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ABSTRACT

Prostate Cancer (PCa) is one of the most prevalent malignancies world-
wide, as reflected in recent global cancer statistics. A critical step in
its diagnosis is the assessment of multiparametric Magnetic Resonance
Imaging (mpMRI). In recent years, various deep learning approaches
have been investigated to enhance the detection and segmentation of
PCa using mpMRI. Despite these advances, prostate cancer segmenta-
tion remains a challenging task. This thesis investigates PCa segmenta-
tion ensembles to further improve the segmentation performance and
robustness. In particular, it focuses on the state-of-the-art medical im-
age segmentation method no-new U-Net (nnU-Net).

A substantial body of research has demonstrated that integrating
prostate zonal information into prostate cancer segmentation approaches
improves the segmentation and detection accuracy. Therefore, this the-
sis also investigates prostate zone segmentation workflows to further
improve the accuracy of the prostate zone segmentation. It proposes
two novel prostate zone segmentation workflows, both of which em-
ploy Deep Neural Network (DNN) models trained with the nnU-Net
method. The empirical comparison indicates that novel Separate Mod-
els for the Transition Zone, Peripheral Zone Segmentation workflow
achieves the most accurate prostate zone segmentation results. More-
over, the thesis investigates the impact of substituting the original U-
Net architecture used in the nnU-Net method with U-Net variation
employing attention mechanisms on the prostate zone segmentation.
These variations include grid attention U-Net, single attention U-Net,
multidimensional attention U-Net and dual-attention U-Net. The em-
pirical experiment did not indicate a statistical significance of the dif-
ference between prostate zone segmentation results of compared DNN
architectures. The dataset used for the comparative experiment on the
prostate zone segmentation task consists of two publicly available data-
sets, ProstateX and Decathlon challenge datasets.

This thesis proposes four novel prostate cancer segmentation en-
sembles which employ DNN models trained with the nnU-Net method.
All of these ensembles are structured to utilize prostate zone masks.
The empirical experiment indicates that the most accurate results are
achieved by the ensemble which combines the results of the DNN model
specialized in segmenting lesions in the peripheral zone, and the model



which segments PCa in the whole prostate gland and uses prostate
zone masks as a separate input channel. Additionally, this thesis pro-
poses the modification of the Dice Score Coefficient (DSC) metric, toler-
ant Dice Score Coefficient, DSC.. This metric is designed to account for
a high inter-observer variability which is present in the ground truth of
PCa lesion segmentations. The empirical comparison of DSC and the
novel metric shows that DSC; consistently yields higher scores than
the conventional DSC, indicating that the proposed metric accounts for
tolerable boundary discrepancies. The dataset used for the empirical
experiments on the prostate cancer segmentation was provided by the
National Cancer Institute and is not publicly available.



ACRONYMS AND ABBREVIATIONS

DSC; tolerant Dice Score Coefficient.

ADC Apparent Diffusion Coefficient.

AUROC Area Under the ROC curve.

CNN Convolutional Neural Network.

cT Computer Tomography.

DCE Dynamic Contrast-Enhanced.

DL Deep Learning.

DNN Deep Neural Network.

DSC Dice Score Coefficient.

DWI Diffusion-Weighted Imaging.

ENET Efficient Neural Network.

ERFNet Efficient Residual Factorized convolution Net-
work.

FP False Positive.

FROC Free-Response ROC.

GS Gleason Score.

MAD Median Absolute Deviation.

mpMRI multi-parametric Magnetic Resonance Imag-
ing.

MRI Magnetic Resonance Imaging.

nnl-Net no-new U-Net.

NVI National Cancer Institute.

PCa Prostate Cancer.

PI-RADS Prostate Imaging Reporting and Data System.

PSA Prostate Specific Antigen.

PSTZSPZC Prostate Segmentation, Transitional Zone Seg-
mentation, and Peripheral Zone Calculation.

Pz Peripheral Zone.

ReLU Rectified Linear Unit.

ROC Receiver Operating Characteristics.

SE Squeeze-and-Excitation.

SM4TZPZS Separate Models for the Transitional Zone and
Peripheral Zone Segmentation.

SPZTZSM Single Peripheral Zone and Transitional Zone

Segmentation Model.



std standard deviation.
2W T2-Weighted Imaging.
TZ Transitional Zone.
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INTRODUCTION
Actuality

Prostate Cancer (PCa) represents one of the most prevalent malignan-
cies worldwide. The most recent comprehensive assessment of the
global cancer burden, reported by Bray et al. [11], analyses data from
2022 encompassing 36 cancer types across 185 countries. According to
this study, PCa is the second most frequently diagnosed cancer among
men globally, accounting for 14.2% of all newly reported male cancer
cases in 2022. It is exceeded only by lung cancer, which constitutes
15.3% of incident cases. In addition to its high incidence, PCa con-
tributes substantially to cancer related mortality. In 2022, it was re-
sponsible for 7.3% of all cancer deaths among men, ranking fifth among
the leading causes of male cancer mortality worldwide. Given its high
prevalence and significant mortality, precise, fast and large scale delin-
eation of malignant lesions are critical.

Recently, multi-parametric Magnetic Resonance Imaging (mpMRI)
has emerged as one of the principal imaging modalities for the detec-
tion and diagnostic assessment of prostate cancer. Among the struc-
tured reporting systems developed to support mpMRI evaluation, one
of the most widely adopted is the Prostate Imaging Reporting and Data
System (PI-RADS). This framework was originally introduced by Bar-
entsz et al. [6] with the aim of standardizing the interpretation and
reporting of mpMRI findings within the clinical diagnostic pathway
of PCa, thereby improving consistency, reproducibility, and commu-
nication across radiologists and institutions. Since its introduction, PI-
RADS has evolved into a globally adopted reporting system, providing
a structured and reproducible approach to the interpretation and com-
munication of prostate mpMRI findings. The most recent version, PI-
RADS v2.1, was presented by Turkbey et al. [75], refining prior recom-
mendations and clarifying sequence specific assessment criteria. Im-
portantly, PI-RADS v2.1 specifies zone dependent assessment criteria
[75], reflecting the differential diagnostic performance of imaging se-
quences across anatomical regions of the prostate. Evaluation is pri-
marily conducted in the Transitional Zone (TZ) and Peripheral Zone
(PZ), as these regions account for the majority of prostate cancer cases.

Despite the widespread adoption of mpMRI and structured report-
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ing systems, accurate localization and segmentation of PCa lesions re-
main technically demanding, even for experienced radiologists. Seg-
mentation is a task that involves partitioning an image into meaningful
regions by assigning a label to each pixel. The goal of this task is to
identify and delineate objects or structures within an image. Several
studies have highlighted the particular difficulty of identifying malig-
nant regions within the transitional zone. As reported by Oto et al. [57],
Rosenkrantz et al. [64], and Yu et al. [85], tumours arising in the tran-
sitional zone are frequently challenging to differentiate from benign
prostatic hyperplasia nodules, which may exhibit overlapping imag-
ing characteristics. Rosenkrantz et al. [64] further emphasize that the
intrinsic diffuse background heterogeneity and multinodular architec-
ture of the transitional zone substantially complicate lesion delineation
in this region. Similarly, Yu et al. [85] report that stromal asymmetry
within the transitional zone can mimic malignancy, while chronic pro-
statitis may generate imaging patterns in the peripheral zone that re-
semble cancerous lesions, thereby increasing the risk of false positive
interpretation.

Consequently, there is a clear need for novel, robust, and scal-
able methodologies capable of accurately segmenting and localizing
cancerous regions within the prostate in order to enhance diagnostic
performance. The increasing availability of curated historical imaging
datasets further supports the development of data driven approaches,
particularly those based on Deep Learning (DL). DL techniques have
been extensively applied to a wide range of medical image segmenta-
tion tasks, demonstrating state-of-the-art performance across multiple
imaging modalities. In the context of prostate mpMRI, Deep Neural
Network (DNN) architectures are capable of learning complex, hierar-
chical feature representations directly from volumetric data. Such mod-
els can effectively capture subtle spatial and intensity-based patterns
within mpMRI scans, enabling precise delineation and localization of
prostate cancer lesions.

Research Problem

The mpMRI integrates multiple imaging sequences, each providing com-
plementary anatomical and functional information for the prostate can-
cer evaluation in the specific prostate zone. In PI-RADS v2.1, the prin-
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cipal sequences include T2W, Apparent Diffusion Coefficient (ADC),
Diffusion-Weighted Imaging (DWI) and Dynamic Contrast-Enhanced
(DCE) imaging modalities. DWI and ADC are comprehensively de-
scribed by Baliyan et al. [5]. DWI is directly acquired using an Mag-
netic Resonance Imaging (MRI) scanner, whereas ADC maps are com-
putationally derived from multiple DWI acquisitions obtained at differ-
ent diffusion weightings. Both of these sequences constitute the prin-
cipal modalities for evaluating cancerous lesions in the PZ. The T2W
sequence, detailed by Chavhan et al. [12], provides high resolution
anatomical visualization and is similarly acquired directly from the
scanner. This modality serves as the dominant sequence for lesion as-
sessment in the TZ. DCE imaging, described by Yankeelov and Gore
[83], involves repeated volumetric acquisitions following intravenous
contrast administration to characterize enhancement kinetics over time.
However, according to Bass et al. [7], and Turkbey et al. [75], the con-
tribution of DCE to PCa evaluation, particularly within the PZ, is con-
sidered secondary. Its incremental diagnostic value is limited when
compared to DWI and ADC modalities, and it primarily serves a sup-
portive role rather than acting as a dominant determinant for lesion
assessment. All of these sequences are volumetric and typically exhibit
anisotropic spatial resolution.

Previous studies have investigated prostate cancer segmentation
that employ prostate zonal information, including works such as Du-
ran et al. [25], Hosseinzadeh et al. [33], and Saha et al. [66]. These ap-
proaches have demonstrated that leveraging zonal anatomy can im-
prove cancer segmentation performance. However, existing research
has not explicitly aligned DNN models with the PI-RADS framework,
which provides a clinically established guideline for mpMRI interpre-
tation. In particular, there is a notable gap in the literature regarding DL
methods that integrate zone specific mpMRI sequences according to PI-
RADS recommendations. Addressing this gap, the present dissertation
systematically explores the prostate cancer segmentation incorporating
prostate zonal information, with an emphasis on aligning model design
and sequence selection with the PI-RADS framework to enhance both
clinical relevance and segmentation accuracy.

Moreover, prostate cancer segmentation approaches that leverage
prostate zonal information inherently require accurate delineation of
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the prostate zones themselves. Considerable research has been devoted
to this foundational task, including studies such as Aldoj et al. [2], An-
tonelli et al. [3], and Comelli et al. [19], which have proposed various
DL-based approaches for automated prostate zone segmentation. In
this dissertation, this line of research is further extended and the results
are directly integrated into the primary focus of study, prostate cancer
segmentation. The integration enables zone informed cancer segmen-
tation, aligning the predictions of deep learning approaches with the
anatomical and clinical context provided by the PI-RADS framework,
and aims to improve the precision of the segmentation outcomes.

Finally, the experimental findings reported by Chen et al. [16] de-
monstrate that prostate cancer segmentation remains an intrinsically
challenging task. Notably, substantial variability has been observed
even among experienced radiologists, underscoring the subjective com-
plexity of lesion delineation in mpMRI. This pronounced inter-observer
variability directly affects the reliability of reference annotations, thereby
complicating both the training and the objective evaluation of auto-
mated segmentation methods. In response to this limitation, the present
dissertation investigates alternative and more robust evaluation strate-
gies for PCa segmentation.

In summary, this dissertation develops a unified workflow for au-
tomated prostate cancer segmentation. The framework incorporates a
dedicated prostate zone segmentation component, whose outputs are
subsequently utilized within the PCa segmentation stage to enhance
the accuracy and anatomical consistency of cancerous lesion delineation.
The central component of the workflow, prostate cancer segmentation,
is evaluated using a strategy specifically tailored to the challenges of
this task, including considerations related to lesion heterogeneity and
inter-observer variability. This integrated design ensures methodologi-
cal coherence while maintaining strong clinical relevance.

Research Object

The research object is volumetric mpMRI data used for the segmenta-
tion of prostate cancer lesions. The example of a single slice of each
modality is displayed in Figure 1. The example of the cancerous lesion
segmentation is displayed in Figure 2.
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(a) T2ZW (b) ADC (c) DWI

Figure 1. Example of a single slice of each multi-parametric magnetic
resonance imaging modality. The modality is specified in each caption
of each image. A slice is a single planar cross-sectional image extracted
from a volumetric image, representing a specific spatial plane within
the volume.

Figure 2. Example of the cancerous lesion segmentation mask. The
red volume is a cancerous lesion segmentation mask while transparent
green region is a prostate mask.

Research Aim and Objectives

The aim of this research is to develop and evaluate segmentation ac-
curacy of deep neural network-based ensembles and workflows for
the prostate anatomical zones and prostate cancer segmentation in the
mpMRI data.

To achieve this aim, the following objectives are set:

1. Conduct a comprehensive literature review of contemporary deep
learning-based approaches for prostate zonal and prostate cancer
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segmentation, with particular attention to the diversity of deep
neural network architectures, data preprocessing strategies, eval-
uation methodologies, and their reported applications in medical
image segmentation.

2. Design deep learning-based ensembles that incorporate prostate
zonal information for prostate cancer segmentation task, and em-
pirically evaluate their segmentation performance to determine
the most accurate ensemble.

3. Propose and investigate DL workflows for prostate zone segmen-
tation, focusing on empirically comparing deep neural network
architectures and workflow designs to identify the most effective
approach for accurate zone delineation.

4. Propose an evaluation method for prostate cancer segmentation
that accounts for inter-observer variability in reference annota-
tions, and empirically assess its advantages by benchmarking it
against standard evaluation approaches.

Scientific Novelty

This research introduces and systematically evaluates novel contribu-
tions that advance both the prostate cancer segmentation task and the
prostate zonal segmentation task. The main contributions of this work
are as follows:

1. No statistically significant performance differences were observed
between attention-based U-Net variants (single attention U-Net,
grid attention U-Net, multidimensional attention U-Net, and dual-
attention U-Net) and the standard U-Net for prostate zonal seg-
mentation.

2. Identification of the novel two-model, each dedicated to the spe-
cific zone, prostate zonal segmentation workflow as the most ef-
fective among all evaluated workflows as it yields the strongest
generalization between datasets of different source.

3. Identification of the most effective prostate cancer segmentation
ensemble, consisting of the baseline model and a model trained
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on all mpMRI sequences for cancer segmentation within PZ as it
achieves similar segmentation accuracy as the most accurate en-
semble as well as significantly lower false positive patients than
the aforementioned ensemble.

4. Introduction of a tolerance-based Dice Score Coefficient for prostate
cancer segmentation that accounts for inter-observer variability
in annotations, yielding higher scores than the conventional Dice
metric by reducing penalties for minor boundary deviations within
a defined tolerance.

Statements to be Defended

The following research-based claims are defended in this thesis:

1. Extending the U-Net architecture with the attention-based mech-
anisms does not improve the prostate zone segmentation accu-

racy.

2. Using two separate deep neural network models, each dedicated
to segmenting a specific prostate zone, results in a segmentation
accuracy improvement.

3. Prostate cancer segmentation ensembles composed of zone spe-
cific DNN models achieve higher segmentation accuracy than a
single PCa segmentation model.

4. Incorporating a tolerance into the Dice Score Coefficient accounts
for the high inter-observer variability in manual delineation of
prostate cancer lesions.

The structure of the dissertation is presented as follows. The intro-
duction presents the general situation of the prostate cancer segmen-
tation, the relevance of the topic, the aim of the research, the research
problem, the thesis statement and the workflow diagram of the whole
study. Chapter 1 contains a literature review of the subject area, fo-
cusing on contemporary deep learning-based approaches for prostate
zone and prostate cancer segmentation. Particular emphasis is placed
on methods that integrate prostate zonal information into prostate can-
cer segmentation ensembles. Chapter 2 provides the methodology em-
ployed in this research, including the no-new U-Net approach, which
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is used in the experiments as the basis for all trained models, the pro-
posed prostate zone segmentation workflows, and DNN architectures
incorporating attention mechanisms. It further details the integration
of these architectures into the no-new U-Net, the proposed prostate
cancer segmentation ensembles, the performance evaluation metrics
used, and the introduction of the tolerance-based Dice Score Coeffi-
cient. Chapter 3 describes the research data, data preprocessing and
the setup of the empirical experiment. Chapter 4 reports the results,
and the general conclusions are provided in the final section.

The thesis consists of 158 pages, with the summary in Lithuanian
starting from page 136, 27 tables, 29 figures, and 89 references.

The research process is divided into these main parts: 1. Intro-
duction of the data sources and datasets, including a description of
the imaging modalities and characteristics relevant to prostate zone
and prostate cancer segmentation; 2. Data preprocessing during which
dataset-specific transformations and harmonization steps are applied
to ensure compatibility, standardization, and suitability for subsequent
deep neural network training; 3. Model training where deep neural net-
work architectures are developed and trained for use in the proposed
prostate zone segmentation workflows and prostate cancer segmenta-
tion ensembles; 4. Evaluation involving the assessment of prostate zone
segmentation workflows and prostate cancer segmentation ensembles
using the Dice Score Coefficient, with the prostate cancer ensembles ad-
ditionally evaluated using the proposed tolerant Dice Score Coefficient.
The research workflow is visualized as the diagram in Figure 3 where
notation are defined as follows:

e SM4TZPZS refers to the proposed prostate zone segmentation
workflow, which employs two separate models each dedicated
to segmenting a specific prostate zone.

* PSTZSPZC denotes the proposed prostate zone segmentation work-
flow that utilizes dedicated prostate and transitional zone seg-
mentation models, with the peripheral zone obtained by subtract-
ing the segmented transitional zone from the segmented prostate
mask.

e TZ model refers to the transitional zone segmentation model,
whereas the PZ model denotes the peripheral zone segmentation
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model.

¢ Ensemble 1, Ensemble 2, Ensemble 3 and Ensemble 4 denote the
individual proposed prostate cancer segmentation ensembles.

¢ DSC and DSC; denote the Dice Score Coefficient and the pro-
posed metric, tolerant Dice Score Coefficient, respectively.
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Figure 3. Research workflow diagram.
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1. RELATED STUDIES ON THE PROSTATE ZONE AND
PROSTATE CANCER SEGMENTATION APPROACHES

This chapter reviews scientific literature on PCa and prostate zone seg-
mentation tasks. In particular it examines various DL approaches to
these tasks. This chapter explores preprocessing steps employed for
both tasks and various DNN architectures. These architectures include
U-Net, dual-attention U-Net, attention U-Net and its variants. The the-
oretical foundation of these approaches together with the practical in-
sights of empirical experiment results is provided in this chapter. More-
over, this section is a literature review on the empirical studies on the
tasks themselves. It explores the limitations and challenges present in
the prostate zone and prostate cancer segmentation task.

1.1. Global Incidence of Prostate Cancer

PCa is one of the most frequent cancers in the world. The most re-
cent study on global cancer statistics is presented by Bray et al. [11].
This paper analyses cancer statistics derived from 2022 data covering
36 types of cancer in 185 countries. This article was published in 2024,
indicating a two year delay in the reporting and dissemination of the
presented data. According to this publication, prostate cancer is the
second most common cancer in men globally. It accounted for 14.2% of
all recorded cancer incidents in males in 2022 and it was only surpassed
by lung cancer which accounted for 15.3% of all recorded cancer cases.
Moreover, PCa accounts for a substantial proportion of cancer related
deaths. It accounted for 7.3% of all cancer related deaths in men in 2022.
Prostate cancer ranked fifth among the deadliest cancers affecting men
worldwide. It was surpassed by lung, liver, colorectal and stomach
cancers, which accounted for 22.7%, 9.6%, 9.2% and 7.9% respectively.

