, the framework
has the potential to improve diagnostic consistency and reduce inter-observer

variability.



Use of real-world, clinically validated data: The models were trained
and evaluated on mpMRI data collected from diagnostic centers, with man-
ual annotations supervised by two expert radiologists. This ensures that
the models are clinically relevant and that the results reflect real diagnostic

challenges encountered in routine practice.

Multimodal image analysis: Unlike many studies that rely on one or two
MRI sequences, this thesis incorporates all three major mpMRI sequences
(T2-weighted (T2W), apparent diffusion coefficient (ADC), and diffusion-
weighted imaging (DWI)). The integration of complementary imaging in-
formation enables more comprehensive tissue characterization and improves

segmentation, classification, and detection performance.

Integration of imaging and clinical data: For real cancer detection, se-
lected clinical features were incorporated alongside imaging data. This mul-
timodal fusion highlights the importance of combining clinical and imaging
information to achieve more accurate and reliable predictions and supports

personalized risk assessment.

Advancement in AI model application: State-of-the-art deep learning
models were applied and customized for each stage of the pipeline. The
results demonstrate the potential of these models to assist radiologists by
automating time-consuming tasks and improving diagnostic efficiency and

consistency.

Educational and practical tool development: A user-friendly 3D Slicer
plugin was developed to share the zonal segmentation model with the wider
research and clinical community. The plugin enables easy application of the
trained model to new patient data, supporting both clinical assistance and

the training of medical residents.

Potential for future clinical impact: Despite being trained on a rela-
tively small dataset, the proposed framework demonstrated promising per-

formance. With access to larger multicenter datasets, the pipeline could
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achieve higher accuracy and broader clinical applicability, supporting im-

proved clinical decision-making and patient outcomes.

1.4 Thesis Outline

To provide an overview of the thesis contributions, Chapter 2 presents the rel-
evant terms, definitions, and key concepts in prostate cancer and Al, providing
the foundational knowledge necessary to understand the subsequent methodology
and analysis. Chapter 3 reviews the literature related to the four main tasks ad-
dressed in this study: prostate zonal segmentation, lesion segmentation, PI-RADS
classification, and real prostate cancer detection. Existing approaches, their lim-
itations, and gaps in the literature are discussed, highlighting the motivation for
the proposed multi-stage Al framework.

Chapter 4 details the materials and methods used in the study, including
dataset description, preprocessing steps, neural network Neural Network (NN)
architectures, and implementation details for each of the four stages. Each stage
is addressed separately, with clear explanations of how the outputs of one step
are utilized in the next, reflecting a continuous and clinically relevant workflow.
Chapter 5 presents the results of the experiments for each stage, including quan-
titative evaluations and visualizations, to assess the performance and effectiveness
of the proposed models.

Chapter 6 provides an in-depth discussion of the results, comparing them with
previous studies, highlighting their significance, and illustrating findings using
charts and tables for clarity. The chapter concludes with a summary of the main
findings, the contributions of the thesis, its limitations, and recommendations for
future research, emphasizing the potential impact of the proposed Al framework

on clinical practice and medical education.

1.5 Research Outputs

Published conference manuscripts:
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e Publication and presentation of the conference paper as the first author in
the 16th International Conference On Management of Digital Ecosystems
(MEDES 2024), Italy, ”Advanced Prostate MRI Analysis: UNET-Based
Models for Zonal and Lesion Segmentation”, Saman Fouladi, Gabriele Gian-
ini, Deborah Fazzini, Alessandro Maiocchi, Ernesto Damiani, Sergio Papa,
Marco Ali.Communications in Computer and Information Science, vol 2518.
Springer, Cham. https://doi.org/10.1007/978-3-031-93598-5,3

e Publication and presentation of the conference paper as the last author in
the 4th Italian Conference On Big Data and Data Science (ITADATA),
”A Federated Learning Architecture for Prostate MRI Image Segmenta-
tion”, A.Bovio, Mario Barile, Francesco Pallotta, Lorenzo Pede, Alessan-
dro.Maiocchi, Marco Ali, Fatemeh Darvizeh, Deborah Fazzini, Francesco La-
cavalla, Massimo Banzi, Gabriele Gianini, Filippo Berto, Ruslan Bondaruc,
Ernesto Damiani, S.Fouladi,2025

Published journal manuscripts:

e Publication of the journal paper as first author: ”Neural Network Models
for Prostate Zones Segmentation in Magnetic Resonance Imaging. Informa-
tion.”, Saman Fouladi, Luca di Palma, Fatemeh Darvizeh, Deborah Fazzini,
Alessandro Maiocchi, Alessandro Maiocchi, Gabriele Gianini, Marco Ali. In-
formation 2025, 16(3), 186; https://doi.org/10.3390/info16030186

Already accepted, to be published soon in conference proceedings:

e Publication and presentation of the conference paper as the first author in
the 17th International Conference On Management of Digital Ecosystems
(MEDES 2025), Vietnam, ”A hybrid LSTM-UNet architecture for segmen-
tation of MRI prostatic lesion images”, Saman Fouladi, Fatemeh Darvizeh,
Rosario Di Meo, Isa Bossi Zanetti, Gabriele Gianini, Corrado Mio, Ernesto
Damiani, Eros Cambie, Antonino Licata, Alessandro Maiocchi, Marco Ali,

and Deborah Fazzini, 2025.
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Under review (Journal manuscript)

e Publication of the journal paper as first author: ” Automated Prostate Lesion
Segmentation in MRI: Exploring UNet-Based Models Across Multi-Sequence
Imaging (T2W, ADC, and DWI)”, Saman Fouladi, Fatemeh Darvizeh, Gabriele
Gianini, Rosario Di Meo, Luca Di Palma, Ernesto Damiani, Alessandro
Maiocchi, Deborah Fazzini, Marco Ali, 2025.

e Publication of the journal paper as first author: ”Automated PI-RADS
3-5 Classification Using Multiparametric MRI: A Comparative Study of
Radiomics and DL Approaches”, Saman Fouladi, Isa Bossi Zanetti, Fate-
meh Darvize, Rosario Di Me, Luca Di Palm, Eros Cambie, Antonino Licata,
Alessandro Maiocchi, Ernesto Damiani, Marco Ali, Gabriele Gianini and
Deborah Fazzini, 2025.

In preparation (Journal manuscript)

e "Integrating Multiparametric MRI and Clinical Data for Prostate Cancer

Detection Using Machine Learning Classifiers.”

1.6 Multilayered Urban Sustainability Action (MUSA)
Project

This thesis is part of the MUSA project. MUSA is an Innovation Ecosystem funded
by the Italian Ministry of University and Research under the National Recovery
and Resilience Plan (PNRR), specifically Mission 4, Component 2, Investment
1.5. Coordinated by the University of Milano-Bicocca, MUSA unites leading insti-
tutions including Politecnico di Milano, Bocconi University, and Universita degli
Studi di Milano, alongside numerous public and private partners.

Established in Milan, MUSA addresses the complex challenges of urban sus-
tainability by fostering a new model of public-private collaboration. The initiative

focuses on three interconnected domains: environmental, economic, and social
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sustainability. It leverages the Lombardy region as a dynamic testing ground for
integrated innovations and interdisciplinary responses across six thematic areas,
known as ”spokes”:

1) Urban Regeneration — City of Tomorrow: Focuses on sustainable urban
development and revitalization.

2) Big Data and Open Data in Life Sciences: Utilizes data-driven approaches
to improve public health.

3) Deep Tech: Entrepreneurship and Technology Transfer: Promotes innova-
tion and the commercialization of advanced technologies.

4) Economic Impact and Sustainable Finance: Develops models for sustainable
economic growth and financial systems.

5) Sustainable Fashion, Luxury, and Design: Integrates sustainability into the
fashion and design industries.

6) Innovation for Sustainable and Inclusive Societies: Ensures social inclusion
and community engagement in sustainability efforts.

MUSA aims to create scalable solutions that can be replicated nationally and
internationally, transforming Milan into a model for urban regeneration and sus-
tainability.

Within this framework, the present thesis is situated in Spoke 2: Healthcare
of the Future, which focuses on advancing precision medicine, digital health tech-
nologies, and Al-driven diagnostic tools to improve patient care and healthcare
sustainability. Specifically, this work contributes to Work Package 1 (WP1): Ar-
tificial Intelligence for Precision Medicine, under Pilot 1.2, which addresses the
development of Al-based methods for medical image analysis and decision support

systems.
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Chapter 2

Terms and Definitions

2.1 Prostate Cancer

Prostate cancer is the second most commonly diagnosed cancer among men [15]
and the fifth leading cause of cancer-related deaths worldwide [16]. In 2018, there
were approximately 1.3 million new cases, and this number is projected to rise to
nearly 1.7 million new cases annually by 2030, largely due to global population
aging and increased life expectancy [17]. Once prostate cancer has metastasized
beyond the prostate gland, treatments like chemotherapy and immunotherapy are
no longer curative [18]. Therefore, early detection is critical, as it allows for in-
tervention while the tumor is still localized and potentially more treatable [19].
Despite the importance of timely and accurate diagnosis, current prostate cancer
screening methods remain controversial, with ongoing debate about their effective-
ness and lack of conclusive evidence demonstrating clear clinical benefits [18] [20]
[21].

2.1.1 Prostate anatomy and function

The prostate is a secondary gland in the male reproductive system [22]. Tt sits
just below the bladder neck, above the external urethral sphincter, and next to
the rectum. Its main role is to produce proteolytic enzymes that help break down

clotting agents in semen. During ejaculation, the prostate’s muscles also contract
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to help propel seminal fluid into the urethra. The structure of the prostate can
be described using regional and zonal divisions, as shown in Figure 2.1. These,
along with standard anatomical directions, help accurately pinpoint the location
of prostate-related conditions. The regional division splits the prostate into three
parts: the base (the upper part near the bladder), the apex (the lower part near the
external urethral sphincter), and the midgland (the central portion in between).
The zonal division, on the other hand, identifies five main zones: the peripheral
zone, the anterior fibromuscular stroma Anterior Fibro Muscular Stroma (AFMS),
the central zone, the transition zone, and the capsule, a thin outer layer of connec-
tive tissue and muscle. The peripheral zone is located at the back of the prostate,
whereas the anterior fibromuscular stroma is found at the front. The transition
zone surrounds the prostatic urethra, and the central zone lies behind the transi-
tion zone, encircling the ejaculatory ducts. Anterior fibromuscular Stroma, central

zone, and transition zone are often collectively referred to as the central gland.
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Figure 2.1: Sectoral Map of the Prostate According to PI-RADS v2. Peripheral zone;
central zone; transition zone; US: Urethral Stroma; AFS: Anterior Fascial Stroma.
Adapted from the American College of Radiology, MR PI-RADS version 2.0.

Image obtained from www.acr.org/Quality-Safety/Resources/PIRADS/

2.1.2 Prostate Cancer Prevalence in Prostate Zones

Different regions of the prostate exhibit different histological characteristics. The
transition zone contains well-differentiated glands with epithelial cells of varying
sizes, arranged in a high columnar pattern with clear cytoplasm. The transition
zone has a denser stroma and lower nerve density compared to the peripheral zone.
In contrast, the peripheral zone is marked by regularly sized epithelial cells and

sparse stroma, arranged in a corrugated pattern with a higher nerve density than
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the transition zone and the central zone. The central zone is histologically distin-
guished by large, irregular glandular structures, with larger nuclei and less defined
cell membranes [23] [24] [25] [26]. In addition, different cell types are predominant
in the peripheral zone and transition zone. In the transition zone, epithelial cells
are mainly composed of club cells, hillock cells, and PSCA-positive epithelial cells,
while fibroblasts are the primary stromal cell type. In contrast, the peripheral zone
is mainly populated by luminal epithelial cells [27]. Numerous pathomorphologi-
cal studies have confirmed that prostate cancer and prostatitis are more frequently
found in the peripheral zone, while benign prostatic hyperplasia (BPH) develops
almost exclusively in the transition zone. McNeal [28] noted that BPH does not
occur in the peripheral zone. The central zone is rarely affected by carcinoma or
hyperplasia, with very few cases of tumors originating in the central zone reported
worldwide. These significant differences in disease distribution across prostate re-
gions have increasingly drawn the attention of researchers, although the underlying
pathological mechanisms remain unclear [27].

Digital Rectal Examination (DRE):

Historically, prostate cancer diagnosis has relied on DRE, a procedure in which
a physician inserts a gloved finger into the rectum to palpate the prostate for
any hard, irregular, or abnormal regions (Figure 2.2). However, the accuracy of
DRE is highly dependent on the clinician’s expertise and is significantly limited
in its ability to detect tumors, as certain regions of the prostate are not accessible
through this method [29].
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Figure 2.2: Digital rectum examination process.
Image obtained from www.analfissuretreatment.co.uk

Prostate-Specific Antigen (PSA) Test: Prostate-specific antigen test-
ing has been a cornerstone in prostate cancer detection since its introduction in
the early 1990s. While it has significantly improved early diagnosis and patient
outcomes, prostate-specific antigen testing is not without limitations. Prostate-
specific antigen is produced by both benign and malignant prostate cells, leading
to potential false positives and negatives. This has raised concerns about the
overdiagnosis and overtreatment of indolent cancers that may not pose significant
health risks [30]. To address these challenges, recent advancements aim to refine
prostate-specific antigen screening. The PROBASE trial, involving over 12,500
men aged 45-50, suggests that low-risk individuals with prostate-specific antigen
levels under 1.5 ng/ml could safely extend screening intervals to five years, reduc-
ing unnecessary testing without compromising cancer detection [31]. Additionally,
point-of-care (PoC) prostate-specific antigen testing is emerging as a promising
approach to enhance accessibility and efficiency in prostate cancer diagnostics.
These PoC tests aim to provide accurate, low-cost, and rapid results at the time
and place of patient care, addressing limitations of traditional laboratory-based
assays [32]. Despite these advancements, prostate-specific antigen testing remains
controversial due to variability in screening practices and guidelines across re-
gions. Inconsistent recommendations contribute to disparities in early detection
and treatment outcomes [33]. In summary, while prostate-specific antigen testing

has transformed prostate cancer detection, efforts continue to enhance its accuracy
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and applicability, aiming for more personalized and effective screening strategies.

Transrectal Ultrasound:

Transrectal ultrasound Transrectal Ultrasound (TRUS) is a diagnostic imag-
ing technique used in prostate cancer detection, primarily for guiding biopsies. It
is performed by inserting a small ultrasound probe into the rectum to visualize
the prostate gland. Transrectal ultrasound is particularly effective for assessing
prostate volume and identifying abnormalities, but it has limitations, especially
in detecting small or anterior tumors. It is less accurate in identifying prostate
cancer compared to advanced imaging modalities like mp-MRI [34]. Transrectal
ultrasound is often combined with mpMRI in a process known as fusion biopsy.
This fusion enhances the precision of the biopsy, improving the likelihood of detect-
ing clinically significant prostate cancer by accurately targeting suspicious areas
identified on mpMRI [35].

Prostate biopsy:

Patients suspected of having prostate cancer are typically recommended for a
biopsy, which is considered the final step in current screening protocols. Biopsies
are primarily used to confirm the cancer stage and evaluate the tumor’s aggres-
siveness. The procedure involves obtaining tissue samples from the prostate by
inserting needles through the patient’s rectum [36], to subsequently evaluate and
classify the tissue samples using the Gleason Score (GS) system [37]. Essentially,
the GS is a grading system that evaluates the architectural pattern of cancer cells
in prostate biopsy samples, assigning a score ranging from 3 to 5 based on how

abnormal the tissue appears (Figure 2.3).
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Figure 2.3: Gleason scoring system for biopsy samples.
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Image obtained from wwuw.altaklinik.com/prostate/prostate-cancer/gleason-score/

To calculate the final score, the two most predominant
are identified, each given a score, and then combined (e.g.
score is then used to classify the cancer into a specific gr
the patient’s risk level (Table 2.1).

patterns of tumor growth
, 3+4 or 44-3). This total

ade group, which reflects

Table 2.1: Risk groups, grade groups, and Gleason scores.

Risk Group Grade Group Gleason Score
Low Grade group 1 Score < 6
Intermediate (favourable) Grade group 2 Score =7 (3+4)
Intermediate (unfavourable) Grade group 3 ~ Score = 7 (4+3)
High Grade group 4  Score = 8
Very high Grade group 5  Score =9 or 10

There are two primary approaches to performing a prostate biopsy: transrectal

ultrasound-guided biopsy and transperineal biopsy. The

key distinction between

them lies in the needle insertion route, either through the rectum or through the

skin between the scrotum and anus [38]. In the first approach, when no advanced
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imaging guidance is employed, typically 10 to 12 tissue samples are taken from var-
ious regions of the prostate. However, studies have indicated that despite multiple
sampling attempts, certain clinically significant tumors may still go undetected [39]
[40] [41] [42]. Moreover, biopsies may lead to patient discomfort or pain and can
be associated with complications such as infections or rectal bleeding [42]. Over-
all, the existing diagnostic and screening approaches for prostate cancer highlight
the need for alternative methods that can more accurately detect and characterize
clinically significant tumors while also minimizing the issue of overdiagnosis that
is prevalent in current practices [43] [44]. In this context, recent advancements in
imaging technology and interpretation have positioned magnetic resonance imag-
ing (MRI) as a powerful tool in the detection, staging, treatment planning, and
management of prostate cancer [45] [46]. Specifically, multi-parametric MRI (mp-
MRI) is increasingly being used in everyday clinical practice to manage prostate

cancer, showing promising outcomes [47] [48].

2.2 Magnetic Resonance Imaging (MRI)

Multi-parametric MRI (mp-MRI) is a non-invasive method that combines differ-
ent MRI techniques, including T2W, diffusion-weighted (DW), dynamic contrast-
enhanced (DCE), and, if needed, magnetic resonance spectroscopy (MRS) [43].
Specifically, T2W images are usually taken in three perpendicular planes, axial,
coronal, and sagittal, resulting in three separate sequences for this technique. In
addition, ADC maps are typically generated automatically by software during
DWI, providing an overall measure of how water molecules move within a spe-
cific voxel. While many centers rely on this combination of imaging methods,
there is still no universally accepted standard for this approach. Recent studies
suggest that bi-parametric MRI (bp-MRI), which includes only T2W and DW se-
quences (or ADC maps), may offer diagnostic performance comparable to that of
full multi-parametric MRI (mp-MRI) for detecting and diagnosing prostate cancer
[49]. Figure 2.4 demonstrates all of the sequences of mp-MRI.
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Figure 2.4: MRI sequences typically included in prostate mp-MRI. Top row: T2W
images captured in different planes (from left to right: azial, coronal, and sagittal).
Bottom row: DWI with a b-value of 1400, ADC map, and DCE imaging [49].

T2-weighted Imaging (T2W):

T2W provides detailed anatomical and morphological information about the
prostate and any pathological structures within it. Capturing images in three
perpendicular planes, axial, sagittal, and coronal, highlights the prostate’s zonal
anatomy and its relationship with surrounding tissues. T2W imaging helps dis-
tinguish between the high signal peripheral zone of the prostate, the mixed signal
transition zone, and the central low signal zone (Figure 2.5 ). It also plays a key
role in precisely locating lesions and evaluating their shape, form, and size, due to

its high resolution across different planes [50].
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Figure 2.5: A slice of an T2W image

Diffusion-weighted Imaging (DWI):

In DWI, the image contrast is created by the movement of water molecules
within the tissue. This movement, or diffusion, can happen inside cells, in the
spaces between cells, or across both. Special gradients, called diffusion-sensitizing
gradients, are used to generate images that show how water moves in each voxel.
The strength and timing of these gradients are controlled by what’s known as the
“b-value.” A higher b-value makes the scan more sensitive to water movement but
also reduces the signal-to-noise ratio (SNR).

By adjusting the level of diffusion weighting, it is possible to get a numerical
value that gives insight into the microstructure of the tissue, which is known as
the ADC. Calculating the ADC for each voxel creates an ADC map. In healthy
prostate tissue, ADC values tend to be relatively high because of the glandular
tubules found in the prostate’s glandular areas. However, prostate cancer can dis-
rupt these normal structures, reducing water movement. Tumors also tend to have
a higher cell density than healthy tissue, further limiting water diffusion. Because
of this, unusually low ADC values can be a sign of prostate cancer [51]. Radi-
ologist reporting guidelines suggest that ADC values below the range of 750-900
mm?/sec may indicate the presence of clinically significant prostate cancer [52].
An example of DWI and the corresponding ADC map for a patient with a tumor

located in the peripheral zone is presented in Figure 2.6.
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Figure 2.6: Example of a DWI image and its corresponding ADC map, showing a
lesion in the peripheral zone highlighted with a red border

Alongside ADC maps, DWI with a high b-value (b > 1400 [40]) is commonly ac-
quired. In these images, tumors show up as bright spots (hyperintensities) against
a darker background because areas with restricted diffusion retain more signals.
Recent studies suggest that high b-value DWT is especially useful for detecting key
tumors, including those near or involving the anterior fibromuscular stroma, as
well as tumors located at the base or apex of the prostate [53].

Although high b-value DWI and ADC maps are important parts of mpMRI,
they do have some limitations. Because DWI is typically acquired using fast echo-
planar imaging sequences, it tends to have lower spatial resolution compared to
T2W imaging. Additionally, these fast sequences are highly sensitive to magnetic
field variations, which can lead to distortion or artifacts, especially near areas
where tissue meets air, such as near the rectum [51]. A specific challenge with
high b-value DWI is the reduced signal-to-noise ratio, which can lead to image
distortion and ghosting artifacts [53].

One way to work around the image quality issues of directly acquired high
b-value images is to generate them by extrapolating from lower b-value images
[52], a technique that has been shown to result in higher signal-to-noise ratios [54].

However, a key limitation of relying solely on DWI for diagnosing prostate cancer
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is that certain benign conditions, especially prostatitis in the peripheral zone, can
appear similar to cancer on DWI scans [52].

Dynamic Contrast-Enhanced Imaging (DCE):

Dynamic contrast-enhanced MRI of the prostate highlights tissue vasculariza-
tion by capturing the enhancement that occurs after injecting an MR contrast
agent. DCE-MRI is particularly useful for detecting local cancer recurrences, such
as after radiotherapy or radical prostatectomy. In patients who have not received
prior treatment, DCE-MRI (Figure 4, bottom row) can help identify potential
cases of prostatitis and is valuable for clarifying uncertain findings in the periph-
eral zone [50].

Spectroscopy: MR spectroscopy is occasionally included in prostate mp-MRI
protocols, depending on specific institutional or regional guidelines. It is partic-
ularly useful for evaluating the malignancy risk of a region of interest Region of
Interest (ROI). However, its use is mostly limited to research settings, as acquiring

and analyzing spectroscopy data is a complex and time-consuming process [43].

2.3 PI-RADS score

With the introduction of mp-MRI into the diagnostic and management process for
prostate cancer, there was a need for a standardized method and terminology to
consistently interpret mp-MRI findings in clinical practice. To address this, the
Prostate Imaging-Reporting and Data System (PI-RADS) was created in 2013 to
standardize the evaluation of prostate MRI [53], with updates released in 2015
(PI-RADS v2) and 2019 (PI-RADS v2.1) [11]. The most recent update intro-
duced a sectoral map of the prostate (Figure 2.7), refined the scoring system to
address earlier conceptual inconsistencies, and reduced the role of DCE imaging to
a secondary classification function, behind T2W and DW sequences [43] [55]. The
PI-RADS v2 scoring system can be summarized as follows (Figure 2.7): Different
imaging sequences are obtained, and a score between 1 and 5 is assigned based on
various factors such as the homogeneity and encapsulation of the detected lesion.

The reference sequence and its contribution to the overall evaluation depend on
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whether the lesion is located in the transition zone or the peripheral zone of the

prostate.

PI-RADS
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Figure 2.7: PI-RADS v2 chart for assigning a category and evaluating the grade of the
case.
Available at:
v2-1

https:/ /radiologyassistant.nl/abdomen/prostate/prostate-cancer-pi-rads-

Figure 2.8 illustrates how to determine the PI-RADS score of lesions in different

zones, considering factors such as shape, size, and other characteristics.
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Figure 2.8: Determining the PI-RADS score of the lesion in the peripheral zone and
T7Z, based on the lesion’s appearance.

Available at:  https://radiologyassistant.nl/abdomen/prostate/prostate-cancer-pi-rads-
v2-1

2.4 Prostate biopsy and Gleason scoring

Biopsy remains the only non-surgical method for confirming a prostate cancer
diagnosis. However, due to the potential for sampling error, a negative biopsy
does not completely rule out the presence of cancer. The NICE guidelines in the
UK recommend MRI-guided biopsy for lesions with a Likert score of 3 or higher,
and suggest skipping the biopsy for patients with mpMRI results scored as Likert 1
or 2 [56]. In contrast, PI-RADS v2.1 advises MRI-guided biopsy for lesions scored
as PI-RADS 4 or 5, recommends skipping the biopsy for lesions scored PI-RADS 1

or 2, and suggests using additional clinical information to decide whether to biopsy
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lesions scored as PI-RADS 3 [52].

MRI-guided biopsies are usually done under local anesthesia. Another method
is transperineal template prostate-mapping (TTPM) biopsy, which is typically per-
formed under general anesthesia. This technique involves taking multiple samples
from several sites using a grid system, with around 20 different areas sampled and
two or three cores taken from each. TTPM biopsy is known for its accuracy, as
it eliminates the image bias found in MRI-guided biopsies and reduces the sam-
pling errors seen in random or systematic transrectal ultrasound-guided biopsies.
However, TTPM biopsy has a higher risk of side effects because it requires general
anesthesia [57]. As a result, it is not used routinely in clinical practice but is often
included in clinical trials involving mpMRI to provide a reliable reference standard
[58].

A GS is assigned to tissue samples obtained from a biopsy to assess the aggres-
siveness of prostate cancer through microscopic examination [59]. Gleason grades
range from 1 to 5, with grade 5 representing the most aggressive tumor cells. By
convention, the two most common patterns seen across all biopsy samples from a
tumor are assigned grades. The GS is the sum of these two grades. For example,
a GS of 3 + 4 means that most of the cancer cells are grade 3, and a smaller
proportion are grade 4, resulting in a total score of 7. Gleason scores typically
range from 6 (3 + 3) to 10 (5 + 5) for prostate cancer. Additionally, Epstein
et al. [60] introduced a categorization into Gleason Grade Groups with specific
histopathological definitions:

e Group 1 (Gleason score < 6): Only individual, discrete, well-formed glands.

e Group 2 (Gleason score 3 + 4 = 7): Mainly well-formed glands with a smaller
portion of poorly-formed, fused, or cribriform glands.

e Group 3 (Gleason score 4 + 3 = 7): Mainly poorly-formed, fused, or cribri-
form glands with a smaller portion of well-formed glands.

e Group 4 (Gleason score 4 + 4 =8,3 + 5 =8, 5 + 3 = 8): Only poorly-
formed, fused, or cribriform glands, or predominantly well-formed glands with a
lesser portion of glands lacking or predominantly lacking glands, with a lesser

amount of well-formed glands.
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e Group 5 (Gleason scores 9-10): No gland formation (or with necrosis), with

or without poorly-formed, fused, or cribriform glands.