The same trend was observed in the previous study presented by
Sung et al. [74]. This paper provides the statistics calculated on the data
of the same cancer types. The data, on which these statistics are calcu-
lated, was gathered in the same 185 countries. The statistics presented
in the study [74] show that PCa accounted for 14.1% of all recorded
cancer incidents in men in 2020. It once again was surpassed only by
lung cancer which accounted for 21.5% of all recorded cancer cases in
men. The trend in cancer-related deaths seen in 2022 persisted from
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2020. Prostate cancer accounted for 6.8% of cancer related deaths in
men. Once again it was surpassed by lung, liver, colorectal and stom-
ach cancers, which accounted for 21.5%, 10.5%, 9.3% and 9.1% respec-
tively. The prevalence of this trend, reported in the publication [74],
affirms the forecast made by Chhikara et al. [17].

Furthermore, Siegel et al. [70] reports the forecasted cancer trends
in the US, 2023. The authors employ the data gathered from 1975 to
2019 in the US. They observed that the number of PCa cases increased
by 3% annually from 2014 through 2019. Thus, the authors of [70] es-
timated that in 2023 there would be approximately 288,300 new cases
of prostate cancer, accounting for 29% of all cancer diagnoses in men
making it the most frequently diagnosed cancer in males in the US in
2023. The authors also projected that PCa would be one of the leading
causes of cancer related mortality in men in the US in 2023, with an es-
timated 34,700 deaths, accounting for 11% of all cancer related deaths
in men. This number is only surpassed by lung and bronchial cancer
which is 67,160 (21%).

The publication [54] provides statistical data on cancer incidence
and mortality in Lithuania. The latest data show that in 2023, 1,942
new cases of prostate cancer were registered, accounting for 22% of
all cancer diagnoses in men. Moreover, in 2023, 543 deaths related to
prostate cancer were recorded, accounting for 13% of all cancer related
deaths in men.

However, it has to be noted that prostate cancer incident rate might
be inflated due to unregulated and opportunistic Prostate Specific Anti-
gen (PSA) testing. Vaccarella et al. [77] report the PCa trends in 26 Eu-
ropean countries during 1980-2017. Moreover, they report PSA test-
ing trends for 12 countries, which represent a subset of aforementioned
26 European countries. The authors observed a correlation between
the direction and rate of change in prostate cancer incidence relative to
the prostate specific antigen testing. Furthermore, they also note that
across all 26 countries, excluding Croatia, Latvia and several countries
in eastern Europe, there is a visible divergence between incidence and
mortality rates. The reported incidence rate grew during the observed
period, while the mortality rate remained stable. As a result, the stan-
dardised rate ratio between incidence and mortality has almost dou-
bled. These observations strongly suggest that PCa is overdiagnosed
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and a more reliable diagnosis method is required.

Overall, the evidence strongly suggests that prostate cancer is one
of the most common cancers in men. Therefore, accurate diagnostic ap-
proach at large scale of PCa is essential. Accordingly, the primary objec-
tive of this thesis is to investigate novel computer aided approaches for
prostate cancer segmentation. Specifically, this work focuses on the de-
velopment of an automated workflow that incorporates prostate zonal
information to improve PCa segmentation. In this context, potential ad-
vancements in prostate zone segmentation are also explored alongside
prostate cancer segmentation. This section presents an overview of the
scientific literature on DL-based methods for prostate zone segmenta-
tion, as well as approaches that leverage zonal information for prostate
cancer segmentation. Collectively, these studies support the rationale
for investigating a PCa segmentation workflow that integrates prostate
zonal information.

1.2.  Related Studies on the Prostate Cancer Segmentation Task

This section explores various studies conducted on the PCa segmenta-
tion task. A substantial amount of research has already been conducted
on machine learning methods for this task. Consequently, several re-
view articles summarise this body of work, including the review pub-
lished by Cuocolo et al. [21] in 2019. Since then, research on prostate
cancer segmentation has increasingly focused on DL approaches. In
particular, many studies emphasise deep learning-based methods that
incorporate prostate zone information. Lastly, the majority of these
studies rely on the U-Net DNN architecture and its variants. This archi-
tecture, introduced by Ronneberger et al. [63], along with its variants,
remains the state-of-the-art deep neural network architecture for seg-
mentation to this day. As a result, the capabilities of this architecture
and its variants have been widely explored in medical segmentation
tasks.

1.2.1. Prostate Cancer Segmentation Challenges

One of the greatest challenges present in the automation of the PCa
segmentation task is a high inter-observer variability. The research pro-
vided by Chen et al. [16] indicates that even among experienced ra-
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diologists, the manual prostate cancer segmentation contains a lot of
variance. In their study, the authors report the results of the exper-
iment in which they tasked four radiologists, 4 urologists, 4 trainees
and 4 non-clinician segmentation scientists to segment PCa. The partic-
ipants segmented two slices of two different cases. One case contained
a cancerous lesion in the anterior zone and another case in the PZ. The
mpMRI modalities consisted of T2ZW, ADC and DWI. Moreover, partic-
ipants were required to segment kidney tumours within a single com-
puted tomography scan of a single kidney. The authors of article [16]
report root mean square difference, Dice Score Coefficient (DSC), Jac-
card index, Matthews correlation coefficient, specificity and sensitivity.
The root-mean-square difference is calculated using a point-by-point
comparison method. Each radiologist’s segmentation was treated in-
dependently as a separate ground truth. As a result, four scores were
computed for each metric and segmentation result for the participant
who is not a radiologist. Meanwhile, each radiologist’s results were
compared with those of the other radiologists.

The authors of the study [16] mainly focuses to the DSC metric.
Overall, the variability among radiologists in prostate cancer segmen-
tation was very high, with a mean DSC of 0.81 for segmentations of the
lesion in the peripheral zone and 0.58 for segmentations of the lesion in
the anterior zone. The variance is especially high relative to the results
of the kidney tumour segmentations, as the mean DSC among radiolo-
gists in the kidney segmentation task was 0.96. Among all participants,
the PCa segmentation results of urologists were the most similar to the
segmentations of the radiologists. They achieved a mean DSC of 0.73
for the segmentations of the lesion located in the PZ and 0.59 for the
segmentations of the lesion located in the anterior zone. The trainees
achieved similar results (mean DSC of 0.7 for the segmentations of the
lesion located in the PZ and 0.54 for the segmentations of the lesion
located in the anterior zone). The segmentations of the non-clinicians
were the least similar (mean DSC of 0.6 for the segmentations of the
lesion located in the PZ and 0.47 for the segmentations of the lesion
located in the anterior zone). Meanwhile, kidney tumour segmenta-
tions of all participants were very similar to the segmentation results of
the radiologists (0.96, 0.95 and 0.95 mean DSC calculated for the seg-
mentations of urologists, trainees and non-clinicians, respectively). In
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conclusion, due to the nature of the prostate cancer segmentation task,
there is a high inter-observer variability present in the datasets of PCa
segmentations.

Furthermore, extensive research on manual PCa segmentation of
mpMRI scans indicates that lesion segmentation is significantly more
difficult in the transitional zone than in the peripheral zone. A single
slice example illustrating peripheral and transitional zones is displayed
in Figure 1.1. The research presented in the article by Oto et al. [57] indi-
cates that the diffuse background heterogeneity and multi-modularity
of the TZ complicate the prostate cancer segmentation. This research in-
volved three radiologists independently segmenting PCa lesions within
the TZ for 106 PCa patients. The radiologists segmented each case
multiple times. First, they used only the T2W images. Next, they
added ADC and DWI. After that, they included an additional DWI se-
quence acquired with a different parameter b. The parameter b charac-
terizes the strength and timing of the gradients employed to generate
DWI. It determines the sensitivity of the image to the diffusion of water
molecules, with higher values resulting in increased diffusion weight-
ing and greater sensitivity to diffusion effects. Finally, they added the
DCE modality to the segmentation process. The results were compared
with the prostatectomy findings as a reference standard.

Figure 1.1. Example of the transitional zone (yellow contour) and pe-
ripheral zone (green contour) within a single slice. The anatomical re-
gions are overlaid on a T2W image.

The authors of the research reported in [57] found that segmen-
tation accuracy improved significantly after incorporating DWI (b =
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1000s/mm?) and ADC modalities. The sensitivity increased by 20.8%,
30.6% and 30.6% for each radiologist, respectively. Meanwhile, the
specificity changed marginally by 0.3%, 0.8% and —3.7% for each ra-
diologist, respectively. Furthermore, segmentation accuracy improved
further after adding DWI modality images with a higher b parameter
(b = 2000s/mm?). The sensitivity increased by 19.4%, 8.3% and 6.5%
for each radiologist, respectively. Meanwhile, the specificity changed
marginally by 0.6%, —0.2% and —1.2% for each radiologist, respec-
tively. Lastly, the results indicate that DCE does not significantly im-
prove manual PCa segmentation. The sensitivity changed by 0%, —8.1%
and 4.8% for each radiologist, respectively, while the specificity changed
by —0.7%, 0.4% and —0.9% for each radiologist, respectively. Overall,
the most performative results were achieved with T2W, ADC and DWI
images with b = 1000s/mm? and b = 2000s/mm?. However, even
though the authors emphasise that DWI images assist in segmenting
prostate cancer by reflecting changes in cellularity and providing com-
plementary information for segmentation, the PCa segmentation in the
transitional zone remains challenging.

Furthermore, the research conducted by Rosenkrantz et al. [64] in-
dicates that stromal asymmetry may mimic PCa within the TZ, thereby
making prostate cancer segmentation in this zone particularly challeng-
ing. In contrast, although chronic prostatitis typically occurs in the PZ
and may also resemble cancerous tissue, the resulting ambiguity is gen-
erally less pronounced than in the TZ. In this research, the authors pro-
vide a detailed explanation of these phenomena, along with case stud-
ies as examples.

Lastly, the research presented by Yu et al. [85] provides a literature
review of PCa lesions detected in each prostate zone. The authors re-
viewed the research over the past two decades, summarised the results,
and identified several key issues arising in prostate cancer segmenta-
tion. The results indicate that PCa incidents are more frequent in the
peripheral zone than the transitional zone which further complicates
the collection of a representative dataset of prostate cancer segmenta-
tions in the TZ relative to PCa segmentations in the PZ. Therefore, in
this thesis, we address this issue by proposing a novel metric which
accounts for a high inter-observer variance.
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1.2.2. Deep Learning Approaches for the Prostate Cancer
Segmentation Task Employing Prostate Zonal Information

Extensive research has already explored the use of prostate zonal infor-
mation and deep neural networks for segmenting PCa. One of such
studies is presented by Hosseinzadeh et al. [32], and Hosseinzadeh
et al. [33]. This research demonstrates the advantages of employing
probabilistic prostate zone segmentation within a 2D computer-aided
detection system. Authors in their study [32] report the results of the
experiment in which they trained three DNN models of U-Net archi-
tecture. The first model is a simple 2D U-Net which segments lesions.
This model is used as the baseline. The second model is the same 2D U-
Net, with one additional input channel for probabilistic prostate zonal
segmentation. The authors refer to this model as an early fusion model.
The last model is once again 2D U-Net model. The probabilistic zonal
segmentation is incorporated into this model by combining the feature
map with it before the model’s last convolutional layer. The authors
of the studies [32, 33] refer to this model as a late fusion model. Ad-
ditionally, the authors report results from the early fusion model and
the late fusion model, both incorporating deterministic prostate zonal
segmentations rather than probabilistic ones.

The dataset used in the study [32] consists of 848 cases. Each case
consists of mpMRI, which includes T2W, ADC and DWI modalities.
The prostate cancer in this dataset is manually segmented by expert ra-
diologists by employing PI-RADS v2. In total, 319 patients have a PCa
region. In this study, all images were resampled and cropped around
the centre. The prostate zones are obtained using a 3D U-Net model
trained on 53 T2W images. This model is taken directly from the ex-
periment reported by Mooij et al. [52]. Lastly, the dataset was split into
training, validation, and test sets by randomly allocating cases in a 3:1:1
ratio via stratified sampling. The authors report the average test-set
sensitivity for each deep neural network model.

The results reported by Hosseinzadeh et al. [32] indicate that the
highest mean sensitivity is achieved by an early fusion model with
incorporated probabilistic prostate zonal segmentations. This model
achieved a mean sensitivity of 0.795 at a 0.5 False Positive (FP) rate,
0.887 at 1 and 2 FP rates, averaging to 0.856. Meanwhile, the late fu-
sion model with incorporated probabilistic prostate zonal segmenta-
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tion achieved mean sensitivities of 0.774, 0.873, and 0.873 at 0.5, 1, and
2 FP rates, respectively, averaging to 0.84. The baseline model achieved
the least accurate results, indicating the positive impact of prostate zone
segmentations on PCa segmentation task. This model achieved mean
sensitivity of 0.76 at FP rate of 0.5, 0.825 mean sensitivity at 1 and 2
FP rates with average of 0.803. Moreover, both early and late fusion
models performed better with probabilistic prostate zone segmenta-
tions rather than deterministic ones. The early fusion model achieved
higher mean sensitivity by 2.1%, 8.5%, and 8.5% at FP ratios of 0.5, 1,
and 2, respectively, for an overall improvement in sensitivity of 6.3%.
Meanwhile, the late fusion model achieved higher sensitivity by 5.7%
at 1 and 2 FP ratios, while no improvement was observed at a FP ratio of
0.5, resulting in an overall improvement of 3.8% in sensitivity. Overall,
the early fusion model incorporating probabilistic prostatic zonal in-
formation is the most accurate prostate cancer segmentation approach
among the compared approaches.

The authors further explore the early fusion model and report their
findings in their next article [33]. In this follow-up experiment, they
use a much larger dataset which contains patients from two centres.
The Centre 1 (Radboudumc, Nijmegen, The Netherlands) provided a
cohort of 2,438 cases, while the Centre 2 (Ziekenhuis Groep Twente,
Almelo, The Netherlands) supplied a dataset consisting of 296 cases.
This dataset is annotated by two investigators under the supervision
of a radiologist with seven years of experience in mpMRI and prostate
imaging. The annotators used the size and location information pro-
vided in the clinical reports from centres. These reports were compiled
by employing the PI-RADS v2 framework. Additionally, Centre 1 pro-
vided biopsy results in these reports. The authors considered manu-
ally segmented region in cases of dataset provided by Centre 1 as the
ground truth if it scored 4 or above in PI-RADS framework. In total,
898 patients had at least one ground truth region in the dataset pro-
vided by Centre 1, leaving 1,540 cases with no ground truth regions.
Meanwhile, manually segmented regions in cases from the dataset pro-
vided by Centre 2 were considered ground truth if at least one biopsy
within the case satisfied the condition: G.S > 3 + 4 where GS is a Glea-
son Score (GS). The Gleason score is a histopathological grading sys-
tem used to assess the aggressiveness of prostate cancer. This score
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is denoted as the sum of the primary and secondary histological pat-
tern grades observed in the biopsy, each reflecting the aggressiveness
of the cancer. Out of 296 cases of the dataset provided by Centre 2,
86 patients have at least a single ground truth region, while 210 pa-
tients do not. The prostate zones are acquired by employing the DNN
model developed in the research presented by Riepe et al. [61]. The
authors of the study [33] compare an early-fusion model incorporating
probabilistic prostate zone segmentations with a deep neural network
model that does not employ prostate zonal information. Firstly, they
split the dataset provided by Centre 1 into training, validation and test
sets through random stratified sampling. The test set size is 20% of the
whole dataset, the validation set size is 15% of the whole dataset, and
the remaining cases are used in the training set. In the paper [33], the
authors report Receiver Operating Characteristics (ROC) and the Area
Under the ROC curve (AUROC) to compare patient-based accuracy.
Furthermore, the study includes Free-Response ROC (FROC) with sen-
sitivities at 0.5, 1 and 2 FP ratios for lesion-based analysis. Lastly, the
authors used bootstrapping with 2,000 bootstrap samples to determine
statistical significance (confidence interval is 95% and the significance
level is 0.05).

All collected metrics indicated that incorporating prostate zonal in-
formation into a deep learning approach to solve the PCa segmentation
task improves the solution’s accuracy. All statistical tests indicate that
the difference is statistically significant. The incorporation of prostate
zone segmentation into a DNN model resulted in AUROC increase by
2.8%. Furthermore, adding prostate zone segmentation to the model
increased the sensitivity on the dataset supplied by Centre 1 by 6.3%,
4%, and 3.4% at FP ratios of 0.5, 1, and 2, respectively. In conclusion,
the research conducted by Hosseinzadeh et al. [32], and Hosseinzadeh
et al. [33] shows that incorporating prostate zonal information into DL
approaches improves the accuracy of prostate cancer segmentation.

Another study on PCa segmentation using DL and prostate zone
information is presented by Zheng et al. [88]. In this research, a new
DNN architecture, AtPCa-Net, is proposed. In this architecture, the in-
put is mpMRI modalities, a binary mask of the transitional zone and a
binary mask of the peripheral zone. The input is duplicated, with one
copy mirrored along the vertical axis. The architecture itself is an ex-
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tended U-Net. It consists of two encoders and a single decoder. One en-
coder encodes the original input, while the other encodes the mirrored
input. The architecture’s output contains two channels. The results of
these channels are used together with the prostate zone segmentations
in the proposed novel loss function. This function is a modified cross-
entropy loss function that is anatomically aware, adjusting the result
based on the prostate zone where the lesion is detected. This design
of the loss function suppresses prediction vector patterns that should
not exist. Additionally, focal loss is incorporated into the proposed loss
function to account for the relatively small volumes of PCa lesions com-
pared to the volume of the scans themselves. The hyperparameters
of U-Net used in the no-new U-Net (nnU-Net) method, proposed by
Isensee et al. [35], are adopted for the hyperparameters of the AtPCa-
net.

The authors empirically compare the novel DNN architecture,
AtPCa-Net, with current state-of-the-art methods such as the nnU-Net
proposed by Isensee et al. [35], SEResU-net proposed by Hu et al. [34],
ResidualU-Net proposed by Bhalerao and Thakur [8], VNet proposed
by Chen et al. [13], Attention U-Net proposed by Oktay et al. [56],
VoxResNet proposed by Chen et al. [14] and UNETR proposed by
Hatamizadeh et al. [30]. The dataset used in the experiment was pro-
vided by the authors’ affiliation. It consists of 652 patients, of whom 220
have a prostate cancer lesion in the ground truth, while 432 do not. The
authors of the article [88] used five-fold cross-validation to validate and
evaluate the performance of the compared deep learning approaches.
The cases with at least one lesion in the ground truth are distributed
equally across folds.

The authors of the study [88] test the accuracy improvement ach-
ieved by using zonal loss instead of loss used in the nnU-Net method
and using the model of their proposed DNN architecture, AtPCa-Net,
instead of the nnU-Net method. They report that using zonal loss in-
stead of the loss function used in the nnU-Net method improves PCa
segmentation sensitivity at FROC measurements of 0.5, 1, 1.5, 2 and
2.5 FP predictions per patient by 0.8%, 0%, 0.8%, 2.1% and 0.4% re-
spectively. Meanwhile, the AtPCa-net model achieves higher sensitiv-
ity than the nnU-Net method at the same measurements by 1.6%, 0%,
2%, 1.5% and 0% respectively. Lastly, using AtPCa-net with zonal loss
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outperforms the model trained with the nnU-Net method at the same
measurements by 4.1%, 2.1%, 3.6%, 3.3% and 2% respectively.

Moreover, the proposed deep neural network architecture, AtPCa-
Net, achieved more accurate results than all other compared DNN ar-
chitectures. AtPCa-Net achieved higher PCa lesion segmentation sen-
sitivity at 0.5 FP predictions per patient by 8%, 8.1%, 7.7%, 12.2%, 8.1%
and 7.7% than ResidualU-net, VNet, SEResU-net, VoxResNet, Atten-
tion U-Net and UNETR, respectively. Meanwhile, at 1 FP predictions
per patient sensitivity was higher by 7.8%, 6.1%, 5.7%, 9.4%, 4.5% and
4.9% than the same compared DNN architectures. Further, at 1.5 FP
predictions per patient sensitivity was higher by 4.5%, 6.5%, 5.2%, 9.7%,
3.6% and 5.7% than the same compared DNN architectures. At 2 FP
predictions per patient sensitivity was higher by 2.1%, 6.5%, 4.1%, 9.4%,
3.3% and 5.3% than the same compared deep neural network architec-
tures. Lastly, at 2.5 FP predictions per patient sensitivity was higher
by 1.2%, 5.7%, 2.4%, 6.5%, 2.8% and 4% than the same compared DNN
architectures. It is also worth mentioning that the model trained with
the nnU-Net method can be considered the second best DL approach
for prostate cancer segmentation task in this experiment. This model
achieved worse sensitivity than ResidualU-net by 1.2% at 2 FP predic-
tions per patient and by 0.8% at 2.5 FP predictions per patient.

Another research on prostate zonal information incorporation to
DL approach for PCa segmentation is provided by Mehta et al. [48] This
research proposes a general framework for applying a deep learning
approach for prostate cancer segmentation. This framework consists of
prostate zone segmentation, prostate cancer segmentation and report
generation modules.

Prostate zone segmentation and PCa segmentation modules are
ensembles, which were constructed by employing the nnU-Net method.
These ensembles are made by performing k-fold cross-validation. Dur-
ing the inference, the segmentations of the resulting k models are com-
bined into a single probability map. In the experiment described in the
study [48] the number of folds for each ensemble is ten. Each ensemble
consists of DNN models trained with the nnU-Net method with task-
specific hyperparameter modifications. The input to these models is 2D
tensors with different numbers of channels. The prostate zone segmen-
tation module ensemble is referred to by the authors as Zone-U-Net-E,
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and the models in this ensemble are referred to as Zone-Nets. This
ensemble process segments prostate zones from T2W image slices. The
segmentation output is probability maps of PZ and TZ. Meanwhile, the
prostate cancer segmentation module is the ensemble, CSPCa-U-Net-E,
and the models used by this ensemble are called CSPCa-U-Nets. The
segmentation output of this ensemble is a probability map of PCa le-
sions. The last module is automatic result reporting, which is out of
scope of this thesis.

The authors of the article [48] train the models of their framework
on the publicly available ProstateX challenge of 2017 dataset, which
is described by Litjens et al. [44]. The researchers used 204 cases of
this dataset. Namely, they employed T2W, ADC, DWI, prostate zone
mask and PCa mask of each case. Furthermore, the authors evaluate the
resulting framework on another publicly available PICTURE dataset,
previously reported by Simmons et al. [71], and Simmons et al. [72].
In total of 80 patients within this dataset contain prostate zones. Thus,
the prostate zone segmentation model was evaluated on the dataset of
size 80. Meanwhile, 247 cases were used to evaluate the prostate cancer
segmentation ensemble.

The Zone-U-Net-E achieved mean DSC of 0.75 and 0.8, median
DSC of 0.75 and 0.81 for peripheral zone and transitional zone segmen-
tation respectively on test set. Furthermore, CSPCa-Net-E achieved
mean DSC of 0.46 and median DSC of 0.58 for PCa segmentation on
test set.

Overall, the incorporation of prostate zonal information into prostate
a cancer segmentation task is a highly researched field. Thus, in this
thesis we focus on expanding in this direction by proposing novel en-
sembles which employ prostate zonal information in the PCa segmen-
tation task.

1.2.3. Deep Learning Approaches for the Prostate Cancer
Segmentation Task Employing Attention Mechanisms and
Prostate Zonal Information

Since the introduction of the transformer architecture by Vaswani et al.
[78], attention mechanisms, originally proposed by Bahdanau [4], have
been extensively explored across a wide range of DL tasks, including
applications in medical computer vision. In particular, attention-based
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models have demonstrated significant potential in improving perfor-
mance on complex image analysis problems. Accordingly, this section
presents a literature review of PCa segmentation methods that incor-
porate both prostate zonal information and various attention mecha-
nisms.

One of the studies on prostate cancer segmentation, employing
prostate zonal information and U-Net architecture with incorporated
attention mechanism, is presented by Duran et al. [25], and Duran et al.
[26]. The explored U-Net variation in this research employs attention
mechanism introduced by Oktay et al. [56], and Schlemper et al. [69].
This variation consists of one encoder and two consecutive decoders.
The encoder and first decoder together comprise a standard U-Net ar-
chitecture. However, the second decoder employs attention mecha-
nism in every upsample block. The gating signal of each attention
mechanism is the output of the first decoder while the input signal
comes from the last layer of the corresponding upsample block. The
first decoder segments the location within the prostate in which the
second decoder segments the PCa regions. The authors of the papers
[25, 26] refer to this architecture as ProstAttention-Net.

The authors of the study presented in [25] compare their proposed
deep neural network architecture with U-Net architecture. They train
and evaluate the models of compared architectures on the dataset which
is collected and annotated by partner clinical center of authors affilia-
tion. This dataset consists of 98 patients and two mpMRI modalities —
T2W and ADC. The training and evaluation is performed by employ-
ing five-fold cross-validation. Each fold is balanced regarding lesion
classes and the type of MRI scanner. The authors feed these modalities
channel wise to all compared architectures. The annotations include
PZ masks and PCa lesion masks. The PCa lesion masks are multiclass
where each class represents different GS grade. These grades consist of
GS>9, GS=8GS=4+3,GS =3+4and GS = 3 + 3, totalling
in five classes. Thus, the authors of the paper [25] train ProstAttention-
Net and U-Net models to segment PZ and PCa lesions of five classes in
the PZ.

The authors of the paper [25] provide prostate cancer detection
sensitivity at 1 and 1.5 FP per patient and Cohen’s quadratic weighted
kappa coefficients for each compared DNN architecture. ProstAttention-
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Net achieved higher PCa detection sensitivity for each GS at each FP
per patient than U-Net except for GiS = 8. Moreover, ProstAttention-
Net achieved higher Cohen’s kappa coefficient by 4% than U-Net. Fur-
thermore, in order to compare their results to the results published by
de Vente et al. [23], the authors also calculate Cohen’s kappa coefficient
for PCa segmentation only by excluding peripheral zone segmentation
results. The authors conclude that ProstAttention-Net is a more pre-
ferred solution than the most accurate model compared by de Vente
et al. [23], SLOR.

In their next study, published in the paper [26], the authors com-
pare ProstAttention-Net architecture with Attention U-Net [56, 69], U-
Net [63], ENet [58] and DeepLabv3+ with XceptionNet as backbone [15]
architectures. In this paper, the authors experiment with a much larger
dataset which consists of 219 cases. The training and evaluation is per-
formed by employing five-fold cross-validation with each fold being
balanced regarding lesion classes and the type of MRI scanner. Once
again this dataset consists of T2ZW and ADC modalities. Meanwhile, the
annotations contain PCa segmentations and prostate region segmenta-
tions instead of the PZ. Additionally, instead of five GS classes four
used by merging classes G.S > 9 and G'S = 8 into a single class G\S > 8.
Thus, the authors train the compared models to segment prostate re-
gion and prostate cancer lesions of four classes in the whole prostate
gland.

Duran et al. [26] provide FROC values, namely, mean PCa detec-
tion sensitivities at 1 and 1.5 FP per patient. Furthermore, the authors
provide Cohen’s quadratic weighted kappa coefficients. Both metrics
indicate that ProstAttention-Net achieves the most accurate segmen-
tation results. ProstAttention-Net was only outperformed by ENet at
prostate cancer of class G'S = 3 + 3 detection sensitivities where ENet
achieved higher sensitivity by 4% and 6% at 1 and 1.5 FP per patient.
Moreover, they conduct one-sided Wilcoxon signed-rank statistical tests
on collected metrics. The test results on the collected FROC values
showed that there is no significant difference between the results achieved
by ProstAttention-Net and the results achieved by Attention U-Net and
ENet. Furthermore, statistical test conducted on collected Cohen’s kappa
coefficients did not indicate a statistically significant difference between
the compared DNN architectures. Meanwhile, these results indicate
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that there is a statistically significant difference between the FROC val-
ues achieved by ProstAttention-Net and the FROC values achieved by
DeepLabv3+ and U-Net. ProstAttention-Net achieved higher Cohen’s
kappa coefficient by 0.4%, 7.3%, 9.5% and 10% than ENet, Attention
U-Net, U-Net and DeepLabv3+.

Lastly, Duran et al. [26] evaluates ProstAttention-Net on external
dataset PROSTATEx-2, which is publicly available and is described by
Litjens et al. [42]. The authors use the best performing ProstAttention-
Net model acquired by conducting five-fold cross-validation. They
compare its achieved Cohen’s kappa coefficient with the Cohen’s kappa
coefficient achieved by the solution provided by De Vente et al. [24].
The authors of the paper [26] observe that their proposed DNN archi-
tecture achieves less accurate results. However, they also acknowledge
that a more reliable comparison is required as De Vente et al. [24] solu-
tion is trained on a different dataset than the ProstAttention-Net model.

Another study on prostate cancer segmentation task, employing
attention mechanisms and prostate zonal information, is published by
Saha et al. [66]. In this paper a novel end-to-end framework is proposed
for PCa detection. This framework uses T2W, ADC and DWI mpMRI
modalities as an input. The output of the framework is PCa segmenta-
tion. The framework itself consists of two parallel DNN models — M;
and My, followed by a decision fusion node.

The deep neural network model, M5, is a model, which takes patches
of mpMRI scan and assigns score in the interval [0, 1]. This score repre-
sents the probability of the presence of the PCa lesion within the patch.
These scores are later used to reduce the FP of the output of the M;
model in decision fusion node. The authors divide the input of the
framework, mpMRI scan, into eight uniformaly divided patches. The
authors of the study [66] use Convolutional Neural Network (CNN) ar-
chitectures based on residual learning as these DNN architectures are
state-of-the-art classification models in medical domain as supported
by Jiang et al. [37], McKinney et al. [46], and Yoo et al. [84].

The other model, M; is the principal component of the framework.
This model employs prostate zonal information as a separate channel
in addition to the mpMRI modalities. The authors support this decision
by providing studies on various medical segmentation tasks where the
use of clinical priori in CNN architectures achieved a higher accuracy.
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Figure 1.2. Schematics of the Squeeze-and-Excitation residual block.

These studies include Dalca et al. [22], Gibson et al. [28], and Wachinger
etal. [80]. The prostate zonal information is encoded into a probabilistic
population prior as introduced by the authors in their previous work
[65].

The DNN architecture of M; model is dual-attention U-Net. In-
stead of being a variation of U-Net itself, this architecture is a variation
of the UNet++ architecture, which was introduced by Zhou et al. [89].
Dual-attention U-Net uses the grid attention mechanism proposed by
Oktay et al. [56], and Schlemper et al. [69]. In addition, dual-attention
U-Net utilizes the Squeeze-and-Excitation (SE) residual blocks. This
block is visualized in the schematics of Figure 1.2.

The SE residual block consists of the following components:

* Bottleneck represented by block Bottleneck in Figure 1.2.
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* Pre-activation residual backbone proposed by He et al. [31]. This
component is represented by Residualbackbone block in Figure 1.2.

¢ Channel-wise attention mechanism, SE, proposed by Hu et al.
[34]. This component of the SE residual block is represented by
blocks Squeeze and Excitation.

* Output component which is represented by block Output in Fig-
ure 1.2.

The authors of the paper [66] compare their proposed framework
with Attention U-Net [56], nnU-Net [35], SEResU-net [34] and UNet++
[89] architectures on two different test sets. In their experiment they
employ a dataset provided by the Radboud University Medical Centre
which consists of 2436 cases. The authors split this dataset to train, val-
idation and test sets each consisting of 65%, 15% and 20% of the whole
dataset respectively via double-stratified sampling preserving the same
class balance. They report the results acquired only on the test set and
refer to it as TS1. The other dataset is provided by Ziekenhuisgroep
Twente which consists of 296 patients. The authors refer to this dataset
as TS2. Both datasets contain T2W, ADC and DWI mpMRI modalities
together with manual prostate cancer segmentation masks. Lastly, the
prostate zone masks were acquired by employing anisotropic 3D U-Net
model from a separate study presented by Riepe et al. [61].

The authors of the study [66] report the highest achieved sensi-
tivity and corresponding FP per patient by each compared approach.
They report the results achieved on each test set separately. Based on
the reported results, the authors conclude that the proposed framework
achieved the highest results among all of the compared approaches on
both test sets. Furthermore, the stand-alone M; model of dual-attention
U-Net architecture achieved more accurate results than the compared
stand-alone models of the other DNN architectures. Overall, all stand-
alone models employing attention mechanism, dual-attention U-Net
and attention U-Net, achieved more accurate results than the stand-
alone models which do not employ attention U-Net, U-SEResNet, nnU-
Net, UNet++.

Overall, the literature evidence strongly suggests that the use of
attention mechanism in the medical image segmentation tasks can im-
prove the segmentation accuracy of the solutions. In this thesis, we do
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not further investigate the impact of using attention mechanisms for
prostate cancer segmentation, as extensive prior work has already ex-
plored attention-based deep learning approaches for this task. Instead
we inspect the effect of the attention mechanisms on prostate zone seg-
mentation task.

Table 1.1 provides an overview of the reviewed prostate cancer
segmentation methods. The Method column lists the segmentation
methods, Employed Zones indicates whether the method targets the
peripheral zone, transitional zone, or both, With Attention Mechanism
specifies whether an attention mechanism is used, and Dataset Sources
identifies the datasets on which each solution was evaluated. This table
shows that nearly all reviewed methods consider both prostate zones.
In addition, attention mechanisms are used in roughly the same num-
ber of methods as those that do not use them. Finally, a systematic
comparison between methods is not feasible because each approach is
evaluated on different datasets.

Table 1.1. Overview of the reviewed prostate cancer segmentation

methods.

Employed With Dataset
m atase

Method proye attention
Zones . Sources

mechanism

Early / 1

arly / late Both No Private

fusion [32, 33]
AtPCa-Net [88] Both No Private
ProstateX [44],

Aut tate [48 Both N
utoprostate [48] © °  PICTURE [71, 72]
ion- Privat
ProstAttention-Net PZ only Yes rivate,
[25, 26] Prostatex-2 [42]
End-to-end PCa
segmentation Both Yes Private

framework [66]
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1.3. Related Studies on the Prostate Zone Segmentation Task

This section inspects various research conducted on the prostate zones
segmentation task. Namely, the segmentation of the PZ, TZ and prostate
region itself.

1.3.1. Prostate Zone Segmentation Challenges

The research by Montagne et al. [51] highlights a significant challenge
posed by the prostate zone segmentation task. This research investi-
gates the data variability in the T2ZW modality, specifically in the TZ and
PZ regions. The research reported in the study [51] consists of seven
radiologists performing manual segmentation of the prostate zones.
These zones included the whole prostate region and the transitional
zone. Meanwhile, the peripheral zone was calculated by subtracting
TZ from the prostate region segmentations. The segmentation is per-
formed on the compiled cohort of 40 patients. The dataset used in
this experiment was provided by Health Data Center of the Assistance
Publique-Hopitaux de Paris.

The authors report DSC, Hausdorff distance and average Haus-
dorff distance. They calculate these metrics by employing pairwise
comparison and comparison with consensus, which is calculated by
employing STAPLE algorithm. The authors of the study, Montagne
etal. [51], focus on the DSC when interpreting the results. They also use
the paired Wilcoxon signed-rank test and the Mann-Whitney U test for
related and independent samples, respectively, to determine whether a
statistically significant difference is present. All statistical tests are two-
sided. The research found out that prostate zone segmentation inter-
observer variability is significant in:

* Extreme parts of the prostate gland. The authors of the paper [51]
report that pairwise comparison yields a mean DSC of 0.90 for
the apex segmentation of the prostate gland and a mean DSC of
0.87 for the base. Meanwhile, the consensus comparison shows
mean DSC of 0.90 for the apex segmentation of the prostate gland
and mean DSC of 0.91 for the base. Considering that the base
is located in the PZ, the inter-observer variability affects the seg-
mentation of this zone more than the TZ.
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* Relatively smaller prostate. The authors use the Spearman cor-
relation coefficient p to assess the association between prostate
volume and DSC. The p-values are corrected by employing the
Holm-Bonferroni method. The result of this test is p > 0.8 and
p-value < 0.001.

Therefore, this research underscores the importance of incorporat-
ing representative clinical samples that capture morphological varia-
tion into the prostate zone segmentation dataset. In this thesis, we ad-
dress this issue by employing two publicly available datasets in the ex-
periment on the prostate zone segmentation task. Both of these datasets
are described in Section 3.3.

1.3.2. Deep Learning Approaches for the Prostate Zone
Segmentation Task

A substantial amount of research has already been conducted on the
prostate zone segmentation task. As a result, several review articles
cover this research, such as the review published by Gillespie et al.
[29]. In this subsection, we inspect a more recent development on the
prostate zone segmentation task.

Just as the research on prostate cancer segmentation, most of the re-
search on the prostate zone segmentation task investigates U-Net DNN
architecture and its variations.

These studies include the research reported by Comelli et al. [19].
The authors of this paper propose to employ Efficient Neural Network
(ENET) or Efficient Residual Factorized convolution Network (ERFNet)
DNN architectures for the prostate region segmentation task. These
DNN architectures are proposed by Paszke et al. [58], and Romera et al.
[62], respectively. These architectures are designed to be less complex
than U-Net, as they do not employ skip connections. As a result, the
training of ENET and ERFNet is faster relative to the training of U-
Net. The authors of the article [19] compare the performance of these
architectures with the performance of U-Net by conducting the empir-
ical experiment. The comparison includes both accuracy and segmen-
tation speed. The dataset used for this experiment was provided by
the Radiology Department at the author’s affiliation and is not publicly
disclosed. This dataset consists of 85 cases. The cases in this dataset
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consist of mpMRI modality, T2ZW volumetric image, and a manually
segmented prostate region.

The results of the experiment, reported in the paper [19], show that
ENET and ERFNet achieves slightly lower segmentation accuracy than
U-Net. ENET achieves 0.75% lower mean DSC than U-Net. Mean-
while, ERFNet achieves 2.94% lower mean DSC than U-Net. Moreover,
the results of this experiment show that the segmentation of ENET on
the CPU is approximately 6.8 times faster than that of U-Net. Mean-
while, the segmentation of ERFNet on the CPU is ~ 4.89 times quicker
than the segmentation of U-Net. However, the difference is much lower
when the segmentation is accelerated with the GPU. ERFNet is faster
~ 1.5 times than U-Net, while ENET is faster ~ 1.47 times. Overall, the
authors of the study [19] conclude that, among the compared deep neu-
ral network architectures, ENET is the most preferred architecture for
prostate gland segmentation when GPUs are not available. Otherwise,
U-Net remains the most suitable DNN architecture for the prostate re-
gion segmentation.

Another research is conducted by Aldoj et al. [2]. In this research,
the authors propose the novel DNN architecture, Dense-2 U-Net for
prostate zone segmentation. This architecture is a variant of U-Net
that employs dense blocks rather than a conventional stack of convolu-
tional layers. The authors compare the accuracy of the Dense-2 U-Net
with that of U-Net through an empirical experiment. The empirical
experiment reported by Aldoj et al. [2] is conducted on the publicly
available ProstateX dataset. The cases in this dataset include a single
mpMRI modality, a T2W volumetric image, and transitional and pe-
ripheral zone masks. The prostate mask in the research is calculated by
combining both prostate zones.

The results of the empirical experiments reported by the authors
of the article [2] indicate that the proposed architecture achieves higher
DSC than the classical U-Net. In the prostate region segmentation task,
the experimental results report a 1.6% higher median DSC achieved
by the Dense-2 U-Net than by U-Net. Furthermore, the results of PZ
segmentation task experiment show that the Dense-2 U-Net achieves
higher median DSC than U-Net by 2% percent. Finally, the results re-
ported by the authors show that the Dense-2 U-Net achieves a 2.2%
higher median DSC than U-Net on the TZ segmentation task.
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Moreover, the article by Antonelli et al. [3] contains the results of
the Decathlon challenge. This challenge focuses on various medical
image segmentation tasks. One of them is prostate zone segmentation.
The organisers of the challenge provide a publicly available dataset.
This dataset consists of 32 cases, each comprising mpMRI modalities,
T2W and ADC volumetric images, and TZ and PZ masks. The most
accurate results of this task are achieved by the method proposed by
Isensee et al. [35]. This method achieves 3% higher mean DSC than the
second-place method in transitional zone segmentation and 5% higher
mean DSC in peripheral zone segmentation.