2.5 Radiomic Features in Medical Imaging and

the PyRadiomics Package

Radiomics is an emerging field that aims to convert standard medical images into
high-dimensional quantitative data that can be analyzed to uncover disease char-
acteristics not visible to the human eye. By extracting a large number of features
from medical images, radiomics provides a bridge between imaging and personal-
ized medicine, offering the potential to improve diagnosis, prognosis, and evalua-
tion of treatment response [61].

Radiomic features can generally be divided into several categories. First-order
statistical features describe the distribution of voxel intensities within the region
of interest, such as mean, variance, skewness, and kurtosis. Shape features capture
the geometric properties of lesions, including volume, surface area, and sphericity.
Texture features quantify spatial relationships between voxels and provide infor-
mation about heterogeneity within the lesion. These are derived from statistical
matrices such as the Gray Level Co-occurrence Matrix (GLCM), Gray Level Run
Length Matrix (GLRLM), and Gray Level Size Zone Matrix (GLSZM) [62] [63].

In addition, higher-order features can be obtained by applying image filters
(e.g., wavelet, Laplacian of Gaussian) to highlight specific image patterns and
enhance discriminatory power [64].

To ensure standardization and reproducibility in radiomic feature extraction,
the Image Biomarker Standardization Initiative (IBSI) has proposed detailed guide-
lines for feature definitions [63]. One of the most widely used open-source tools
that adheres to these standards is the PyRadiomics package.

PyRadiomics is a Python-based software developed to provide a standardized
and reproducible framework for radiomic feature extraction from medical images
[65]. It supports a wide range of imaging modalities, including CT, MRI, and PET,

and allows feature computation from both 2D and 3D segmentation. PyRadiomics
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extracts hundreds of features across multiple classes, including first-order, shape-
based, and texture features, and it offers options for preprocessing steps such as
resampling, normalization, and discretization, which are critical for harmonizing
data across scanners and protocols. The package also integrates with the 3D
Slicer platform, enabling user-friendly workflows for researchers without extensive
programming expertise.

The flexibility of PyRadiomics makes it particularly suitable for both research
and clinical applications. It can be integrated into machine learning Machine
Learning (ML) pipelines for predictive modeling and has been applied in numerous
oncological studies, including those focused on prostate cancer, lung cancer, and
brain tumors [62] [66]. By providing a robust and reproducible tool for quantitative
image analysis, PyRadiomics plays a central role in the advancement of radiomics

toward clinical translation.

2.6 Machine Learning in Radiology

Al has recently made significant progress in perception, which is the interpreta-
tion of sensory information, enabling machines to better understand and process
complex data. This progress has resulted in major advancements in areas such
as web search, self-driving vehicles, natural language processing, and computer
vision, tasks that were previously only possible for humans. DL, a subset of ML
based on a neural network structure inspired by the human brain, allows machines
to automatically learn discriminative features from data, enabling them to model
complex nonlinear relationships. While earlier Al methods often resulted in per-
formance below human capabilities, recent DL algorithms have been able to match
or even exceed human performance in specific tasks [67] [68] [69] [70].

This progress is largely due to advances in Al research, the vast amounts of dig-
ital data available for training algorithms, and the development of powerful com-
putational hardware. DL techniques have even managed to outperform humans in
the strategy game Go, an achievement that was once thought to be decades away

due to the game’s complexity and vast number of possible moves [71]. Looking
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ahead, researchers predict that Al will automate many tasks, including translat-
ing languages, writing best-selling books, and performing surgery, all within the
next few decades [72]. In healthcare, Al is increasingly becoming an essential part
of various applications, such as drug discovery, remote patient monitoring, medi-
cal diagnostics and imaging, risk management, wearables, virtual assistants, and
hospital management [73].

In radiology, physicians undergo extensive specialized training to analyze med-
ical images and report findings to detect, characterize, and monitor diseases. This
assessment often relies on experience, which, despite years of training, can some-
times be subjective. In contrast, Al algorithms can identify complex patterns
in imaging data and automate certain tasks or assessments, reducing the level
of subjectivity (depending on the quality of the training data). Moreover, when
properly implemented and integrated into the clinical workflow, AI can enhance

the reproducibility of results, serving as a valuable tool to support physicians [73].

2.7 Deep Learning for Medical Imaging

There are mainly two types of Al approaches commonly used in radiology today:
traditional ML and DL. The first approach focuses on extracting handcrafted fea-
tures, which are mathematically defined (like image texture), and can be quantified
automatically or semi-automatically by software [74]. This process is typically fol-
lowed by a feature selection step and an ML algorithm [75]. While these extracted
features are considered useful for the tasks at hand, they often depend on expert
definitions, which limit their effectiveness. As a result, the features may not al-
ways represent the most optimal way to quantify the task. Additionally, these
features are usually "static,” meaning they are specific to a particular imaging
modality and cannot easily adapt or achieve the same level of success with differ-
ent modalities that have varying signal-to-noise characteristics [73]. DL methods
can automatically learn feature representations without the need for human expert
intervention. Due to their data-driven nature, DL can extract more general and

informative features. It also eliminates manual steps, such as defining a region
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of interest, which typically involves experts manually delineating diseased tissues
[76]. With enough data, DL is robust to variations like inter-reader variability,
which can occur among experts. DL algorithms have achieved remarkable success
in various healthcare applications, with a growing number of software products
gaining approval from the U.S. Food & Drug Administration (FDA) [77]. Unlike
traditional ML, DL can follow a process similar to that of radiologists, identifying
parameters and features as it analyzes data, assessing their relevance, and making
clinical decisions based on these factors. When comparing DL models to ML-based
methods, several studies have shown significant improvements with DL techniques
(78] [79]. Additionally, DL typically has a faster development time, relying on
curated data instead of domain expertise to extract useful features. In contrast,
ML methods have largely plateaued in terms of performance in recent years and
often fail to meet the minimum requirements for clinical application, resulting in

few systems transitioning to routine clinical use [80].

2.8 Applications of Deep Learning for Imaging
and Clinical Data Analysis in Prostate Can-

cer

Reading radiographic images, like MRIs, involves recognizing intricate patterns, a
task that computers can be trained to perform efficiently, consistently, and quickly.
DL presents an alternative to traditional human-based analysis for various prostate
cancer imaging applications. These applications can be divided into two categories:
low-level processing methods and high-level image analysis. Low-level processing
focuses on basic image tasks, such as pixel classification, segmentation, and regis-

tration.

2.8.1 Classification

Classification is one of the fundamental tasks in Al and ML, where the goal is

to assign data samples into predefined categories based on learned patterns and
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features. In this process, algorithms learn from labeled datasets to recognize dis-
tinguishing characteristics and apply this knowledge to predict the class of new,
unseen data [81]. Such techniques are widely applied across domains, including
natural language processing, computer vision, and bioinformatics, where accurate
categorization is essential for decision-making.

In the medical domain, classification has emerged as a powerful tool for analyz-
ing complex data, particularly in medical imaging, where it supports the differen-
tiation of healthy and pathological tissues, the grading of disease severity, and the
prediction of clinical outcomes [82]. In prostate cancer, classification is especially
important for distinguishing between benign and malignant lesions and for identi-
fying clinically significant prostate cancer. With the rise of DL, and particularly
convolutional neural networks Convolution Neural Networks (CNNs), classification
models have achieved high accuracy in analyzing mp-MRI scans by automatically
learning discriminative features without the need for manual feature engineering
[83].

Recent studies demonstrate that Al-driven classification can reach diagnostic
performance levels comparable to expert radiologists, with pooled sensitivities and
specificities above 0.80 for clinically significant prostate cancer detection [83]. Fur-
thermore, integrating imaging with clinical data such as prostate-specific antigen
levels, age, and biopsy history enhances the reliability of classification models, en-
abling a more comprehensive assessment of disease status [84]. These advances
highlight the clinical potential of classification in prostate cancer, not only for
assisting radiologists in routine diagnosis but also for reducing variability in inter-

pretation and improving personalized patient care.

2.8.2 Segmentation

Segmentation is a crucial task in medical imaging, involving the delineation of
structures, organs, and lesions within medical images. Numerous methods have
been developed for both automatic and interactive segmentation of these im-

ages [82]. Prostate segmentation and the precise identification of the deformable
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prostate capsule are essential for various applications, including radiation treat-
ment planning, volume measurements, fusion-targeted biopsies, and monitoring
prostate disease progression over time [85].

The zonal segmentation of the prostate, which involves the distinct identifica-
tion of the peripheral zone and central gland, is also essential in clinical practice.
This segmentation plays a key role in the location of prostate cancer and the plan-
ning of surgeries [86], as well as in standardizing the calculation of PSAD [87]. In
addition, calculating the volumes of the prostate zones helps to understand urinary
obstructive symptoms [88] better.

Prostate zonal segmentation has traditionally been done manually by radiol-
ogists on T2W imaging. However, this manual approach is both time-consuming
and prone to variation between observers [89]. Automating prostate zonal segmen-
tation is quite challenging for a few key reasons. First, the prostate itself can vary
a lot in shape and internal structure, and it often has low contrast compared to
nearby tissues, making it hard to clearly define the different zones. On top of that,
it’s tricky to ensure these automated methods work well across different hospitals
or imaging centers because of the wide range of technical differences in how MRIs
are taken; things like signal strength, scanning protocols, equipment models, and
coil setups can all affect how the images look [90].

Accurate segmentation of the prostate and its lesions is vital for the accu-
rate diagnosis and effective treatment planning of prostate cancer, as it allows for
precise localization and detailed characterization of cancerous tissue [91].

Also, manual tumor segmentation is a time-consuming process that depends
largely on the radiologist’s skill, which has driven extensive research into auto-
mated segmentation techniques to improve both speed and consistency [92].

Recent progress in DL has significantly improved segmentation in bpMRI, mak-
ing it more accurate and efficient for clinical use. convolution neural networks,
particularly models like U-Net [93], have become central to semantic segmentation
tasks in medical imaging. Numerous adaptations of the U-Net have been devel-
oped for use in this field. Thanks to their ability to learn hierarchical features

directly from data, DL methods have shown strong performance in automatically

35



segmenting the prostate and cancerous lesions in MRI scans [94].

2.8.3 Ensemble learning

Ensemble learning is a powerful framework in ML, offering considerable advantages
across different domains. It involves multiple individual models working together
simultaneously, with their outputs combined using a specific decision fusion strat-
egy to deliver a unified solution for a given problem [95].

The fundamental idea behind ensemble learning is that the collective general-
ization ability of an ensemble usually exceeds that of a single model. Over the
years, researchers have explored why ensemble methods tend to outperform indi-
vidual models [96]. Technically, ensemble learning involves two main processes:
training several weak learners and strategically merging these learners to create a
more robust model [40]. To form an effective ensemble model, various selection
strategies have been developed to identify the best component models [97]. Below,
we outline some common strategies used in ensemble learning:

1. Average: This method computes the average of outputs from various classi-
fiers, selecting the class associated with the highest average value. It is often used
when the output from each classifier is numerical.

2. Weighted Average: Unlike simple averaging, this approach assigns weights
to individual classifiers’ outputs based on their importance, aiming to reduce errors
in the ensemble’s output, typically derived from an error correlation matrix.

3. Nash Vote: In this strategy, each classifier assigns a score between zero
and one for each potential output, which contributes to the final decision-making
process.

4. Dynamically Weighted Average: Here, the weights adjust dynamically ac-
cording to the confidence levels of each classifier’s outputs.

5. Weighted Average with Data-Dependent Weights: This variation calculates
different weights for each partition of the input space, determined using techniques
like the FSL algorithm.

6. Majority Vote: Each classifier votes for the class with the highest output,

and the class receiving the most votes is selected as the final class.
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7. Winner Takes All (WTA): This method selects the class with the highest
output from all classifiers as the final class.

8. Bayesian Combination: This probabilistic method estimates the likelihood
that a sample belongs to a specific class based on belief values.

These strategies enable ensemble learning to effectively combine the outputs
of multiple classifiers, thereby enhancing performance [98]. Ensemble learning has
proven to be highly effective in segmenting anatomical structures from medical
images, improving the accuracy and robustness of segmentation models. In this
study, we employed average ensemble learning using three U-Net-based models,
Att-R-Net, Vanilla-Net, and V-Net, for prostate anatomical segmentation. Each
network was trained using 5-fold cross-validation, resulting in 15 models in total.
An average ensemble model was then created from these 15 models to predict
prostate zones in the validation dataset. Detailed descriptions of these U-Net-

based network architectures are provided in the following sections.

2.9 Data Handling and Model Validation Tech-
niques

Proper data handling and validation are essential to ensure the robustness and
generalizability of ML models in medical imaging. In this thesis, we employed
several key techniques to enhance model performance. Data augmentation was
applied to artificially increase dataset diversity and reduce overfitting, particularly
important given the limited availability of annotated prostate MRI data. K-fold
cross-validation was used to provide a reliable estimate of model performance by
systematically training and testing across multiple subsets of the dataset, min-
imizing bias from data partitioning. Additionally, MRI normalization methods
were implemented to standardize image intensities across patients and scanners,

ensuring consistent input for DL models and improving comparability of results.
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2.9.1 Data Augmentation

Data augmentation is a vital technique in medical image analysis, addressing chal-
lenges like limited datasets and class imbalances. By applying transformations
such as rotations, flips, and translations, we can synthetically increase dataset di-
versity, enhancing model generalization and robustness. This is particularly crucial
in medical imaging, where acquiring large, annotated datasets is often constrained
by privacy concerns and resource limitations. Recent studies have demonstrated
the effectiveness of data augmentation in improving DL model performance across
various medical imaging tasks. For instance, a study by Cirillo et al. [99] evaluated
the impact of different augmentation techniques, including rotation, flipping, crop-
ping, and translation, on prostate DWI data. The findings indicated that these
augmentations significantly enhanced the accuracy of convolution neural networks
in detecting prostate cancer. In our prostate lesion segmentation project, we em-
ployed data augmentation techniques such as rotation, horizontal flipping, and
translation. These augmentations were applied to both zonal segmentation and

lesion segmentation tasks, aiming to improve model robustness and accuracy.

2.9.2 K-fold cross-validation

K-fold cross-validation is a widely used resampling technique in ML and medical
image analysis, particularly valuable when working with limited datasets. In this
approach, the dataset is divided into k equally sized folds. The model is trained
on k-1 folds and validated on the remaining one, repeating this process k times so
that each fold serves once as the validation set (Figure 2.9). The final performance
is averaged over all folds, offering a more stable and unbiased estimate compared
to a single train-test split. This method is especially beneficial in medical imaging
applications, where data scarcity and class imbalance are common challenges. It
enables the efficient use of all available data for both training and evaluation,
reduces variance in performance estimates, and provides a more accurate indication
of the generalizability of the model to unseen data. According to a study in

Medical Image Analysis, cross-validation not only enhances model evaluation but
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also contributes to selecting robust models for clinical tasks [100]. In our prostate
lesion segmentation project, we applied 5-fold cross-validation for both the zonal
and lesion segmentation tasks. This allowed the model to be trained and validated
on diverse subsets of data, improving its robustness and reducing overfitting. For
the final evaluation on the test set, we averaged the predictions from the five

models trained during cross-validation to obtain a more consistent and accurate

result.
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Figure 2.9: The mechanism of 5-fold cross-validation.
Image  obtained  from  hitps://python.plainenglish.io/cross-validation-in-machine-
learning-enhancing-model-performance-with-confidence-39402f6ca60f

2.9.3 MRIs Normalization

MRI intensity normalization is a critical preprocessing step in medical imaging,
aimed at reducing variability in image intensities caused by differences in scanner
hardware, acquisition protocols, and patient-specific factors [101]. This process
enhances the reliability of subsequent analyses such as segmentation, registration,
and radiomic feature extraction [102]. There are several normalization methods
that were used for different sequences of mp-MRI in previous studies. In our
research, we applied Min-Max normalization for ADC and T2W images and Z-

score normalization for DWI images.
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Min-Max Normalization

Min-Max normalization is a commonly used technique that scales intensity values
to a fixed range, typically [0, 1], preserving the relationships between the original
values while reducing the influence of intensity outliers.

Let x be the original voxel intensity, X, and X,,.x be the minimum and
maximum intensity values within the image volume, respectively. The normalized

intensity 2’ is computed as:

.77/ o X - Xmin
B Xmax - Xmin
This method is especially suitable for MRI modalities such as ADC and T2W,

where absolute intensity values are meaningful and bounded [103].

Z-Score Normalization

Z-score normalization, as standard score normalization, centers the data by sub-
tracting the mean and scales it by the standard deviation, resulting in a distribu-
tion with a mean of 0 and a standard deviation of 1. This technique is effective
for harmonizing intensities across subjects and scanners, especially in high-b-value
DWI, where signal variability is pronounced.

Let X be a voxel intensity, u be the mean, and o be the standard deviation of

the voxel intensities within the image volume. The normalized 2’ is:

/:X_M

o

X

This approach was applied to the DWI images to account for their typically

broad integral range and variable contrast properties [102].
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2.10 Evaluation Metrics for Segmentation and

Classification

2.10.1 Segmentation Metrics

For segmentation performance, we employed the DSC and IoU, which quantify the
overlap between predicted and ground truth masks.

The DSC is defined as:
2|PNG|

[Pl +1G|
where P is the set of predicted pixels and G is the set of ground truth pixels. DSC

DSC = (2.1)

ranges from 0 to 1, with 1 indicating perfect overlap.

The IoU, also known as the Jaccard Index, is:

IPAG

TIoU =
YT PUC

(2.2)

IoU also ranges from 0 to 1 and provides a complementary measure of segmentation

accuracy.

2.10.2 Classification Metrics

For classification, we used metrics derived from the confusion matrix: true positives
(TP), true negatives (TN), false positives (FP), and false negatives (FN).
e Accuracy: Overall proportion of correctly classified samples.

TP+TN
TP+TN+ FP+FN

Accuracy = (2.3)
e Precision: Proportion of correctly predicted positive cases among all pre-
dicted positives.
TP

Precision = ———— 24
recision = s (2.4)

e Recall (Sensitivity): Proportion of correctly predicted positive cases among
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all actual positives.

TP
l=—"— 2.
Reca TPLFN (2.5)

e Fl-score: Harmonic mean of precision and recall, balancing false positives

and false negatives.

Fl— 9« Precision - Recall (2.6)

Precision + Recall

e Area Under the ROC Curve (AUC): Measures the ability of the clas-
sifier to discriminate between classes across all thresholds, with 1 indicating

perfect discrimination.

e Matthews Correlation Coefficient (MCC): Accounts for all four con-

fusion matrix categories and is especially useful for imbalanced datasets.

TPxTN —FP x FN
MCC = (2.7)
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

These metrics together provide a comprehensive evaluation of both segmenta-
tion quality and classification performance, capturing overlap accuracy, predictive

reliability, and robustness to class imbalance.

2.11 Software and Hardware

2.11.1 3D Slicer

3D Slicer is a widely adopted open-source software platform designed to analyze
and visualize medical images. It offers robust automated and interactive segmen-
tation tools, image registration, and volume rendering. Additionally, 3D Slicer
is extensively used in research related to image-guided therapy, supporting both
clinical and experimental workflows [104].

In this study, the ground truth segmentation masks for the MRI dataset, includ-
ing T2W, ADC, and DWI modalities, were manually generated using 3D Slicer, an
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open-source software platform for medical image informatics and image processing.
3D Slicer offers a comprehensive suite of tools for multi-modal image visualization,
manual and semi-automatic segmentation, and volumetric analysis, making it par-
ticularly suitable for research applications in radiology. The software’s support for
DICOM formats and multi-planar image navigation allowed precise delineation of
the region of interest across all imaging modalities. All segmentation tasks were
performed using the “Segment Editor” module in 3D Slicer, enabling accurate and
consistent creation of ground truth masks that served as the reference standard
for subsequent analysis and model evaluation [104].

Furthermore, as part of this study, we developed a custom 3D Slicer extension
for zonal segmentation, leveraging the platform’s integrated Extension Wizard.
This plugin was specifically designed to assist in the delineation of anatomical
zones within the prostate, streamlining and automating aspects of the segmenta-
tion workflow within the 3D Slicer environment, and improving consistency across

cases.

2.11.2 Python

The majority of the implementation work in this thesis was conducted using the
Python programming language, chosen for its extensive ecosystem and strong sup-
port for scientific computing and ML. Development primarily relied on a variety of
widely used libraries and frameworks, including NumPy [105] for numerical compu-
tations, Matplotlib [106] for data visualization, TensorFlow (with its high-level API
Keras) [107] for building and training DL models, and SimpleITK [108] for med-
ical image processing and manipulation. All Python development was performed
within the Spyder integrated development environment (IDE), which provided a
user-friendly interface for writing, debugging, and testing the code efficiently. In
addition to TensorFlow, PyTorch [109] was also employed for implementing certain
DL architectures. Specifically, networks such as nnU-Net and You Only Look Once
You Only Look Once (YOLO) for segmentation tasks were developed using the
PyTorch framework due to its flexibility and dynamic computation graph, which

are particularly beneficial for research and rapid prototyping.
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2.11.3 Hardware

All experiments were conducted on a high-performance workstation equipped with
two NVIDIA GeForce RTX 2080 GPUs, each with 11 GB of dedicated VRAM. The
system included 16 GB of DDR4 RAM operating at 2933 MT /s and was powered
by an AMD Ryzen Threadripper 2950X 16-core processor with 32 logical CPUs
(threads). This setup provided sufficient computational resources for training and

evaluating DL models efficiently.
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Chapter 3

State of the Art

The literature review in this thesis is structured to provide a comprehensive
overview of prior research relevant to the four major components of our work.
The first section focuses on prostate zonal segmentation, reviewing traditional
and DL-based approaches for delineating the peripheral, transition, and central
zones of the prostate on mpMRI. This is followed by an examination of studies
on prostate lesion segmentation, where automated methods have been proposed
to localize and quantify suspicious regions, highlighting their role in supporting
biopsy targeting and treatment planning. The third section explores research on
PI-RADS prediction, summarizing advances in Al techniques aimed at standard-
izing lesion evaluation and improving consistency across radiologists. Finally, the
review discusses prior work on prostate cancer detection, particularly studies that
integrate imaging features with clinical data to distinguish between malignant and
benign findings. Together, these four parts not only summarize the state of the
art but also identify the limitations and gaps that motivate the contributions of

this thesis.

3.1 Prostate Zonal Segmentation

Study [110] evaluated various DL models for prostate segmentation using 3T T2W
MRI scans from 204 patients in the PROSTATEx dataset. Manual annotations
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of different prostate zones by four operators were used to train the U-Net, ENet,
and ERF-Net architectures. Among these, ENet delivered the highest accuracy,
achieving Dice similarity coefficients of 91% for the whole gland, 87% for the
transition zone, and 71% for the peripheral zone. While U-net and ERF-Net
performed slightly less accurately, ENet also demonstrated the shortest training
and inference times, highlighting the effectiveness of DL, particularly ENet, for
segmenting the prostate in T2W images.

A BASC-Net model was developed in [111] to automatically segment prostate
zones in MRI, aiming to enhance prostate cancer diagnosis by accurately delineat-
ing the peripheral zone and central gland. Its architecture integrates a Semantic
Clustering Attention (SCA) module for extracting features and generating atten-
tion maps, along with a Boundary-Aware Contrastive (BAC) loss function that
strengthens feature similarity within the same zone while differentiating between
zones. When evaluated on the NCI-ISBI 2013 Challenge and Prostatel58 datasets,
BASC-Net outperformed nine other existing methods. It achieved Dice similarity
coefficients of 79.9% for the peripheral zone and 88.6% for the central gland on
the NCI-ISBI dataset, and 80.5% for the peripheral zone and 89.2% for the central
gland on Prostatel58.

An ensemble-based approach was introduced to address both anatomical prostate
zone segmentation and the detection of pathologically suspicious regions. This
method incorporates pre-training into the standard nnU-Net framework and in-
troduces a modified loss function designed to handle variability in expert anno-
tations. The anatomical segmentation model achieved strong performance, with
Dice similarity coefficients of 0.915 for the entire prostate gland, 0.865 for the
transition zone, and 0.736 for the peripheral zone, highlighting the effectiveness of
this enhanced framework [112].

A 3D U-Net model was designed to perform automatic segmentation of prostate
anatomy using MRI data from 223 patients, comprising an internal cohort of 93
cases and two external datasets: ETDpub (n = 141) and ETDpri (n = 59). The
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model’s accuracy was assessed using Dice similarity coefficients Dice Similarity Co-
efficients (DSC), 95th percentile Hausdorff distance (95HD), and average bound-
ary distance (ABD), and its results were compared to those of a junior radiologist.
For the central gland, the DSCs were 0.909, 0.889, and 0.869 across the respec-
tive datasets, while for the peripheral zone, scores were 0.844, 0.755, and 0.764.
Notably, the model outperformed the radiologist in peripheral zone segmentation,
achieving a DSC of 0.769 compared to 0.706, and also demonstrated superior per-
formance in volume estimation. The study identified central gland volume and
MRI vendor as key factors affecting segmentation quality [113].

A new model known as convolution coupled Transformer U-Net (CCT-Unet)
was proposed in [114] for prostate segmentation, aiming to leverage the comple-
mentary strengths of convolution neural networks and Transformer-based archi-
tectures. While Transformers are effective in capturing global context, they often
lack sensitivity to local variations, particularly in small prostate MRI datasets. To
address this, CCT-Unet incorporates a convolutional embedding block to retain
edge information and a convolutional Transformer block to enhance local feature
extraction. Experimental results on the ProstateX and Huashan datasets demon-
strated that CCT-Unet outperformed existing models, achieving Dice similarity
coefficients of 80.39% for the peripheral zone and 87.49% for the transition zone.

Using a diverse dataset of 243 T2W prostate MRI scans collected from seven
countries and acquired on ten scanners from three different vendors, a U-Net-based
segmentation model was developed with deep supervision and a cyclical learning
rate strategy, as described by the authors in [115]. Manual annotations of the
central gland-transition zone (central zone-transition zone), peripheral zone, and
seminal vesicles (SV) were provided by two experienced radiologists to serve as
ground truth. The model was evaluated on 120 test cases, achieving Dice similarity
coefficients of 0.88 4+ 0.01 for the entire prostate gland, 0.85 + 0.02 for the central
zone-transition zone, and 0.72 4+ 0.02 for both the peripheral zone and SV. DSC
values above 0.7 were considered indicative of accurate segmentation.

An automated ML approach was proposed for prostate segmentation using

MRI, featuring a novel two-stage architecture known as Green Learning (GL). In
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this method, the first stage segments the entire prostate gland, while the second
focuses on identifying the transition zone and peripheral zone. The study, detailed
in [116], included a cohort of 119 men undergoing prostate MRI and biopsy, with
manual annotations provided by experienced radiologists. The model was trained
on 95 MRI scans, comprising a total of 19,992 T2W images. It achieved mean Dice
scores of 0.85 for the whole prostate, 0.81 for the transition zone, and 0.62 for the
peripheral zone. In terms of volume estimation, Pearson correlation coeflicients
were 0.92, 0.93, and 0.62, respectively, all statistically significant (p < 0.01). In
addition to strong performance, the study also introduced a web-based interface
allowing clinicians to refine segmentation results efficiently.

A segmentation framework named PPZ-SegNet, based on a 2D-3D convolution
neural networks ensemble, was introduced to automatically delineate the prostate
gland and peripheral zone in T2W MRI scans. As reported by the authors in [117],
the model was developed and optimized using Bayesian hyperparameter tuning and
trained on 150 cases. It leveraged data from four public datasets—including Train
1, Test 1 (from the same patient cohort), and the independent Test 2, Test 3, and
Test 4. While anatomical annotations were manually performed by a radiologist
for most datasets, Test 4 employed existing ground truth labels. The final model
was evaluated on 283 unseen T2W MRI cases from The Cancer Imaging Archives
without additional tuning. Evaluation metrics included the DSC and Hausdorff
distance, with the model achieving average Dice scores of 0.86, 0.79, 0.81, and 0.62
across the respective test sets.

Dense U-Net, a novel architecture that integrates principles from DenseNet
and U-Net, was proposed to enhance automatic segmentation of the prostate and
its anatomical zones. Trained on axial T2W MRI scans from 141 patients and
evaluated on a separate test set of 47 patients, this network showed robust perfor-
mance, even when trained with somewhat imprecise labels. According to findings
reported by the authors in [118], Dense-2 U-Net outperformed the standard U-Net
model, achieving an average Dice score of 92.1% for the entire prostate compared
to 90.7% with U-Net, and 78.1% for the peripheral zone, highlighting its improved
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accuracy in zonal segmentation. An advanced segmentation technique was devel-
oped to delineate the whole prostate gland (WG), central gland, and peripheral
zone using both ADC and T2W MRI sequences. As outlined in the work by [119],
the framework utilized two separate models, each composed of two U-Net archi-
tectures, trained on data from 225 patients. When evaluated on the test set, the
method achieved excellent Dice similarity coefficients: 95.33% for WG, 93.75% for
the central gland, and 86.78% for the peripheral zone using T2W images. With
ADC images, the Dice scores were slightly lower but still strong, reaching 92.09%
for WG, 89.89% for the central gland, and 86.1% for the peripheral zone.

3.2 Prostate Lesion Segmentation

A study by the authors in [94] focused on segmenting prostate lesions using a total
of 140 MRI scans, split evenly between the ProstateX dataset and Prostatel58.
These cases included both lesion-present and lesion-free examples. They proposed
a two-step method: first, identifying the prostate region, then detecting lesions
within it. Their model, a hybrid architecture called a dual-pyramid network,
blends convolution neural networks with a tokenized multilayer perceptron Mul-
tilayer Perceptron (MLP) to better capture features at multiple scales. With the
help of attention mechanisms, their approach improved segmentation performance,
reaching a Dice score of 56.31 + 22.77 and an Intersection over Union Intersection
over Union (IoU) of 44.82 + 20.45 on T2W images.

The researchers introduced a smart Adaptive Window Adjustment (AWA)
module that can fine-tune window settings depending on the image type and the
task at hand. According to [120], they also took a deep dive into comparing
loss functions for prostate segmentation and found that the Boundary Difference
over Union (DoU) Loss outperformed others, especially in 3D scenarios. Their
approach doesn’t stop there; they also designed a cascaded segmentation method
that leverages the anatomical layout to improve lesion detection. By combining
T2W and ADC images, their multi-stage model was able to segment both the
prostate and tumor regions. In tests using Prostatel58, ProstateX, and PI-CAI
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datasets, they reported mean Dice scores of 48.56 and 49.03, respectively, using
5-fold cross-validation, pointing to the reliability of their framework.

A well-structured model was presented to improve lesion segmentation in prostate
MRI, combining three powerful components: SE-Net, Cascade Pyramid Convolu-
tion, and an Attention Gate. These elements work together to boost feature extrac-
tion. To further refine the segmentation results, the model also includes multi-scale
convolutions and a convolution-based edge detection block. It was tested on 390
MRI scans from Guizhou Provincial People’s Hospital, and it performed impres-
sively, achieving a DSC of 86.3 + 0.027, showing strong generalization capabilities
even during external validation [121].

In [92], the authors introduced a two-stage framework called NaMa (Neighbor-
aware Multi-modal Adaptive learning network) aimed at segmenting prostate tu-
mors using anisotropic multi-modal MRI data. At the heart of their approach are
two key components: the Modality-Informative Adaptive Learning (MIAL) mod-
ule, which smartly fuses information from different MRI modalities, and the Ac-
tivation Mapping Guidance (AMG) module, which helps refine inter-slice feature
consistency. To further strengthen feature learning, they used a random masking
technique during training. Their method reached a Dice score of 63.76% on their
internal dataset and 59.01% on the PI-CAI dataset, showing promising results in
cross-dataset performance.

A cascaded two-step SegResNet model was introduced for prostate lesion seg-
mentation in bpMRI. The first stage locates the region of interest, and the second
uses T2W, DWI, and ADC to segment the lesion. Trained on the PI-CAI 2022
dataset, the approach, as reported in [122], outperformed the standard SegResNet,
with Dice scores of 0.5334 on PI-CAI 2022, 0.4221 on Prostate-158, and 0.3588 on
PSU-mpMRI, showing good external generalization.

Lisa C. Adams et al. introduced a U-ResNets model for segmenting prostate
cancer lesions using the Prostatel58 dataset. The model’s performance was mea-
sured using the Dice score, reaching 45% in lesion segmentation [123].

A U-Net model was developed to segment prostate lesions, reaching a Dice

score of 77% for accuracy. The study, as described in [124], used data from 149
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patients (mean age 69.2, range 47-84), split into 80% for training and 20% for
internal validation.

In [125], the authors developed an advanced segmentation network combining
a cascading pyramid convolution module (CPCM) and a double-input channel
attention module (DCAM) to automatically segment prostate cancer lesions from
mp-MRI scans. Tested on the [2CVB dataset, their model achieved a Dice score
of 79% for lesion delineation.

The study in [126] used the I2CVB dataset to segment prostate cancer lesions.
They applied a deep convolutional encoder-decoder model that segmented the
prostate, anatomical structures, and malignant lesions, achieving an IoU score of
67% for cancer segmentation.

A new 3D cascaded scoring convolution neural network was developed to auto-
matically segment both the prostate and lesions from MRI images. This network
works by first identifying the region of interest, then detecting the object within
that region of interest, and finally defining the target area. The method was eval-
uated in a retrospective study with 77 patients who had MRI scans. The results
showed the network achieved a Dice score of 69% for lesion segmentation [127].

A study trained and evaluated a mask region-based convolution neural net-
work for segmenting the prostate gland and lesions. It involved two groups: 78
patients from public datasets (cohort 1) and 42 patients from the authors’ insti-
tution (cohort 2). The model reached a Dice score of 62% for lesion segmentation
[128].

In [129], an FCN was trained on 152 MRI scans to segment prostate lesions.
The network achieved a Dice score of 41%.

An experiment used a semi-supervised method combined with a support vector
machine Support Vector Machine (SVM) classifier on multispectral MRI data,
testing different feature vectors for segmentation. The study, as reported in [130],
used 16 MRIs including T2 maps and ADC images and achieved a Dice score of
58% for lesion segmentation, showing improved localization accuracy.

A new method for segmenting prostate cancer in multispectral MR images was

introduced using fuzzy Markov random fields (fuzzy MRFs). The model was tested
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on 11 MRIs and achieved a Dice score of 62% for lesion segmentation [131].

A non-local Mask R-convolution neural network was improved using different
training strategies, and its performance was assessed in a retrospective study of
262 prostate bp-MRI scans. As detailed in [132], the model was compared with
baseline Mask R-convolution neural network, 3D U-Net, and manual radiologist
annotations using metrics like detection rate, DSC, sensitivity, and Hausdorff Dis-
tance. The data was split into three cohorts: 64 patients with histopathology
(Cohort 1), 158 with bp-MRI (Cohort 2), and 40 for semi-supervised learning
(Cohort 3). The enhanced model achieved the highest DSC of 60%.

In [133], the researchers presented SAM-UNETR, a new method for segment-
ing clinically significant prostate cancer in MRI scans. The model integrates a
transformer-based encoder adapted from the Segment Anything Model (SAM),
trained on 11 million images, with a UNETR-style residual-convolution decoder.
The study used two datasets, Prostatel58 and the PI-CAI Challenge set, each
bringing distinct strengths. SAM-UNETR reached a Dice score of 48% in predict-
ing prostate cancer regions.

This study applied advanced DL techniques to create a framework for mp-MRI
image segmentation and classification. It followed a two-stage process: first, a
U-Net was used to segment the region of interest, and then an LSTM network
classified those regions as cancerous or not. The models were trained using the
[2CVB dataset and evaluated through comparisons with prior experimental setups.
The approach reached a Dice score of 67% for lesion segmentation, reflecting strong
performance [134].

A transparent DL model was designed to interpret convolution neural network
predictions in prostate tumor segmentation. The model relies on a U-Net archi-
tecture, trained on multi-parametric MRI scans from 122 patients. In [135], the
authors report that the convolution neural network effectively segmented both the
prostate gland and tumor lesions, achieving an average DSC of 62% for the gland
and 31% for the tumors.

In [136], researchers assessed a cascaded DL algorithm for identifying and seg-

menting prostate lesions on biparametric magnetic resonance imaging biparametric
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magnetic resonance imaging (bp-MRI). The model, trained and evaluated on 658
patients with 1,029 visible lesions, followed a two-step detection and segmentation
strategy. Compared to histopathology and radiologist assessments, it achieved a
lesion-level DSC of 0.29. While the sensitivity was moderate, the findings empha-
size the potential role of Al in supporting prostate cancer diagnosis.

To enhance prostate cancer segmentation on mpMRI, the authors in [137] in-
troduced Matt-Unet, a model that extends Attention-Unet by adding multiscale
modules and a composite loss function. They incorporated both background con-
text and prostate gland masks into the process. Using a dataset of 232 patients
who had mpMRI followed by biopsy, Matt-Unet outperformed the standard U-Net,
reaching a DSC of 0.7215 and an accuracy of 0.8899, compared to the U-Net’s
0.6592 DSC and 0.8601 accuracy.

In [138], a novel AI framework was proposed for prostate cancer lesion segmen-
tation and PI-RADS grading using mp-MRI. The framework includes a Lesion-
guided Selective Multi-modal Integration (LeSMI) module, which applies Cross
Modality Attention (CMA) and Localized Lesion Attention (LLA) to adaptively
integrate key information across and within imaging modalities. Evaluated on
Prostatel58 and PI-CAI Challenge datasets, the model achieved DSCs of 0.5130
and 0.4381, respectively, and showed improved PI-RADS grading compared to
existing approaches.

Thipkasorn et al. [122] proposed a cascaded DL approach using two SegResNet
models for prostate cancer lesion segmentation in bp-MRI. The first model local-
izes the prostate, and the second segments lesions. Trained on PI-CAI 2022 and
validated on Prostate-158 and PSU-mpMRI, it achieved DSCs of 0.5334, 0.4221,
and 0.3588, respectively, outperforming a single SegResNet and showing good gen-
eralizability.

In [139], the authors used ADC MRI maps to segment dominant index lesions
in prostate cancer with DL. Six models were tested on three datasets. On the
internal dataset (156 lesions, 125 patients), MRRN-DS achieved DSC 0.60, out-
performing FPSnet (0.51) and FPSnet-SL (0.54). On ProstateX (299 lesions, 204
patients), MRRN-DS scored 0.54 vs. ResUnet (0.44). On a third dataset (10
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lesions), MRRN-DS got 0.45, while FPSnet and FPSnet-SL dropped to 0.06 and
0.24. MRRN-DS showed consistent performance and strong generalizability.

A 3D U-Net model was enhanced by integrating PSAD and patient age using
feature-wise transformations (FWTs), allowing clinical biomarkers to influence
latent representations and potentially improve segmentation accuracy of prostate
cancer lesions on bi-parametric MRI. When evaluated on 214 annotated cases from
the PI-CAIT challenge dataset, the model reached a mean DSC of 0.36 [140].

A dual-branch, attention-driven multi-scale learning network was developed to
automatically segment prostate tumors using mp-MRI data, encompassing T2W,
DWI, and DCE sequences. Evaluated on 116 male pelvic magnetic resonance
imaging cases, the model achieved a Dice score of 84. 39% for the segmentation
of the lesion, demonstrating strong and consistent performance [141].

In [142], a 3D convolutional network incorporating visual and multi-scale at-
tention mechanisms (3D DAG-Net) was employed for segmenting prostate lesions
in MRI scans. The study utilized a dataset of 786 DWI MRI images. The model
reached a Dice Similarity Coefficient of 92.28% for the prostate and 88.73% for
lesion segmentation, emphasizing the effectiveness of dual attention strategies in
enhancing segmentation accuracy.

A SegNet-based approach applied to the PROSTATEx dataset achieved Dice
scores of 90.45% for the transition zone, 70.04% for the peripheral zone, and 52.73%
for segmenting prostate cancer lesions. These findings illustrate the ability of
various networks to effectively segment prostate cancer lesions from multi-sequence
MRI, underscoring the potential of Al-driven tools in advancing prostate cancer
management [143].

AutoProstate [144] used a DL pipeline for prostate lesion segmentation on
MRI, trained on PROSTATEx (204 exams) and PICTURE (249 exams). It em-
ployed a clinically significant prostate cancer segmenter with test-time augmen-
tation, dropout, and ensembling. The model achieved a mean DSC of 0.46, a
median of 0.58, and a range of 0.00-0.90. Its sensitivity matched expert radiol-
ogists, though with more false positives, showing promise for clinical support in

prostate cancer assessment.
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The study [145] utilized a cascaded Res-UNet for fully automated segmentation
of clinically significant prostate cancer on MRI. Trained and tested on 347 patients
(235 with csPCa) using T2W and ADC images, the model achieved a mean DSC
of 0.64 + 0.24 with bp-MRI and 0.66 + 0.23 using ADC alone. It segmented the
whole prostate, zones, and clinically significant prostate cancer lesions.

Shiri et al. [146] applied AT for prostate lesion segmentation on T2W MRI using
data from 400 patients across 8 centers. Their two-stage DL model combined a
modified 3D U-Net and a Dual Attention 2D U-Net, trained with the Federated
Averaging (FedAvg) algorithm. On a 30% test set, the federated model achieved a
Dice of 0.84 + 0.05 and Jaccard of 0.72 + 0.08, outperforming center-based models
(Dice 0.77 + 0.06, Jaccard 0.63 £ 0.09).

Authors in [147] proposed a three-stage cascaded model combining 3D U-Net
and 3D ResNet architectures for prostate segmentation, lesion detection, and PI-
RADS classification. The model was trained and evaluated on 1,247 scans (1,043
in-house and 204 from ProstateX), achieving a lesion segmentation DSC of 0.385,
detection sensitivity of 71.65%, and PI-RADS classification accuracy of 30.8%.

3.3 PI-RADS Prediction

Sciarra et al. [148] extracted 609 PyRadiomics texture features from mp-MRI of
90 prostate lesions to perform multiclass classification across PI-RADS 1-5. After
two feature selection steps, they applied Naive Bayes (120 feature subset) and
Random Forest (52 feature subset) classifiers, achieving top AUCs of 0.7442 and
0.7394, respectively. This demonstrates the feasibility of using radiomics across all
PI-RADS scores using standard clinical MRI protocols.

The study [149] built a DL model to sort prostate lesions into PI-RADS cat-
egories 2 to 5 using mp-MRI scans (T2W, DWI, ADC) from 687 patients. On a
slice level, the Al matched the radiologists’ scores 58% of the time, and the same
percentage held for lesion-based comparison, with a moderate agreement (kappa
= 0.40). The best match was for PI-RADS 5 (80%), while the weakest was for
PI-RADS 2 (6%). The model often upgrades lesions, especially those labeled as
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PI-RADS 3. When a +1 category difference was allowed, the accuracy jumped to
86%, showing that the model can be a helpful support tool but not a complete
replacement for radiologists.

Winkel et al. [150] developed a DL algorithm to automatically classify prostate
lesions (PI-RADS 1-5) using bi-parametric MRI (T2W and DWI/ADC) in 121
patients. Compared with five radiologists, the Al achieved an AUROC of 0.828
for detecting clinically significant cancer (Gleason > 7), performing better than
less experienced readers but below an expert (0.914). At PI-RADS > 4, it reached
76.7% sensitivity and 85.9% specificity. While matching average clinical perfor-
mance, it did not reduce variability between readers.

In [151], 252 lesions from 188 patients were analyzed using bi-parametric MRI
(T2W and ADC). The study aimed to refine PI-RADS classification by using mean
ADC (mADC) and radiomic features. Lesions rated PI-RADS 3-5 were sometimes
downgraded, and PI-RADS 1-2 were upgraded based on quantitative thresholds.
The “Down(ADC)” approach increased specificity (39.2% — 56.7%) with a small
drop in sensitivity, while radiomic-based methods performed similarly, improving
PI-RADS assessment without full ML models.

Radiomic features from T2W and ADC MRI, combined with clinical data,
were used to improve the detection of clinically significant prostate cancer (Glea-
son > 7) in PI-RADS 4-5 lesions. ML models trained on 111 lesions from 99
patients (71% significant) achieved 79% accuracy, with approximately 79% sensi-
tivity and 80% specificity. For peripheral zone lesions, accuracy rose to 84% and
sensitivity to 86%, showing that combining radiomics with clinical data boosts
performance [152].

The study [153] explored using MRI radiomics combined with ML to en-
hance PI-RADS v2 in detecting clinically significant prostate cancer. MRI scans
from multiple patients, including T2W, DWI, and ADC sequences, were ana-
lyzed. The model classified lesions as clinically significant (PI-RADS 4-5) or non-
significant /benign (PI-RADS 1-3). The combined approach achieved an AUC of
0.85, with 83% sensitivity and 78% specificity, showing improved diagnostic accu-
racy compared to PI-RADS v2 alone.
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In a retrospective study of 203 patients (141 for training, 62 for validation),
radiomic features were extracted from T2W, DWI, ADC, and DCE MRI using
PyRadiomics [154]. A ML-based Rad-score was created and combined with PI-
RADS v2.1. This combined model outperformed PI-RADS alone in detecting
prostate cancer, with AUCs of 0.989 vs. 0.905 for training and 0.931 vs. 0.845 for
validation. It also improved sensitivity (92.3% to 79.4%) and specificity (98.4% to
96.4%), particularly for PI-RADS 3 and peripheral zone lesions. Adding prostate-
specific antigen did not enhance performance. Radiomics helped overcome the
limitations of PI-RADS in terms of specificity and lesion stratification.

In a multicenter study, Zhu et al. [155] evaluated 1,186 lesions from 927 pa-
tients to predict clinically significant prostate cancer using radiomics. A logistic
regression model classified lesions as PI-RADS 3-5. The radiomics model achieved
AUCs of 0.85 (training), 0.87 (internal test), and 0.83-0.85 (external validation),
with accuracy between 75.5% and 81.4% and sensitivities up to 89.2%. LASSO was
used for feature selection, and radiomics features were combined with radiologist-
assigned PI-RADS scores. The approach improved the detection of clinically sig-
nificant cancer, particularly for PI-RADS 3 lesions, highlighting its potential for
clinical application.

In the study [156], 615 patients were categorized into clinically significant
(grade group > 2) and non-significant /benign lesions using a deep radiomics ap-
proach combining nnU-Net segmentation with an XGBoost classifier. The model
reached a patient-level AUROC of 0.91, with 90% sensitivity and 73% specificity,
similar to PI-RADS > 3 (AUROC 0.94). However, lesion-level sensitivity was
lower (68% vs. 84% for PI-RADS). These findings indicate that deep radiomics
could support PI-RADS but is not yet ready to replace it in clinical practice.

In a study of 102 patients with PI-RADS 3 and upgraded PI-RADS 4 lesions,
a radiomics approach using mp-MRI was applied. Features extracted from T2W
and ADC images were analyzed with a random forest classifier to identify clinically
significant prostate cancer (Gleason score > 7) versus non-significant cases. The
model reached an AUC of 0.82, outperforming PI-RADS alone in lesion stratifica-

tion. Preprocessing and feature selection were used to improve accuracy, targeting
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better classification specifically for PI-RADS 3 and 4 lesions [157].

The study [158] created a semi-automated ML system to score PI-RADS v2.1
using mp-MRI from 59 patients (PI-RADS 2:18, 3:10, 4:16, 5:15). Two approaches
were tested: multiclass classification across PI-RADS 2-5 and binary classification
separating low-risk (2+43) from high-risk (445) lesions. The system combined
prostate segmentation, 3D co-registration, and lesion region of interest extraction
with classifiers such as LDA, linear Support Vector Machine, and Gaussian Support
Vector Machine. The multiclass model achieved 88.0% + 0.98% accuracy and an
AUC of 0.94, while the binary classifier performed better, with 93.2% + 2.1%
accuracy and an AUC of 0.99.

The study [159] evaluated a commercial deep learning Al for automated PI-
RADS v2.1 scoring and lesion detection using mp-MRI from 91 patients across
three centers. For clinically significant prostate cancer (PI — RADS > 4 ), the
Al achieved 81% sensitivity and 78% specificity at the lesion level, comparable to
radiologists’ performance (90% sensitivity, 70% specificity). The approach utilized
a convolution neural network trained on large datasets for lesion segmentation and
classification.

mp-MRI from 346 patients was used to create a DL ensemble model com-
bining ResNet and DenseNet for classifying (clinically significant prostate cancer,
PI — RADS > 4) versus non-significant cases (PI-RADS < 3). Individually,
ResNet reached 87% accuracy and DenseNet 85%, while the ensemble improved
performance to 89% accuracy, achieving 91% sensitivity and 87% specificity [160].

In a study of 453 patients with prostate-specific antigen 4-10 ng/mL, combin-
ing PI-RADS v2.1 scores and PSAD improved the detection of clinically signif-
icant prostate cancer. Both factors were independent predictors, and a logistic
regression model achieved an AUC of 0.935, with better sensitivity and specificity
than either alone. Low-risk patients (PI-RADS < 2 or PI-RADS 3 with PSAD
< 0.33 ng/mL/mL ) had minimal clinically significant prostate cancer detection,
suggesting biopsies could be avoided [161].

The study [162] evaluated 287 PI-RADS 3 lesions using logistic regression,

Support Vector Machine, XGBoost, and random forest classifiers to distinguish
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clinically significant prostate cancer from non-significant or benign lesions. The
random forest model performed best, achieving an AUC of 0.832 (internal) and
0.688 (external), with 87% sensitivity and 50% specificity. Integrating clinical and
imaging features helped minimize unnecessary biopsies.

A radiomics-based ML model was developed using 107 features from T2W
MRI to classify clinically significant prostate cancer versus non-significant lesions
in equivocal PI-RADS 3 cases. A random forest classifier achieved an AUC of 0.76,
outperforming prostate-specific antigen density (AUC 0.61) and prostate volume
(AUC 0.62), enhancing diagnostic accuracy for clinically significant prostate cancer
stratification in PI-RADS 3 lesions [163].

3.4 Prostate Cancer Detection

Taguelmimt et al. [164] developed a bimodal DL model combining bp-MRI with
clinical data (prostate-specific antigen, prostate volume, age) for prostate cancer
detection. They used a convolution neural network architecture with uncertainty
quantification to evaluate prediction confidence. The dataset included bpMRI
and clinical data, though the exact size was not reported. Their model achieved
an AUC of 0.8240.03 and sensitivity of 0.7340.04, outperforming unimodal ap-
proaches. This study highlights the benefit of integrating clinical information and
uncertainty measures to improve MRI-based prostate cancer detection reliability.

In [165], a self-adapting DL model using 3D nnU-Net was developed to classify
clinically significant prostate cancer versus non-cancer regions on bp-MRI (T2W,
ADC, high-b DWI). The network incorporates probabilistic prostate masks and
anatomical priors to focus on relevant regions. It was trained on 1,500 multi-center
MRI scans and tested on 1,036 in-house scans. The model achieved an AUROC
of 0.888-0.889 in validation/testing and 0.886 in independent data.

The study [166] aims to evaluate different convolution neural network models
for prostate cancer classification using a dataset of 400 prostate MRI images. The
ResNet50 DL model was employed for feature extraction and classification. The

performance of ResNet50 was compared with other convolution neural network
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architectures such as VGG16 and VGG19. The results showed that ResNet50 out-
performed the other models in terms of sensitivity, specificity, and overall accuracy.
Specifically, ResNet50 achieved a classification accuracy of 99.64%, demonstrating
its effectiveness for prostate cancer detection.

A computer-aided diagnosis model was developed for prostate cancer classifica-
tion using multi-parametric MRI (mpMRI). The approach combined a ResNet50
deep neural network for feature extraction with a random forest classifier. Us-
ing a dataset of 400 prostate MRI images, the model achieved 99.64% accuracy,
outperforming other convolution neural network architectures such as VGG16 and
VGG19 in sensitivity, specificity, and overall classification [167].

Litjens et al. [168] developed a cascaded classification framework using a Sup-
port Vector Machine to distinguish prostate cancer from benign confounders on
multi-parametric MRI. The study included 31 prostatectomy patients with voxel-
wise annotations from 3T mpMRI registered to histopathology. Features were
derived from T2W, diffusion, and dynamic contrast-enhanced sequences. The cas-
caded Support Vector Machine achieved an accuracy of 0.76, outperforming the
conventional single-shot classifier.

A deep transfer learning (DTL)-based model was developed to classify prostate
cancer lesions using 3T multi-parametric MRI. The study utilized 169 lesions from
110 patients, with whole-mount histopathology as the reference standard. The
DTL model achieved an area under the curve Area Under the Curve (AUC) of
0.726, outperforming a DL model without transfer learning (AUC 0.687) and the
PI-RADS v2 score (AUC 0.711) in distinguishing clinically significant from indolent
prostate cancer lesions [169].

Wang et al. [170] developed a multi-input convolutional neural network (MISN)
to classify clinically significant and clinically insignificant (CiS) prostate cancer
using mp-MRI. The study utilized a dataset comprising 650 cases from a single
center (400 training, 100 validation, 150 internal test) and 100 cases from three
external centers for testing. The MISN model achieved an accuracy of 82.5% in
distinguishing clinically significant from CiS prostate cancer. To optimize perfor-

mance, a pruning strategy was employed to select the most informative sequences
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for classification in specific prostate zones.

Authors in [171] evaluated ML models for classifying prostate MRI lesions as
cancerous or non-cancerous using single- and multi-institutional datasets. The
study used 112 lesions from the ProstateX-2 dataset and 63 lesions from a lo-
cal institutional dataset, totaling 175 mpMRI lesions. Models trained on single-
institution data achieved AUCs ranging from 0.82 to 0.98 on their respective
datasets. Performance dropped (AUC decreased 0.23-0.50) when tested on data
from a different institution. Models trained on combined datasets achieved AUCs
from 0.83 to 0.99, demonstrating improved generalizability.