Isensee et al. [35] propose a method for various medical image seg-
mentation tasks — nnU-Net. Since then, this method has been widely
employed in experiments on various medical segmentation tasks such
as the once presented by Akinci D’Antonoli et al. [1], Jucevicius et al.
[40], Ma et al. [45], Wasserthal et al. [81], and Zhang et al. [87].

Furthermore, the prostate gland segmentation performance of the
nnU-Net method was compared with U-Net and its variants by Bhandary
et al. [9]. The U-Net variants consist of Attention U-Net, V-Net pro-
posed by Milletari et al. [50], SegResNet proposed by Myronenko [53],
and U-Net++. The evaluation was conducted using four datasets: an
internal Computer Tomography (CT) dataset, an internal MRI dataset,
the MSD-Prostate dataset published by Simpson et al. [73], and the
PROMISE12 dataset published by Litjens et al. [43]. The internal CT
dataset was collected from three medical centres: the Medical Center
— University of Freiburg, the Hannover Medical School, and the Af-
filiated Drum Tower Hospital of Nanjing University Medical School.
Data collected from the Affiliated Drum Tower Hospital of Nanjing
University Medical School were designated as the independent test
set, whereas data obtained from all the remaining participating cen-
tres were used for model training. Manual prostate delineations for
all patients were performed by two experts from the Medical Center
— University of Freiburg. The internal MRI dataset was also acquired
at the Medical Center — University of Freiburg, where prostate delin-
eation was performed by experienced physicians. For all experiments
involving MRI data, only the T2ZW modality was utilised. The internal
CT, internal MRI, MSD-Prostate, and PROMISE12 datasets contained
184, 209, 32, and 50 cases, respectively. The internal CT training cohort
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comprised 135 cases, whereas an independent test cohort consisted of
49 cases. Furthermore, the performance of the DNN models on the re-
maining datasets was evaluated using a five-fold cross-validation strat-
egy.

The segmentation performance of each model was assessed using
the DSC. Across all evaluated datasets, the nnU-Net achieved the high-
est DSC values. Compared with the second-best performing model, At-
tention U-Net, the nnU-Net improved the DSC by approximately 0.4%,
0.2%, 0.3%, and 1.0% on the internal CT, internal MRI, MSD-Prostate,
and PROMISE12 datasets, respectively. However, statistical analysis
indicated that these improvements were not statistically significant for
most datasets, with the exception of the PROMISE12 dataset, where the
performance difference was reported as statistically significant.

Given its prevalence, we use this method to further develop prostate
zone segmentation and PCa segmentation solutions. This method con-
sists of data preprocessing, DNN model with the U-Net architecture,
adapted for volumetric imaging, post-processing and training proce-
dure. Each component of the method is described in detail in Chapter
2.

In conclusion, extensive research has already been conducted on
prostate zone segmentation using U-Net architecture and its variants.
We further expand this direction in this thesis by proposing to employ
other U-Net variations and proposing novel workflows for the prostate
segmentation task.

1.4. Summary of the Chapter

This chapter reviews literature on deep learning approaches for PCa
and prostate zone segmentation tasks, with a particular emphasis on
DL approaches, the role of prostate zonal information, and the use of
attention mechanisms. Collectively, the reviewed studies demonstrate
that both tasks remain challenging due to substantial inter-observer
variability, anatomical complexity, and dataset heterogeneity, yet they
also show consistent progress driven by advances in deep neural net-
work architectures and learning strategies.

In the context of PCa segmentation, the literature consistently re-
ports high inter-observer variability particularly for lesions located in
the transitional zone. The dominant DNN architecture in the prostate
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cancer segmentation research is U-Net and its variants. Furthermore,
mpMR]I, especially the combination of T2ZW, ADC, and DWI, has been
shown to be essential for improving lesion delineation, yet intrinsic am-
biguity in lesion boundaries persists. Numerous studies demonstrate
that incorporating prostate zonal information as an additional input
channel, via a probabilistic prior, or through anatomically informed
loss functions significantly improves lesion detection and segmenta-
tion performance. These improvements are observed across different
datasets, evaluation protocols, and learning paradigms, underscoring
the clinical relevance of prostate zonal information for PCa segmenta-
tion.

Moreover, recent work integrating attention mechanisms with pros-
tate zonal information suggests further gains in segmentation accuracy
by enabling models to focus on anatomically and diagnostically rele-
vant regions. While these approaches often outperform classical U-Net
baselines, the literature also indicates diminishing returns and increas-
ing model complexity, motivating careful consideration of trade off be-
tween accuracy and computational cost.

In the context of prostate zone segmentation, the reviewed litera-
ture highlights a high morphological variation in the apex and base of
the prostate and in smaller prostate glands. Just as in prostate cancer
segmentation, U-Net and its variants have emerged as the dominant
and most effective DNN architectures for prostate zone segmentation.
Incremental DNN architectural modifications, such as dense connec-
tions or task adaptive configurations exemplified by the nnU-Net, have
been shown to yield measurable improvements in segmentation accu-
racy. Public challenges and benchmarks further confirm that carefully
designed preprocessing, training, and post processing pipelines often
contribute as much to performance gains as DNN architectural nov-
elty. These findings motivate the use of multiple datasets and robust
evaluation strategies to ensure generalizability, a direction adopted in
this thesis.

Unfortunately, a direct validation and cross comparison of the re-
sults reported across the reviewed studies is not feasible, as each ex-
periment was conducted using a different dataset. For instance, the
study published by Isensee et al. [35] employed the Decathlon dataset,
whereas the work presented by Mehta et al. [48] utilised the ProstateX

51



and PICTURE datasets. Similarly, the study by Duran et al. [26] was
conducted using the ProstateX-2 dataset, while Aldoj et al. [2] evalu-
ated their approach on the ProstateX dataset. Furthermore, the ma-
jority of these studies rely on datasets that are not publicly accessible,
which limits reproducibility and hinders independent verification of
their findings. These studies include [19, 25, 26, 32, 33, 66, 88].

In summary, existing research establishes U-Net and its variations
as strong baselines for both prostate cancer and prostate zone segmen-
tation. The evidence clearly supports the inclusion of prostate zonal
information to improve PCa segmentation accuracy. Moreover, the con-
sistently observed improvement in segmentation accuracy achieved
through the incorporation of attention mechanisms in the PCa segmen-
tation task suggests a promising research direction for prostate zone
segmentation, namely the integration of attention-based U-Net varia-
tions. Building on these insights, this thesis extends prior work by ex-
ploring alternative attention-based U-Net variations and novel work-
flow designs for advancements in the prostate zone segmentation task
as well as novel ensembles and evaluation metrics that explicitly ac-
count for inter-observer variability for advancements in prostate cancer
segmentation task.
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2. METHODOLOGY

This chapter describes proposed novel approaches for prostate cancer
and the prostate zone segmentation task as well as employed evalua-
tion methods in the thesis. The key innovations of this research are:

* Four novel ensembles for the PCa segmentation task.

¢ Novel workflows for prostate zone segmentation: Separate Mod-
els for the Transitional Zone and Peripheral Zone Segmentation
(SM4TZPZS) and Prostate Segmentation, Transitional Zone Seg-
mentation, and Peripheral Zone Calculation (PSTZSPZC). The re-
sult of the prostate zone segmentation is used to improve the so-
lutions of the PCa segmentation task.

* A method to incorporate the attention mechanism into the nnU-
Net method. This incorporation consists of several deep neural
network architectures, which employ attention mechanism, into
the nnU-Net: grid attention U-Net, single attention U-Net, mul-
tidimensional attention U-Net and dual-Attention U-Net. This
modification of the nnU-Net method is inspected on the prostate
zone segmentation task.

¢ A novel metric, tolerant Dice Score Coefficient (DSC;) to evaluate
PCa segmentation results. This metric is a modified DSC. The
modification introduces tolerance in order to address a high inter-
observer variability among radiologists.

These methods were presented in the main papers by Vaitulevicius
et al. [A.1l], [A.2] and [B.4]. Additionally, this chapter describes the
nnU-Net method in detail as this method is widely explored through-
out our research.

2.1. No-new U-Net Method

As mentioned in Chapter 1, the no-new U-Net method consists of data
preprocessing, deep neural network model with the U-Net architecture,
adapted for volumetric imaging, post processing and training proce-
dure. Each of these components are described in detail in this sec-
tion. As an input the nnU-Net method takes volumetric images to seg-
ment and optional masks of regions, in which segmentation needs to
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be performed. Each image within the input is provided to the model in
smaller patches. During training the label masks are supplied as well.
The output is a volumetric multiclass image. The number of classes is
supplied during training. Furthermore, the nnU-Net method contains
predefined parameters, heuristic rules and blueprint parameters. In ad-
dition, this method employs parameters derived from the training set,
data fingerprints. Both predefined and derived parameters are used
within the workflow of the nnU-Net method, which is visualized in
Figure 2.1. The use of derived and predefined parameters is explained
in this section.

Heuristics : _
rules Preprocessing, training &
Inferred postprocessing
arameters
P Planar U-Net
Training set f .
ingerprints >
Volumetric U-Net
Blueprint
parameters Volumetric U-Net
Cascade

Figure 2.1. The workflow the of the no-new U-Net method.

The preprocessing consists of cropping, resampling and normal-
ization steps. Firstly, the volumetric images are cropped to the non-zero
values of the region masks, if the masks were provided. Secondly, the
volumetric images are resampled. Almost any medical volumetric im-
age contains voxel spacing information and most medical images are
anisotropic. However, this information cannot simply be provided to
the U-Net model. Thus, the anisotropic volumetric images are resam-
pled to the median voxel spacing of the whole dataset, which is one of
the dataset fingerprint parameters. The third order spline interpolation
is used for images themselves, while the nearest neighbour interpola-
tion is used for the label masks.
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The novel label mask resampling algorithm is proposed by Juce-
vicius et al. [39]. In the follow up research Jucevicius et al. [40] inves-
tigate the impact of the novel label mask resampling algorithm on the
prostate cancer segmentation with the nnU-Net method. In their ex-
periment, the authors train several PCa segmentation models by em-
ploying the nnU-Net method with different the nnU-Net method con-
figurations. Namely, they inspect the results by employing planar and
volumetric images. They inspect the impact of the proposed resam-
pling algorithm by training and evaluating the models with data pre-
processed with the aforementioned algorithm and the raw data. They
refer to the images preprocessed with the proposed resampling algo-
rithm as isotropic, while the raw images are referred to as anisotropic.
Isotropic input images performed better than anisotropic on both con-
figurations, planar and volumetric images. On planar images isotropic
images achieved 5.54% higher mean DSC than anisotropic ones and
on volumetric images isotropic images achieved 18.07% higher mean
DSC. Thus, in this thesis we employ this preprocessing step in all of
our models trained with the nnU-Net method.

The last preprocessing step is normalization, which is a simple z-
score normalization applied to each patient individually. The normal-
ization step of the nnU-Net preprocessing differs for computer tomog-
raphy scans. However, as it is out of scope of our research, we do not
provide a detailed explanation for it.

The core component of the nnU-Net method is the training of the
U-Net model. In their paper [35], the authors provide empirical evi-
dence across several medical image segmentation tasks showing that
planar images are segmented more accurately than volumetric images
when the ratio between the maximum and minimum voxel spacing
across all axes exceeds three. Hence, the nnU-Net method infers which
images should be segmented by employing the aforementioned heuris-
tic rule and the dataset fingerprint — voxel spacing. In our research
we omit this rule and use volumetric images as label mask resampling,
proposed by Jucevicius et al. [39], together with third order spline inter-
polation transform anisotropic images into isotropic ones. Thus, none
of the volumetric images within our dataset have a ratio between the
maximum and minimum voxel spacing across all axes that is greater
than three.
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Moreover, the no-new U-Net method additionally trains a volu-
metric U-Net Cascade if resampled images are four times larger than
the patch size with a batch size of two. This heuristic rule addresses
high computational resource requirement for the large images. The
authors of the study [35] determined that this rule does not apply for
prostate images as they are not large enough. Thus, in our research
we exclude this heuristic rule as well and do not provide a detailed ex-
planation of a volumetric U-Net Cascade configuration of the nnU-Net
method.

Furthermore, the nnU-Net infers the batch size, Sg, and patch size,
(Zp, Yp, 2p), from the training set. It employs the following heuristic
rule: the nnU-Net adjusts the aspect ratio of the patch volume to the
median number of voxels. If the median number of voxels of the images
within the dataset is smaller than 1283 voxels then the median shape is
used as the patch size. Otherwise, the patch shape is 128 x 128 x 128.
The batch size is calculated with the following equation:

gy = 2% 128° @.1)
Tp X Yp X 2p

The nnU-Net method contains the following blueprint parame-
ters: the hyperparameters of the U-Net model, loss function, the train-
ing schedule and data augmentation. The hyperparameter tuning of
the U-Net were performed in the research presented in the paper [35]
and validated by performing five-fold cross-validation. The hyperpa-
rameters were selected manually based on prior empirical experience
obtained from a range of medical image segmentation tasks. The re-
sulting DNN architecture and training configuration were designed to
be broadly applicable to medical image segmentation problems, rather
than optimized for any single specific task. Moreover, the authors sub-
stituted the Rectified Linear Unit (ReLU) used in the original U-Net
with Leaky ReLU whose negative slope is 0.01. The resulting topology
of the trained U-Net model is displayed in Figure 2.2 where n, repre-
sents number of convolution kernels, s - stride and kernel size. Conv”
stands for transposed convolution. The Upsample(ny) and
Downsample(ny,) blocks are presented in Figure 2.3. The loss function
is the sum of inverted DSC and cross-entropy loss. The training sched-
ule uses stochastic gradient descent optimizer with an initial learning
rate of 1 x 1072 and Nesterov momentum (u = 0.99). The learning rate

56



is updated at the start of every epoch according to a polynomial decay
schedule, defined in Equation 2.2. In this formulation, lry denotes the
initial learning rate, e represents the current epoch, E the total number
of training epochs, and Ir. the learning rate computed for epoch e.

e
Ire =1rg x (1 — E)ewp (2.2)

------- » - Skip connectcion - - inputs

@ - Downsample(ny) / - - outputs

Upsample(ng)

. - ConVT(nk, s, s)

Figure 2.2. U-Net architecture with hyperparameters used in the no-
new U-Net method.

Batch Batch Leaky
C 3,2 o C ;3,2 o H
onv(ng ) normalization onv(nk ) normalization RelLU }

Figure 2.3. The upsample and downsample block used in the no new

U-Net where ny, is the number of kernels within convolution layers.
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The training is stopped if an exponential moving average of the
training losses did not improve by at least 5 x 10~2 within the last 60
epochs, but not before the learning rate becomes smaller than 1076, The
maximum number of epochs is 1,000. Furthermore, training employs
deep supervision. Deep supervision is a training strategy where loss
function is applied to intermediate layers in addition to the final out-
put layer. This encourages earlier network representations to be more
discriminative and can improve gradient flow, convergence speed, and
overall segmentation performance. The data augmentation consists
of random rotations, random scaling, Gaussian noise, Gaussian blur,
gamma correction augmentation and mirroring. Lastly, nnU-Net en-
forces that at least a third of the samples within each batch would con-
tain at least one randomly chosen foreground class.

The post processing of nnU-Net is a single step. A connected com-
ponent analysis is performed on the ground truth of the training set.
All classes, that are contained within a single connected component
in every patient, are considered to exhibit the same behaviour in the
whole population. Thus, only the largest connected component is kept
for these classes within the predictions.

Lastly, as mentioned before, two models are trained with differ-
ent configurations, planar and volumetric U-Net models, as well as op-
tional volumetric U-Net Cascade. The original nnU-Net method creates
ensembles of pairs of these models. As in our research we only inspect
volumetric U-Net configuration, these ensembles are not investigated.
Instead, in this thesis we propose novel workflows for prostate zone
segmentation and novel ensembles for prostate cancer segmentation.

2.2. Compared Prostate Cancer Segmentation Ensembles and
Baseline Model

We propose four novel ensembles. All ensembles utilize deep neural
network models trained with the no-new U-Net method. The data
preprocessing and training of all models are performed independently
from one another. These models are: PCageq(T2W XT'Z), PCaseq(All %
TZ), PCayey((ADC,DWI) x PZ), PCayey(All x PZ) and

PCageq((All, Zones) x prostate). The difference between them lies in
the inputs and the region in which it segments cancerous region. To
segment prostate cancer within a specific anatomical region, a prostate
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zone mask is applied to the input of the deep neural network. Voxels
that do not overlap with the mask are set to zero, thereby restricting the
network’s focus to the region of interest. This masking strategy is an in-
tegral component of the nnU-Net method and was therefore adopted in
this work, rather than alternative approaches such as soft masking. The
following DNN models are trained for use within the proposed ensem-
bles:

® PCasey(T2W x TZ) model’s input is only T2W modality. The
transitional zone mask is applied on the input by setting all voxels
outside the mask to zero. Thus, this model segments prostate
cancer only in the TZ region.

* PCasy((ADC,DWI) x PZ) model’s input are ADC and DWI
modalities. The modalities are provided channel-wise as a model’s
input. This model segments PCa only in the peripheral zone.

* PCageqy(All x TZ) model’s input are all modalities. The voxels of
the input of this model are set to zero if they do not overlap with
the TZ mask.

* PCageq(All x PZ) model’s input are all modalities as well. This
model segments PCa only in the PZ region.

* PCaseq((All, Zones) x prostate) model’s input are all modalities
as well as prostate zone masks as separate channel of the model’s
input. Therefore, the input tensor of this model has these chan-
nels: T2W, ADC, DWI and prostate zones. In our research the
prostate zones masks contain values of 1, which represent PZ,
and 2, which represent TZ region. The voxels of the input of
PCageq((All, Zones) x prostate) model are set to zero if they do
not overlap with the prostate gland mask. This mask is a disjunc-
tion of both prostate zone masks. Currently, PCas.q((All, Zones)x
prostate) model is used as a state-of-the-art method to employ
prostate zone information in prostate cancer segmentation task.
This model is used many experiments such as the ones presented
in the papers [32, 48, 66]. Thus, PCas4((All, Zones) x prostate)
model is the baseline model of our research.
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The first proposed and compared ensemble is denoted as Ensemble
1. Different mpMRI modalities vary in their effectiveness at detecting
prostate cancer within specific prostate zones. The main modality used
for PCa segmentation in the transitional zone is T2ZW. Meanwhile, the
principal modalities for PCa segmentation in peripheral zone are ADC
and DWI. Thus, the result of Ensemble 1 is a disjunction of the results
of the PCasey(T2W x TZ) and PClaseq((ADC, DWI) x PZ) models. In
other words Ensemblel = PCaseq(T2W XTZ)VPCageq((ADC, DWI)X
PZ). The workflow of this ensemble is visualized in Figure 2.4.

ADC DWI

- tensor element-wise
multiplication operation

- tensor element-wise
sum operation

Figure 2.4. Ensemble 1 workflow diagram.

Although radiologists tend to prioritize mpMRI modalities that
are most informative for a given prostate zone, all modalities are ulti-
mately reviewed for each zone, thereby maximizing their confidence in
the segmentation. Thus, the second proposed ensemble is the disjunc-
tion of the results of PCa,ey(All x TZ) model and PCas.q(All x PZ)
model. Formally, Ensemble2 = PCaseq(All X TZ)V PCaseq(All x PZ).
This ensemble is denoted as Ensemble 2 and its workflow is provided
in Figure 2.5. However, Ensemble 2 is more computationally demand-
ing than Ensemble 1 as the input of the models used by Ensemble 2
is larger than the ones used by Ensemble 2. Firstly, PCagq4(All x TZ)
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is three times larger than the PCa.q(T2W x T'Z) model’s. Secondly,
PCageq(All x PZ)is 1/3 times larger than the PCagey((ADC, DWI) x
PZ) model’s. Thus, if both ensembles achieve similar results then En-
semble 1 is a preferred solution to the prostate cancer segmentation

task.
T2W ADC, DWI ]
<
<>

Figure 2.5. Ensemble 2 workflow diagram.