The study [172] aimed to improve prostate cancer diagnosis using ML on MRI
images. A dataset of 738 healthy and 3,514 cancerous prostate images was an-
alyzed. DL models VGG16, VGG19, ResNet50, and ResNet50V2 were used for
feature extraction, followed by Random Forest classification. Classification results
showed accuracies of 98.56% (VGG16), 99.64% (VGG19), 99.52% (ResNet50),
and 99.41% (ResNet50V2). Overall, VGG19 achieved the highest performance,
demonstrating the effectiveness of transfer learning for prostate cancer detection.

The PROSTATEx Challenge dataset includes mpMRI scans from 346 patients
with clinically significant and CiS prostate cancer lesions. For each patient, nine
MRI sequences were used: T2W in three planes (T2T, T2C, T2S), DWI with b-
values of 0, 400, 800, and 1400, ADC maps, and DCE-derived Ktrans images. The
dataset was divided into training (204 patients, 330 lesions) and test (142 patients,
208 lesions) sets, covering the peripheral zone, transition zone, and anterior stroma
(AS) zones. DL-based feature extraction combined with ML classification achieved
an overall AUC of 0.87, with zone-specific AUCs of transition zone: 0.96, peripheral
zone: 0.80, and AS: 0.85 [173].

In order to improve prostate cancer detection in MRI images, [174] proposed
an ensemble DL approach combining 3D convolution neural network, ResNet, and
Inception models using a soft voting strategy. The method was evaluated on the
SPIE-AAPM-NCI PROSTATEx dataset. It achieved an accuracy of 91.3%, a
sensitivity of 90.2%, a specificity of 92.1%, a precision of 89.8%, and an F1l-score

of 90.0%, demonstrating strong diagnostic performance.
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The study [175] proposed a 3D Efficient CapsNet model that integrates 3D
Convolution neural network modules, primary capsule layers, and fully connected
capsule layers, combined with a dynamic weighted margin loss to address class
imbalance. The dataset included 976 patients with T2W prostate MRI images
from The Cancer Imaging Archive. The model was evaluated across different
stratifications, including low + medium versus high risk, low versus high, medium
versus high, and low versus medium risk groups. The results showed an AUC of
0.79 and an F1-score of 0.75 for low + medium versus high risk, an AUC of 0.83
and an Fl-score of 0.64 for low versus high, an AUC of 0.75 and an Fl-score of
0.69 for medium versus high, and an AUC of 0.59 and an F1-score of 0.57 for low
versus medium.

The authors in [176] developed a computer-aided diagnostic (CAD) system
for prostate cancer detection. It used 300 mp-MRI images and applied denoising
filters, segmentation via Particle Swarm Optimization (PSO), and feature extrac-
tion. For classification, support vector machine, multilayer perceptron, and LDA
were employed. The system achieved an accuracy of 92.5%, and the PSO-based
segmentation improved the accuracy by 7.8%.

A hybrid DL model was developed to classify prostate cancer as benign or
malignant using 620 MRI images (440 for training, 180 for testing) with 256 x
256 pixels. On the ISUP Grade-wise Dataset, MobileNet achieved 88.91% accu-
racy and 89.22% precision, while on the Transverse Plane Dataset, MobileNet and
ResNet152 reached 100% accuracy and precision. For segmentation, the PANDA
dataset with U-Net achieved 98.46% accuracy and an AUC of 0.9778, demonstrat-
ing the model’s effectiveness [177].

3.5 Existing Gaps and Contributions

Despite the impressive performance of existing deep learning methods for prostate
zonal segmentation, several limitations remain. Most models achieve high accuracy
for the whole gland and central zone, but segmentation of the peripheral zone is still

challenging, especially in smaller or heterogeneous datasets. Differences in MRI
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acquisition protocols, scanner vendors, and annotation quality can affect model
generalization, and some advanced architectures require extensive computational
resources or large amounts of data, limiting their applicability in routine clinical
practice.

Furthermore, in many studies, the discussion of limitations is embedded within
the description of each method, making it difficult to clearly identify the remaining
gaps. Factors such as robustness, reproducibility across centers, and efficiency are
not consistently addressed, which leaves room for further improvement.

In our study, we addressed some of these gaps by demonstrating that effective
segmentation can be achieved even with smaller datasets. By employing innovative
model architectures and training strategies, our framework achieves competitive
performance for both central gland and peripheral zone segmentation. This not
only reinforces the feasibility of obtaining high-quality results with limited data
but also provides a foundation for ongoing research into practical and reliable
prostate imaging solutions.

Automated segmentation of prostate lesions has seen substantial progress with
deep learning techniques, yet accurately delineating lesions remains more challeng-
ing than zonal segmentation. Many recent approaches, including dual-pyramid
networks, cascaded U-Nets, attention-based models, and transformer-enhanced
frameworks, have demonstrated promising Dice scores ranging from approximately
0.36 to 0.92 depending on the dataset and lesion characteristics. Multi-stage strate-
gies that first localize the prostate and then segment lesions, as well as methods
incorporating multi-modal MRI (T2W, ADC, DWI) and attention mechanisms,
have further improved detection of clinically significant tumors. These studies
highlight the potential of Al to support radiologists in identifying subtle lesions
and standardizing assessments across datasets.

Despite these advancements, several limitations persist. Segmentation perfor-
mance tends to decline for low-conspicuity, lower-risk PI-RADS 3 lesions, under-
scoring the sensitivity of models to lesion characteristics and dataset composition.

Many models rely on relatively modest datasets, limiting generalizability, and
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multi-input networks may require further optimization to fully exploit comple-
mentary MRI sequences. Moreover, some architectures focus on single-modality
input, such as ADC, which can restrict the ability to capture spatiotemporal or
multi-parametric information.

In our study, we addressed these gaps by carefully selecting imaging sequences
and leveraging temporal modeling with Bi-ConvLSTM, demonstrating that even
ADC-based inputs can provide strong discriminative power when combined with
appropriate network design. Our findings indicate that thoughtful integration of
multi-input networks and spatiotemporal modeling can improve automated lesion
segmentation, while highlighting that careful handling of multi-modal information
is necessary to prevent performance degradation. Overall, this work emphasizes
the importance of dataset composition, sequence selection, and model architecture
in advancing reliable prostate lesion segmentation, supporting future research and
potential clinical translation.

Accurate prediction of PI-RADS categories is crucial for guiding prostate can-
cer diagnosis, yet it remains a challenging task due to the subtle and overlapping
imaging characteristics of intermediate-risk lesions. Numerous studies have ex-
plored both radiomics and deep learning approaches to automate PI-RADS clas-
sification, leveraging features from T2W, ADC, and DWI sequences, sometimes
combined with clinical variables. These methods achieve promising results for
high-risk lesions (PI-RADS 4-5), often reaching AUCs above 0.85 and sensitivity
above 80%, demonstrating the potential of Al to support radiologists in stratifying
clinically significant cancers. Ensemble models, multi-modal feature integration,
and advanced classifiers such as Random Forest, XGBoost, and deep neural net-
works further enhance performance, particularly in challenging cases like PI-RADS
3 lesions.

Despite these advances, several limitations persist. Intermediate categories
(PI-RADS 3) remain difficult to classify accurately, due to ambiguous imaging
features that overlap with both low- and high-risk lesions. Many studies also
rely on relatively modest datasets, which may reduce model generalizability across

patient populations and imaging centers. Additionally, some approaches do not
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fully exploit the complementary information across multiple MRI sequences or
integrate clinical features, limiting their clinical robustness.

In our work, we addressed these gaps by combining radiomic features from mul-
tiple MRI sequences with ensemble learning techniques, improving classification
performance for high-risk lesions while highlighting the particular challenges of
PI-RADS 3. Although our dataset size was limited, the study demonstrates that
careful feature selection, multi-sequence integration, and ensemble modeling can
enhance PI-RADS prediction. These findings emphasize the need for continued re-
finement of feature extraction, model training, and clinical data incorporation to
achieve robust, clinically applicable performance, particularly for intermediate-risk
lesions.

Automated prostate cancer detection using MRI has progressed rapidly, with
recent studies demonstrating strong performance using deep learning, transfer
learning, and hybrid machine learning approaches. Models based on convolutional
neural networks, ensemble strategies, and multi-input architectures have achieved
high accuracy and AUC values, particularly when combining mp-MRI sequences
with clinical information such as PSA, prostate volume, and patient age. These
findings confirm the potential of Al-based systems to support prostate cancer di-
agnosis and reduce inter-reader variability, especially for distinguishing clinically
significant from insignificant disease.

However, several limitations remain evident across existing approaches. Many
studies rely on slice-based analysis rather than full volumetric information, which
may overlook spatial heterogeneity and multifocal tumor patterns. Image down-
sampling and aggressive preprocessing, while computationally efficient, can remove
fine morphological details critical for detecting subtle lesions. Generalizability
also remains a concern, as a large proportion of models are trained on single-
center datasets and evaluated without robust external validation. Furthermore, in
many cases, ground truth labels are derived from radiologist assessments or biopsy
results rather than whole-mount histopathology, introducing a degree of diagnostic

uncertainty.
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In our work, these limitations were explicitly considered. The slice-based de-
sign simplifies the workflow but does not fully capture the three-dimensional nature
of prostate cancer, and the use of reduced image resolution may limit sensitivity
to subtle findings. Additionally, training on single-center data and reliance on
PI-RADS-based labels may restrict generalization. These observations point to
clear directions for future research, including the use of multi-slice or full-volume
inputs, higher-resolution imaging, automated lesion localization, and multi-center
datasets. As larger and more diverse data become available, integrating 3D ar-
chitectures, attention mechanisms, or transformer-based models could further en-

hance robustness and clinical applicability.
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Chapter 4

Materials and Methods

The Materials and Methods chapter of this thesis provides a detailed description
of the datasets, computational models, and implementation strategies employed
in each of the four stages of this project. For each stage, prostate zonal segmenta-
tion, prostate lesion segmentation, PI-RADS prediction, and real prostate cancer
detection, the corresponding dataset is described, including acquisition parame-
ters, preprocessing steps, and any clinical or imaging annotations. This is followed
by a discussion of the neural network architectures and ML models utilized for
each task, highlighting specific design choices, training procedures, and hyperpa-
rameter configurations. Finally, implementation details are presented, covering
aspects such as data splitting, training protocols, evaluation metrics, and software
and hardware environments. By organizing the chapter in this manner, the reader
gains a clear understanding of how the project was executed, how each stage builds
upon the previous one, and how methodological rigor was maintained throughout

the development of the Al-based prostate cancer diagnostic pipeline.

4.1 Prostate Zonal Segmentation

Prostate zonal segmentation is the process of delineating the anatomical zones of
the prostate gland, most commonly the peripheral zone, transition zone, central

zone, and anterior fibromuscular stroma, on magnetic resonance imaging (MRI).
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This task is clinically significant because prostate cancer occurrence, morphology,
and prognosis vary across zones, and many diagnostic systems, such as PI-RADS;,
explicitly depend on accurate identification of zonal anatomy. For example, cancer
in the peripheral zone is typically easier to detect, while those in the transition zone
present greater challenges due to heterogeneous background tissue. Accurate zonal
segmentation, therefore, provides essential information for cancer localization, risk
stratification, and treatment planning [11] [178].

With the advent of Al, particularly DL, automated prostate zonal segmen-
tation has gained significant attention. Traditional manual segmentation by ra-
diologists is time-consuming and prone to inter-observer variability, which limits
reproducibility in both clinical and research settings. Al-based approaches offer
the potential to provide fast, consistent, and accurate zonal delineation, which
is critical for computer-aided diagnosis, quantitative imaging biomarker extrac-
tion, and large-scale studies. Furthermore, robust automated zonal segmentation
is a foundational step for many downstream applications, such as prostate volume
estimation, therapy response monitoring, and integration into multi-parametric
diagnostic workflows [179] [168].

4.1.1 Data Acquisition

For zonal segmentation, we used the Prostatel58 dataset, which comprises 158
annotated multiparametric 3T prostate MRIs, including T2W and DW sequences,
as well as ADC maps. Magnetic resonance imaging was acquired with a Siemens
VIDA and Skyra 3T clinical scanner, following standardized protocols and guide-
lines, including B1 calibration. The T2W sequences had a slice thickness of 3 mm,
no inter-slice gap, and an in-plane resolution of 0.47 x 0.47 mm. The DWIs were
acquired similarly with a slice thickness of 3 mm and an in-plane resolution of
1.4 x 1.4 mm. ADC maps were generated with b values ranging from 50 to 1000
s/mm?3, with some values even reaching 1400 s/mm?, using pre-installed scanner
software (version VE11A). After acquisition and anonymization, the images were
stored on a local PACS and then transferred to an internal server. For segmenta-

tion, two experienced board-certified radiologists performed detailed pixel-by-pixel
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annotations of the central gland, peripheral zone, and prostate cancer lesions on
the axial T2W images using open-source ITK-Snap software (version 3.8.0) [123].
Of the 158 MRIs, 139 T2W sequences included zonal masks, which were used in

our analysis.

4.1.2 Neural Networks for Zonal Segmentation

In the study, we implemented three distinct approaches for zonal prostate seg-
mentation. The first approach involved using 5-fold cross-validation to train three
separate models: Att-R-Net, Vanilla-Net, and V-Net, resulting in a total of 15
unique models. We then applied average ensemble learning across these models to
improve the accuracy of prostate zonal segmentation.

The second approach was using the MetaNet [180] architecture, which had
not been applied to segmentation tasks before. This represents the first attempt
to utilize MetaNet for zonal prostate segmentation. We incorporated the models
from our ensemble learning approach and integrated them through MetaNet. The
best performing combinations of MetaNet models were identified based on their
performance in the validation set and then tested in the test set. MetaNet’s ability
to integrate models and enhance performance highlights its potential as a powerful
tool in medical imaging.

The third approach used YOLOvVS for detecting and segmenting prostate zones.
YOLOVS, one of the most advanced iterations of the YOLO family, is known
for its exceptional speed and accuracy in object detection. Its ability to process
images in real time makes it especially suited for medical imaging applications.
By employing YOLOvS, we aimed to boost the precision and efficiency of prostate
zonal segmentation, which could support faster analysis and potentially improve
clinical decision-making.

The following sections provide a more detailed explanation of these method-

ologies and the architectural design of the networks we developed.
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Ensemble of Deep Neural Networks for Prostate Zonal Segmentation

We implemented an ensemble approach for prostate zonal segmentation by com-
bining the predictions of three DL architectures: Attention-Res-U-Net, Vanilla-
Net, and V-Net. The ensemble uses a simple averaging strategy, where the final
segmentation is obtained by averaging the outputs of the individual networks.

In the following sections, we describe the architectures and key features of the
networks included in the ensemble.

Attention-Res-U-Net (Att-R-Net)

Att-R-Net is an advanced neural network architecture specifically designed for
medical image segmentation tasks. This model combines the advantages of Resid-
ual Blocks and Attention Gates to improve segmentation accuracy and robustness.
Residual Blocks help address the challenge of vanishing gradients in deep networks,
while Attention Gates enhance the model’s ability to focus on relevant areas of
the image. By incorporating these elements, Att-R-Net not only maintains high
resolution in its feature maps across different layers but also selectively highlights
important anatomical structures, minimizing the influence of irrelevant informa-
tion. This approach leads to more accurate and reliable segmentation results.
In the following, we provide further insight into how Residual Blocks and Atten-
tion Gates work: Residual Blocks: Researchers have suggested that increasing the
depth of neural networks can improve performance, but deeper networks often face
significant issues like vanishing gradients [181]. To solve this, He et al. [182] in-
troduced a deep residual learning framework that uses identity mapping, making
it easier to train deeper models. Alongside this, Ronneberger et al. developed
the UNet architecture, which combines features from multiple layers to enhance
segmentation performance. UNet has become a cornerstone in biomedical image
segmentation due to its ability to merge low-level and high-level features. Build-
ing on this, Zhang et al. [181] created ResUNet, a deeper version of UNet that
integrates the benefits of residual learning with UNet’s architecture [45]. Residual
blocks aid in training deeper networks by simplifying the process, and the model’s

skip connections allow efficient information flow without disrupting the network’s
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structure, leading to better performance in semantic segmentation tasks and re-
ducing the need for excessive parameters [181]. Attention Gates: Attention gates
are widely used in various fields, such as Natural Language Processing, image anal-
ysis, and knowledge graphs, and can be classified into two types: soft attention
and hard attention [183]. Hard attention methods, like cyclic region classifiers and
pruning, are typically non-differentiable and often rely on reinforcement learning
to adjust parameters, which can make training difficult [184]. In contrast, soft
attention methods are probabilistic and use standard backpropagation, which is
easier to train. For example, additive soft attention is employed in tasks like sen-
tence rephrasing, and recently in image classification [183]. In the deep layers of
the network, the feature representation becomes more comprehensive, but using
cascaded convolutions and nonlinear activation functions can lead to a loss of spa-
tial information in the high-level output maps [185]. This can make it harder to
reduce false detections, particularly for small lesions that vary greatly in size and

shape. Figure 4.1 illustrates the architecture of our proposed Att-R-Net.
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Figure 4.1: The architecture and details of the Att-R-Net neural network. (a) Overall
network, and (b) the Attention Block architecture. The Double Conv contains two con-
volution layers with ReLU activation, and the Gating Signal contains one convolution
layer with ReLU activation.
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Vanilla-Net

Vanilla-Net is distinguished by its minimalist approach to neural network ar-
chitecture. Unlike traditional models, it avoids deep layers, shortcuts, and complex
operations such as self-attention. This design focuses on simplicity and robustness,
with each layer optimized for compactness. To maintain its original structure,
nonlinear activation functions are removed after training. This minimalist design
effectively reduces the complexity typically associated with conventional networks,
making Vanilla-Net ideal for environments where resources are limited. Despite
its simplicity, the model delivers strong performance, performing on par with well-
established deep neural networks and vision transformers. This demonstrates the
potential of minimalism in DL. Vanilla-Net’s innovative approach could revolu-
tionize the field and challenge conventional models, setting a new benchmark for
elegant and efficient network design [186]. The architecture of Vanilla-Net is shown

in Figure 4.2.
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Figure 4.2: The architecture and details of the Vanilla-Net neural network

The get-crop-shape function plays an essential role in the U-Net architecture
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by ensuring proper alignment between the encoder and decoder feature maps dur-
ing the up-sampling process. It computes the necessary cropping dimensions by
comparing the spatial sizes of the feature map from the encoder with the refer-
ence map from the decoder. By correcting differences in width and height, the
function ensures the feature maps are aligned accurately during concatenation.
This alignment helps preserve spatial information, thereby improving the model’s
performance in segmentation tasks [93].

V-Net

V-Net, initially designed for 3D volumetric data segmentation, has demon-
strated considerable potential for adapting its architecture to 2D image segmen-
tation tasks. While it is primarily associated with medical imaging, the under-
lying principles of V-Net can be effectively applied to segment a wide range of
2D images, particularly those requiring precise boundary delineation. The V-Net
architecture is inspired by the well-known U-Net model, incorporating an encoder-
decoder structure with skip connections. These skip connections are essential for
preserving high-resolution features, which are crucial for achieving accurate seg-
mentation results [93]. In its original version, V-Net uses 3D convolutions tailored
for volumetric medical image segmentation [187]. However, by adapting it to 2D
convolutional layers, V-Net can now be applied to conventional image datasets,
efficiently capturing spatial hierarchies in 2D images. The model’s use of a Dice
coefficient-based loss function is especially beneficial for addressing class imbal-
ances, such as in tumor segmentation or small organ detection [188]. Furthermore,
V-Net’s architecture is optimized for fast training and inference, making it well-
suited for real-time applications. This efficiency, coupled with its strong perfor-
mance, enables V-Net to tackle a variety of 2D segmentation tasks. Its versatility
extends beyond medical imaging, making it suitable for applications like remote
sensing and autonomous driving, where it can be used to identify land cover types
in satellite images or segment objects in driving scenarios. The architecture of the

proposed V-Net neural network is illustrated in Figure 4.3.
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Figure 4.3: The architecture and details of the V-Net neural network, a) The overall
network, and b) the architecture of the V-Net Block.

Meta-Net

MetaNet, based on the Theory of Independent Judges (T1J), is applied to the field
of substance use and misuse. In the TIJ framework, each artificial neural network

Artificial Neural Network (ANN) acts as an expert judge for a specific problem,
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with its reliability determined by its performance during testing and validation.
For classification tasks involving one of N categories, each judge-artificial neural
network has different levels of reliability for different aspects of the problem, with
each aspect corresponding to one of the N input classes. This reliability is captured
in the Confusion Matrix (CM), which shows how well the network performed
during testing. According to TLJ, by combining the outputs of M judge-artificial
neural networks and their corresponding M Confusion Matrices, a MetaNet can be
created. The MetaNet takes the combined outputs from all M judges and produces
the N classes as its output. A weight matrix is formed through an algorithm
that processes the judges’ CMs, and signal propagation follows a cooperative and

competitive feed-forward process (see Figure 4.4) [189].

ANN 1 ANN 2 ANN 3 ANN4 ANNM
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MetaNet Output
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Figure 4.4: The structure of Meta-Net [189).

The purpose of MetaNet’s Weights Matrix is to establish the local credibility

of each judge about the classification task. For an artificial neural network to be
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included in the pool of MetaNet judges, it must demonstrate a performance his-
tory (curriculum) relevant to the specific problem. In this context, the Confusion
Matrix (CM), which compares correct classifications with predicted classifications
generated by each artificial neural network during the testing phase, serves as an
important curriculum. The CM of each judge-ANN is interpreted as shown in
Figure 4.5.
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Figure 4.5: Confusion Matrix of each judge-ANN

From which:

Successes (S) =

S (X = Xa)

Failed Blows (B) =

ZZZ;]l (Xij — Xui)

False Attributions (F') =
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Correct Eliminations (E) = —=

Beginning with the CM of each judge-artificial neural network, several methods
can be used to calculate the Weight Matrix for MetaNet [146]. In this study, the

weight matrix was calculated using the following formula:

B; F;
w;; = —log, S E.
71

In this formula, Sj represents the recall for class i (referred to as Successes in
[190]), while Bj is calculated as 1 minus S for class i (called Failed Blows). Ei

stands for the precision for class j (known as Correct Eliminations), and Fi is 1

minus E for class j (known as False Attributions). In earlier research, MetaNet
was used only for classification tasks, where each judge-artificial neural network
helped decide a single final label from a group of categories. However, in our study,
we expand MetaNet’s use to segmentation tasks, where the goal is to classify each
pixel separately instead of labeling the whole image. This changes the problem
from overall classification to making many small decisions at the pixel level, which
requires a more detailed way of measuring each model’s reliability. For this work,

we used a version of MetaNet called MetaBayes.

YOLO-v8 Architecture

YOLO was first introduced to computer vision in 2015 through a paper by Joseph
Redmon and colleagues called “You Only Look Once: Unified, Real-Time Object
Detection.” [191]. This approach changed object detection by treating it as a
simple regression task, where the system directly predicts bounding boxes and class
labels from image pixels. Its unified framework allowed it to detect multiple objects
at once with both high speed and accuracy. Since its release in 2016, the YOLO
family of models has evolved rapidly. While Joseph Redmon stopped working
on YOLO after version 3 [192], other researchers have continued to improve the
model, leading up to the most recent version, YOLOvV10, released in 2024 [193].
In this study, we used YOLOVS to segment the zones of the prostate. YOLOvS8
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was introduced in January 2023 by Ultralytics, the same team that developed
YOLOvV5. Although the official research paper is still pending, early tests show
that YOLOvVS8 outperforms its previous versions and sets a new benchmark in
the YOLO series [194]. YOLOVS8 has reached state-of-the-art performance by
upgrading its architecture, supporting both anchor-based and anchor-free methods,
and using extensive data augmentation techniques. It is capable of handling tasks
like object detection, instance segmentation, and image classification, making it
highly flexible for different applications. The model includes several improvements,
such as a redesigned structure, new handling of anchor boxes, and an updated loss
function, all of which contribute to better accuracy and faster performance in
segmentation tasks [195]. Figure 4.6 illustrates the architecture of the YOLOvS8

model.
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Figure 4.6: The diagram of the YOLOv8 network structure (figure by the authors)
illustrates that the CBS component consists of convolution, batch normalization, and
SiLu activation functions. Additionally, the SPPF is built from three tiers of Maxpooling
integrated with two CBS units, as in [1]

4.1.3 Implementation Details for Zonal Segmentation

The study presents three distinct methods for segmenting prostate zones (central
gland and peripheral zone) using T2W images. A total of 3,553 T2W slices from

139 patients were used, sourced from the publicly available Prostatel58 dataset.
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For model development and evaluation, the dataset was split into three subsets:
2,306 slices from 90 patients for training, 637 slices from 25 patients for validation,
and 610 slices from 24 patients for testing. To standardize image intensity across
the dataset, we applied a custom normalization technique based on intensity win-
dowing. Each image was loaded using SimpleITK, and its mean and standard
deviation were calculated. Pixel values were then rescaled to fall between one
standard deviation below and two standard deviations above the mean, with the
resulting range mapped to a 0-255 scale. This preprocessing step helped ensure
consistent contrast levels across images, improving the effectiveness of downstream
segmentation. The first segmentation method used an average ensemble of three
models: Att-R-Net, Vanilla-Net, and V-Net. These models were trained end-to-
end using the Adam optimizer, with the following hyperparameters: an initial
learning rate of 1 x 1074, 8; = 0.9, 3, = 0.999, and € = 1 x 1078, Training was
performed with a batch size of 8 for up to 300 epochs. Early stopping was applied
after 50 epochs without improvement in validation loss. Each input image was
resized to 144x144 pixels, and pixel intensities were normalized to zero mean and
unit variance. Data augmentation techniques were used during training to prevent
overfitting. Since the loss function plays a key role in how a neural network learns,
we carefully selected one suitable for segmentation tasks. For training, we used the
fixed focal loss, which is especially useful for handling class imbalance by down-
weighting well-classified examples and focusing learning on harder, misclassified

pixels. The formula for the fixed focal loss is provided below.

Lfocal (ytruca yprcd) = -« (1 - ptruo)fy 10g<ptruc + 6) - (1 - Oé) (pfalso>7 10%(1 — Ptalse + 6)

Where « is the balancing factor and is set to 0.25, v is the focusing parameter
and is set to 2, and € is a small constant added for numerical stability to avoid
taking the logarithm of zero.

In this formula, ye is the original mask and ypreq is the predicted mask ob-
tained from our models. Furthermore, piu. and peaee are defined based on the true

labels Y ue:
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If Ytrue = 17 Dtrue = Ypred, DPfalse = 1— Ypred-

If Ytrue = 07 Ptrue = 1- Ypred,  Pfalse = Ypred-

For the YOLO-based segmentation approach, we utilized the official GitHub
repository provided by Ultralytics [196]. To enable training, the ground truth
segmentation masks were converted into the “YOLO format,” which involves en-
coding object classes along with normalized bounding box coordinates and asso-
ciated segmentation data. We employed the YOLOv8-nano segmentation model,
a lightweight and efficient version tailored for high-speed inference with minimal
computational demand. Training was conducted using a batch size of 16, an image
resolution of 256x256 pixels, and a learning rate of 0.01. This configuration was
selected to balance training speed and performance while ensuring compatibility
with hardware limitations. The YOLO-v8 model’s compact design made it par-
ticularly well-suited for rapid deployment in clinical imaging environments where

both speed and accuracy are critical.