The third proposed ensemble is denoted as Ensemble 3. This en-
semble consists of disjunction of model PCacq4(All x T'Z), model
PCageq(Allx PZ) and the baseline model, PCaseq((All, Zones)xprostate).
Thus, the equation of Ensemble 3 is Ensemble 3 = PCageq(All X TZ) V
PCageq(All x PZ) N PCaseq((All, Zones) x prostate). The input of the
models used by this ensemble contains more information than the mod-
els of Ensemble 2. Therefore, assuming that models PCag.4(All x T'Z),
PCagseq(Allx PZ) and PCageq((All, Zones) x prostate) are complemen-
tary to each other, it is more likely that Ensemble 3 will achieve higher
accuracy than Ensemble 2. Ensemble 3 workflow is visualized in Fig-
ure 2.6.

Literature analysis of Yu et al. [86] provides an overview of the epi-
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Figure 2.6. Ensemble 3 workflow diagram.

demiological literature on the distribution of prostate cancer instances
in prostate zones. This overview indicates that only ~ 20% of PCa cases
are found in TZ. Moreover, research by Oto et al. [57], Rosenkrantz et al.
[64], and Yu et al. [85] indicates that PCa segmentation in the TZ is gen-
erally more challenging than in the PZ. Therefore, training of models
PCaeq(T2W xTZ) and PCaseq(AllxTZ) is complicated as these mod-
els segment PCa in the TZ region. The dataset contains less instances
with PCa and it is more difficult to detect a lesion.

Hence, the last proposed ensemble is the disjunction of models
PCageq(Allx PZ) and the baseline model, PCaseq((All, Zones)xprostate).
Formally, Ensemble 4 = PCageq(All X PZ) V PCaseq((All, Zones) x
prostate). This ensemble is denoted as Ensemble 4. Differently from
Ensemble 3 it does not have a model which segments prostate cancer in
the transitional zone. Therefore, if Ensemble 4 outperforms or achieves
similar results to the results of Ensemble 3 then it will indicate that the
models, who segment prostate cancer in the TZ, require additional ac-
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cumulation of the dataset. The workflow diagram of the last proposed
ensemble is displayed in Figure 2.7.

T2W, ADC, DWI

PCageq((All, Zones) x prostate)

[

Figure 2.7. Ensemble 4 workflow diagram.

2.3. Compared Prostate Zone Segmentation Workflows

We propose two novel prostate zone segmentation workflows: Sepa-
rate Models for the Transitional Zone and Peripheral Zone Segmenta-
tion and Prostate Segmentation, Transitional Zone Segmentation, and
Peripheral Zone Calculation. Both of the workflows utilize deep neural
network models trained with the nnU-Net method. The data prepro-
cessing and training of all models are performed independently from
one another. The preprocessing and training of each model is analo-
gous. The only difference is the ground truth of the dataset. Further-
more, the input of both models is the T2ZW modality of mpMRI. The
T2W modality is highly sensitive to the water content within tissues,
allowing it to provide excellent visualization of soft tissue structures.
The first workflow, SM4TZPZS, consists of two models: one for
segmenting the transitional zone and the other for segmenting the pe-
ripheral zone. The ground truth of the first model, denoted as T'Z.,(T2WV),
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is TZ, while for the second one, denoted as PZ.,(T2W) is PZ. The
SMATZPZS is visualized in Figure 2.8.

TZseg(T2W) n.

PZseg(T2W)

Figure 2.8. The prostate zone segmentation workflow: Separate Models
for the Transitional Zone and Peripheral Zone Segmentation.

The second workflow, PSTZSPZC, consists of two models: one for
segmenting prostate gland and the other for segmenting TZ. The PZ
segmentation of this workflow is calculated from the results of those
two models. Overall, PSTZSPZC workflow consists of the following
consecutive steps:

1. Segmenting prostate gland by employing a DNN model trained

with the nnU-Net method. This model is denoted as prostateseq,(T2W).

The ground truth of the prostates.,(T2W) model is the prostate
mask. This mask is a disjunction of prostate zone masks.

2. Voxels in the T2W image that do not overlap with the predicted
prostate gland region are set to zero.

3. Segmenting TZ by employing a DNN model trained with the
nnU-Net method. This model is denoted as T'Z ., (T2W x prostate).
T Zseq(T2W x prostate) model’s training data preprocessing in-
cludes one additional step — the voxels of T2ZW images which do
not intersect with the segmented prostate gland regions are set to
Zero.

4. The peripheral zone is calculated by subtracting the segmented
transitional zone from the segmented prostate gland region.
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The PSTZSPZC workflow is visualized in Figure 2.9.

@ - area subtraction

operation

<« — — - subtracting operand
prostate(T2W)

A

TZseg(T2W, prostate)

Figure 2.9. The prostate zone segmentation workflow: Prostate Seg-
mentation, Transitional Zone Segmentation, and Peripheral Zone Cal-
culation.

2.4. Compared Deep Neural Network Architectures for the
Prostate Zone Segmentation Task

This section provides a description of the proposed method to incorpo-
rate attention mechanism into the no-new U-Net method for the prostate
zone segmentation task. This incorporation consist of replacing the
original U-Net architecture used in the nnU-Net method with the fol-
lowing deep neural network architectures:

¢ Grid attention U-Net

¢ Single attention U-Net
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e Multidimensional attention U-Net

e Dual-attention U-Net

2.4.1. Grid Attention U-Net

The first incorporated DNN architecture into the nnU-Net method is
grid attention U-Net. This architecture employs the grid attention mech-
anism proposed by Oktay et al. [56], and Schlemper et al. [69]. This
mechanism uses grid-based gating, which was introduced by Jetley
et al. [36]. The attention mechanism, which employs grid-based gat-
ing, is capable of being more specific to local regions according to the
authors of the paper [36]. The diagram of this mechanism is visualized
in Figure 2.10.

Xl
—»{ Conv(n;, sf, sf) }—

————— }———»{ Conv(n;, 1, 1) ’ ‘ Trilinear interpolation ’

}_,
‘ ReLU }—{ Conv(1, 1, 1) ]
|

G@«—{ Trilinear interpolation }«—{ Sigmoid’

‘ Conv(ng, 1, 1) ’

Figure 2.10. Diagram of the grid attention mechanism

In Figure 2.10 x is an input signal and g(n.) is a gating signal,
where n,. is the number of channels. Both signals are the inputs of the
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attention mechanism. Meanwhile, y is the output of the attention mech-
anism. Furthermore, squares Conv(n, size, stride) within the diagram
indicate convolution layers where n is the number of kernels, size is
the kernel size and stride is a stride. Moreover, squares ReLU and
Sigmoid represent activation layers, ReLU and sigmoid respectively.
T'rilinear interpolation is a trilinear interpolation operation. This oper-
ation is used to perform resampling within a grid attention mechanism.

Grid attention mechanism has two hyperparameters. In our ex-
periments, we use the same values for these hyperparameters as those
reported in the studies reported in the papers [56, 69].

¢ The subsample factor — the value of this hyperparameter — two
for all used grid attention mechanisms. In Figure 2.10 subsample
factor is represented by s f.

¢ The number of the kernels in the intermediate convolution layer
— the value of this hyperparameter is equal to the number of the
channels of the input signal. The number of the kernels of the
intermediate convolution layer is indicated as n; in the diagram
of the grid attention mechanism.

The other hyperparameters used in the U-Net architecture of the
nnU-Net method are not changed. This mechanism is used at each skip
connection in the grid attention U-Net. The input signal of each grid at-
tention mechanism is the skip connection itself. Furthermore, the out-
put of the grid attention mechanism is concatenated together with the
output of the previous layer on the channel axis. Meanwhile, the gat-
ing signal is the output of the gating block. The gating block consists of
the convolution layer, batch normalization layer and ReLU activation
layer. The hyperparameters of the convolution layer are:

¢ The kernel count equals the bottleneck kernel count.

¢ Both kernel size and stride are equal to 1.

The input signal of the gating block is the output of the bottleneck
of the architecture. The incorporated architecture of the grid attention
U-Net is displayed in Figure 2.11 where the block gates is a gating
block.
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Figure 2.11. Diagram of the grid attention U-Net architecture

2.4.2. Single Attention U-Net

The other incorporated U-Net variation which uses attention mecha-
nism is single attention U-Net. Just as a grid attention U-Net this archi-
tecture was introduced by Oktay et al. [56], and Schlemper et al. [69].
This architecture employs the same grid attention mechanism, which
is described in the previous section. Differently from the grid attention
U-Net, the gating signal of each attention mechanism is the output of
the previous layer in the single attention U-Net architecture. Further-
more, the single attention U-Net architecture does not employ a gating
block. The other hyperparameters of DNN are taken from the nnU-Net
method. The incorporated architecture of the single attention U-Net is
displayed in Figure 2.12.

2.4.3. Multidimensional Attention U-Net

The third incorporated deep neural network architecture is multidi-
mensional attention U-Net. This architecture was introduced by Oktay
et al. [56], and Schlemper et al. [69] as well. Differently from a grid at-
tention U-Net and single attention U-Net, a multidimensional attention
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Figure 2.12. Diagram of the single attention U-Net architecture

U-Net employs an extended grid attention mechanism, a multidimen-
sional attention mechanism. The multidimensional attention mecha-
nism uses multiple parallel grid attention mechanisms. Multiple grid
attention mechanisms enables the extraction of complementary infor-
mation from the input signal. The outputs of the grid attention mecha-
nisms are concatenated on the channel axis and processed by a convo-
lution layer with hyperparameters:

* The number of kernels is equal to the number of channels of the
input signal.

¢ Both kernel size and stride are equal to 1.

Finally, batch normalization and ReLU activation function is per-
formed on the results. The multidimensional attention mechanism is
visualized in Figure 2.13. The number of grid attention mechanisms
used is a hyperparameter of this architecture, referred to as the number
of dimensions. In the experiment reported in the paper [69] the authors
use the number of dimensions equal to the number of positive classes.
The other hyperparameters of the DNN are taken from the nnU-Net
method. In our experiments the value of this hyperparameter is 2 as
the positive classes are the PZ and the TZ.
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Figure 2.13. Diagram of the multidimensional attention mechanism

The architecture of the multidimensional attention U-Net is analo-
gous to the grid attention U-Net. The only difference is in the type of
attention mechanism.

2.4.4. Dual-Attention Attention U-Net

The final incorporated DNN architecture is the dual-attention U-Net,
which was introduced by Saha et al. [66], which was described in Chap-
ter 1. We replaced ReLU activation function, used by Saha et al. [66],
with Leaky ReLU as it is used in the U-Net architecture of the nnU-Net
method. Squeeze-and-Excitation residual block has two hyperparame-
ters: the number of kernels (represented by n;, in Figure 1.2) and stride
size (represented by s in Figure 1.2) of the convolution layers located
within the block. Furthermore, dual-attention U-Net employs grid at-
tention mechanism. The hyperparameters of these mechanisms are
analogous to the hyperparameters of the incorporated grid attention
U-Net. Lastly, the hyperparameters of downsampling and upsampling
blocks are applied to the SE residual blocks. The resulting architecture
of the incorporated dual-attention U-Net is visualized in Figure 2.14.
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Figure 2.14. Diagram of the dual-attention U-Net

2.5. Performance Measures

In order to ensure the reliability of the proposed approaches we evalu-
ate them by calculating the performance metrics. The particular metric
used is DSC described by Klein et al. [41]. This metric is extensively
used in the experiments on prostate zone and prostate cancer segmen-
tation tasks. The examples of experiments on the prostate zones seg-
mentation task are presented by Aldoj et al. [2], Antonelli et al. [3], and
Comelli et al. [19]. Meanwhile, the examples of experiments on the PCa
segmentation task are provided by Mehralivand et al. [47], Mehta et al.
[48], and Saha et al. [66]. Furthermore, DSC is incorporated into the
loss function of the no-new U-Net method and is calculated with the
following equation:
2xTP
DS = TPy FP T FN @3)
where T'P is true positives, which is the number of voxels correctly

71



assigned to a positive class. In our experiments these classes are either
cancerous region, transitional or peripheral zones. Meanwhile, F'P is
false positives, which is the number of voxels that are not assigned cor-
rectly to a positive class. Finally, F'NV is false negatives, which is the
number of voxels incorrectly assigned a positive class.

It is important to note that in the studies presented in [2] and [19],
the evaluation of results was not limited to DSC. In [2], the mean rela-
tive absolute volume difference and mean Hausdorff distance were also
employed as evaluation metrics. In contrast, [19] utilized sensitivity,
positive predictive value, volume overlap error, and volumetric differ-
ence. Similarly, the research conducted by Joskowicz et al. [38] assessed
performance using both DSC and volumetric difference. Despite the
inclusion of these additional metrics, Aldoj et al. [2], and Comelli et al.
[19] emphasized DSC as the primary performance measure. Therefore,
in our research on the prostate zone segmentation task, we use only
DSC metric. Each prostate zone is evaluated independently from one
another.

Furthermore, metrics such as average precision and the area under
the receiver operating characteristic curve, as employed in the PI-CAI
challenge described by Saha et al. [67], are well suited for lesion-level
detection and case-level clinical decision support. These metrics have
also been used in previously published work [66]. In contrast, we focus
on voxel wise segmentation of prostate cancer lesions, where spatial
overlap and boundary accuracy are of primary interest. Therefore, Dice
Similarity Coefficient is selected as the principal evaluation metric.

Evaluating the accuracy of prostate cancer segmentation remains
a challenging task, largely due to pronounced inter-observer variabil-
ity in tumour boundary annotations, even for experienced radiologists
and pathologists. Such variability is driven by poorly defined lesion
borders, heterogeneous tumour appearance on multiparametric MRI,
and partial volume effects. Consequently, segmentation results may
differ slightly at the boundaries in ways that are clinically negligible,
yet these differences are disproportionately penalized by standard
overlap-based evaluation measures, including DSC. In response to this
limitation, this work introduces a new evaluation measure, termed DSC'-
designed to better account for clinically acceptable boundary uncer-
tainty. This metric is a modified Dice Similarity Coefficient. The pro-
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posed metric, DSC’ introduces a spatial tolerance that reduces the im-
pact of false positive and false negative predictions occurring within a
predefined margin, while retaining the conventional definition of true
positives. This approach is motivated by clinical practice, in which
small deviations along lesion boundaries are commonly attributable to
annotation uncertainty and should not be regarded as genuine segmen-
tation errors. The DSC is calculated by using the following equation:

B 2T P
~ 2TP+ FN, + FP;

In this equation, F'N; represents the number of tolerant false nega-

DSC-

(2.4)

tives, and F P, represents the number of tolerant false positives. These
tolerant metrics account for minor segmentation errors in the ground
truth. Specifically, F'N; is computed by dilating the predicted volume,
whereas F'P; is computed by dilating the ground truth volume. As
described by Vincent [79], dilation is a morphological operation that
enlarges foreground regions in a binary image by adding pixels along
object boundaries. The operation is performed by sliding a structuring
element across the image and assigning each pixel the maximum value
within the neighbourhood defined by the structuring element. Dilation
is commonly employed to fill small gaps, connect nearby structures,
and enhance the continuity of object boundaries. The dilation opera-
tion of F'N, and F P, employs an annulus-shaped kernel. The kernel
radius is adjusted so that the dilation expands the regions by a fixed dis-
tance, referred to as the tolerance. Novel evaluation metrics, which use
tolerance, were also employed in the experiments described by Piert
et al. [59], and Zheng et al. [88]. The calculation of metric, introduced
by Piert et al. [59], expands the PCa segmentation by 5 mm. Similarly,
the authors of [88] define predicted local maxima in prostate cancer
probability maps as true positives if they lie within 5 mm of any cancer
region. Moreover, 5 mm tolerance is further supported by expert con-
sensus as a clinically appropriate spatial threshold. Hence, a tolerance
of 5 mm was adopted for the calculation of DSC'.. In other words, the
radius of the kernel, used in dilation operations, is calculated so that it
represents a physical size of 5 mm, based on the pixel spacing informa-
tion provided in the image metadata. Due to extensive evidence in the
literature supporting a fixed tolerance value of 5 mm, the sensitivity of
this metric to alternative tolerance values is not explored in this the-
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sis. However, further analysis using smaller tolerance values could be

undertaken in future research. Figure 2.15 presents the Venn diagram
illustrating the calculation of FN; and F'P;.

- predicted: FPy, FP - FPy, TP

- ground truth: FNy, FN - FN,, TP

- predicted with a 5mm tolerance

- ground truth with a 5mm tolerance

- predicted and ground truth with a 5mm tolerance

Figure 2.15. Venn diagrams illustrating the calculation of F'N; and F'P-.

Several tolerant variants of Dice Similarity Coefficient have been
proposed previously. One such metric, introduced by Colonna and
Scarpa [18], modifies the calculation of true positives by incorporat-
ing a tolerance margin. In contrast, D.SC; proposed in this study pre-
serves a strict definition of true positives, maintaining sensitivity to
clinically meaningful lesion detection while reducing undue penaliza-
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tion of ambiguous boundary regions. Other related metrics include
Surface DSC [55], Weighted DSC (WDC) [60], and Added Path Length
(APL) [76]. These approaches differ fundamentally from DSC'. Firstly,
surface DSC and APL evaluate the overlap of surfaces rather than vol-
umetric regions as is done by the conventional Dice Score Coefficient
and DSC;. Meanwhile, WDC incorporates the distance between pre-
dicted and ground truth voxels when computing volumetric overlap.
Although WDC reduces the impact of minor boundary discrepancies
compared to the conventional DSC, it still penalizes them more heavily
than DSC, which explicitly accounts for clinically acceptable spatial
tolerance.

Furthermore, DSC and DSC, cannot be calculated for cases where
the ground truth does not contain any cancerous regions, as this would
result in an undefined outcome. Therefore, false positive patients are
calculated for each ensemble as well as the baseline model. The false
positive patients metric represents the percentage of patients whose
predictions include a cancerous region, while their ground truth does
not. Finally, we report performance at the lesion level. Specifically,
the distributions of lesion counts generated by each ensemble and the
baseline model, along with the distributions of undetected lesions, cor-
responding to lesion level false negatives. Furthermore, our study in-
cludes the distributions of spurious foci produced by each ensemble
and by the baseline model, representing lesion level false positives.

Lastly, we perform statistical tests to determine statistically signif-
icant difference between the compared approaches. We use Friedman
tests, introduced by Friedman [27], to assess the significance of the dif-
ference between the results of:

* Compared prostate zone segmentation workflows.

¢ Compared deep neural network architectures used in the experi-
ments on the prostate zone segmentation task.

¢ Compared ensembles used for the prostate cancer segmentation
task.

The Friedman test is a non-parametric statistical test used for re-
lated groups, so it is appropriate to assess whether the mean ranks

75



of the group population differ for small and non-normally distributed
samples.

Furthermore, the Conover post hoc test for unreplicated block de-
sign, introduced by Conover [20], are conducted whenever the statis-
tically significant difference is determined. Conover post hoc test al-
lows us to determine which groups are responsible for the observed
difference. The p-values for these tests are adjusted by employing the
Benjamini/Hochberg (non-negative) method.

Conover post hoc test is used whenever there are three or more
groups. However, it is more appropriate to use post hoc Wilcoxon
signed-rank test whenever there are precisely three groups. This test
was introduced by Wilcoxon [82]. Considering that three prostate zone
segmentation workflows are compared, a post hoc Wilcoxon signed-
rank test is applied to determine which workflow pairs exhibit sig-
nificant differences. Just as with Conover post hoc test, the p-values
of post hoc Wilcoxon signed-rank tests are adjusted by using the Ben-
jamini/Hochberg (non-negative) method.

Finally, a two-sided Wilcoxon signed-rank test is performed to eval-
uate the significant difference between collected DSC and DSC;. Just
as the Friedman test, a two-sided Wilcoxon signed test is a non-paramet-
ric statistical test. This test is used for two sample tests and it ranks
the differences between paired observations and evaluates whether the
ranks of positive and negative differences differ significantly.