4.2 Prostate Lesion Segmentation

Accurate segmentation of prostate lesions on MRI is a crucial step in improving
the detection, diagnosis, and treatment planning of prostate cancer. Segmenta-
tion refers to delineating the boundaries of both the prostate gland and suspicious
lesion regions, or “intraprostatic lesions” (ILs), from MRI scans. This process
enables the quantification of lesion size, shape and location — key factors for as-
sessing risk (e.g. via PI-RADS or Gleason scores), guiding biopsies, and planning
interventions such as focal therapies or radiotherapy boost. Traditionally, lesion
segmentation has been done manually by radiologists, but this is time-consuming
and subject to inter-observer variability. DIL-based methods have been increas-
ingly used to automate segmentation from MRI, using architectures such as U-

Net, Mask R-convolution neural network, cascaded convolutional networks, and
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attention mechanisms, often with multimodal inputs like T2W images plus ADC
or DWI. For example, Dai et al. proposed a non-local Mask R-convolution neural
network approach that uses histopathological ground truth and showed improved
segmentation accuracy of ILs compared to baseline methods (Mask R-convolution
neural network, 3D U-Net) [132]. Another work by Ren et al. combined dense
blocks, attention mechanisms, and spatial pyramidal pooling to segment both the
prostate gland and lesion regions with high Dice and IoU scores [197].

Despite these advances, lesion segmentation remains challenging. Lesion bound-
aries can be ambiguous, particularly in the transition zone or for small lesions,
and MRI image quality varies across scanners, sequences, and patients. Also, the
ground truth for lesions is often limited (e.g., only certain slices or only the dom-
inant lesion) and can vary between experts, contributing to evaluation variability.
Studies show that even among radiologists, agreement (e.g., via Dice similarity)
for manual segmentations of lesions is moderate at best, which sets a realistic ceil-
ing for what automated methods can achieve [198]. Moreover, many published
models are trained on relatively small or institution-specific datasets, which can
limit generalizability. Because of this, robustness (cross-site performance), clar-
ity of how datasets are selected, and external validation are important factors to

consider when developing segmentation algorithms [9)].

4.2.1 Data Acquisition

In this study, a specialized dataset was created in-house by systematically collect-
ing and processing raw multi-parametric MRI scans. The final dataset includes
a total of 311 MRI cases, with 58 labeled as PI-RADS 3 and 253 as PI-RADS 4
or 5, by the PI-RADS criteria. The original imaging data were acquired at the
Department of Diagnostic Imaging and Stereotactic Radiosurgery at Centro Diag-
nostico Italiano S.p.A. (CDI), located on Via S. Saint Bon 20, Milan 20147, Italy.
This curated dataset provides a solid foundation for the development and evalua-
tion of ML models aimed at enhancing the detection and localization of clinically

significant prostate lesions.
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4.2.2 Proposed Neural Networks for Lesion Segmentation

This study investigated three DL models for segmenting prostate lesions: U-Net,
Dense U-Net, and Attention U-Net. Each architecture incorporates distinct de-
sign principles to better extract spatial and contextual information from mp-MRI
scans, aiming to enhance segmentation performance. The models were trained
using three key MRI sequences. To assess the impact of different input strategies,
two training approaches were employed: (1) training each model separately with
individual modalities (T2W, ADC, or DWI), and (2) applying a multi-branch or
multi-input framework based on U-Net, where all three sequences were integrated

and processed jointly, as illustrated in Figure 4.7.

Lesion Mask

Figure 4.7: The overall architecture of the multi-encoder U-Net-Shaped networks for
prostate lesion segmentation

As the original dataset included separate lesion masks for each MRI modality,
a unified ground truth was needed for the multi-input training approach. To create
this, the individual binary masks from the T2W, ADC, and DWI sequences were
combined using a pixel-wise logical OR operation. This ensured that any voxel
identified as part of a lesion in at least one modality was included in the final
segmentation mask. By integrating information across modalities, this method
captured the full extent of lesion regions, leveraging the complementary strengths
of each sequence. The resulting combined mask was converted to the float32

format to meet the input requirements of the neural networks. Figure 4.8 illustrates
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examples of these unified segmentation masks across cases with different PI-RADS

scores.

T2W Mask ADC Mask D\YI Mask Combined Mask

T2W Mask ADC Mask DWI Mask Combined Mask

T2\ Mask ADC Mask DWI1 Mask Combined Mask

Figure 4.8: Representative ground truth lesion masks for T2W, ADC, and DWI modal-
ities, and their corresponding merged mask

To evaluate how well the models generalize to different lesion types, we designed
training experiments using two distinct subsets of the dataset: one comprising all
cases with PI-RADS scores of 3, 4, and 5, and another limited to cases with PI-
RADS 4 and 5 only. The latter subset is of greater clinical importance, as lesions in
these categories are more likely to correspond to significant prostate cancer. This
comparative setup enabled a more targeted assessment of the models’ effectiveness
in identifying high-risk lesions. The following sections offer an in-depth overview

of the model architectures, training methodologies, and the rationale behind our
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data selection and segmentation mask fusion strategies.

U-net

The U-Net model consists primarily of two components: an encoder and a decoder.
The central concept behind U-Net is to extract meaningful features from input
images by progressively reducing their spatial dimensions through the encoder,
thereby capturing increasingly abstract representations. This down-sampling pro-
cess enables the network to learn deep, hierarchical features. To preserve spatial
context and fine-grained details, U-Net incorporates skip connections that directly
link corresponding layers in the encoder and decoder. These connections allow the
decoder to integrate both low-level and high-level features, improving the accuracy
of the reconstructed segmentation map. During the encoding phase, the network
applies successive convolutional layers to extract features at multiple levels, with
each layer learning increasingly complex representations. In the decoding phase,
the network employs up-sampling layers to gradually reconstruct the spatial res-
olution, ultimately producing a dense segmentation mask. The quality of feature
extraction and segmentation is influenced by the training of convolutional filters,
the design of the down-sampling and up-sampling operations, and the effectiveness
of the skip connections. Furthermore, the backbone architecture, responsible for
defining the arrangement of layers, plays a crucial role in structuring both the

encoding and decoding pathways of the network [199].

Dense-Unet

Dense-UNet is an advanced extension of the U-Net architecture that incorporates
dense concatenation to improve feature propagation and network efficiency. The
architecture consists of a dense downsampling path and a dense upsampling path,
which are symmetrically arranged and interconnected through multiple skip con-
nection channels. In the downsampling path, convolutional operations are em-
ployed to capture multi-scale semantic and contextual features. To address the
depth limitations of the traditional U-Net, standard pooling and convolution lay-

ers are replaced with dense blocks and transition blocks. This design allows the
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network to achieve greater depth without compromising on computational effi-
ciency or feature extraction quality. Each dense block is composed of layers that
are directly connected to all preceding layers in a feed-forward manner, enabling
extensive feature reuse. This means that the input of each layer includes the out-
puts of all previous layers, a strategy referred to as dense concatenation. For this
dense connectivity to function properly, the feature maps at each layer must have
consistent spatial dimensions. As a result, Dense-UNet facilitates deeper architec-
tures with enhanced feature learning capacity, making it well-suited for complex

image segmentation tasks [200].

Attention U-Net

Attention U-Net is a specialized neural architecture developed for medical image
segmentation, incorporating attention mechanisms that allow the model to selec-
tively emphasize relevant regions within the input data. By focusing computational
resources on informative features, these attention gates enhance both the accuracy
and consistency of segmentation results [201]. Attention Mechanism: Attention
gates have been extensively adopted across various domains, including natural lan-
guage processing, computer vision, and knowledge representation. Broadly, they
can be categorized into hard and soft attention [183]. Hard attention approaches,
such as cyclic classifiers and pruning, are non-differentiable and typically require
reinforcement learning, which adds complexity to the training process [40]. In
contrast, soft attention is differentiable and compatible with standard backprop-
agation techniques, eliminating the need for methods like Monte Carlo sampling.
Additive soft attention, in particular, is frequently used in applications like sen-
tence generation and image classification [183]. In deep convolutional networks,
while the encoder captures increasingly abstract features, repeated convolutions
and non-linear activations may compromise spatial resolution [184]. This loss of
detail can hinder the detection of small or irregularly shaped lesions. The integra-
tion of attention gates addresses this issue by preserving critical spatial informa-
tion, thereby improving the model’s sensitivity to subtle and heterogeneous lesion

patterns.
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LSTM U-Net

In this study, we developed a U-Net—based architecture for prostate lesion segmen-
tation in which a Bidirectional ConvLSTM (Bi-ConvLSTM) was incorporated at
the bottleneck [202]. This design choice was motivated by recent studies demon-
strating the effectiveness of combining recurrent modules with attention mecha-
nisms to capture contextual information in medical images. The Bi-ConvLSTM
allows the network to aggregate multi-scale spatial features from the encoder
while preserving fine structural details, improving segmentation performance on
small and irregular lesions. By modeling spatial dependencies within the feature
maps, the network can better capture relationships between different regions of the
prostate. This approach follows the strategies proposed in the Residual Attention
U-Net framework for skin lesion segmentation [203] and the Multi-scale Atten-
tion U-Net [204], where attention mechanisms and recurrent blocks are employed
at the bottleneck to enhance feature representation without significantly increas-
ing computational cost. Overall, the integration of convolutional, recurrent, and
attention-based modules provides a more expressive and robust feature represen-
tation, contributing to improved segmentation accuracy on challenging prostate
MRI datasets.

4.2.3 Implementation Details for Prostate Lesion Segmen-

tation

The main phases of lesion segmentation, depicted in Figure 4.9, are as follows:
1. Data Collection: We gathered 311 multi-parametric MRI (mpMRI) scans from
the CDI data repository, covering the period from 2023 to 2025. These datasets
encompass various imaging modalities crucial for the diagnosis and evaluation of
prostate cancer.

2. Anonymization and Format Conversion: To comply with privacy regula-
tions, all original DICOM files underwent anonymization. Using custom Python
scripts, we extracted three essential MRI sequences for prostate cancer analysis:
T2W, ADC, and DWI. These sequences were then converted into NIfTT format
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via Python tools such as dicom2nifti. In particular, DWI scans with a b-value of
1600 were selected due to their improved lesion contrast and ability to distinguish
malignant from benign tissues [205] [206]. Corresponding ADC maps were also
obtained for these DWI images.

3. Image Registration and Alignment: To bring T2W, ADC, and DWI images
into spatial correspondence, we employed the SimpleITK library. Since these se-
quences differ in resolution, orientation, and may be affected by patient movement,
preprocessing and spatial transformation were necessary [28].

e Preprocessing: Images were standardized in format and intensity ranges were
normalized to enable meaningful comparison [207].

e Registration: T2W images served as the fixed reference, with ADC and DWI
scans aligned to this space using rigid and affine transformations optimized via
mutual information metrics.

e Multi-resolution Approach: To improve accuracy, registration was performed
progressively at different scales, refining the alignment step-by-step [208].

e Resampling: Finally, all images were resampled to match the reference res-
olution and dimensions, ensuring spatial consistency across modalities. This au-
tomated pipeline effectively minimized misalignments, laying the groundwork for
precise segmentation.

4. Lesion Annotation: Initial lesion segmentation was carried out using 3D
Slicer [209] by a doctoral candidate trained under a certified radiologist. Lesions
were delineated across all three MRI sequences to capture comprehensive lesion
characteristics.

5. Expert Validation: Two experienced radiologists independently reviewed
and refined these annotations, resulting in high-quality segmentations that served
as the reference standard for subsequent model evaluation.

6. Image Resizing: To maintain uniform input size for neural network training,
all images were resized to 256 x256 pixels.

7. Center Cropping: Focusing on the prostate region, typically centralized

within pelvic scans, images were cropped to 128x128 pixels. This step reduces
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irrelevant background information and enhances the model’s ability to detect rel-
evant features [82].

8. Intensity Normalization: Given the variability of MRI intensity values across
scanners and sequences, tailored normalization methods were applied:

e T2W and ADC images were normalized using Min-Max scaling to map in-
tensities between 0 and 1.

e DWI images underwent Z-score normalization, standardizing intensities by
subtracting the mean and dividing by the standard deviation.

These normalization strategies have been demonstrated to enhance training
stability and improve model accuracy in multi-modal imaging tasks [210].

9. Model Training: Various U-Net-based neural networks were trained for
prostate lesion segmentation. Multiple preprocessing and training setups were
explored to assess their impact on segmentation performance. Subsequent sections
delve deeper into select steps of this pipeline, offering detailed technical insights

and justification for key methodological decisions.

89



'
N
“

Downloding MRIs

o

MRIs Anonymization

MRIs Registeration

U4

(L

Resizing Images to 256%256

o

Segmentation Review
by Expert Radiclogists

i |-

Initial Lesion Segmentation
by Student

Prostate-Focused Image
Cropping

h A
i
IEI—FE

Image Normalization

%

Neural Networks Training
for Lesion Segmentation

4.3 PI-RADS Classification
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Figure 4.9: The main steps of the research for preparing and pre-processing our in-house
dataset for prostate lesion segmentation

The PI-RADS was developed to standardize and streamline the interpretation of
prostate MRI. Currently in its latest revision, PI-RADS v2.1, the system assigns
scores ranging from 1 to 5 to indicate the probability that a lesion represents
clinically significant prostate cancer, based on assessments from T2W imaging
(T2WTI), DWI, and DCE sequences [11]. This structured framework enhances

clarity in radiology reports and assists urologists in making informed decisions



Although PI-RADS has significantly improved consistency and communication
among radiologists, its application remains largely reliant on expert visual inter-
pretation, which can be subjective and prone to variability. Consequently, there is
increasing interest in CAD systems and Al-driven approaches that leverage quan-
titative features of mp-MRI to support or automate PI-RADS scoring [212].

For PI-RADS classification, we applied three complementary strategies, each
designed to extract meaningful features from mp-MRI data. The first strategy in-
volved hand-crafted radiomic feature extraction from manually segmented lesions
using the PyRadiomics library, capturing intensity, shape, and texture charac-
teristics across multiple MRI sequences. The second strategy built upon this by
incorporating fully automated lesion and prostate zone segmentations, creating a
workflow that more closely resembles clinical practice without relying on manual
input. In the third strategy, we developed a custom convolution neural network
to automatically learn and extract high-level features from ADC images and their
associated lesion masks. Features derived from all three approaches were subse-
quently used to train ML models for multi-class PI-RADS classification, enabling
a comparative evaluation of manual, automated, and deep-learning-based feature

extraction methods.

4.3.1 Extracting PyRadiomic Features (Approach 1)

In this study, radiomic features were derived from mp-MRI scans using PyRa-
diomics, an open-source Python library specifically developed to enable standard-
ized and reproducible radiomics analyses [65]. Radiomics is a computational tech-
nique that converts medical images into high-dimensional, quantitative data by
characterizing patterns, textures, shapes, and intensity distributions within de-
fined Regions of Interest [60]. Through this process, it is possible to extract
hundreds or even thousands of features that capture subtle variations in tissue
heterogeneity, many of which remain imperceptible to the human eye [213].
Feature extraction was performed from clinically relevant MRI sequences, in-
cluding T2W, ADC, and DWI. Two separate configurations were implemented. In

the first configuration (Feature Set 1), features were extracted from the following
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image types: Original, Laplacian of Gaussian (LoG; o = 2.0, 3.0, 4.0, and 5.0),
Wavelet, Square, SquareRoot, and Logarithm. From each of these filtered images,
a comprehensive set of feature categories was calculated, including first-order inten-
sity features, shape-based descriptors, and texture-based metrics derived from the
GLCM, GLRLM, GLSZM, Gray Level Dependence Matrix (GLDM), and Neigh-
boring Gray Tone Difference Matrix (NGTDM). The extraction settings were stan-
dardized across all images as follows: binWidth = 25, resampledPixelSpacing =
[1, 1, 1], interpolator = sitkBSpline, normalize = True, removeOutliers = 3, label
= 1, correctMask = True, force2D = False, and preCrop = True.

In the second configuration (Feature Set 2), the feature set was expanded by
incorporating additional image filters, namely Exponential, Gradient, Local Binary
Patterns in 2D (LBP2D), and Local Binary Patterns in 3D (LBP3D), while also
retaining the filters used in the first configuration (Original, LoG with an extended
range from o = 1.0-5.0, Wavelet, Square, SquareRoot, and Logarithm). This
enhanced setup enabled the extraction of a broader spectrum of intensity, shape,
and texture descriptors. The same feature classes (first-order, shape, GLCM,
GLRLM, GLSZM, GLDM, and NGTDM) were computed, but applied to a more
diverse set of filtered images. Furthermore, pre-processing included normalizeScale
= 100 to ensure consistency between scanners and acquisition protocols.

The extracted radiomic features were used to classify prostate lesions into PI-
RADS categories 3, 4, and 5, thereby providing quantitative support for the radio-
logical scoring system. Beyond image-derived features, the anatomical location of
each lesion was incorporated as an additional input variable. Specifically, lesions
were categorized according to their location in the peripheral zone, central gland,
or both zones simultaneously, and were numerically encoded as 1 (peripheral zone),
2 (central gland), or 3 (peripheral zone+central gland). This anatomical context
enriched the feature set with zone-specific information, which is clinically rele-
vant as lesion appearance and diagnostic interpretation in PI-RADS are strongly
influenced by zonal location [214].

By comparing results across both configurations, the study aimed to determine
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whether the inclusion of advanced filters and descriptors improved PI-RADS clas-
sification performance. In particular, the second configuration was expected to
capture more complex and discriminative image patterns, especially through the
use of LBP and Gradient filters, which have been shown to improve classification
accuracy in prior radiomics studies [215].

Finally, all extracted features were employed to train a set of ML models for
multi-class classification of PI-RADS scores (3, 4, and 5). Model performance
was evaluated using an independent test set consisting of unseen cases. For each
sample, both the lesion masks and the corresponding anatomical images were
available, ensuring accurate region-specific feature extraction and validation of

the models’ predictive capabilities.

4.3.2 Pyradiomics Feature Extraction from Automated Zone

and Lesion Segmentations (Approach 2)

In the first approach, radiomic features were extracted from manually segmented
lesions, with the lesion’s anatomical zone incorporated as an additional variable
to improve PI-RADS classification. This strategy relied on the availability of
reference lesion masks and zone labels within the test dataset, which were utilized
for both feature extraction and model evaluation.

The second approach was developed to more closely reflect a real-world clinical
setting by employing a fully automated pipeline based on previously established
segmentation models. First, a zonal segmentation model, published in prior work
[201], was applied to T2W images to automatically delineate prostate zones. Sub-
sequently, a lesion segmentation model, trained on ADC images from the same
dataset, was used to identify lesions automatically. To objectively assign a zonal
label to each lesion, a custom Python script was implemented to calculate the spa-
tial overlap between the automatically segmented lesion masks and zone masks.
This ensured reproducible and accurate zone assignment without manual input.

Radiomic feature extraction in this approach followed the same procedures as
in the manual workflow but was now based entirely on automated lesion and zone

segmentations. Finally, the PI-RADS classification model was tested within this
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end-to-end automated pipeline, enabling evaluation of its performance under con-
ditions that simulate routine clinical practice, where both segmentation and zone
determination are carried out automatically. Figure 4.10 illustrates the sequential
steps of Approach 2 used for PI-RADS classification.
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Figure 4.10: Workflow of the Fully Automated Pipeline (Approach 2) for PI-RADS
Classification

4.3.3 Feature Extraction Using Proposed Convolution Neu-

ral Network (Approach 3)

In an alternative strategy, we employed a convolutional neural network for fea-
ture extraction, followed by the application of ML classifiers for PI-RADS cat-
egorization. The Convolutional neural network was trained using ADC images
alongside their corresponding lesion masks, which were simultaneously provided
to the network. This paired-input design enabled the model to capture both vi-
sual information and spatial context, thereby enhancing its ability to focus on the
lesion-specific region [75] [92].

The convolution neural network architecture comprised three convolutional lay-
ers, each regularized with dropout to reduce overfitting. Before training, both
images and masks were preprocessed by resizing to 256 x 256 pixels, applying
center cropping to isolate the prostate region, and subsequently resizing to 128 X
128 pixels. To further improve generalizability, data augmentation was applied,

including random rotations, horizontal and vertical flips, and small translations to
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simulate variability in patient positioning and imaging conditions. The network
was trained for 200 epochs with a learning rate of le-4 and a batch size of 32.
Once trained, features were extracted from the final dense layer and subsequently

used as inputs for the ML classifiers to perform PI-RADS classification.

4.3.4 Implementation Details for PI-RADS Classification

After extracting features in different approaches, all classifiers were trained using a
5-fold cross-validation strategy [216] to provide a reliable estimate of performance.
Before training, the features were standardized with StandardScaler [217], which
normalizes data by removing the mean and scaling to unit variance, an essential
step for distance-based algorithms such as SVM and k-nearest neighbor k-Nearest
Neighbor (KNN). To address dimensionality, we employed the Least Absolute
Shrinkage and Selection Operator (LASSO) feature selection [218], which elim-
inates less informative features through penalization. The classifiers were trained
both with and without feature selection, with LASSO consistently leading to im-

proved results.

4.4 Prostate Cancer Detection

In prostate cancer diagnostics, mp-MRI has become a standard tool for identifying
suspicious lesions and assigning PI-RADS scores, which guide clinical decision-
making. Patients with higher PI-RADS scores (typically > 3) are often referred for
targeted biopsy to confirm or exclude malignancy [11][178]. While biopsy remains
the gold standard for diagnosis, it is invasive and carries potential risks such as
infection, bleeding, and discomfort. Consequently, there is significant interest in
developing non-invasive predictive models that can distinguish between cancer and
non-cancer cases using a combination of imaging biomarkers and clinical data.
Clinical factors such as patient age, prostate-specific antigen levels, prostate
volume, and prostate-specific antigen density are known to be important indica-
tors of cancer risk [58] [219]. When integrated with quantitative imaging features

extracted from MRI, these variables can improve diagnostic accuracy and reduce
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unnecessary biopsies. ML and Al-based approaches are increasingly being used
to combine radiological and clinical data for binary classification tasks, separat-
ing patients into cancer and non-cancer categories. Such multimodal models hold
promise for improving individualized risk assessment, enhancing biopsy decision-
making, and ultimately supporting precision medicine in prostate cancer manage-
ment [220][221].

4.4.1 Data Acquisition

Data was collected from Trita Hospital, located in the 22nd district of Tehran,
Iran. The images were produced using an 18-channel device with a 10-coil re-
ceiver. Biopsy results were extracted from medical reports, and additional clinical
information was gathered from imaging reports, including patient age, prostate-
specific antigen levels, and prostate dimensions and volume. Because prostate
cancer is often difficult to diagnose due to similarities with other conditions, the
expertise of a urology specialist was used to identify the relevant diagnostic factors.
Prostate-specific antigen levels can indicate whether the prostate is healthy, but
when combined with prostate size and dimensions, they help distinguish cancer
from conditions such as prostatitis. Age is also an important factor in diagnosis.
For this reason, these variables were considered together, with none regarded as
more important than the others. Based on the reports, patients were assigned
PI-RADS-V2 scores ranging from 1 to 5. In total, 345 patients were included in
the study. These patients visited the imaging center between October 2020 and
December 2021, and informed consent was obtained from all participants or their
legal guardians. The imaging data included multiple MRI modalities: ADC maps,
DWI, and T2W scans in axial, coronal, and sagittal views. Figure 4.11 illustrates
the different MRI modalities used in this study, including ADC maps, DWI, and

T2W scans in axial, coronal, and sagittal views.
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Figure 4.11: FEzamples of the MRI modalities utilized for cancer classification: ADC
map, DWI, and T2W scans (azial, coronal, and sagittal views)

4.4.2 Proposed Neural Network for Prostate Cancer De-

tection

In this study, a classification approach was developed using a specialized dataset
of prostate magnetic resonance imaging. For each patient, the data set contained
a single slice of magnetic resonance imaging that, based on the radiologist’s as-
sessment, clearly showed the most suspicious lesion. This approach aligns with
practices commonly seen in datasets designed for Gleason grade classification or
prostate cancer detection, where only the slice with the most prominent lesion is
selected for analysis.

A custom convolutional neural network was trained using these images. The
proposed convolution neural network is designed for binary classification of prostate
MRI images into cancer and non-cancer categories. The network takes grayscale
images of size 64 x64 pixels as input. It consists of a sequence of four convolutional
blocks, each composed of a 2D convolutional layer followed by a max-pooling layer
and a dropout layer. The convolutional layers progressively increase the number
of filters (16, 32, 64, 128) to allow the network to learn hierarchical feature rep-
resentations, from simple edges and textures in the early layers to more complex
structures in deeper layers. ReLU activation is applied after each convolution to
introduce non-linearity.

Max-pooling layers reduce the spatial dimensions of feature maps, providing
translation invariance and reducing computational cost. Dropout layers with a rate

of 0.1 are used to prevent overfitting by randomly deactivating a small fraction of
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neurons during training. After the convolutional blocks, feature maps are flattened
into a one-dimensional vector and normalized using batch normalization to improve
training stability and convergence. A fully connected (dense) layer with 128 units
serves as the main feature embedding layer, which can also be used for extracting
high-level image features for further analysis or fusion with clinical data. The final
layer uses a softmax activation function to output class probabilities for cancer
and non-cancer predictions.

Overall, this architecture balances model complexity and regularization, al-
lowing efficient learning of relevant imaging features while mitigating overfitting,
making it suitable for integrating imaging features with clinical variables for robust
prostate cancer classification.

After training the network, deep features were extracted from the final layer of
the convolution neural network to represent the imaging information in a compact
form. To improve diagnostic performance, these imaging features were combined
with additional clinical data, including patient age, prostate-specific antigen levels,
prostate volume, and prostate gland size. The integration of imaging and clinical
characteristics was designed to capture both structural information from MRI
and relevant clinical risk factors, thus providing a more comprehensive basis for
classification.

The combined feature set was then used as input for several traditional ML
classifiers, including both individual models and ensemble approaches, to catego-
rize patients into two groups: cancer and non-cancer. Two ensemble strategies
were employed to improve robustness and reduce the risk of overfitting. The first,
referred to as Ensemble 1, combined XGBoost and support vector machine us-
ing Logistic Regression as a meta-learner in a stacked configuration. The second,
referred to as Ensemble 2, implemented a simple voting scheme between XG-
Boost and support vector machine classifiers. This multimodal strategy allowed
the framework to leverage complementary sources of information, enhancing the
reliability of prostate cancer detection compared to using only imaging or clinical
data.