2.6. Summary of the Chapter

This chapter provides a detailed overview of the proposed approaches
for prostate cancer and prostate zone segmentation tasks as well as
methods employed in these approaches. Proposed PCa segmentation
approaches consist of four unique ensembles. Each ensemble utilizes
prostate zonal information to segment prostate cancer. Furthermore,
the prostate zone segmentation is used to acquire prostate zones. Name-
ly, transitional and peripheral zones. These zones are later employed
to improve PCa segmentation solutions. The proposed approaches for
prostate zone segmentation consist of workflow and DNN architec-
ture, which is used to substitute the original U-Net used in the nnU-
Net method. The first workflow is Separate Models for the Transi-
tional Zone and Peripheral Zone Segmentation. The other workflow
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is Prostate Segmentation, Transitional Zone Segmentation, and Periph-
eral Zone Calculation. Meanwhile, DNN architectures are U-Net mod-
ifications with an attention mechanism. These architectures consist of
grid attention U-Net, single attention U-Net, multidimensional atten-
tion U-Net and dual-attention U-Net. All of the approaches employ
the nnU-Net method for training and inference of deep neural network
models.

Next, a novel metric, DSC, is defined. This metric addresses a
high inter-observer variance which arises due to the nature of manual
prostate cancer segmentation. The other collected metrics, DSC and
false positives per patient, are described in this chapter together with
DSC;.

Finally, performed statistical tests on collected metrics are described
in this chapter. These tests evaluate the presence of the statistically
significant difference between compared approaches. These statistical
tests consist of Friedman tests, two-sided Wilcoxon signed-rank tests,
Conover post hoc tests for unreplicated block design and post hoc Wil-
coxon signed-rank tests.
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3.  DATASET AND EXPERIMENT SETUP

This chapter presents the empirical experiments on the methods de-
scribed in the previous chapter, the data used in the experiments and
the data sources. Firstly, the dataset, used for the experiment on the
prostate cancer segmentation task, comes from a different source than
the dataset, used for the experiment on the prostate zone segmenta-
tion task. Moreover, the data format is not suitable for the experi-
ments. Therefore, this chapter outlines the required format for each
researched task and the preprocessing steps for the datasets from each
source. Lastly, this chapter details setups of the experiments. This in-
formation includes used validation and testing techniques employed
for each experiment, collected metrics and performed statistical tests.

Moreover, each training run is executed using a different random
seed. All training procedures and inference experiments are carried
out on an NVIDIA DGX-1 GPU server equipped with an architecture
comprising eight V100 GPUs. These experiments were presented in the
main papers by Vaitulevicius et al. [A.1], [A.2] and [B.4].

3.1. Dataset of the Prostate Cancerous Region Segmentation
Task

The dataset used for experiment on the prostate cancerous region seg-
mentation task consists of T2W, ADC and DWI modalities and ground
truth masks. The data is provided by the National Cancer Institute
(NVI). The dataset is not publicly available and it was granted under
the terms of the bioethical agreement (number 2020/5-1229-714). It
consists of all the necessary modalities of the mpMRI for the exper-
iment on the prostate cancer segmentation task. All of the modalities
are volumetric images. The dataset was acquired across 11 medical cen-
tres in Lithuania. The initial cohort comprised 146 patients; however,
26 cases were excluded due to imaging artefacts, such as the presence
of hip implants, or missing MRI sequences. This resulted in a dataset of
120 patients. The centres employed a variety of MRI scanners, each op-
erating with distinct acquisition parameters. Seven centres utilised 1.5T
scanners, whereas the remaining centres used scanners with a magnetic
field strength of 3T. In addition, the mpMRI acquisitions varied in both
echo time and repetition time across institutions. Summary statistics
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for these parameters are presented in Table 3.1, where the Modality col-
umn denotes the mpMRI sequence and the Parameter column specifies
the parameter. For each parameter, the minimum, maximum, mean,
and median values are reported. All scanners produced volumetric
datasets with an inter-slice spacing of 2.5 mm, while the in-plane voxel
dimensions ranged from 0.39 mm to 0.78 mm.

Table 3.1. Statistical summary of the echo time and repetition time pa-
rameters in the acquired T2-Weighted Imaging and Diffusion-Weighted
Imaging modalities of the NVI dataset (in ms).

Modality Parameter min  mean median max
oW Repetition time 3000 5334.74 431031 9847
Echo time 85 13281 120 162
DWI Repetition time  1294.29 4114.89 3918.35 10267
Echo time 66.19 79.57 7825  93.8

NVI also provided manually delineated prostate and cancerous re-
gion masks as well as the results and the masks of the biopsies. These
masks are volumetric images just as the modality images. Manual de-
lineation of cancerous regions was conducted by a radiologist with a
decade of professional experience. All segmentations were completed
before any modelling or evaluation took place, ensuring that the anno-
tator had no exposure to the outputs of either the ensemble methods or
the baseline model. Biopsy sampling was performed independently by
an interventional radiologist with 15 years of experience. One patient
exhibited manually annotated cancerous region that was not substan-
tiated by biopsy analysis. Owing to this inconsistency, the patient was
removed from the study cohort, yielding a final dataset of 119 cases.
The full patient selection workflow is illustrated in Figure 3.1.

In this final cohort, the ages of the patients span from 46 to 82 years,
with both the mean and median age being 64. The biopsy burden var-
ied across individuals: patients received an average of 15 biopsies, with
a median of 16, and the total number ranged between 3 and 25 per
patient. Table 3.2 summarises the distribution of biopsy outcomes by
the Gleason score. The GS column enumerates the assigned Gleason
grades, while the Category column specifies the associated diagnostic
classification. The Number of patients column reports how many pa-
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Initial cohort Included Final dataset

146 patients 120 patients 119 patients

Excluded due to malignant
biopsy and manual
delineation mismatch

Excluded due to missing

sequences or noise

26 patients 1 patient

Figure 3.1. Flow diagram illustrating the patient selection and exclu-
sion process.

tients had at least one biopsy exhibiting a given GS, and the Number
of biopsies column counts the total number of samples with that score.
The average biopsies per patient describes the mean number of biop-
sies with that GS among patients with at least one such sample.

Table 3.2. Gleason score distribution.

Number of Number of Average biopsies
Category GS patients biopsies per patient
Malignant 3+4 34 97 3
Malignant 443 16 31 2
Malignant 4+4 5 11 2
Undetermined 3+3 72 293 4
Benign 0+0 112 1316 12

Moreover, the dataset is extended with prostate zonal masks, and
all imaging sequences and segmentations are provided as volumet-
ric datasets. Furthermore, the ground truth is calculated from masks
provided by NVI, namely, the prostate, cancerous region and biopsy
results masks. Firstly, connected components within manually delin-
eated cancerous regions are calculated. Each component represents an
individual manually delineated lesion within the segmentation mask.
The ground truth is defined as the subset of manually delineated le-
sions that are corroborated by malignant biopsy findings. Prostatic
biopsies are acquired by employing a standard grid, which contains
evenly spaced holes as described by Bhat et al. [10], and Sahni et al.
[68]. The distance between holes is 5 mm, which introduces a biopsy
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localization error of 5 mm radius. Therefore, if the manually delineated
lesion is not within 5 mm distance from malignant biopsy mask or the
malignant biopsy does not intersect with the lesion, then manually de-
lineated lesion is excluded from the mask. In other words, the manually
delineated lesion C' is removed if:

-3z € (dilate(biopsiesmatignant) N C) (3.1)
where:

* 1z is a pixel of the dilate(biopsiesmaiignant) A C result with a binary
value.

* dilate is a dilation operation that uses a ball-shaped kernel. The
radius of this kernel is calculated so that it represents a physical
size of 5 mm, based on the pixel spacing information provided in
the image metadata.

* biopsieSmalignant 1S @ biopsy result mask that includes only the
biopsies labelled as malignant.

The resulting distribution of lesion counts and lesion size statistics
across prostate zones within the final dataset is reported in Table 3.3.
In this table Zone column corresponds to the prostate zone. Each col-
umn within the Number of lesions group contains the number of pa-
tients exhibiting the corresponding number of lesions within the speci-
fied prostate zone. Meanwhile, the lesion size statistics group contains
the lesion size statistics within the given prostate zone. These statistics
consist of minimum, maximum, mean and median lesion sizes.

Table 3.3. Distribution of lesion counts and lesion volume statistics

across prostate zones, with volumes reported in mm3.

Number of lesions Lesion size statistics
Zone . .

1 2 min mean median max
prostate 36 6 71.38 1557.71 905.53 7694.17
TZ 32 2 0.67 1037.24  440.89 7283.42
PZ 35 6 12.98 670.9 4125 3356.48

As mentioned before, our research inspects the use of prostate zone
information in prostate cancer segmentation task. The prostate zones
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are acquired by employing a SM4TZPZS workflow, which is described
in Chapter 2. However, further inspection indicated faults within the
resulting zones. These faults include gaps between prostate zones and
overlaps. These inaccuracies stem from inherent constraints of deep
neural network models, including prediction ambiguity near zonal in-
terfaces and susceptibility to partial volume artefacts. Consequently,
such errors have the potential to adversely influence the performance
of both the ensembles and the baseline model. Moreover, the acquired
prostate zones very often contain areas that do not intersect with NVI
provided prostate masks. Therefore, the prostate zones are further pro-
cessed. Firstly, the PZ is adjusted by employing the following function:

frz(PZ,TZ) = dilate(PZ) A closing(PZN TZ)N-TZ (3.2)
where:
* dilate is a dilation operation with a ball kernel of a 5-pixel radius.

* closing is a binary morphological closing operation, which is de-
fined as closing(z) = erosion(dilation(x)). Just as dilation, erosion
operation was introduced by Vincent [79]. This operation is per-
formed with a ball shaped kernel of a 10-pixel radius.

The dilate(PZ) N closing(PZ VT Z) part reduces the gaps between
zones, while conjunction with a negated TZ removes the overlaps. Af-
terwards, the adjusted PZ is used for processing the TZ. The adjustment
is the following function:

frz(PZ,TZ) = dilate(TZ) Aclosing(PZNTZ)N—fpz(PZ,TZ) (3.3)

Once again, the dilate(T'Z) Aclosing(PZ VT Z) part further reduces
the gaps between zones, while conjunction with a negated processed
PZ ensures that new overlaps would not appear. The kernel dimen-
sions used for the dilation and morphological closing operations are
determined empirically, with the aim of bridging minor discontinuities
while maintaining the anatomical integrity and overall geometric char-
acteristics of the prostate zones.

Lastly, prostate zone areas that do not intersect with prostate mask
provided by NVI are removed. This last step is only performed on
training set.
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The resulting dataset statistics is provided in Table 3.4, with the
following columns:

e Zone indicates the zone of the prostate (TZ, PZ or the whole prostate).

* has cancerous region - does the patient have a cancerous region
or not.

e number of cases - number of patients, who either have or does
not have a lesion in the ground truth (indicated by the column
has cancerous region) within a Zone.

Table 3.4. Processed dataset size statistics.

Zone has cancerous region number of cases percentage
Prostate Yes 42 ~ 35.29%
No 77 ~ 64.71%
7 Yes 34 ~ 28.57%
No 85 ~ 71.43%
p7 Yes 41 ~ 34.45%
No 78 ~ 65.55%
Total 119

3.2. Experiment Setup of the Prostate Cancer Segmentation
Task

The cases with a cancerous region in the ground truth are under-repre-
sented as indicted by Table 3.4. Moreover, due to the limited size of
the available dataset, a conventional split into separate training and
test sets is not employed, as this would result in an insufficient number
of samples for robust model training and evaluation. Instead, the pro-
posed ensembles are assessed using stratified five-fold cross-validation,
which enables a more reliable estimation of model performance by iter-
atively training and validating on different data partitions. Therefore,
a dedicated evaluation on an independent held-out test set should be
undertaken for future research. Moreover, the use of five-fold cross-
validation mitigates the influence of random seed initialization on the
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training outcomes. The stratification is performed by evenly distribut-
ing patients with cancerous regions in the ground truth across the folds.
Accordingly, all deep neural network models are trained five times,
with each training run corresponding to a distinct fold. As a conse-
quence, both the ensembles and the baseline model are likewise eval-
uated five times, each using a separate test fold. Four of the five folds
contain 24 patients, resulting in training sets of 95 cases for those folds
and test sets comprising 24 cases. The remaining fold includes 23 pa-
tients; therefore, in this instance each model contributing to the ensem-
bles is trained on 96 cases, and the resulting ensembles are evaluated
on a test set of 23 cases. The results of all five folds are merged into a
single test result set.

A total of four ensembles are compared. These ensembles are de-
scribed in Chapter 2 together with the baseline model, prostate(All, Zones).
The scheme of this experiment is visualized in Figure 3.2.

All deep neural network models are trained with the no-new U-
Net method using a batch size of 4 for 1,000 epochs. The test results
consist of prostate cancer segmented for each patient by employing
compared approaches separately. Thus, each patient has 5 segmenta-
tions as we compare 4 ensembles together with one baseline model.
Each segmentation of each patient is evaluated by calculating DSC and
anovel metric, DSC. Lastly, the metrics are aggregated by calculating
mean, standard deviation (std), median and Median Absolute Devia-
tion (MAD) for each ensemble together with the baseline model. How-
ever, these metrics cannot be calculated for cases where the ground
truth does not contain any cancerous regions, as this would result in
an undefined outcome. Therefore, false positive patients are calculated
for each ensemble as well as the baseline model. A total of 42 cases have
cancerous region in their ground truth. Hence, DSC and DSC; are cal-
culated for these 42 patients only. Meanwhile, false positive patients
are calculated for the remaining 77 patients.

Additionally, we report performance at the lesion level: the distri-
butions of lesion counts generated by each ensemble and the baseline
model, the distributions of undetected lesions, and the distributions of
spurious foci produced by each ensemble and by the baseline model.

Moreover, Friedman tests are performed in order to determine the
presence of statistically significant difference between the results of the
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Figure 3.2. Experiment schema for the prostate cancer segmentation
task.

ensembles and the baseline model. Friedman tests are performed twice
- once with the collected sample of DSC and with the collected sample
of DSC. The chosen confidence level is 95% (significance level is 0.05).
If statistically significant difference is determined, then Conover post
hoc test for unreplicated block design are performed.

Lastly, we perform Wilcoxon signed-rank tests to determine whether
the observed difference between DSC and DSC'- are statistically signif-
icant. We use a standard confidence level of 95% (significance level
0.05). These tests are performed for each compared ensemble as well as
the baseline model independently from one another. The sample size
is 42 as DSC and DSC; are only calculated for the cases that possess
cancerous regions in their ground truth.
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3.3. Dataset of Prostate Zone Segmentation

The dataset used for experiment on the prostate zone segmentation task
consists of T2ZW modality images and prostate zone masks. T2W im-
ages are volumetric and the example of a single slice is visualized in
Figure 3.3 (a) with contours marking the prostate zones. Meanwhile,
prostate zone masks are used as ground truth in the experiment on
the prostate zone segmentation task. These masks consists of volumet-
ric categorical images with two categories: peripheral and transitional
zones. The example of prostate zone mask is provided in Figure 3.3 (b).

(a) (b)

Figure 3.3. (a) A single slice example of T2ZW modality. The yellow con-
tour marks the transitional zone while the green one is the peripheral
zone. (b) A volumetric mask of transitional (yellow) and peripheral
(green) zones.

The dataset used in the prostate zone segmentation task comes
from two different data sources. Each source requires different pre-
processing steps. This section describes data of each source and the
preprocessing steps taken to prepare the data for the experiments.

The first source is the dataset from the Decathlon challenge, which
is described by Antonelli et al. [3]. This dataset is publicly available and
it was provided by Radboud University Nijmegen Medical Center. It
consists of 32 cases with prostate zone labels and T2W modality volu-
metric images. However, a single patient is excluded from the cohort as
he does not contain the PZ. Thus, the resulting cohort of the Decathlon
challenge dataset contains 31 cases. The magnetic field strength, repe-
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tition time and echo time used for the acquisition of this dataset are not
publicly available. Meanwhile, the volumetric images have inter-slice
spacing ranging from 3 mm to 4 mm, while the in-plane voxel dimen-
sions range from 0.6 mm to 0.75 mm. The majority of the cases (23)
have an inter-slice spacing of 3.6 mm and an in-plane voxel dimension
of 0.625 mm. No publicly accessible information is available concern-
ing either the methodology employed for prostate zone annotation or
the demographic details, including patient age. The images are upside
down on the second axis. Therefore, direct discrete Fourier transfor-
mation is performed on the images and masks in order to flip them.
Lastly, the prostate mask is acquired by calculating a union of TZ and
PZ regions.

The other dataset is taken from the ProstateX challenge, which is
described by Meyer et al. [49]. This dataset is publicly available as
well. It consists of 98 cases with volumetric T2ZW modality images and
ground truth masks. All 98 patients are included in the experiment of
our study. The youngest patient in the cohort is 47 years old, while
the oldest is 76 years old. The mean and median age of the patients
is 64. All of the mpMRI images are acquired with the magnetic field
strength of 3T. Moreover, the summary statistics of employed echo time
and repetition time parameters in T2W image acquisition is provided
in Table 3.5. Furthermore, images with the dataset exhibit an inter-
slice spacing varying between 3 mm and 5 mm, whereas the in-plane
voxel resolution ranges from 0.3 mm to 0.6 mm. Most cases (76) are
characterized by an inter-slice spacing of 3 mm and an in-plane voxel
size of 0.5 mm. The masks consist of the following categories: tran-
sitional, peripheral zones, distal prostatic urethra and fibromuscular
stroma. The ground truth masks are labelled by a medical student ex-
perienced in prostate segmentation. Moreover, an experienced urolo-
gist provided segmentation instructions to the aforementioned student
and conducted a review of the segmentation results.

The masks are processed in order to reduce the categories to TZ
and PZ regions as our experiment only uses those prostate zones. A
new TZ mask is calculated by using this equation:
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Table 3.5. Statistical summary of the echo time and repetition time pa-
rameters in the acquired T2W modalities of the ProstateX dataset in ms.

Parameter min mean median max
Repetition time 4480 5974 5910 7435
Echo time 101 104 104 104

T Zprocessed = TZ NV stroma V (dilate(T Z) N urethrarz pz)V

(urethrarz N —urethraryz pz) (3.4)
where:

® TZprocessed 18 the acquired TZ mask.

* TZ is an unprocessed transitional zone.

* stroma is the fibromuscular stroma.

* dilate is a dilation operation with a ball kernel of 4-pixel radius.
* urethra is the prostatic urethra.

* urethraryz pz is the prostatic urethra with slices that do not con-
tain either transitional and peripheral zones set to 0.

* urethrary is the prostatic urethra with slices that do not contain
TZ region set to 0.

The dilate(TZ) N urethrarz pz assigns part of the urethra to TZ
if the slice contains both TZ and PZ regions. Meanwhile, a new PZ,
PZprocessed, mask is calculated by employing a newly acquired TZ mask,
T Zprocessed, and this equation:

PZprocessed = PZ N (urethra A =T Zyrocessed) (3.5)

Lastly, the prostate mask, prostate, is calculated with this equation:

prostate =TZ N PZ V stroma V urethra (3.6)
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3.4. Experiment Setup of the Prostate Zone Segmentation Task

The preprocessed datasets are used to train and evaluate compared
deep neural network architectures and workflows on prostate zone seg-
mentation task. The dataset provided by NVI does not contain prostate
zone masks. Therefore, training and evaluation of prostate zone seg-
mentation approaches are conducted on publicly available datasets.
Firstly, 88 patients from the processed ProstateX dataset are randomly
selected for training models. The remaining 10 cases are left for testing.
Meanwhile, all 31 cases of the Decathlon dataset are used for test set.

In total 15 approaches are compared. Each approach consists of a
DNN and a workflow pair. Compared DNNs are U-Net (baseline), grid
attention U-Net, single attention U-Net, multidimensional attention U-
Net and dual-attention U-Net. Each of the incorporated DNN is de-
scribed in Chapter 2. Meanwhile, compared workflows are Single Pe-
ripheral Zone and Transitional Zone Segmentation Model (SPZTZSM),
SMATZPZS and PSTZSPZC. Each proposed workflow is described in
the chapter 2. Furthermore, the baseline workflow, SPZTZSM is just
a single model trained with the nnU-Net method. The input of this
model is a T2W modality just as of the proposed workflows and the
output is prostate zone segmentation binary maps. The approaches
are evaluated on the ProstateX and Decathlon source test sets sepa-
rately. The results, acquired on the ProstateX source test set, are used
to indicate the overall accuracies of the compared approaches. Mean-
while, the results calculated from the Decathlon source dataset also in-
dicate the generalizability between different datasets of the compared
approaches. This experiment scheme is visualized in Figure 3.4.