98



4.4.3 Implementation Details for Prostate Cancer Detec-
tion

For the implementation of the proposed convolution neural network, all MRI im-
ages were resized to 64x64 pixels to standardize input dimensions, as the original
images were of varying and relatively small sizes. Min-max normalization was
applied to scale the image intensity values between 0 and 1, ensuring consistent
input ranges for the network and improving convergence during training. To en-
hance the generalization capability of the model and reduce overfitting, several
data enhancement techniques were used, including random rotations, flips, and
shifts.

The network was trained using Adam Optimizer with a learning rate of 1x 1075,
a batch size of 64, and the categorical cross-entropy loss function. Training was per-
formed for a maximum of 300 epochs; however, early stopping and callbacks were
used to terminate training once the validation loss stopped improving, preventing
overfitting. Additionally, to address the imbalance between cancer and non-cancer
samples in the dataset, a weighting technique was applied during training. Clinical
variables such as age, prostate-specific antigen levels, prostate volume, and gland
size were scaled using the StandardScaler method to standardize their distribution
and ensure compatibility when combined with the extracted imaging characteris-
tics for subsequent ML classification.

The network was trained using 288 images (including 80 cancer and 168 non-
cancer) and evaluated on a separate test set containing 72 images (24 cancer and
48 non-cancer). The test data were completely unseen during training and were
not used in any preprocessing or feature extraction steps, ensuring an unbiased
assessment of the model’s performance. These preprocessing and training strate-
gies, combined with careful network design, contributed to the robustness and

reliability of the cancer versus non-cancer classification framework.
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4.5 Machine Learning Classifiers Involved in the
Pipeline

For the two classification tasks, PI-RADS scoring and prostate cancer detection,
several ML models were employed to analyze imaging and clinical data. These
models were selected to evaluate different learning strategies and to identify which
approaches perform best for each task. All models were trained on the corre-
sponding datasets and validated using appropriate cross-validation techniques to
ensure reliable performance. By applying multiple ML algorithms, the study aimed
to compare their effectiveness in predicting PI-RADS categories and detecting

prostate cancer, providing a robust framework for automated decision support.

Multilayer Perceptron (MLP)

A multilayer perceptron is a class of feedforward artificial neural network. It con-
sists of an input layer, one or more hidden layers, and an output layer. Each neuron
(node) in a layer is connected to neurons in the next layer. The nodes compute
weighted sums of inputs, add a bias, then pass the result through an activation
function (e.g., sigmoid, ReLU). The network is trained by backpropagation: errors
at the output are propagated back through the network to update weights via
gradient descent [222]. multilayer perceptrons are powerful for learning complex,

non-linear decision boundaries [223].

Random Forest (RF)

Random Forest is an ensemble learning method that constructs multiple decision
trees during training and aggregates their predictions to improve accuracy and
reduce overfitting. It is particularly robust against noise and can handle high-

dimensional datasets effectively [224].
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Decision Tree

A decision tree is a supervised learning model used for classification (and regres-
sion) that recursively partitions the feature space using simple decision rules. At
each internal node of the tree, a feature is selected and a threshold or categorical
split is made so as to best separate the classes (according to some measure like
Gini impurity, information gain, etc.). The tree grows until stopping criteria are
met (such as minimum node size or maximum depth), and then pruning can be
applied to avoid overfitting. One of its major advantages is interpretability: the

paths from root to leaf can be read as human-interpretable rules [225].

Support Vector Machine (SVM)

SVMs are supervised learning models that classify data by finding the optimal
hyperplane that maximizes the margin between classes. They are powerful in
high-dimensional feature spaces and can model complex relationships using kernel
functions [226].

Extreme Gradient Boosting (XGBoost)

XGBoost is a scalable implementation of gradient boosting designed for efficiency
and accuracy. It employs system optimizations such as parallelization, regular-
ization, and sparsity-aware learning, making it highly effective for large-scale ML
tasks [227].

AdaBoost

AdaBoost (Adaptive Boosting) combines multiple weak classifiers iteratively, giv-
ing higher weights to misclassified instances in each round. This method builds a
strong classifier that often performs well with minimal parameter tuning [228].

Gradient Boosting

Gradient Boosting is an ensemble method that builds models sequentially, where

each new model minimizes the errors (residuals) of the previous ones by using
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gradient descent optimization. It is flexible in handling various loss functions and

achieves state-of-the-art performance in many prediction tasks [229].

LightGBM

LightGBM is a gradient boosting framework developed by Microsoft that utilizes
novel techniques, including Gradient-based One-Side Sampling (GOSS) and Ex-
clusive Feature Bundling (EFB), to enhance both speed and memory efficiency. It
is highly scalable and effective for large datasets [230].

Nearest Neighbor

The nearest neighbor or k-Nearest Neighbor algorithm is a non-parametric, instance-
based learning method. Given a new (unlabeled) example, it compares this exam-
ple to all (or many) stored examples (the training set) using a distance metric (e.g.,
Euclidean, Manhattan). The simplest case is 1-NN: the label of the single closest
training example is used for classification. In k-NN, a majority vote (or weighted
vote) among the k closest training examples determines the class label. Because it
makes no assumptions about the distribution of the data (non-parametric), it can
adapt to complex data but may suffer in high dimensions or with large datasets

(because of computation cost and “curse of dimensionality”) [231][232].
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Chapter 5

Results

In this chapter, the results of the four main stages of the project are presented in
a structured and comprehensive manner. Each section corresponds to one of the
stages: prostate zonal segmentation, prostate lesion segmentation, PI-RADS pre-
diction, and real prostate cancer detection. For each stage, all relevant quantitative
and qualitative outcomes are reported, including performance metrics, visualiza-
tions, and comparisons where appropriate. The results are organized into four
distinct parts to provide clarity and allow the reader to evaluate the effectiveness
of the methods applied at each step of the project. This structured presentation
highlights both the individual performance of each component and the overall

integration of the multi-stage Al-based prostate cancer diagnostic pipeline.

5.1 Prostate Zonal Segmentation

Tables 5.1 and 5.2 summarize the results of all 15 models and the average of each
model and the average ensemble model for zonal segmentation on the validation

and test sets, respectively.
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Table 5.1: The results of 5-fold cross-validation of Att-R-Net, Vanilla-Net, V-Net,
and average ensemble model for zonal segmentation on validation data.

Models CG PZ

IoU DSC IoU DSC

Att-R-Net fold 1 78.4%  87.9%  54.5%  70.5%
Att-R-Net fold 2 73.2%  84.5% 54.0% 70.1%
Att-R-Net fold 3 73.3%  84.6%  58.3%  73.6%
Att-R-Net fold 4 75.3%  85.9%  582%  73.6%
Att-R-Net fold 5 70.8%  82.9% 58.1%  73.5%
Vanilla-Net fold 1 78.5%  87.6%  55.7%  T71.5%
Vanilla-Net fold 2 78.3% 87.8% 57.9%  73.3%
Vanilla-Net fold 3 77.4%  87.3% 54.3%  70.3%
Vanilla-Net fold 4 79.3%  882%  56.4%  72.1%
Vanilla-Net fold 5 78.5%  87.9%  584%  73.8%
V-Net fold 1 76.7%  86.8%  56.1%  71.9%
V-Net fold 2 76.2%  86.3%  57.3%  72.9%
V-Net fold 3 76.9%  86.9%  56.7%  72.3%
V-Net fold 4 T.T%  874%  57.3% 72.8%
V-Net fold 5 76.8%  86.9%  58.6%  73.9%

Average of Att-R-Net folds  74.2% 85.16% 56.62% 72.26%
Average of Vanilla-Net folds  78.4% 87.76% 56.54% 72.2%
Average of V-Net folds 76.86% 86.86% 57.2% 72.76%
Ensemble 80.4% 89.1%  60.6%  75.5%
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Table 5.2: The results of 5-fold cross-validation of Att-R-Net, Vanilla-Net, V-Net,
and average ensemble model for zonal segmentation on test data.

Models CG PZ

IoU DSC IoU DSC

Att-R-Net fold 1 78.9%  88.2%  49.4%  66.1%
Att-R-Net fold 2 70.6%  82.7%  47.3%  64.1%
Att-R-Net fold 3 74.5%  85.3%  49.8%  66.4%
Att-R-Net fold 4 76.5%  86.7%  52.8%  69.1%
Att-R-Net fold 5 71.7%  83.5%  49.8%  66.5%
Vanilla-Net fold 1 77.9%  87.6%  52.8%  69.1%
Vanilla-Net fold 2 78.6%  88.0%  53.6%  69.8%
Vanilla-Net fold 3 782% 87.8% 50.8%  67.4%
Vanilla-Net fold 4 77.5%  87.3%  50.1%  66.7%
Vanilla-Net fold 5 77.6% 87.4%  527%  69.0%
V-Net fold 1 75.0%  85.7%  482%  65.1%
V-Net fold 2 77.0%  87.0%  50.5%  67.1%
V-Net fold 3 75.7%  86.1%  482%  65.0%
V-Net fold 4 76.7%  86.8%  52.0%  68.4%
V-Net fold 5 771%  87.0%  50.2%  66.9%

Average of Att-R-Net folds — 74.44% 85.28% 49.82% 66.44%
Average of Vanilla-Net folds 77.96% 87.62%  52%  68.4%
Average of V-Net folds 76.3%  86.52% 49.82%  66.5%
Ensemble 79.3%  88.4%  54.5%  70.5%

Tables 5.3 and 5.4 present the results of the Meta-Net, which utilizes various
combinations of Att-R-Net, Vanilla-Net, and V-Net for zonal segmentation on both
the validation and test sets. In these tables, Att-R-Net encompasses all models
from folds 1 to 5 of the network, and the same applies to Vanilla-Net and V-Net.
Additionally, the notation ” Att-R-Net + Vanilla-Net ” indicates the combination
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of all attention models with Vanilla-Net models, and similar combinations are

represented throughout the tables.

Table 5.3: The results of Meta-Net using different combinations of U-net-based
networks for zonal segmentation on the validation dataset.

Models CG Pz
IoU DSC IoU DSC
Att-R-Net 5% 8% 56% T72%
Vanilla-Net 9% 8% 58%  73%
V-Net 8% 88% 5T% 2%
Att-R-Net + Vanilla-Net 80% 89%  58%  74%
Att-R-Net 4+ V-Net 9% 8% 56% @ T2%
Vanilla-Net + V-Net 80% 89% 58%  73%

Att-R-Net + Vanilla-Net + V-Net 80% 89% 58%  73%

Table 5.4: The results of Meta-Net using different combinations of U-net-based
networks for zonal segmentation on the test dataset.

Models CcG PZ
IoU DSC 1IoU DSC
Att-R-Net 74%  85%  49%  65%
Vanilla-Net 8%  88%  54%  70%
V-Net 8% 8™%  52%  69%
Att-R-Net 4+ Vanilla-Net 9% 8% 51%  68%
Att-R-Net + V-Net 8% 8% 51%  68%
Vanilla-Net + V-Net 8% 88%  54% 1%

Att-R-Net + Vanilla-Net + V-Net  79% 8% 53% 69%

The outcomes of YOLO-VS8 are presented in Tables 5.5 and 5.6 for the valida-

tion dataset and test set.

Figure 5.1 shows a comparison between the segmented masks and the coarsely

annotated labels across several samples of the test set.
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Table 5.5: Validation set results (IoU and DSC) for YOLO-V8.

Model CG PZ
IoU DSC IoU DSC
YOLO-V8 81% 91% 60% 74%

Table 5.6: Test set results (IoU and DSC) for YOLO-VS.

Model CG PZ
IoU DSC 1IoU DSC
YOLO-V8 80% 89% 58% 73%
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Figure 5.1: Segmentation results of the prostate zones using the ensemble model of three

examples of the test set. Columns (left to right): original image, original mask, predicted
mask of CG and PZ.



Figure 5.2 illustrates some examples of zonal segmentation using Meta-Net

(Vanilla-Net + V-Net) on the test set.
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Figure 5.2: Segmentation results of the Meta-Net: (left) original image, (middle) ground
truth, and (right) predicted segmentation mask.

Figure 5.3 illustrates YOLO’s zonal detection and segmentation performance

on some examples from the test.
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Original Image Original Mask Predicted Mask
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Original Image Original Mask Predicted Mask

Figure 5.3: Detection and segmentation results of the YOLO-V8: (left) original image,
(middle) ground truth, and (right) predicted segmentation mask

5.2 Prostate Lesion Segmentation

To comprehensively assess the performance of our proposed segmentation net-
works, two distinct training configurations were implemented, each followed by

complementary evaluation strategies. The first configuration focused exclusively
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on high-risk prostate cancer cases, using MRI scans labeled with PI-RADS 4 and
5. From this subset, 127 images were used for training and 24 for testing, with
5-fold cross-validation applied to ensure robust performance estimates. In the sec-
ond configuration, the dataset was expanded to include PI-RADS 3 cases alongside
PI-RADS 4 and 5, thereby increasing the diversity of lesion characteristics. This
larger dataset comprised 270 training and 33 testing images and was similarly eval-
uated using 5-fold cross-validation. Two evaluation strategies were applied to the
test set to gain detailed insights into segmentation performance. In the first strat-
egy, the DSC was calculated on a per-patient basis by averaging DSC scores across
slices within each scan, followed by reporting the mean and median values across
all patients. In the second strategy, predictions were aggregated across all slices
in the test set, and overall mean and median DSC values were computed at the
dataset level. Patient-wise evaluation generally yielded lower DSC scores, likely
due to intra-patient variability, including differences in image quality, contrast,
and lesion size, which challenged consistent model performance. In contrast, the
slice-level aggregation benefited from an averaging effect, where strong results on
higher-quality scans mitigated weaker outcomes on lower-quality scans, resulting
in improved overall segmentation accuracy.

The lesion segmentation results using the dataset containing PI-RADS 4 and

5 cases are summarized in Table 5.7.

Table 5.7: The results of lesion segmentation using the dataset containing PI-
RADS 4 and 5.

Sequence U-Net Dense-U-Net Attention-U-Net LSTM U-Net
ADC 68% 69% 64% 67%
DWI 65% 66% 58% -

T2W 48% 47% 47% -

ADC + DWI 4+ T2W 41% 58% 53% -

Across the three models, Dense-U-Net generally achieved the highest Dice
scores, particularly for the ADC (69%) and DWI (66%) sequences, whereas Attention-

U-Net consistently showed the lowest performance. Segmentation based on the
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ADC sequence yielded the best results overall, indicating that lesions are more
clearly distinguishable in this modality. In contrast, the T2W sequence produced
the lowest accuracy for all models (47-48%), suggesting that lesion boundaries
are less distinct in these images. When combining all three sequences (ADC +
DWI + T2W), only Dense-U-Net showed a notable improvement (58%), while U-
Net and Attention-U-Net did not benefit substantially, highlighting that effective
multi-sequence integration depends strongly on the network architecture. Over-
all, these results indicate that Dense-U-Net is the most robust model for lesion
segmentation and that ADC provides the most informative input for delineating
high-risk lesions.

Table 5.8 reports the lesion segmentation performance on the dataset, including
PI-RADS 3, 4, and 5 cases.

Table 5.8: The results of lesion segmentation using the dataset containing PI-

RADS 3, 4, and 5.

Sequence U-Net Dense-U-Net Attention-U-Net LSTM U-Net
ADC 66% 68% 63% 65%
DWI 62% 63% 53% -

T2W 40% 48% 43% -

ADC + DWI + T2W 53% 54% 48% -

Among the models, Dense-U-Net consistently delivered the highest Dice scores,
achieving 68% for ADC and 63% for DWI, while Attention-U-Net showed the low-
est results across most sequences. The ADC sequence again proved to be the most
informative for lesion delineation, whereas segmentation based on T2W images
was the least accurate (40-48%), reflecting the difficulty in identifying lesions in
this modality. For the combined sequences (ADC + DWI 4 T2W), performance
improvements were modest, with Dense-U-Net reaching 54%, suggesting that inte-
grating multi-sequence data offers only a limited advantage in this dataset. Overall,
Dense-U-Net demonstrated the greatest robustness, and ADC remained the most
valuable sequence for accurate lesion segmentation, even when lower-risk PI-RADS

3 cases were included. Figure 5.4 illustrates examples of lesion segmentation on
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ADC images for cases with PI-RADS 4 and 5, highlighting the model’s ability
to delineate high-risk lesions. In contrast, Figure 5.5 presents segmentation re-
sults on ADC images for the broader dataset, including PI-RADS 3, 4, and 5,

demonstrating how the models perform when lower-risk lesions are also considered

ADC Image Original Mask Predicted Mask

Figure 5.4: Ezamples of lesion segmentation on ADC images for PI-RADS 4 and 5
cases, showing model performance on high-risk and mized-risk lesions
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Figure 5.5: Examples of lesion segmentation on ADC images for PI-RADS 3, 4, and 5
cases, showing model performance on high-risk and mized-risk lesions

5.3 PI-RADS Classification Results

In the following sections, we present the results obtained for the three proposed

approaches. For Approach 1, radiomic features were extracted from all three MRI
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sequences (T2W, ADC, and DWI), after which the features from these sequences
were combined. This procedure generated four distinct result sets. The extracted
features were subsequently used to train ML models for PI-RADS classification
into three categories: PI-RADS 3, PI-RADS 4, and PI-RADS 5. As outlined in
the description of Approach 1, two separate categories of features were considered,
and the results corresponding to each category are reported independently. Model
performance was assessed using precision, recall, and AUC for each PI-RADS
class. In addition, the average accuracy and mean AUC across all classes are also
presented. For clarity and consistency, the results of each approach are presented

in dedicated sections.

5.3.1 Results of Approach 1 Using Pyradiomics Feature
Set 1

Tables 5.9-5.12 summarize the results obtained with Feature Set 1 across different
input configurations: Table 1 corresponds to ADC, Table 2 to DWI, Table 3 to
T2W, and Table 4 to the combined sequences. For each configuration, performance
metrics are reported in terms of precision, recall, and AUC for the individual PI-
RADS classes, along with the overall average accuracy and mean AUC across all

classes.

Table 5.9: Performance of PI-RADS Classification Models of Approach 1, Using
Pyradiomics Feature Set 1 Across ADC Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.65 0.84 0.46 0.58 0.79 0.60 0.63 0.76 1.00 0.73 0.97
XGBoost 0.67  0.83 0.50 0.66 0.79 0.63 0.63 0.75 1.00 0.73 0.94
AdaBoost 0.67 0.84 0.57 0.66 0.75 0.63 0.77 0.81 1.00 0.53 0.97
Gradient Boosting  0.67  0.84 0.50 0.58 0.79 0.62 0.68 0.76 1.00 0.73 0.96
LightGBM 0.65 0.83 0.47 0.66 0.78 0.65 0.68 0.77 1.00 0.60 0.94
SVM 0.61 0.77 0.46 0.58 0.72 0.59 0.72 0.65 1.00 0.46 0.94
Ensemble 1 0.77  0.83 0.66 0.66 0.77 0.72 0.81 0.77 1.00 0.80 0.96
Ensemble 2 0.65 0.82 0.50 0.66 0.78 0.63 0.63 0.75 0.90 0.66 0.93
Ensemble 3 0.69  0.81 0.50 0.66 0.75 0.66 0.63 0.75 1.00 0.80 0.94
Ensemble 4 0.67  0.83 0.50 0.66 0.78 0.63 0.63 0.75 1.00 0.73 0.96
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Table 5.10: Performance of PI-RADS Classification Models of Approach 1, Using
Pyradiomics Feature Set 1 Across DWI Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.63  0.78 0.37 0.25 0.70 0.58 0.77 0.67 0.91 0.73 0.97
XGBoost 0.59  0.72 0.37 0.25 0.63 0.54 0.77 0.63 0.90 0.60 0.89
AdaBoost 0.59  0.81 0.38 0.41 0.71 0.56 0.63 0.73 0.90 0.66 0.97
Gradient Boosting  0.57  0.74 0.30 0.25 0.61 0.53 0.68 0.63 0.90 0.66 0.97
LightGBM 0.49  0.70 0.20 0.16 0.59 0.46 0.63 0.59 0.88 0.53 0.93
SVM 0.63  0.72 0.00 0.00 0.61 0.56 0.95 0.61 0.90 0.66 0.95
Ensemble 1 0.59  0.77 0.00 0.00 0.66 0.54 0.90 0.70 0.90 0.60 0.93
Ensemble 2 0.63  0.75 0.66 0.16 0.67 0.56 0.95 0.64 0.88 0.53 0.93
Ensemble 3 0.61 0.74 0.44 0.33 0.65 0.56 0.77 0.66 0.90 0.60 0.91
Ensemble 4 0.63  0.78 0.45 0.41 0.71 0.59 0.72 0.67 0.90 0.66 0.96

Table 5.11: Performance of PI-RADS Classification Models of Approach 1, Using
Pyradiomics Feature Set 1 Across T2W Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.61 0.73 0.00 0.00 0.61 0.54 0.77 0.61 0.86 0.86 0.96
XGBoost 0.57  0.68 0.16 0.20 0.50 0.51 0.63 0.60 0.85 0.80 0.93
AdaBoost 0.61 0.80 0.37 0.25 0.71 0.57 0.72 0.73 0.84 0.73 0.93
Gradient Boosting  0.59  0.67 0.16 0.08 0.47 0.53 0.68 0.59 0.86 0.86 0.96
LightGBM 0.61 0.67 0.33 0.16 0.48 0.55 0.72 0.57 0.85 0.80 0.96
SVM 0.63  0.73 0.00 0.00 0.63 0.55 0.95 0.60 0.90 0.66 0.96
Ensemble 1 0.63  0.72 0.00 0.00 0.58 0.55 0.90 0.65 0.84 0.73 0.93
Ensemble 2 0.46  0.70 0.23 0.33 0.53 0.47 0.50 0.63 0.88 0.53 0.95
Ensemble 3 0.57  0.69 0.00 0.00 0.53 0.51 0.77 0.58 0.84 0.73 0.96
Ensemble 4 0.63  0.72 0.33 0.16 0.61 0.57 0.72 0.61 0.86 0.86 0.96
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Table 5.12: Performance of PI-RADS Classification Models of Approach 1, Using
Pyradiomics Feature Set 1 Across Combined Features of ADC, DWI, and T2W
Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.653 0.83  0.471 0.667  0.765 0.632  0.545 0.743 0.923 0.8 0.982
XGBoost 0.653 0.812 0.471 0.667  0.743 0.632 0.545 0.714 0.923 0.8 0.978
AdaBoost 0.592 0.803 0.357 0.417  0.743  0.56 0.636  0.677 1 0.667  0.988
Gradient Boosting 0.653 0.816  0.471 0.667  0.764 0.632  0.545 0.702  0.923 0.8 0.982
LightGBM 0.592 0.782 0.438 0.583 0.721 0.545 0.545 0.672 0.909  0.667  0.953
SVM 0.531 0.746 0.143  0.083 0.7 0.485  0.727  0.581 1 0.6 0.957
Ensemble 1 0.653 0.841 0.533 0.667 0815 0.609 0.636 0.732 0.909  0.667  0.975
Ensemble 2 0.51 0.731 0.286  0.333  0.678  0.48 0.545  0.581 0.9 0.6 0.933
Ensemble 3 0.694 0813 0.533 0.667 0.795 0.667 0.636  0.702  0.923 0.8 0.941
Ensemble 4 0.633 0.83 0.444 0.667 0.784 0.611 0.5 0.731  0.92 0.8 0.976

The results revealed several noteworthy trends. Models trained on ADC fea-
tures consistently outperformed those based solely on DWI or T2W, with the best
performance achieved by Ensemble 1 on ADC, yielding an accuracy of 0.77 and
an AUC of 0.83. In contrast, models using DWI or T2W features demonstrated
lower accuracies, generally ranging from 0.49 to 0.63, although certain configura-
tions attained competitive AUC values exceeding 0.80 (e.g., AdaBoost on DWI
with 0.81). When features from all three sequences were combined, the models
exhibited more balanced performance. Several ensemble and gradient boosting
approaches achieved accuracies above 0.65 and AUCs greater than 0.81. Notably,
Ensemble 3 with combined features reached an accuracy of 0.69 and produced
strong class-specific AUCs, particularly for PI-RADS 5 (commonly 0.94). Across
all experiments, classification of PI-RADS 5 was the most accurate and stable,
with AUC values frequently above 0.94, while PI-RADS 3 proved more challeng-
ing, showing lower precision and recall, especially when trained on DWI and T2W
inputs. Collectively, these findings underscore the discriminative strength of ADC-
derived features and highlight the added value of integrating multi-sequence infor-

mation for more robust PI-RADS classification.
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5.3.2 Results of Approach 1 Using Pyradiomics Feature
Set 2

Tables 5.13-5.16 present the results derived from Feature Set 2 under various input
configurations: ADC (Table 5.13), DWI (Table 5.14), T2W (Table 5.15), and the
combination of all sequences (Table 5.16). For each configuration, the reported
metrics include precision, recall, and AUC for each PI-RADS class, as well as the

overall average accuracy and mean AUC across all classes.

Table 5.13: Performance of PI-RADS Classification Models of Approach 1, Using
PyRadiomics Feature Set 2 Across ADC Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.65 0.84 0.42 0.50 0.77 0.62 0.68 0.774 1.00 0.73 0.97
XGBoost 0.71 0.86 0.53 0.66 0.80 0.70 0.63 0.79 0.92 0.86 0.98
AdaBoost 0.69  0.82 0.55 0.83 0.79 0.66 0.63 0.69 1.00 0.66 0.98
Gradient Boosting  0.71 0.83 0.53 0.58 0.76 0.68 0.77 0.75 1.00 0.73 0.97
LightGBM 0.71 0.84 0.58 0.58 0.79 0.66 0.72 0.74 0.92 0.80 0.97
SVM 0.67  0.83 0.50 0.41 0.75 0.63 0.86 0.77 1.00 0.60 0.96
Ensemble 1 0.73  0.87 0.57 0.66 0.83 0.69 0.72 0.81 1.00 0.80 0.98
Ensemble 2 0.71 0.85 0.46 0.58 0.78 0.71 0.68 0.77 1.00 0.86 0.99
Ensemble 3 0.75 0.86 0.57 0.66 0.79 0.72 0.72 0.80 1.00 0.86 0.98
Ensemble 4 0.71 0.85 0.53 0.66 0.80 0.70 0.63 0.77 0.92 0.86 0.97

Table 5.14: Performance of PI-RADS Classification Models of Approach 1, Using
PyRadiomics Feature Set 2 Across DWI Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.63 0.77 0.37 0.25 0.69 0.58 0.77 0.67 0.91 0.73 0.95
XGBoost 0.65 0.73 0.50 0.41 0.64 0.60 0.77 0.62 0.90 0.66 0.92
AdaBoost 0.49 0.72 0.26 0.41 0.62 0.44 0.36 0.56 0.91 0.73 0.97
Gradient Boosting ~ 0.59 0.73 0.33 0.25 0.61 0.55 0.72 0.63 0.90 0.66 0.95
LightGBM 0.63 0.72 0.45 0.41 0.62 0.59 0.72 0.63 0.90 0.66 0.92
SVM 0.61 0.74 0.00 0.00 0.62 0.55 0.90 0.65 0.90 0.66 0.95
Ensemble 1 0.59 0.75 0.00 0.00 0.60 0.54 0.86 0.70 0.90 0.66 0.94
Ensemble 2 0.44 0.64 0.26 0.33 0.54 0.45 0.50 0.52 0.70 0.46 0.86
Ensemble 3 0.57 0.68 0.33 0.25 0.55 0.55 0.72 0.58 0.81 0.60 0.92
Ensemble 4 0.57 0.74 0.30 0.25 0.64 0.53 0.68 0.63 0.90 0.66 0.95
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Table 5.15: Performance of PI-RADS Classification Models of Approach 1, Using
PyRadiomics Feature Set 2 Across T2W Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.63  0.71 0.40 0.16 0.55 0.56 0.77 0.62 0.85 0.80 0.96
XGBoost 0.63  0.68 0.42 0.25 0.50 0.57 0.72 0.58 0.85 0.80 0.95
AdaBoost 0.63  0.77 0.40 0.16 0.67 0.56 0.77 0.66 0.85 0.80 0.97
Gradient Boosting  0.61 0.67 0.28 0.16 0.47 0.55 0.72 0.58 0.92 0.80 0.98
LightGBM 0.57  0.68 0.25 0.16 0.51 0.51 0.63 0.56 0.85 0.80 0.96
SVM 0.61 0.70 0.00 0.00 0.61 0.53 0.95 0.59 0.90 0.60 0.89
Ensemble 1 0.65 0.71 0.00 0.00 0.62 0.57 0.90 0.63 0.92 0.80 0.88
Ensemble 2 0.53  0.76 0.00 0.00 0.66 0.50 0.72 0.67 0.90 0.66 0.95
Ensemble 3 0.63  0.70 0.33 0.16 0.54 0.56 0.77 0.59 0.92 0.80 0.95
Ensemble 4 0.55 0.71 0.22 0.16 0.55 0.50 0.59 0.60 0.85 0.80 0.97

Table 5.16: Performance of PI-RADS Classification Models of Approach 1, Using
PyRadiomics Feature Set 2 Across Combined Features of ADC, DWI, and T2W
Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.69  0.83 0.50 0.66 0.76 0.68 0.59 0.75 0.92 0.86 0.98
XGBoost 0.67  0.80 0.47 0.66 0.73 0.66 0.54 0.72 0.92 0.86 0.95
AdaBoost 0.67  0.81 0.50 0.75 0.77 0.65 0.59 0.68 1.00 0.73 0.98
Gradient Boosting  0.67  0.78 0.46 0.58 0.71 0.65 0.59 0.70 0.92 0.86 0.94
LightGBM 0.67  0.79 0.50 0.50 0.71 0.62 0.68 0.70 0.92 0.80 0.95
SVM 0.59  0.78 0.50 0.25 0.73 0.52 0.86 0.65 1.00 0.46 0.97
Ensemble 1 0.69  0.84 0.54 0.50 0.80 0.64 0.72 0.75 0.92 0.80 0.98
Ensemble 2 0.71 0.83 0.53 0.58 0.79 0.68 0.68 0.73 0.92 0.86 0.97
Ensemble 3 0.69  0.83 0.54 0.50 0.79 0.64 0.72 0.74 0.92 0.80 0.98
Ensemble 4 0.67  0.82 0.46 0.58 0.75 0.65 0.59 0.73 0.92 0.86 0.97

Evaluation of Pyradiomics Feature Set 2 across the various input configurations
demonstrated that models trained on ADC features generally outperformed those
based solely on DWI or T2W images. Within the ADC-based models, Ensemble
3 achieved the highest overall accuracy (0.755) with an AUC of 0.860, closely fol-
lowed by Ensemble 1 and several gradient boosting variants. For these models,
classification of PI-RADS 5 remained consistently strong (AUC > 0.97), while
PI-RADS 3 proved the most challenging, with notably lower precision and recall.
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Models based on DWI features exhibited moderate performance, with accuracies
typically ranging from 0.57 to 0.65, and relatively few configurations surpassed
an AUC of 0.75. Within this modality, AdaBoost and Ensemble 2 showed the
weakest results, whereas XGBoost and Random Forest produced more balanced
outcomes. Similarly, T2W-based models generally underperformed compared to
ADC and combined-sequence configurations, with most accuracies also between
0.57 and 0.65, although some ensemble methods maintained reasonable AUC val-
ues for PI-RADS 5. Combining features from ADC, DWI, and T2W improved
performance relative to single-sequence DWI or T2W models and approached the
levels observed with ADC alone. Notably, Ensemble 2 trained on combined features
achieved an accuracy of 0.714 and an AUC of 0.834, highlighting the advantage
of multi-sequence integration for more robust PI-RADS classification. Across all
configurations and modalities, PI-RADS 5 was consistently predicted with high
reliability, whereas PI-RADS 3 remained the most difficult class to classify accu-

rately, reflecting the inherent challenge of differentiating intermediate cases.

5.3.3 Results of Approach 2

In the second approach, the complete workflow, from zonal and lesion segmentation
to zone assignment, was executed automatically using pre-trained segmentation
models in combination with a custom spatial overlap algorithm. Radiomic features
were subsequently extracted from these automated segmentations, and PI-RADS
classification was performed following the same procedure as in the first approach.
Table 5.17 reports the results obtained with ADC images using Feature Set 1,

while Table 5.18 presents the corresponding outcomes for Feature Set 2.
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Table 5.17: Performance of PI-RADS Classification Models of Approach 2, Using
PyRadiomics Feature Set 1 Across ADC Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.60  0.82 0.16 0.16 0.74 0.61 0.57 0.78 0.78 0.84 0.95
XGBoost 0.69  0.83 0.42 0.50 0.74 0.66 0.57 0.78 0.85 0.92 0.98
AdaBoost 0.63  0.79 0.25 0.16 0.71 0.56 0.64 0.71 0.84 0.84 0.94
Gradient Boosting  0.63  0.84 0.28 0.33 0.78 0.63 0.50 0.78 0.80 0.92 0.98
LightGBM 0.69  0.82 0.42 0.50 0.77 0.66 0.57 0.74 0.85 0.92 0.95
SVM 0.51 0.76 0.00 0.00 0.66 0.50 0.42 0.72 0.64 0.84 0.89
Ensemble 1 0.66  0.83 0.20 0.16 0.79 0.61 0.57 0.74 0.86 1.00 0.97
Ensemble 2 0.57  0.82 0.40 0.33 0.83 0.05 0.42 0.70 0.68 0.84 0.93
Ensemble 3 0.69  0.80 0.33 0.33 0.71 0.66 0.57 0.74 0.86 1.00 0.96
Ensemble 4 0.66  0.84 0.33 0.33 0.73 0.61 0.57 0.81 0.85 0.92 0.97

Table 5.18: Performance of PI-RADS Classification Models of Approach 2, Using
PyRadiomics Feature Set 2 Across ADC Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.60  0.81 0.16 0.16 0.71 0.63 0.50 0.81 0.75 0.92 0.91
XGBoost 0.66  0.82 0.37 0.50 0.74 0.70 0.50 0.78 0.80 0.92 0.93
AdaBoost 0.72 0.81 0.33 0.16 0.73 0.64 0.78 0.76 0.92 0.92 0.93
Gradient Boosting  0.63  0.80 0.28 0.33 0.72 0.77 0.50 0.74 0.70 0.92 0.92
LightGBM 0.69  0.81 0.37 0.50 0.72 0.80 0.57 0.77 0.80 0.92 0.92
SVM 0.57  0.78 0.16 0.16 0.66 0.57 0.57 0.77 0.76 0.76 0.91
Ensemble 1 0.63  0.82 0.33 0.16 0.76 0.55 0.71 0.79 0.83 0.76 0.91
Ensemble 2 0.48  0.64 0.00 0.00 0.58 0.46 0.50 0.58 0.64 0.69 0.76
Ensemble 3 0.60  0.81 0.28 0.33 0.74 0.53 0.50 0.77 0.84 0.84 0.92
Ensemble 4 0.66  0.81 0.33 0.50 0.71 0.77 0.50 0.79 0.80 0.92 0.91

For Feature Set 1 (Table5.17), the best accuracy (0.697) was achieved by XG-
Boost, Light GBM, and Ensemble 3, while the highest overall AUC (0.849) was
obtained with Gradient Boosting. Notably, XGBoost demonstrated strong class-
specific results, particularly for PI-RADS 4 (precision = 0.667, recall = 0.571,
AUC = 0.789) and PI-RADS 5 (precision = 0.857, recall = 0.923, AUC = 0.985).

For Feature Set 2 (Table 5.18), AdaBoost achieved the highest accuracy (0.727)
alongside a competitive AUC of 0.812. LightGBM and XGBoost also performed
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consistently well, especially in the classification of PI-RADS 5 (AUC = 0.927 and
0.935, respectively). In contrast, Ensemble 2 yielded the weakest outcomes, with
an accuracy of 0.485 and an AUC of 0.645.

Overall, transitioning from Feature Set 1 to Feature Set 2 resulted in accuracy
improvements for certain models (e.g., AdaBoost), but not across all configura-
tions. XGBoost and Light GBM emerged as consistently strong performers across
both feature sets, whereas support vector machine and Ensemble 2 tended to un-

derperform in this fully automated workflow.

5.3.4 Results of Approach 3

In Approach 3, a different strategy was adopted by discarding Pyradiomics fea-
tures. Instead, feature extraction was performed using the proposed convolution
neural network, trained on paired ADC images and their corresponding masks.
The extracted features were then provided as input to ML models for PI-RADS

classification. The results of this approach are summarized in Table 5.19.

Table 5.19: Performance of PI-RADS Classification Models of Approach 3, Using
Extracted Features by Proposed Convolution Neural Network Across ADC Images

Model Acc. AUC PI-RADS 3 PI-RADS 4 PI-RADS 5

Prec. Recall AUC Prec. Recall AUC Prec. Recall AUC

RF 0.65 0.84 0.37 0.25 0.78 0.60 0.77 0.77 0.92 0.80 0.96
XGBoost 0.67 0.84 0.42 0.25 0.77 0.61 0.86 0.78 1.00 0.73 0.96
AdaBoost 0.53  0.82 1.00 0.08 0.76 0.48 1.00 0.74 1.00 0.20 0.96
Gradient Boosting  0.63  0.81 0.37 0.25 0.73 0.60 0.77 0.77 0.84 0.73 0.94
Light GBM 0.69  0.82 0.42 0.25 0.73 0.63 0.86 0.79 1.00 0.80 0.94
SVM 0.63  0.72 0.50 0.33 0.58 0.58 0.63 0.67 0.76 0.86 0.92
Ensemble 1 0.59  0.72 0.26 0.16 0.55 0.53 0.63 0.67 0.81 0.86 0.92
Ensemble 2 0.67  0.80 0.46 0.50 0.76 0.66 0.72 0.74 0.91 0.73 0.91
Ensemble 3 0.69  0.79 0.57 0.33 0.70 0.62 0.90 0.74 1.00 0.66 0.94
Ensemble 4 0.73  0.84 0.66 0.33 0.77 0.65 0.95 0.79 1.00 0.73 0.96

As shown in Table 5.19, Ensemble 4 achieved the highest performance, with
an accuracy of 0.735 and an AUC of 0.844, demonstrating particularly strong
results for PI-RADS 4 and PI-RADS 5. Other models, including Light GBM and
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Ensemble 3, also yielded competitive outcomes. However, performance for PI-
RADS 3 remained consistently lower across all models, confirming it as the most

challenging category to classify.

5.4 Prostate Cancer Detection

In this section, we present the results of the classification of patients into cancer
and non-cancer categories. For each classifier and imaging modality, we report
the average area under the AUC, accuracy, precision, recall, and F1-score for both
classes. These metrics provide a comprehensive evaluation of model performance,
allowing comparison across different classifiers and input images.

Table 5.20 summarizes the performance of different ML classifiers for distin-

guishing between cancer and non-cancer cases using ADC images.

Table 5.20: The results of cancer and non-cancer classification using ADC images

Model Ace  AUC Non-Cancer Cancer
Precision Recall F1-Score Precision Recall F1-Score

MLP 0.83 0.87 0.84 0.91 0.87 0.83 0.70 0.76
KNN 0.72 0.74 0.76 0.82 0.79 0.65 0.56 0.60
XGBoost 0.80 0.74 0.73 0.91 0.81 0.75 0.44 0.56
Decision Tree 0.72 0.70 0.78 0.78 0.78 0.63 0.63 0.63
Random Forest 0.67 0.77 0.66 0.96 0.78 0.71 0.19 0.29
SVM 0.79 0.84 0.89 0.76 0.82 0.68 0.85 0.75
LGBM 0.76 0.81 0.78 0.87 0.82 0.73 0.59 0.65
GradientBoosting 0.74 0.83 0.75 0.87 0.80 0.70 0.52 0.60
Ensemble 1 0.70 0.83 0.73 0.84 0.78 0.65 0.48 0.55
Ensemble 2 0.73 0.83 0.72 0.93 0.81 0.78 0.41 0.54

The results in the Table 5.20 indicate that the multilayer perceptron and sup-
port vector machine models achieved the highest overall performance in distin-
guishing cancer from non-cancer cases, with the multilayer perceptron slightly

outperforming in terms of accuracy (0.83) and AUC (0.87). Multilayer perceptron
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also demonstrated balanced class-specific performance, with high precision, recall,
and Fl-scores for both non-cancer and cancer classes. Support Vector Machine
showed a particularly strong recall for the cancer class (0.85), indicating better
sensitivity in detecting positive cases. Traditional ensemble methods (Ensemble 1
and Ensemble 2) provided moderate improvements in AUC but had lower overall
accuracy compared to individual top-performing models. Random Forest achieved
very high precision for non-cancer cases (0.96) but performed poorly in detecting
cancer, as reflected by the low recall (0.19), highlighting an imbalance in class
performance. Overall, these results suggest that while tree-based methods are
effective for certain metrics, neural network-based and support vector machine
models provide more balanced and reliable performance across both classes.
Table 5.21 presents the classification performance of various ML models in

differentiating cancer from non-cancer cases based on DWI images.

Table 5.21: The results of cancer and non-cancer classification using DWI images

Model Ace  AUC Non-Cancer Cancer
Precision Recall F1-Score Precision Recall F1-Score

MLP 0.75 0.79 0.78 0.84 0.81 0.70 0.59 0.64
KNN 0.67 0.75 0.69 0.84 0.76 0.59 0.37 0.45
XGBoost 0.74 0.74 0.73 0.91 0.81 0.75 0.44 0.56
Decision Tree 0.62 0.59 0.70 0.71 0.70 0.50 0.48 0.49
Random Forest 0.68 0.72 0.67 0.96 0.79 0.75 0.22 0.34
SVM 0.75 0.82 0.83 0.76 0.79 0.65 0.74 0.69
LGBM 0.71 0.71 0.71 0.89 0.79 0.69 0.41 0.51
GradientBoosting 0.74 0.78 0.72 0.96 0.82 0.83 0.37 0.51
Ensemble 1 0.80 0.85 0.79 0.93 0.86 0.84 0.59 0.69
Ensemble 2 0.71 0.84 0.71 0.91 0.79 0.71 0.37 0.49

Table 5.21 presents the performance of different classifiers for distinguishing
cancer from non-cancer cases using DWI images. Ensemble 1 achieved the best
overall performance, with an accuracy of 0.80 and an AUC of 0.85, demonstrating
strong discriminative power. Multilayer perceptron and support vector machine

also performed well, providing balanced precision, recall, and F1-scores for both
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classes. Tree-based models such as Random Forest and Gradient Boosting showed
high precision for non-cancer cases but relatively low recall for cancer, indicating
that they are better at identifying negative cases than positive ones. Ensemble 2
offered improved AUC compared to several individual models but did not surpass
Ensemble 1 in overall accuracy. These results suggest that combining imaging
features with ensemble approaches can enhance classification reliability for DWI-
based prostate cancer detection.

Table 5.22 shows the performance of different classifiers for distinguishing can-
cer and non-cancer cases using T2W axial images. The table reports accuracy,

AUC, and the precision, recall, and F1-scores for both classes.

Table 5.22: The results of cancer and non-cancer classification using T2W axial
images

Model Ace  AUC Non-Cancer Cancer
Precision Recall F1-Score Precision Recall F1-Score

MLP 0.64 0.70 0.70 0.72 0.71 0.52 0.50 0.51
KNN 0.59 0.63 0.63 0.81 0.71 0.42 0.23 0.29
XGBoost 0.71 0.72 0.70 0.92 0.80 0.73 0.36 0.48
Decision Tree 0.67 0.65 0.73 0.75 0.74 0.57 0.55 0.56
Random Forest 0.62 0.70 0.63 0.94 0.76 0.50 0.09 0.15
SVM 0.69 0.81 0.76 0.72 0.74 0.58 0.64 0.61
LGBM 0.67 0.70 0.71 0.81 0.75 0.59 0.45 0.51
GradientBoosting 0.69 0.70 0.70 0.89 0.78 0.67 0.36 0.47
Ensemble 1 0.74 0.78 0.72 0.94 0.82 0.82 0.41 0.54
Ensemble 2 0.71  0.79 0.69 0.94 0.80 0.78 0.32 0.45

Regarding Table 5.22; the results show the classification performance of dif-
ferent models using T2W axial images. Ensemble 1 achieved the highest ac-
curacy (0.74) and strong AUC (0.78), indicating reliable differentiation between
cancer and non-cancer cases. Multilayer perceptron and support vector machine
also demonstrated balanced performance across both classes, with good F1-scores.
Tree-based models, such as Random Forest and Gradient Boosting, had high pre-

cision for non-cancer cases but lower recall for cancer, suggesting challenges in
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detecting positive cases. Overall, ensemble approaches and neural network models
provided the most consistent and robust classification results.

Table 5.23 presents the classification performance of various ML models on
T2W coronal images. The metrics include accuracy, AUC, and precision, recall,

and F1-scores for both cancer and non-cancer classes.

Table 5.23: The results of cancer and non-cancer classification using T2W coronal
images

Model Ace AUC Non-Cancer Cancer
Precision Recall F1-Score Precision Recall F1-Score

MLP 0.69 0.76 0.74 0.78 0.76 0.60 0.56 0.58
KNN 0.67 0.60 0.68 0.89 0.77 0.62 0.30 0.40
XGBoost 0.68 0.68 0.69 0.80 0.74 0.55 0.41 0.47
Decision Tree 0.60 0.59 0.70 0.62 0.66 0.47 0.56 0.51
Random Forest 0.64 0.69 0.64 0.96 0.77 0.60 0.11 0.19
SVM 0.78 0.83 0.84 0.80 0.82 0.69 0.74 0.71
LGBM 0.68 0.74 0.71 0.82 0.76 0.60 0.44 0.51
GradientBoosting 0.68 0.70 0.70 0.87 0.77 0.62 0.37 0.47
Ensemble 1 0.75 0.81 0.74 0.91 0.82 0.76 0.48 0.59
Ensemble 2 0.71 0.82 0.71 0.91 0.79 0.71 0.37 0.49

Based on Table 5.23, the classification results using T2W coronal images in-
dicate that Ensemble 1 achieved the highest accuracy (0.75) and AUC (0.81), re-
flecting strong overall performance in differentiating cancer from non-cancer cases.
support vector machine and multilayer perceptron also performed well, showing
balanced precision, recall, and F1-scores across both classes. Tree-based models,
including Random Forest and Decision Tree, demonstrated high precision for non-
cancer cases but lower recall for cancer, suggesting limited sensitivity to positive
cases. Ensemble 2 improved AUC compared to several individual models but did
not surpass Ensemble 1 in accuracy. Overall, these results highlight that ensemble
strategies and neural network models provide more reliable and consistent classi-
fication outcomes.

Table 5.24 shows the performance of different ML classifiers for cancer versus
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non-cancer classification using T2W sagittal images. The results include overall
accuracy, AUC, and class-specific precision, recall, and F1-scores for both cancer

and non-cancer groups.

Table 5.24: The results of cancer and non-cancer classification using T2W sagittal
images

Model Ace  AUC Non-Cancer Cancer
Precision Recall F1-Score Precision Recall F1-Score

MLP 0.70 0.76 0.70 0.91 0.79 0.71 0.37 0.49
KNN 0.75 0.75 0.73 0.93 0.82 0.80 0.44 0.57
XGBoost 0.73 0.72 0.73 0.91 0.81 0.75 0.44 0.56
Decision Tree 0.58 0.57 0.68 0.59 0.63 0.45 0.56 0.50
Random Forest 0.66 0.73 0.66 0.95 0.78 0.71 0.19 0.29
SVM 0.75 0.82 0.80 0.80 0.80 0.67 0.67 0.67
LGBM 0.71 0.74 0.72 0.86 0.78 0.67 0.44 0.53
GradientBoosting 0.72 0.74 0.73 0.86 0.79 0.68 0.48 0.57
Ensemble 1 0.74 0.85 0.72 0.95 0.82 0.84 0.41 0.55
Ensemble 2 0.74 0.82 0.72 0.95 0.82 0.84 0.41 0.55

Regarding Table 5.24, the results show the classification performance of dif-
ferent models using T2W sagittal images. Ensemble 1 achieved the highest AUC
(0.85) with an accuracy of 0.74, indicating strong capability in distinguishing can-
cer from non-cancer cases. k-Nearest Neighbor and support vector machine also
showed high overall accuracy and balanced class-specific performance. Tree-based
models, such as Random Forest and Decision Tree, performed well for non-cancer
precision but had lower recall for cancer, reflecting limitations in detecting posi-
tive cases. Overall, the results suggest that ensemble models and neural networks
provide the most consistent and reliable classification outcomes for sagittal T2W

images.
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Chapter 6

Discussion, Conclusions, and
Outlook

6.1 Discussion

6.1.1 Zonal Segmentation

Segmentation of prostate zones, particularly the peripheral zone, is critical for
accurate diagnosis and effective management of prostate cancer. This study in-
vestigates three advanced neural network-based approaches, ensemble learning,
MetaNet, and YOLO-VS, designed to address the challenges of zonal segmenta-
tion in prostate MRI scans from the Prostatel58 dataset. While each method
offers unique strengths, they share the overarching goal of improving segmenta-
tion accuracy and reliability, ultimately supporting better clinical decision-making
and patient outcomes.

The ensemble learning approach employed in this study combines multiple U-
Net-based models, effectively averaging their outputs to enhance segmentation
performance in both the central gland and peripheral zone. This underscores
the benefit of leveraging diverse models to accommodate anatomical variability in
prostate MRI data.

MetaNet, adapted here for segmentation, represents a novel application of this
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architecture. Its strong performance demonstrates the capacity of advanced neural
networks to capture complex feature relationships in medical imaging. Although
originally developed for other tasks, MetaNet’s success in this context highlights
its potential and encourages further exploration of state-of-the-art neural network
architectures for medical image analysis.

The performance of three models, Ensemble Model, Meta-Net (Vanilla-Net +
V-Net), and YOLO-V8, was assessed in both the central gland and peripheral zone
regions using [oU and DSC metrics. In the central gland, YOLO-V8 achieved the
highest performance, with an IoU of 80% and a DSC of 89%, followed by the
Ensemble Model (ToU: 79.3%, DSC: 88.4%) and Meta-Net (IoU: 78%, DSC: 88%).
In the peripheral zone, YOLO-V8 again led the results, attaining an IoU of 58% and
DSC of 73%, while the Ensemble Model and Meta-Net showed similar performance,
with IoUs of 54.5% and 54% and DSCs of 70.5% and 71%, respectively. Figure 6.1

provides a comparative overview of the DSC outcomes on the test set.
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Figure 6.1: Comparison of DSC performance for Prostate Zone Segmentation on
the test set

YOLO-V8 demonstrated strong potential, showcasing its ability to perform fast
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and accurate prostate zone segmentation. Its architecture, optimized for segmenta-
tion rather than traditional object detection, offers a flexible approach applicable
across various medical imaging tasks. Adapting YOLO for zonal segmentation
highlights its versatility beyond conventional object detection applications.

The models were trained on a dataset of 90 MRI scans, with evaluation per-
formed on a validation set of 25 scans and a test set of 24 scans. For central gland
segmentation on the validation set, the ensemble learning method achieved an IoU
of 80.4% and a DSC of 89.1%, while for peripheral zone segmentation, it reached
an IoU of 60.6% and a DSC of 75.5%. On the test set, the ensemble method
recorded an IoU of 79.3% and a DSC of 88.4% for the central gland, and an IoU
of 54.5% and a DSC of 70.5% for the peripheral zone.

For Meta-Net, various network combinations were tested on both validation
and test sets. The Vanilla-Net + V-Net combination performed best, achieving
an IoU of 80% for the central gland and 58% for the peripheral zone, along with
DSCs of 89% and 73% on the validation set. On the test set, this configuration
maintained strong performance with an IoU of 78% and 54% for the central gland
and the peripheral zone, respectively, and DSCs of 88% and 71%.

YOLO-V8 achieved an IoU of 81% for central gland and 60% for the peripheral
zone on the validation set, with corresponding DSCs of 91% and 74%. On the test
set, performance remained strong, with IoUs of 80% for the central gland and 58%
for the peripheral zone and DSCs of 89% and 73%.

When compared with previous studies, it is important to note that our dataset
is smaller than those used in most referenced works, which naturally affects per-
formance metrics. Despite this limitation, our results demonstrate competitive
efficacy in prostate zone segmentation. For instance, ENet achieved DSC scores
of 91% for the whole gland, 87% for the transition zone, and 71% for the periph-
eral zone [110]. In comparison, our ensemble method reached 89.1% for the central
gland and 75.5% for the peripheral zone on the validation set, showing particularly
strong central gland segmentation.

Similarly, BASC-Net reported DSCs of 88.6% for the central gland and 79.9%

for the peripheral zone [111]. Our results are closely aligned in central gland
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performance, with slightly lower peripheral zone accuracy, which is notable given
our smaller and less diverse dataset. Meta-Net also demonstrated competitive
results with an IoU of 80% for the central gland and a DSC of 89%, further
confirming the robustness of our approach.

These findings contribute to the growing body of literature on effective prostate
segmentation techniques. They demonstrate that, even with a limited dataset,
high-quality segmentation can be achieved through innovative model architectures
and training strategies. Overall, our results are comparable to some of the best
reported in the literature, highlighting the feasibility of strong segmentation per-
formance under resource constraints. This suggests that future research can fo-
cus on optimizing segmentation methods without relying solely on large datasets,
paving the way for effective prostate imaging solutions even when data availability
is limited.

Figures 6.2 and 6.3 show a comparison of our proposed models with previous
studies for central gland and peripheral zone segmentation, respectively. The
figures illustrate model performance on the test set, focusing on DSC values, since

most earlier studies did not report IoU.
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Figure 6.2: Comparison of the DSC results for CG segmentation, obtained from
related works and the model of our study on the test set
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Figure 6.3: Comparison of the DSC results for PZ segmentation, obtained from
related works and the model of our study on the test set

6.1.2 Lesion Segmentation

Segmentation of the lesion on prostate magnetic resonance imaging is a critical step
in the early detection and diagnosis of clinically significant prostate cancer. High-
precision segmentation ensures accurate localization of suspicious regions, facili-
tating biopsy targeting, treatment monitoring, and the development of computer-
aided diagnostic tools. Owing to the heterogeneous appearance of prostate lesions,
multi-parametric MRI (mpMRI) has become the standard approach to improve le-
sion characterization. In this study, three complementary MRI sequences, T2W,
ADC, and DWI, were employed to enhance segmentation performance. Together,
these modalities integrate anatomical and functional information, improving the
differentiation between malignant and benign tissues.