All deep neural network models are trained with the no-new U-
Net method using a batch size of 2 for 1,000 epochs. The sufficiently
long training procedure reduce the sensitivity of the model to random
seed initialization, thereby mitigating its influence on the training out-
comes. The test results consist of prostate zone segmentations pre-
dicted for each patient individually using all compared approaches.
Consequently, the number of segmentations per patient corresponds
to the total number of evaluated methods (15), with each method pro-
viding a separate segmentation for the same patient. DSC is calculated
for each segmentation within each test result on prostate zone basis.
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Figure 3.4. Experimental schema for the prostate zone segmentation
task.

Therefore, two metrics are calculated for each segmentation, one for the
transitional zone and the other for the peripheral zone. These metrics
are further examined separately.

Friedman tests are performed on acquired metrics. We use these
tests to indicate a presence of statistically significant difference between
the compared approaches. Friedman tests are performed for each com-
pared DNN architecture separately. The results of these tests deter-
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mine the presence of statistically significant difference between com-
pared workflows. In addition, Friedman tests are also performed for
each compared workflow separately as well. The latter results deter-
mine the presence of statistically significant difference between com-
pared DNN architectures. The confidence level chosen for these tests
is 95% (significance level is 0.05). Furthermore, the Conover post hoc
test for unreplicated block design are conducted whenever the statis-
tically significant difference between the compared DNN architectures
is determined. This allows us to determine which deep neural network
architecture are responsible for the observed difference. Meanwhile,
post hoc Wilcoxon signed-rank tests are conducted whenever the sta-
tistically significant difference between compared workflows is deter-
mined. This allows determining which workflows are responsible for
the observed difference.

Lastly, the metrics are aggregated for each DNN architecture and
workflow pair. The aggregation is performed by calculating mean, std,
median and MAD.

3.5. Summary of the Chapter

This chapter outlines the dataset preparation for the empirical experi-
ments and the overall schema of those experiments. The experiments
are designed to compare proposed approaches together with baseline
approaches. Comparison is performed by training models necessary
for these approaches and evaluating the approaches themselves.

Different approaches are compared for PCa and prostate zone seg-
mention tasks. Furthermore, different datasets are collected for train-
ing and evaluation of approaches of each task. PCa segmentation task
dataset source is NVI. Meanwhile prostate zone segmentation task data-
set sources are ProstateX and Decathlon challenge datasets. Each source
has its own preprocessing workflows provided in this chapter.

The result of preprocessing are three datasets: ProstateX dataset,
Decathlon dataset and prostate cancer segmentation task dataset. Strat-
ified five-fold cross validation is performed on prostate cancer seg-
mentation task dataset. Meanwhile, the prostate zone segmentation
task training set consists of randomly selected 88 patients from the
ProstateX dataset. Furthermore, the prostate zone segmentation task
approaches are evaluated on two test sets separately:
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* ProstateX test set which consist of remaining 10 cases of the Prosta-
teX dataset.

e Decathlon test set which consists of all 31 cases of the Decathlon
dataset.

The PCa segmentation task approaches are evaluated on the PCa
segmentation task validation set of each fold by calculating DSC and a
novel metric, DSC,. Meanwhile, the approaches for the prostate zone
segmentation task are evaluated on both prostate zone segmentation
task test sets by calculating DSC.

The metrics are calculated on a single patient basis. Thus, the com-
parison of the approaches is performed by aggregating the collected
metrics and performing statistical tests. The aggregation is performed
by calculating mean, std, median and MAD for both tasks.

The results of the prostate cancer segmentation task approaches are
compared on an ensemble and metric basis. Moreover, the Friedman
test is performed to evaluate the statistical significance of difference
between compared ensembles as well as the baseline model.

The results of prostate zone segmentation task approaches are com-
pared on each prostate zone separately. Therefore, the aggregation of
prostate zone segmentation task results are performed on the test set,
prostate zone, deep neural network architecture and workflow basis.
Moreover, the presence of statistically significant difference between
the compared prostate zone segmentation task approaches are eval-
uated by conducting Friedman statistical tests. Firstly, the Friedman
test is performed to evaluate the statistical significance of difference be-
tween the compared DNN architectures. Secondly, the Friedman test is
performed to evaluate the statistical significance of difference between
the compared workflows.

Lastly, for any result where the Friedman test indicates a statis-
tically significant difference, the Conover post hoc test is performed.
Except for the results on which Friedman tests indicated statistically
significant difference between the compared workflows. On these re-
sults, post hoc Wilcoxon signed-rank tests are performed.
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4. RESULTS

This chapter presents the results of the empirical experiments on prostate
zone segmentation and prostate cancer segmentation tasks. Namely, it
provides the aggregated collected metrics on all of the proposed ap-
proaches and baselines. Moreover, it contains the statistical experi-
ments that evaluate the significance of the difference between the com-
pared approaches.

Firstly, the results on the prostate zone segmentation task are pro-
vided. The test set on which these results are acquired is divided into
two test sets — ProstateX and the Decathlon test sets. The results ob-
tained on those test sets are reported separately. The results, acquired
on the ProstateX source test set, are used to indicate the overall accu-
racies of the compared approaches. Meanwhile, the results calculated
from the Decathlon source data set also indicate the generalizability be-
tween different datasets of the compared approaches. Furthermore, the
results on both prostate zones, peripheral and transitional, are reported
separately.

The results of the experiments on the prostate zone segmentation
task include Friedman test results. These tests are performed twice —
once to evaluate the significance of the difference between the results
of the compared workflows, second time — the significance of the dif-
ference between the results of the deep neural network architectures,
which are used to replace the conventional U-Net architecture in the
no-new U-Net method. Lastly, the aggregated collected metrics of the
experiment on the prostate zone segmentation task are provided.

Secondly the results on the PCa segmentation task are provided.
There is only one test set on which these results are acquired. Once
again, this chapter contains the results of Friedman tests performed on
the collected metrics. These tests are performed twice — once on the
DSC, second time on the DSC’.. Furthermore, the aggregated collected
metrics of the experiment on the PCa segmentation task are provided.
Lastly, Wilcoxon signed-rank tests are performed to determine whether
the observed difference between DSC and DSC' are statistically signif-
icant. These tests are performed for each compared ensemble as well
as the baseline model independently from one another. These results
were presented in the main papers by Vaitulevicius et al. [A.1], [A.2]
[B.4].
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4.1. Results of Experiment on the Prostate Zone Segmentation
Task

This section provides the results of the experiments on the prostate
zone segmentation task. Firstly, the results on the ProstateX test set is
reported. Afterwards, the results on the Decathlon test set is presented.

4.1.1. Results on the ProstateX Test Set

The compared approaches for the prostate zone segmentation task con-
sists of two components: workflow and deep neural network architec-
ture, which is used as a substitute of the conventional U-Net architec-
ture in the no-new U-Net method. Therefore, two sets of Friedman tests
are performed. The first set of of tests is performed for each compared
workflow separately. These tests determine the significance of differ-
ence between the results of compared DNN architectures. The degrees
of freedom of each test is four as there are five compared DNN archi-
tectures. Table 4.1 contains the results of Friedman tests performed for
each compared workflow separately where column:

Table 4.1. Friedman test results. These tests determine the presence of
significant difference between compared deep neural network architec-
tures. The test results are calculated on the ProstateX test set.

Zone Workflow W Q p-value
SMA4TZPZS 0.080 3.20 0.524931
TZ PSTZSPZC 0.120 4.80 0.308441
SPZTZSM  0.066 2.64 0.619754
SM4TZPZS 0.080 3.20 0.205203
PZ PSTZSPZC 0.120 4.80 0.564541
SPZTZSM  0.066 2.64 0.864760

* Zone indicates on which zone was the test performed. It can ei-
ther be transitional or peripheral zones.

* Workflow represents on which workflow was the test performed.
It can either be SM4TZPZS, PSTZSPZC or SPZTZSM.

e W contains Kendall’s coefficient of concordance corrected for ties.
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* Q represents the Friedman chi-square statistic corrected for ties.

¢ p-value indicates the p-value obtained by performing a test.

Since none of the statistical tests produced a p-value below the se-
lected significance level, the null hypothesis cannot be rejected. Conse-
quently, no statistically significant differences were found between the
deep neural network architectures being compared.

The second set of Friedman tests are performed for each compared
DNN architecture independently from one another. These tests deter-
mine the significance of difference between the results of compared
workflows. The degrees of freedom of each test is two as there are
three compared DNN architectures. Table 4.2 contains the results of
Friedman tests performed for each compared DNN architecture sepa-
rately. The columns of this table are analogous to the columns of Ta-
ble 4.1. The only difference is that instead of column workflow it con-
tains column DNN architecture, which represents the DNN architec-
ture which is used to substitute the original U-Net architecture in the
nnU-Net method. The possible values of this column are the grid atten-
tion U-Net, single attention U-Net, multidimensional attention U-Net,
dual-attention U-Net and U-Net.

Table 4.2. Friedman test results. These tests determine the presence of
significant difference between compared workflows. The test results
are calculated on the ProstateX test set.

Zone DNN architecture \ Q p-value
Grid Attention U-Net 0.010 0.20 0.904837
Attention U-Net 0.130 2.60 0.272532
Multidimensional Attention U-Net 0.090 1.80 0.406570

TZ Dual-Attention U-Net 0.010 0.20 0.904837
U-Net 0.130 2.60 0.272532
Grid Attention U-Net 0.250 5.00 0.082085
Attention U-Net 0.090 1.80 0.406570
Multidimensional 0120 240 0.301194

Pz Attention U-Net
Dual-Attention U-Net 0.030 0.60 0.740818
U-Net 0.010 0.20 0.904837
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Once again as none of those tests produced a p-value lower than
the significance level, the null hypothesis is not rejected. Hence, no
statistically significant difference is observed between compared work-
flows. However, the p-value obtained from the statistical test con-
ducted on PZ segmentation results using the grid attention U-Net is an
outlier, as it is substantially smaller than the remaining p-values. The
post hoc Wilcoxon signed-rank test on these results yield a p-value of
0.0644531 for the SPZTZSM and SM4TZPZS pair, a p-value of 0.1601562
for the SPZTZSM and PSTZSPZC pair, and a p-value of 0.625 for the
SM4TZPZS and PSTZSPZC pair. As expected, none of the comparisons
indicate a statistically significant difference. However, the results sug-
gest that the largest discrepancy is observed between SPZTZSM and
PSTZSPZC.

Finally, aggregated test results on the ProstateX test set are dis-
played in Table 4.3 and Table 4.4. Table 4.3 contains the results obtained
on the transitional zone, while Table 4.4 - on the peripheral zone. The
columns of these tables are defined as follows:

* DNN architecture presents the deep neural network architecture
which was used to substitute the original U-Net in the nnU-Net
method.

* Workflow indicates the compared workflow.
* Mean +/- std contains the average DSC and std.

e Median +/- MAD contains the median DSC and median absolute
deviation.

Just as statistical tests indicated no significant difference between
compared approaches can be observed.

Figure 4.1 provides representative single slice examples of the pros-
tate zone segmentation results. These segmentations were obtained us-
ing the nnU-Net method with a U-Net architecture and SM4TZPZS on
the ProstateX test set. The left column shows PZ segmentation results
(see Fig. 4.1a, Fig. 4.1c and Fig. 4.1e), and the right column shows
TZ segmentation results (see Fig. 4.1b, Fig. 4.1d and Fig. 4.1f). Each
row corresponds to the same slice from the same patient. The first case
(see Fig. 4.1a and Fig. 4.1b) illustrates one of the most accurately seg-
mented examples from the ProstateX test set, whereas the second (see
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Table 4.3. Mean, standard deviation, median and MAD of transitional

zone segmentation results calculated on the ProstateX test set.

DNN architecture workflow Mean +/-std Median +/- MAD

) . SM4TZPZS 0.9170+/-0.0379 0.9232+/-0.0435
Grid Attention

U-Net PSTZSPZC 0.9180+/-0.0323 0.9244+/-0.0320

SPZTZSM  0.9175+/-0.0335 0.9201+/-0.0218

. SM4TZPZS 0.9189+/-0.0372 0.928+/-0.04140

Attention

U-Net PSTZSPZC 0.9177+/-0.0315 0.9217+/-0.0239

¢ SPZTZSM  0.9143+/-0.0394 0.9225+/-0.0410

Multidimensional SM4TZPZS 0.9175+/-0.0391 0.9277+/-0.0590

Attention U-Net PSTZSPZC 0.9184+/-0.0323 0.923+/-0.03010

SPZTZSM  0.9171+/-0.0356 0.9258+/-0.0394

) SM4TZPZS 0.9189+/-0.0335 0.9255+/-0.0438
Dual-Attention

U-Net PSTZSPZC 0.9192+/-0.0308 0.9237+/-0.0270

SPZTZSM  0.9186+/-0.0327 0.9248+/-0.0459

SM4TZPZS 0.9181+/-0.0371 0.9256+/-0.0347

U-Net PSTZSPZC 0.9192+/-0.0319 0.9248+/-0.0294

SPZTZSM  0.9179+/-0.0361 0.9269+/-0.0364

Fig. 4.1c and Fig. 4.1d) and third (see Fig. 4.1e and Fig. 4.1f) cases
illustrate typical segmentation errors produced by the workflow. Due
to the large number of approaches considered in this study (15 in total)
as well as a relatively large dataset (129 patients in total), conducting
a detailed qualitative analysis of each approach is beyond the scope of
this thesis. Furthermore, such an analysis would require expert evalu-
ation of the segmentation results by medical professionals, making it a
resource-intensive undertaking. Nevertheless, such an analysis repre-
sents a valuable avenue for future research.

4.1.2. Results on the Decathlon Test Set

The results on the Decathlon test set are reported in the same structure.
The first set of Friedman tests is performed separately for each work-
flow being compared. Table 4.5 presents the results of the Friedman
tests for each compared workflow independently from one another.
Comparative analyses of the DNN architectures performed using
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Table 4.4. Mean, standard deviation, median and MAD of peripheral

zone segmentation results calculated on the ProstateX test set.

DNN architecture

workflow

Mean +/- std

Median +/- MAD

Grid Attention
U-Net

SMA4TZPZS
PSTZSPZC
SPZTZSM

0.8199+/-0.0561
0.8173+/-0.0595
0.8248+/-0.0529

0.8188+/-0.0187
0.8143+/-0.0218
0.8181+/-0.0217

Attention
U-Net

SMATZPZS
PSTZSPZC
SPZTZSM

0.8194+/-0.0602
0.819+/-0.05500
0.8245+/-0.0518

0.8225+/-0.0215
0.8149+/-0.0340
0.8147+/-0.0251

Multidimensional
Attention U-Net

SMA4TZPZS
PSTZSPZC
SPZTZSM

0.8161+/-0.0587
0.8202+/-0.0592
0.8218+/-0.0539

0.8188+/-0.0053
0.8169+/-0.0200
0.815+/-0.01790

Dual-Attention
U-Net

SMATZPZS
PSTZSPZC
SPZTZSM

0.8156+/-0.0582
0.8185+/-0.0618
0.8191+/-0.0573

0.8177+/-0.0142
0.8215+/-0.0232
0.8155+/-0.0104

U-Net

SM4TZPZS
PSTZSPZC
SPZTZSM

0.8207+/-0.0601
0.821+/-0.05760
0.8272+/-0.0500

0.8217+/-0.0262
0.8238+/-0.0119
0.8134+/-0.0264

Table 4.5. Friedman test results. These tests determine the presence

of significant difference between the compared deep neural network

architectures. The test results are calculated on the Decathlon test set.

Zone Workflow W Q p-value
SMA4TZPZS 0.08 9.95 0.041336
TZ PSTZSPzZC 0.059 731 0.120543
SPZTZSM 0.14 1736 0.001645
SM4TZPZS 0.076  9.47 0.050347
Pz PSTZSPZC 0.083 10.25 0.036494
SPZTZSM  0.195 24.15 0.000074

PSTZSPZC workflow for the TZ segmentation task and SM4TZPZS
workflow for the PZ segmentation demonstrated no statistically sig-

nificant differences, as the Friedman tests yielded p-values exceeding

the significance level. However, statistically significant differences be-

tween the compared DNN architectures are observed when analysing
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(c) Peripheral zone segmentation. (d) Transitional zone segmentation.

(e) Peripheral zone segmentation. (f) Transitional zone segmentation.

Figure 4.1. Single slice examples of prostate zone segmentations on
the ProstateX test set. The segmentations are performed with Separate
Models for the Transitional Zone and Peripheral Zone Segmentation.
The deep neural network architecture used for these segmentations is
U-Net.

TZ segmentation performance obtained using SM4TZPZS and SPZTZSM
workflows, as well as PZ segmentation performance derived from
PSTZSPZC and SPZTZSM workflows, with Friedman tests yielding p-
values below the significance level. Thus, the Conover post hoc test
for unreplicated block design is performed in this thesis on the De-
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cathlon test set TZ segmentation results obtained using SM4TZPZS and
SPZTZSM workflows. Moreover, this test is also performed in this the-
sis on the Decathlon test set PZ segmentation results obtained using
PSTZSPZC and SPZTZSM workflows. The outcomes of both tests are
reported in Table 4.6 and Table 4.7.

Table 4.6. Conover post hoc test for unreplicated block design results.
These tests indicate which deep neural network architectures are re-
sponsible for the observed statistical difference in the transitional zone
segmentaion results. The segmentations are performed on the De-
cathlon test set.

Comparison SPZTZSM SMATZPZS
UNet , 0.6657436  0.1623296
- Multidimensional Attention U-Net

U-Net - Grid Attention U-Net 0.2845869 0.8020478
U-Net - Dual-Attention U-Net 0.1707531 0.7512701
U-Net - Attention U-Net 0.0351308 0.1046590

Multidimensional Attention U-Net
- Grid Attention U-Net
Multidimensional Attention U-Net
- Dual-Attention U-Net
Multidimensional Attention U-Net
- Attention U-Net

Grid Attention U-Net

- Dual-Attention U-Net

Grid Attention U-Net

- Attention U-Net

Dual-Attention U-Net

- Attention U-Net

0.4857866 0.2238420

0.0795479 0.1046590

0.0795479 0.7512701

0.0251200 0.7201986

0.2405340 0.1410870

0.0004348 0.1046590

The post hoc analysis of the TZ segmentation results obtained us-
ing SM4TZPZS does not reveal any statistically significant differences
between the compared DNN architectures, as the Friedman test pro-
duced p-values exceeding the adopted significance level. This result is
not unexpected, given that the corresponding Friedman test yielded a
p-value close to the significance threshold. Furthermore, the post hoc
analysis of the TZ segmentation results obtained using SPZTZSM in-
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dicates statistically significant differences between the following pairs
of these DNN architectures: U-Net and attention U-Net, grid attention
U-Net and dual-attention U-Net, as well as attention U-Net and dual-
attention U-Net. Although the results of these tests do not indicate that
any of the DNN architectures clearly stand out or form distinct clus-
ters, the results corresponding to the identified architecture pairs are
subjected to further analysis.

Table 4.7. Conover post hoc test for unreplicated block design results.
These tests indicate which deep neural network architectures are re-
sponsible for the observed statistical difference in the peripheral zone
segmentaion results. The segmentations are performed on the De-
cathlon test set.