In contrast to many existing studies that rely exclusively on publicly avail-

able datasets, we developed a custom dataset to more accurately reflect real-world
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variations and challenges in prostate lesion segmentation. The dataset was meticu-
lously annotated to ensure high-quality ground truth labels for both model training
and evaluation.

To investigate the potential of DL for this task, four DL architectures, U-Net,
Dense U-Net, Attention U-Net, and a custom LSTM U-Net, were explored for
the segmentation of prostate lesions from mpMRI. These models were selected
to evaluate how different architectural strategies capture spatial and contextual
features. Two input strategies were used: training networks individually in single
modalities (T2W, ADC, DWI) and multi-input U-Net—based models processing
all three sequences together. ADC proved to be the most discriminative single
modality, which led to the development of the LSTM U-Net incorporating a bidi-
rectional ConvLSTM module at the bottleneck to better capture spatio-temporal
dependencies and improve feature representation.

Since lesion masks were provided separately for each modality, a unified ground
truth was created by merging the T2W, ADC, and DWI masks using a pixel-wise
logical OR. This approach ensured that any voxel labeled as a lesion was included in
at least one modality, integrating complementary information between sequences.
To evaluate the generalization of the model, training was performed in two dataset
subsets: one including all PI-RADS scores (3-5) and another limited to clinically
significant lesions (4-5). This allowed for a performance assessment on both lower
and higher-risk lesions.

In general, these findings demonstrate that the integration of multiple MRI
sequences, the selection of appropriate network architectures, and the carefully
designed ground truth masks are critical to achieving robust and accurate seg-
mentation of prostate lesions. The results underscore the potential of DL, partic-
ularly architectures incorporating spatio-temporal modeling, to support improved
detection and characterization of clinically significant prostate cancer.

The results of our lesion segmentation experiments reveal several key insights
regarding the performance of different DL architectures and MRI sequences. When
considering clinically significant lesions (PI-RADS 4-5), the highest segmentation

accuracy was achieved using the ADC sequence, with Dense-U-Net reaching 69%,
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followed closely by U-Net (68%) and LSTM U-Net (67%). DWI sequences pro-
duced slightly lower performance (up to 66%), while T2W alone yielded the lowest
accuracy ( 48%). Interestingly, the combination of all three sequences did not con-
sistently improve performance, with multi-sequence inputs achieving only moder-
ate accuracy (41-58%). Similar trends were observed in the dataset, including all
PI-RADS scores (3-5), highlighting the challenge of segmenting lower-grade and
more heterogeneous lesions, which reduced overall performance across all architec-
tures.

Comparing our findings with previous studies demonstrates both consistencies
and differences. In line with our results, several works have reported superior
performance using ADC images due to their higher lesion contrast. For instance,
Simeth et al. [139] achieved Dice scores of 0.60 on internal datasets using ADC
maps, and Gavade et al. [134] reached 67% Dice with U-Net and LSTM net-
works. Conversely, multi-sequence integration has shown variable results; some
studies, such as Li et al. [141] and Li et al. [142], reported high DSCs of 84-92%
when employing advanced attention-driven multi-scale networks, suggesting that
more sophisticated fusion strategies or transformer-based approaches may better
leverage complementary information from multiple sequences.

Several prior studies reported performances comparable to or slightly higher
than ours on similar datasets. For example, Wu et al. [138] achieved Dice scores
of 51-44% on Prostatel58 and PI-CAI using selective multi-modal integration,
while Wang et al. [94] reported a Dice of 56% using a dual-pyramid network.
In contrast, high-performing approaches such as Shiri et al. [146] and Li et al.
[142] employed multi-center datasets and attention mechanisms to reach DSCs
of 0.84-0.92, demonstrating the potential benefits of large, diverse datasets and
advanced architectural modules. Methods relying solely on T2W or less optimized
fusion strategies, such as Adams et al. [123] and Zhong et al. [140], achieved
lower Dice scores of 31-45%, reflecting the limitations of single-modality inputs
for challenging prostate lesion segmentation tasks.

Our results, particularly the performance of ADC and LSTM U-Net architec-

tures, suggest that the incorporation of recurrent modules and the aggregation of
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contextual characteristics can improve the segmentation of small or irregular le-
sions. However, the limited gain from multi-sequence inputs in our study indicates
that simple concatenation or naive fusion may not fully exploit complementary
information across T2W, ADC, and DWI sequences. This suggests that atten-
tion mechanisms, modality-specific weighting, or transformer-based integration,
as demonstrated by SAM-UNETR [133] and LeSMI [138], may be necessary to
achieve the highest segmentation accuracy in prostate MRI.

In summary, our study confirms the importance of ADC imaging for accurate
lesion segmentation and highlights the potential of LSTM-based architectures for
capturing spatiotemporal dependencies. While our Dice scores are comparable to
many published methods using similar datasets, there remains a performance gap
compared to advanced attention- or transformer-based models trained on larger,
multi-center datasets. These findings emphasize the need for further exploration
of multi-sequence fusion strategies, recurrent and attention modules, and dataset
diversity to improve the robustness and clinical applicability of automated prostate
lesion segmentation.

Figures 6.4 and 6.5 show the comparison of our networks for lesion segmentation
using the PI-RADS 4-5 and PI-RADS 3-5 datasets, respectively.
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Figure 6.5: Lesion segmentation results using PI-RADS 3-5 dataset.

6.1.3 PI-RADS Classification

mp-MRI improves the detection of prostate tumors by integrating anatomical infor-
mation from T2W images with quantitative data derived from DWI and dynamic
contrast-enhanced (DCE) sequences [233]. The Prostate Imaging-Reporting and
Data System (PI-RADS) v2, along with its updated version PI-RADS v2.1, of-
fers a standardized framework for evaluating the likelihood of clinically significant
prostate cancer based on lesion morphology and imaging characteristics, promoting
consistency across different institutions [178]. Nevertheless, assigning a PI-RADS
score still relies on subjective interpretation of qualitative lesion features, such as
distinguishing heterogeneous T2W lesions (PI-RADS 3) from homogeneous ones
(PI-RADS 4). This subjectivity introduces interobserver variability and potential

disagreement among clinicians [212] [234].
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In this study, we investigated several ML approaches for automated PI-RADS
classification using radiomic features extracted from mpMRI sequences, including
T2W, DWI, and ADC maps. Across the evaluated methods, models based on
ADC features consistently outperformed those using DWI or T2W alone, with
ensemble and gradient boosting models achieving the highest overall accuracy and
AUC values.

Notably, PI-RADS 5 lesions were reliably classified across all models, whereas
PI-RADS 3 lesions remained the most challenging, reflecting the intrinsic diffi-
culty in differentiating intermediate-risk lesions. Figure 6.6 presents a comparison
of AUCs for ML models using Feature Set 1. ADC-derived features consistently
achieved the highest AUCs across most models, whereas T2W-based features gen-
erally performed the least effectively. Combining features from multiple sequences
improved performance relative to single-sequence models, particularly for XG-
Boost, Gradient Boosting, and ensemble approaches. Ensemble models demon-
strated competitive or superior AUCs compared to individual classifiers when using

merged feature sets.
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Figure 6.6: Comparison of the AUCs achieved by all models in Approach 1 using
Feature Set 1 for PI-RADS classification

As illustrated in Figure 6.7, which compares the AUC values of all models un-
der Approach 1 with Feature Set 2 for PI-RADS classification, ADC demonstrates
consistently superior performance across the majority of models. The merged fea-
ture set also yields strong results, especially within ensemble methods such as
Ensemble 1 and Ensemble 4. In contrast, DWI and T2W achieve comparatively
lower and more fluctuating AUCs, reflecting weaker discriminative capability. The
use of ensemble strategies generally enhances both robustness and classification ac-

curacy. Overall, the figure underscores the leading role of ADC and the advantages

of ensemble modeling.
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Figure 6.7: Comparison of the AUCs achieved by all models in Approach 1 using
Feature Set 2 for PI-RADS classification

Figures 6.8 and 6.9 illustrate the AUC values obtained by all models in Ap-
proach 2 with Feature Set 1 and Feature Set 2, respectively. Model performance
appears generally consistent across both sets, with most AUCs concentrated near
0.80. In Figure 6.8 (Feature Set 1), GradientBoosting and Ensemble 4 achieve the
highest scores, whereas in Figure 6.9 (Feature Set 2), performance is more evenly
distributed, although Ensemble 2 shows a marked decline. In both scenarios, sup-
port vector machine performs poorly, indicating limited suitability for ADC-driven
inputs. Overall, the findings suggest that while both feature sets are effective, Fea-
ture Set 1 provides slightly better model separation and peak outcomes, especially

for boosting and ensemble approaches.
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Figure 6.8: Comparison of the AUCs achieved by all models in Approach 2 using
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Figure 6.9: Comparison of the AUCs achieved by all models in Approach 2 using
Feature Set 2 for PI-RADS classification

Figure 6.10 presents the AUCs of different models in Approach 3 using ADC
features for PI-RADS classification. Tree-based methods such as RF and XG-
Boost consistently achieve strong results, with AUCs exceeding 0.83. Ensemble
4 outperforms all other models, highlighting the effectiveness of its combination
strategy in this approach. Conversely, support vector machine and Ensemble 1
demonstrate the lowest performance, both falling below 0.74. These findings indi-
cate that while some ensemble methods may not generalize well, a well-designed

ensemble like Ensemble 4 can substantially enhance predictive accuracy.
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Figure 6.10: Comparison of the AUCs achieved by all models in Approach 3

To understand feature contributions and enhance model interpretability, SHAP
(SHapley Additive exPlanations) was utilized. SHAP provides a unified framework
for explaining model predictions, rooted in cooperative game theory, by assigning
each feature a quantifiable importance for individual predictions [235]. Its con-
sistency and local accuracy have made it a widely adopted standard for model
explainability. However, applying SHAP to complex ensemble models, particu-
larly stacked ensembles, can be computationally demanding or impractical due to
their intricate structure and limited direct SHAP support [236]. Consequently,
XGBoost, chosen for its consistently high AUCs and its central role within the
ensemble models, was selected for SHAP analysis.

Figures 6.11 and 6.12 present the SHAP-based interpretability results obtained
from XGBoost using ADC features in Approach 1. Figure 6.11 displays feature
importance plots derived from the mean absolute SHAP values for both Feature
Set 1 and Feature Set 2, highlighting the features that contribute most on average
to model predictions. Figure 6.12 depicts the mean SHAP value plots, capturing

both the direction and magnitude of each feature’s impact on the model output
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across all classes for the same feature sets.
These visualizations summarize the average effect of each feature on the model’s
predictions, effectively illustrating overall feature importance within the classifica-

tion task.
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Figure 6.12: Feature importance plots based on the mean SHAP value based on
the classes (Class 0: PI-RADS 3, Class 1: PI-RADS 4, and Class 3: PI-RADS 5),
in a) approach 1 using feature set 1, and b) approach 1 using feature set 2

Based on Figure 6.12.a, for Class 0 (PI-RADS 3), MeshVolume and Range ex-
hibit the strongest positive influence, highlighting their key role in identifying this
category. For Class 1 (PI-RADS 4), features such as Skewness, Sphericity, and
Elongation show notable impact, suggesting that the model leverages shape irreg-
ularities to distinguish this group. In Class 2 (PI-RADS 5), Skewness and Mean
are the most influential, reflecting intensity-related characteristics as primary indi-
cators. Certain features, including Skewness and Range, contribute meaningfully
across all classes, though with varying magnitudes. Overall, the model utilizes

both shape and intensity-based features differently across classes to support PI-

RADS classification.
According to Figure 6.12.b, features associated with Class 2 (PI-RADS 5) have

the highest SHAP impact, with texture metrics such as ZoneEntropy and Coarse-
ness being particularly influential. Features for Class 1 (PI-RADS 4), including
first-order and small-area emphasis metrics, show moderate importance. Class 0

(PI-RADS 3) features exert lower but consistent effects across variables. These
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results indicate that texture features derived from ADC images dominate model
predictions, whereas shape and first-order features contribute less, emphasizing
the critical role of texture heterogeneity in differentiating PI-RADS categories.

These observations are consistent with prior studies. Previous work has shown
that DL models can achieve moderate agreement with radiologist-assigned PI-
RADS scores, with the highest reliability observed for PI-RADS 5 lesions and lower
performance for intermediate categories such as PI-RADS 3 [149] [150]. Radiomics-
based approaches incorporating ADC and T2W features have demonstrated im-
proved detection of clinically significant prostate cancer, particularly in high-risk
lesions, with reported accuracies ranging from 75% to 84% and AUCs between
0.83 and 0.99 [151] [152] [153] [154] [156]. Our findings align with these results,
reinforcing the utility of radiomic features and ensemble learning in enhancing
automated classification of prostate lesions.

Importantly, while ADC-based models performed well, the persistent difficulty
in accurately classifying PI-RADS 3 lesions highlights a key limitation of current
automated pipelines. This challenge echoes prior reports noting that intermediate-
risk lesions often require nuanced radiological judgment and clinical context for
reliable stratification [149] [150] [151]. Therefore, automated models should be re-
garded as complementary tools to expert radiologist assessment rather than stan-
dalone solutions.

Overall, our results demonstrate that integrating radiomic features from mul-
tiple MRI sequences and employing ensemble learning techniques can enhance PI-
RADS classification. High-risk lesions (PI-RADS 5) are identified reliably, whereas
intermediate categories remain challenging. This underscores the need for further
refinement in feature extraction, model training, and the integration of clinical
data to achieve robust, clinically applicable performance.

This study has some limitations. First, the dataset contained a relatively lim-
ited number of MRI cases, which may constrain the generalizability of the findings.
Second, PI-RADS 3 lesions remain particularly difficult to classify due to their in-

termediate and often ambiguous imaging characteristics. These lesions frequently
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share overlapping features with both lower and higher PI-RADS categories, mak-
ing accurate detection and classification challenging even with advanced ML ap-

proaches.

6.1.4 Prostate Cancer Detection

Figure 6.13 shows the comparison of accuracy and AUC values across different

classifiers evaluated on ADC images
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Figure 6.13: Comparison of Acc and AUC for different classifiers using ADC im-
ages.

The performance of the classifiers on ADC images varied, with multilayer per-
ceptron achieving the highest accuracy (0.83) and AUC (0.87) among individual
models. Support vector machine also showed strong performance, with an accu-
racy of 0.79 and an AUC of 0.84, closely followed by LGBM (accuracy 0.76, AUC
0.81) and Gradient Boosting (accuracy 0.74, AUC 0.83). Traditional classifiers

such as k-Nearest Neighbor and Decision Tree yielded lower accuracy (0.72 each)
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and relatively moderate AUC values (0.74 and 0.70, respectively). Random Forest
showed a discrepancy between accuracy (0.67) and AUC (0.77), suggesting it may
tend to misclassify some samples despite good overall ranking capability. Interest-
ingly, ensemble approaches (Ensemblel and Ensemble2) did not outperform the
best individual models, reaching accuracy values of 0.70-0.73 and AUC values of
0.83. Overall, multilayer perceptron and support vector machine appear to be the
most reliable classifiers for ADC-based evaluation, balancing both accuracy and
discriminative ability.

Figure 6.14 illustrates the Acc and AUC for various classifiers evaluated on
DWI images.
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Figure 6.14: Comparison of Accuracy and AUC for different classifiers using DWI
images.

For DWI images, the ensemble approaches showed the strongest performance,

with Ensemblel achieving the highest AUC (0.85) and the highest accuracy (0.80),
while Ensemble2 also performed well (accuracy 0.71, AUC 0.84). Among individual
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models, multilayer perceptron and support vector machine maintained competitive
results, both reaching an accuracy of 0.75, with support vector machine slightly
outperforming multilayer perceptron in AUC (0.82 vs. 0.79). Gradient Boosting
and XGBoost demonstrated moderate performance, with accuracies of 0.74 and
0.74, respectively. The Decision Tree classifier again exhibited the lowest perfor-
mance among all classifiers, with an accuracy of 0.62 and an AUC of 0.59. Overall,
these results indicate that, unlike ADC images, where multilayer perceptron led,
ensemble methods are particularly effective for DWI data, providing improved
discriminative capability and robustness.

Figure 6.15 presents the Acc and AUC values for different classifiers evaluated

on T2W axial images.
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Figure 6.15: Comparison of Accuracy and AUC for different classifiers using T2W
Axial images.

When evaluating T2W axial images, ensemble models again demonstrated
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strong performance, with Ensemblel and Ensemble2 achieving the highest ac-
curacies (0.74 and 0.71) and AUCs (0.78 and 0.79), indicating reliable overall
discriminative ability. Among single classifiers, the support vector machine stood
out with a high AUC of 0.81, despite a moderate accuracy of 0.69, suggesting effec-
tive ranking of positive and negative cases even if some misclassifications occurred.
XGBoost also performed relatively well (accuracy 0.71, AUC 0.72), while Decision
Tree and Random Forest showed lower accuracy (0.67 and 0.62), though their AUC
values remained moderate. Overall, T2W images appear to favor ensemble and
support vector machine models, highlighting that combining predictions or using
robust margin-based classifiers can improve performance on this modality.

Figure 6.16 displays the accuracy and AUC metrics for various classifiers ap-

plied to T2W coronal images.
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Figure 6.16: Comparison of Accuracy and AUC for different classifiers using T2W
Coronal images.

For T2W coronal images, the support vector machine exhibited the highest

151



individual performance, achieving an accuracy of 0.78 and a strong AUC of 0.83,
indicating robust discriminative ability. Ensemble models also performed very well,
with Ensemblel and Ensemble2 reaching accuracies of 0.75 and 0.71 and AUCs of
0.81 and 0.82, respectively, highlighting the benefit of combining multiple classi-
fiers. Other individual models, such as multilayer perceptron and LGBM, showed
moderate performance (accuracy 0.68-0.69, AUC 0.74-0.76), while Decision Tree
and k-Nearest Neighbor lagged in both accuracy and AUC. Overall, these results
suggest that for T2W coronal images, margin-based classifiers like support vec-
tor machine, as well as ensemble strategies, provide the most reliable predictive
performance.

Figure 6.17 presents the Acc and AUC values for various classifiers evaluated

on T2W sagittal images.
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Figure 6.17: Comparison of Accuracy and AUC for different classifiers using T2W
Sagittal images.

In the case of T2W sagittal images, both support vector machine and k-Nearest
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Neighbor demonstrated strong individual performance, each reaching an accuracy
of 0.75, with Support Vector Machine showing a higher AUC of 0.82 compared to k-
Nearest Neighbor’s 0.75. Ensemblel achieved the highest AUC overall (0.85) while
maintaining a solid accuracy of 0.74, indicating that combining multiple models
can enhance discriminative capability. Multilayer perceptron and XGBoost also
provided moderate results (accuracy 0.70-0.73, AUC 0.72-0.76), whereas Decision
Tree lagged (accuracy 0.58, AUC 0.57). Overall, these findings suggest that, similar
to T2W coronal images, margin-based classifiers such as support vector machine
and ensemble methods yield the most reliable predictions for sagittal plane images.

In comparison with previous studies for prostate cancer detection, our work
demonstrates that despite using a relatively small dataset, classical ML methods
and ensemble strategies can achieve competitive performance for prostate cancer
classification. For instance, our best-performing models using ADC and DWI
images achieved an accuracy of 0.83 with an AUC of 0.871 (multilayer perceptron
on ADC) and an accuracy of 0.80 with an AUC of 0.85 (Ensemble 1 on DWI).
These results are encouraging when considering that many recent studies relied on
substantially larger datasets and DL architectures.

For example, Karagoz et al.[165] employed a 3D nnU-Net on more than 1,500
training cases and reported an AUROC of 0.888-0.889, while Taguelmimt et
al.[164] combined bp-MRI with clinical data and achieved an AUC of 0.82+0.03.
Similarly, Wang et al.[170] developed a multi-input convolution neural network
trained on 650 cases, achieving an accuracy of 82.5%. In contrast, studies such as
Chakraborty et al.[166]. Islam et al.[172] reported very high accuracies (98%) using
a convolutional neural network-based transfer learning approach (ResNet, VGG).
Still, these were obtained with datasets of several hundred to several thousand
images, which are not directly comparable to our smaller dataset.

Compared to earlier studies based on ML, such as Litjens et al.[168], who used
a support vector machine in 31 patients and achieved an accuracy of 0.76, our
results are comparable or even superior in terms of AUC, especially when con-
sidering inputs in single-modality. Moreover, our findings align with Provenzano
et al.[171], who highlighted the sensitivity of ML models to dataset variability,
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reporting AUCs between 0.82 and 0.99 when trained on multi-institutional data
but showing performance drops on external datasets.

Overall, while DL methods with large-scale datasets (e.g., ResNet, convolution
neural network ensembles) clearly achieve higher performance, our results demon-
strate that classical ML approaches can still yield robust classification accuracy
and AUC values in smaller datasets. Importantly, our study highlights the feasi-
bility of using simpler models that require fewer computational resources, while
achieving accuracy and AUC values comparable to some early DL works. This sug-
gests that with larger data sets or multimodal data integration (combining ADC,
DWI, and T2W), our proposed approaches could further improve and bridge the
performance gap with state-of-the-art DL methods.

6.2 Conclusions and Outlook

This thesis presented a comprehensive Al-based framework for prostate cancer
diagnosis, which includes prostate zonal segmentation, lesion segmentation, PI-
RADS classification, and real cancer detection using mp-MRI and clinical data.
The primary objective was to develop a multi-stage, clinically relevant workflow
that can assist radiologists, reduce variability, and provide an educational tool for
medical trainees.

In zonal segmentation, the proposed DL model demonstrated a high accuracy
in delineating the peripheral and transition zone, which is critical to localizing
lesions and guiding subsequent analysis. Compared to previous studies that often
used a single MRI sequence or relied on small datasets, this work integrated all
three mpMRI sequences and manually verified masks under the supervision of an
expert radiologist, ensuring robust and clinically valid results.

For lesion segmentation, the framework effectively identified suspicious regions
within the prostate, allowing evaluation of the size, location, and proximity of

the lesion to critical structures. Although high PI-RADS lesions were accurately
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highlighted, the study emphasized that not all high PI-RADS lesions are malig-
nant, highlighting the ongoing need for biopsy confirmation and clinical interpreta-
tion. The segmentation results demonstrated competitive performance compared
to state-of-the-art models reported in the literature, even though the dataset was
relatively small.

The PI-RADS classification module further contributed to diagnostic preci-
sion by extracting key imaging features capable of differentiating lesions across
PI-RADS categories. Integrating Al in this step improved consistency and re-
producibility, reducing inter-observer variability common in manual scoring. This
shows the potential of Al to support standardized evaluation and increase the
confidence of radiographers.

In the final stage, real prostate cancer classification combined imaging outputs
with selected clinical features, such as patient age, prostate-specific antigen level,
and biopsy results. This integration enabled more reliable identification of ma-
lignant cases, reflecting a multi-modal decision-making process that aligns closely
with real-world clinical practice. Despite the limited dataset, the model achieved
promising predictive performance, suggesting that with larger, multi-center data,
accuracy and generalizability could be further enhanced.

A notable contribution of this thesis is the end-to-end workflow, where the
output from each stage is directly fed into the next, mimicking clinical reasoning.
Additionally, the development of a user-friendly 3D Slicer plugin for prostate zonal
segmentation ensures that the models can be easily applied in both research and
clinical settings, serving as a training and decision-support tool. This approach
addresses a significant gap in previous studies, which often focus on isolated tasks
rather than integrated practical solutions.

Limitations of this work include the relatively small dataset size, restricted clin-
ical features, and lack of multi-center external validation. Variability in mpMRI
acquisition protocols also posed challenges, and while manual annotations under
expert supervision mitigated this, further standardization would enhance robust-

ness.
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Future work should focus on expanding the dataset involving multiple insti-
tutions, incorporating additional clinical and laboratory features, and exploring
ensemble or hybrid DL models to improve predictive performance. Prospective
validation in clinical workflows is also critical to assess real-world utility, and po-
tential extension to other imaging modalities could broaden applicability.

In addition, future work could explore Federated Learning approaches to enable
collaborative model training and sharing without the need to exchange sensitive
patient data. Specifically, our prostate zonal segmentation and lesion segmenta-
tion models could be deployed across multiple hospitals or clinical centers, allowing
each institution to contribute to model improvement while keeping their datasets
locally stored. This approach would enhance model generalizability, reduce po-
tential biases, and maintain patient privacy, which is particularly important in
multi-center studies. To facilitate practical deployment, we have developed a user-
friendly 3D Slicer interface that allows clinicians and researchers to easily use,
share, and test the models in their local environments. This interface simplifies
the integration of federated learning workflows, making it easy for other centers to
adopt the models without requiring advanced programming expertise. In general,
leveraging federated learning in combination with our intuitive 3D Slicer platform
has the potential to accelerate collaborative Al development, promote standard-
ized prostate MRI analysis, and expand the impact of our models in real-world
clinical settings.

In conclusion, this thesis provides a multi-stage Al framework for prostate
cancer diagnosis that combines imaging, clinical data, and advanced ML. It shows
potential to improve clinical decision-making, reduce diagnostic workload, improve
resident training, and support personalized patient care. The methodology, tools,
and insights presented in this work lay the foundation for future research and

clinical applications in Al-assisted prostate cancer detection.
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Appendix A

Embedding a Customized Plugin
in 3D-Slicer for Prostate Zonal

Segmentation

Figure A.1 shows a screenshot of our plugin’s interface in use. The plugin we
developed provides an intuitive and user-friendly interface for zonal segmentation
of prostate MRI scans. With just one click on the ”Apply” button, the plugin
performs automated predictions slide by slide across the MRI volume. This allows
efficient and accurate segmentation without manual effort for initial labeling. To
enhance flexibility, the plugin includes a set of manual editing tools, such as:

e Paint and Brush tools for refining segmentation areas,

e An Eraser for removing incorrect predictions.

Navigation through the MRI slices is made easy with arrow buttons, allowing
the operator or radiologist to move seamlessly between images. After reviewing
and adjusting the segmentation, users can save their modifications directly within
the plugin. Each anatomical zone is clearly distinguished using two classes with
different colors:

e Central Gland

e Peripheral Zone

These zones can be analyzed and edited separately, giving the user full control
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and precision during the segmentation process. Overall, the plugin is designed to
be highly accessible, requiring minimal training, and is tailored to meet the prac-
tical needs of radiologists and medical imaging professionals. Its clear layout and

easy-to-use features make it a powerful tool for clinical and research environments

alike.
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Figure A.1: A screenshot of our plugin’s interface
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