Comparison SPZTZSM PSTZSPZC
U-Net. . . . 0.0182317  0.0216176
- Multidimensional Attention U-Net

U-Net - Grid Attention U-Net 0.4225707  0.1130058
U-Net - Dual-Attention U-Net 0.0000557 0.2392860
U-Net - Attention U-Net 0.4225707  0.1377493

Multidimensional Attention U-Net
- Grid Attention U-Net
Multidimensional Attention U-Net
- Dual-Attention U-Net
Multidimensional Attention U-Net
- Attention U-Net

Grid Attention U-Net

- Dual-Attention U-Net

Grid Attention U-Net

- Attention U-Net

Dual-Attention U-Net

- Attention U-Net

0.0955599  0.5740625

0.0901108  0.2392860

0.0955599  0.4761054

0.0005821  0.5740625

1.0000000  0.8049505

0.0005821  0.6905740

The post hoc analysis of the PZ segmentation results obtained us-
ing PSTZSPZC revealed a statistically significant difference only be-
tween U-Net and multidimensional attention U-Net. Moreover, the
post hoc analysis of the PZ segmentation results obtained using SPZTZSM
indicates statistically significant differences between the following pairs
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of DNN architectures: U-Net and multidimensional attention U-Net;
U-Net and dual-attention U-Net; grid attention U-Net and dual-atten-
tion U-Net; as well as attention U-Net and dual-attention U-Net. The
results of these tests indicate that the performance of dual-attention U-
Net on the PZ segmentation task differs significantly from that of the
other DNN architectures when using SPZTZSM. However, the results
of the post hoc analysis do not indicate that any of the remaining DNN
architectures clearly stand out or form distinct clusters. Nevertheless,
the results corresponding to the identified architecture pairs are also
subjected to further analysis.

The second set of Friedman tests was conducted for each compared
DNN architecture independently. Table 4.8 presents the results of the
Friedman tests performed for each DNN architecture. None of the p-
values are lower than significance level when segmenting the TZ, ex-
cept when testing with the results obtained with DNN architecture, at-
tention U-Net. Considering, that no statistically significant difference
is observed between compared DNN architectures, a single positive re-
sult among five tests can be ignored. Thus, the results of these tests
indicate no statistically significant difference between compared work-
flows when segmenting the transitional zone. However, there are a lot
of p-values lower than selected significance level when segmenting the
peripheral zone. Hence, there is a statistically significant difference be-
tween compared workflows when segmenting the PZ.

Thus, we perform post hoc Wilcoxon signed-rank tests on the De-
cathlon test set PZ segmentation results. These tests determine which
workflows cause the aforementioned significance. Table 4.9 displays
the results of post hoc Wilcoxon signed-rank tests where column:

* DNN architecture describes the deep neural network architecture
used to replace the original U-Net in the nnU-Net method.

¢ Comparison indicates which workflows are being compared in
the test.

¢ p-value indicates the p-value obtained by performing the post
hoc Wilcoxon signed-rank tests.

The results of these tests indicate that there is a statistically signifi-
cant difference between PSTZSPZC and the other workflows as all cor-
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Table 4.8. Friedman test results. These tests determine the presence
of significant difference between the compared workflows. The test
results are calculated on the Decathlon test set.

Zone DNN architecture \ Q p-value
Grid Attention U-Net  0.087 540 0.0672055
Attention U-Net 0.137  8.47 0.0145040

TZ Multidimensional
Attention U-Net
Dual-Attention U-Net 0.003 0.20 0.9048374

0.046  2.87 0.2385126

U-Net 0.042 260 0.2725318
Grid Attention U-Net 0.257 1594 0.0003465
Attention U-Net 0426 26.39 0.0000019

Pz Multidimensional
Attention U-Net
Dual-Attention U-Net 0.316 19.61 0.0000551
U-Net 0.326 20.19 0.0000412

0.482 29.87 0.0000003

responding p-values are below the significance level. Thus, the null hy-
pothesis is rejected. Meanwhile, the post hoc Wilcoxon signed-rank test
results indicate conflicting conclusions when comparing SPZTZSM and
SM4TZPZS. On one hand, the results indicate a significant difference
between compared workflows when conducting tests obtained with
these DNN architectures — dual-attention U-Net and U-Net — as all of
the corresponding p-values are below the significance level. Hence, the
null hypothesis is rejected. On the other hand, the post hoc Wilcoxon
signed-rank test results, obtained with DNN architectures — grid atten-
tion U-Net, attention U-Net and multidimensional attention U-Net —
bear no p-values below significance level. Thus, the statistically signifi-
cant difference between workflows SM4TZPZS and baseline workflow,
SPZTZSM is undetermined.

Furthermore, the aggregated test results on the Decathlon test set
are provided in Table 4.10 and Table 4.11. Table 4.10 contains the re-
sults obtained on the TZ, while the PZ is in Table 4.11. The tables are
analogous to Table 4.3 and Table 4.4.

The results presented in Table 4.10 indicate that attention U-Net
achieved higher mean and median DSC values than multidimensional
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Table 4.9. Post hoc Wilcoxon signed-rank test results. These tests indi-
cate which workflows are responsible for the observed statistical differ-
ence in the peripheral zone segmentation results.

DNN architecture Comparison p-value
Grid Attention SPZTZSM - SM4TZPZS  0.3883800
U-Net SPZTZSM - PSTZSPZC  0.0007822
€ SMA4TZPZS - PSTZSPZC  0.0030005
. SPZTZSM - SM4TZPZS 0.0694814
Attention
U-Net SPZTZSM - PSTZSPZC  0.0001776
€ SMA4TZPZS - PSTZSPZC 0.0000012
. . SPZTZSM - SM4TZPZS 0.0062173
Multidimensional

SPZTZSM - PSTZSPZC  0.0025741
SMA4TZPZS - PSTZSPZC  0.0000018
SPZTZSM - SM4TZPZS  0.0005177
SPZTZSM - PSTZSPZC  0.0374298
SMATZPZS - PSTZSPZC  0.0004353
SPZTZSM - SMATZPZS  0.0304844
U-Net SPZTZSM - PSTZSPZC  0.0000940
SMATZPZS - PSTZSPZC 0.0000590

Attention U-Net

Dual-Attention
U-Net

attention U-Net when using SPZTZSM. Considering that the Conover
post hoc test revealed a statistically significant difference between these
DNN architectures, this result can be regarded as promising. Mean-
while, dual-attention U-Net achieved lower mean and median DSC val-
ues than both attention U-Net and grid attention U-Net. The Conover
post hoc test indicates that the differences between dual-attention U-
Net and these two DNN architectures are statistically significant. These
results suggest the need for a larger training dataset for dual-attention
U-Net, as it contains a higher number of parameters compared to the
other DNN architectures. The results displayed in Table 4.10 indicate
no other significant difference between compared approaches. Thus,
these results confirm the observation made from Friedman test results
obtained on the Decathlon test set transitional zone segmentation re-
sults.

However, the results provided in Table 4.10 indicate a trend of
SMATZPZS outperforming other workflows. SM4TZPZS achieves the
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Table 4.10. Mean, standard deviation, median and MAD of transitional

zone segmentation results calculated on the Decathlon test set.

DNN architecture workflow Mean +/-std Median +/- MAD

. . SM4TZPZS 0.8142+/-0.2171 0.8822+/-0.0070
Grid Attention

U-Net PSTZSPZC 0.7794+/-0.2493 0.8802+/-0.0027

SPZTZSM 0.7784+/-0.2563 0.8825+/-0.0024

. SM4TZPZS 0.8061+/-0.2329 0.8874+/-0.0000

Attention

U-Net PSTZSPZC 0.7709+/-0.2684 0.8832+/-0.0030

¢ SPZTZSM  0.8032+/-0.2149 0.8825+/-0.0000

Multidimensional SM4TZPZS 0.8117+/-0.2206 0.8796+/-0.0103

Attention U-Net PSTZSPZC 0.7943+/-0.2473 0.8834+/-0.0072

SPZTZSM  0.7593+/-0.2698 0.8786+/-0.0121

. SM4TZPZS 0.7173+/-0.3025 0.8838+/-0.0006
Dual-Attention

U-Net PSTZSPZC  0.7442+/-0.2781 0.8804+/-0.0000

SPZTZSM  0.7307+/-0.2760 0.8576+/-0.0000

SMA4TZPZS 0.7832+/-0.2502 0.8858+/-0.0012

U-Net PSTZSPZC 0.7817+/-0.2513 0.8818+/-0.0012

SPZTZSM  0.7728+/-0.2580 0.8792+/-0.0000

highest average DSC on the results obtained with all compared deep
neural network architectures except for dual-attention U-Net. The high-
est mean DSC is achieved by PSTZSPZC workflow on the results ob-
tained with dual-attention U-Net. Moreover, SM4TZPZS achieves the
highest median DSC on the results obtained with all compared DNN
architectures except for grid attention U-Net and multidimensional at-
tention U-Net. The highest median DSC is achieved by SPZTZSM on
the results obtained with grid attention U-Net. Meanwhile, the highest
median DSC is achieved by PSTZSPZC workflow on the results ob-
tained with multidimensional attention U-Net. Thus, for TZ segmenta-
tion, the preferred workflow is SM4TZPZS. Lastly, the results provided
in Table 4.10 show that the highest mean DSC is achieved by employ-
ing grid attention U-Net and SM4TZPZS. Meanwhile, these results in-
dicate that the highest median DSC is achieved by employing U-Net
and SM4TZPZS.

The results presented in Table 4.11 indicate that multidimensional
attention U-Net achieved higher mean and median DSC values than U-
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Table 4.11. Mean, standard deviation, median and MAD of peripheral

zone segmentation results calculated on the Decathlon test set.

DNN architecture workflow Mean +/-std Median +/- MAD

. . SM4TZPZS 0.6794+/-0.1050 0.6975+/-0.1101
Grid Attention

U-Net PSTZSPZC 0.5962+/-0.2169 0.6413+/-0.1010

SPZTZSM  0.6735+/-0.1113 0.6778+/-0.1317

. SM4TZPZS 0.6909+/-0.1129 0.7088+/-0.1428

Attention

U-Net PSTZSPZC 0.5775+/-0.2438 0.6443+/-0.1181

¢ SPZTZSM  0.6751+/-0.1056 0.6898+/-0.1480

Multidi . 1 SM4TZPZS  0.6920+/-0.1117 0.7098+/-0.1277

ultidimensiona

Attention U-Net PSTZSPZC 0.5725+/-0.2452 0.6366+/-0.1023

SPZTZSM  0.6281+/-0.1510 0.6503+/-0.1104

. SM4TZPZS 0.6806+/-0.1265 0.7205+/-0.1261
Dual-Attention

U-Net PSTZSPZC 0.5221+/-0.2635 0.6322+/-0.0973

SPZTZSM 0.6395+/-0.1323 0.6732+/-0.1134

SMA4TZPZS 0.6978+/-0.1075 0.7249+/-0.1766

U-Net PSTZSPZC 0.5376+/-0.2643 0.6333+/-0.0994

SPZTZSM  0.6684+/-0.1165 0.6692+/-0.1208

Net when using PSTZSPZC. However, when using SPZTZSM, U-Net
achieved higher mean and median DSC values than multidimensional
attention U-Net. Therefore, although post hoc statistical tests indicated
a statistically significant difference between these two DNN architec-
tures, the results are inconsistent across workflows, and no DNN ar-
chitecture can be considered consistently more accurate than the other.
Meanwhile, dual-attention U-Net achieved lower mean and median
DSC values than U-Net, Attention U-Net, and grid attention U-Net.
The Conover post hoc test indicates that the differences between dual-
attention U-Net and these DNN architectures are statistically signifi-
cant. This observation further supports the need for a larger training
dataset for dual-attention U-Net.

The results displayed in Table 4.11 indicate that the highest DSC on
peripheral zone segmentation task is obtained by employing SM4TZPZS.
Thus, for PZ segmentation, the preferred workflow is SM4TZPZS. There-
fore, the results obtained with SM4TZPZS are further inspected.

Table 4.12 contains the Decathlon test set PZ segmentation results
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obtained strictly with SM4TZPZS. The columns of this table are anal-
ogous to the columns of Table 4.3, Table 4.4, Table 4.10 and Table 4.11.
These results indicate no significant difference between compared DNN
architectures, thereby confirming the observations made from the post
hoc statistical tests. However, the highest DSC is achieved by U-Net.
Thus, for PZ segmentation, the preferred deep neural network archi-
tecture is U-Net.

Table 4.12. Mean, standard deviation, median and MAD of the De-
cathlon test set peripheral zone segmentation results obtained with
Separate Models for the Transitional Zone and Peripheral Zone Seg-

mentation.
DNN architecture Mean +/-std Median +/- MAD
Grid Attention U-Net 0.6794+/-0.1050 0.6975+/-0.1101
Attention U-Net 0.6909+/-0.1129 0.7088+/-0.1428
Multidimensional Attention U-Net 0.692+/-0.11170 0.7098+/-0.1277
Dual-Attention U-Net 0.6806+/-0.1265 0.7205+/-0.1261
U-Net 0.6978+/-0.1075 0.7249+/-0.1766

Figure 4.2 contains representative single slice examples of prostate
zone segmentation results. These segmentations were obtained using
the nnU-Net method with a U-Net architecture and SM4TZPZS on the
Decathlon test set. The structure of this figure is analogous to Fig-
ure 4.1. The first case illustrates one of the most accurately segmented
examples from the Decathlon test set, whereas the second and third
cases illustrate typical segmentation errors produced by the workflow.

4.2. Results of Experiment on the Prostate Cancer
Segmentation Task

This section contains the results of the experiments on the prostate can-
cer segmentation task. Firstly, aggregated collected DSC and DSC'- are
reported in Table 4.13 and Table 4.14. Table 4.13 contains mean and
std, while Table 4.14 provides median and MAD. The columns of these
tables are defined as follows:

* Ensemble/Model represents the proposed ensemble and the base-
line model.
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(e) Peripheral zone segmentation. (f) Transitional zone segmentation.

Figure 4.2. Single slice examples of prostate zone segmentations on
the Decathlon dataset. The segmentations are performed with Separate
Models for the Transitional Zone and Peripheral Zone Segmentation.
The deep neural network architecture used for these segmentations is
U-Net.

* DSC represents the aggregated DSC results.

* DSC; indicates the aggregated DSC' results.

These results indicate that Ensemble 3 achieves the highest seg-
mentation accuracy, followed by Ensemble 4. Moreover, the aggregated
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Table 4.13. Mean and std of prostate cancer segmentation results. These
values are calculated based on the collected metrics DSC, and DSC.

Table 4.14. Median and MAD of prostate cancer segmentation results.
These values are calculated based on the collected metrics DSC, and

Ensemble/Model DSC DSC.
Ensemble 1 0.1613 +/-0.2271 0.2116 +/-0.3015
Ensemble 2 0.1828 +/-0.2381 0.2512 +/-0.3269
Ensemble 3 0.2264 +/- 0.2611  0.2977 +/- 0.3443
Ensemble 4 0.2155 +/-0.2580 0.2829 +/-0.3395
Baseline 0.1787 +/-0.2387 0.2360 +/- 0.3152

DSC.
Ensemble/Model DSC DSC.
Ensemble 1 0.0000 +/ 0.0000 0.0000 +/ 0.0000
Ensemble 2 0.0165 +/ 0.0165 0.0174 +/ 0.0174
Ensemble 3 0.0608 +/ 0.0608  0.0683 +/ 0.0683
Ensemble 4 0.0521 +/ 0.0521  0.0599 +/ 0.0599
Baseline 0.0000 +/ 0.0000 0.0000 +/ 0.0000

results indicate that the novel metric, DSC/, yields higher scores than
the conventional DSC, indicating that the proposed metric accounts for
less severe penalties on boundary differences within the allowable tol-
erance.

Furthermore, the low MAD values presented in Table 4.14 indicate
that the evaluated ensembles produce highly consistent results for the
majority of cases. In contrast, the relatively high std values reported in
Table 4.13 suggest the presence of a small number of atypical cases that
substantially increase the overall variability of the results. Given that
the mean values of the evaluation metrics exceed their corresponding
median values, it can be inferred that these outlying cases are associ-
ated with considerably higher segmentation accuracy. Consequently,
although the ensembles achieve favourable performance for a limited
subset of cases, the median-based evaluation indicates that segmenta-
tion performance remains modest for the majority of the dataset. Con-
sidering the limited size of the available dataset, such behaviour is
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not unexpected. While the conducted experiment enables the identi-
fication of the most promising prostate cancer segmentation approach
among the evaluated alternatives, a more comprehensive assessment is
required to establish the robustness and generalisability of the obtained
results Therefore, future research should focus on training and evaluat-
ing the proposed solutions using substantially larger and more diverse
datasets.

Furthermore, both Friedman tests produced p-values lower than
the significance level. The test on DSC' resulted in the p-value equal
to 0.003107. The Kendall’s coefficient of concordance for this test, ad-
justed for ties, is W = 0.083. The corresponding Friedman chi-square
statistic, also adjusted for ties, is Q = 15.94. Meanwhile, the Friedman
test on DSC resulted in the p-value equal to 0.00067. The W of this test
is 0.101, while Q is 19.35. Thus, the null hypothesis is rejected, which
indicates the statistically significant difference between the results of
the ensembles and the baseline model.

Therefore, the Conover post hoc tests for unreplicated block design
is performed. As both metrics indicated a statistically significant differ-
ence between ensembles, these tests are performed twice. Once on the
collected DSC metrics, and the other time on the collected DSC,. The
results of Conover post hoc tests for unreplicated block design are dis-
played in Table 4.15. The columns of this table are defined as follows:

¢ Comparison indicates the proposed ensemble /baseline model be-
ing compared.

* p-value(DSC) represents the p-value of the test on collected DSC
metrics.

¢ p-value(DSC;) represents the p-value of the test on collected DSC;
metrics.

Since the p-values are below the significance level, the null hypoth-
esis is rejected, indicating a statistically significant difference between
the results of the baseline model and Ensembles 3 and 4. In contrast,
no statistically significant difference is observed between the baseline
model and Ensembles 1 and 2, as the corresponding p-values exceed
the significance level Therefore, the null hypothesis is not rejected. The
remaining results from the Conover post hoc test show no statistically
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Table 4.15. Conover post hoc test results on the prostate cancer segmen-
tation task. The tests were conducted on the collected metrics DSC,
and DSC. The metric corresponding to each reported p-value is indi-
cated in parentheses.

Comparison p-value (DSC) p-value (DSC;)
Ensemble 1 - Ensemble 2 0.7059 0.5352
Ensemble 1 - Ensemble 3 0.0079 0.0189
Ensemble 1 - Ensemble 4 0.0179 0.0656
Ensemble 1 - Baseline 0.7059 0.5758
Ensemble 2 - Ensemble 3 0.0148 0.0741
Ensemble 2 - Ensemble 4 0.0462 0.2490
Ensemble 2 - Baseline 0.6042 0.2533
Ensemble 3 - Ensemble 4 0.7059 0.5710
Ensemble 3 - Baseline 0.0043 0.0069
Ensemble 4 - Baseline 0.0096 0.0189

significant difference between Ensembles 3 and 4, nor between Ensem-
bles 1 and 2. However, the collected DSC metrics for Ensembles 1 and 2
differ statistically significantly from those of Ensembles 3 and 4, while
the DSC' metric does not.

Moreover, Table 4.16 presents the false positive patients. The False
positive patients column is the percentage of patients for whom the
model’s prediction includes a cancerous region while the ground truth
does not. As in Table 4.13, the column Ensemble/Model lists the com-
pared ensembles and the baseline model. The column False positive
patients shows the calculated value of this metric. This metric indicates
that the baseline model produces the fewest erroneous prostate cancer
segmentations.

Wilcoxon signed-rank test results are provided in Table 4.17. These
tests inspect the presence of the statistical significance of the difference
between metrics DSC and DSC,. Just as in Table 4.13, the Ensem-
ble/Model column represents the compared ensembles together with
the baseline model. Meanwhile the column statistic and p-value are the
results of the Wilcoxon signed-rank test. The column statistic contains
the sum of signed ranks of paired differences. The results indicate that
all DSC' are greater than DSC as reflected by statistics presented in Ta-
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Table 4.16. False positive patients calculated on the results of the exper-
iment on the prostate cancer segmentation task.

Ensemble/Model False positive patients
Ensemble 1 24.68
Ensemble 2 28.57
Ensemble 3 35.06
Ensemble 4 27.27
Baseline 19.48

bles 4.13 and 4.14 as well as Table 4.17, where all corresponding statistic
values are equal to 0. Considering that all of the acquired p-values are
lower than the significance level, the null hypothesis is rejected. Thus,
there is a significant difference between the compared metrics.

Table 4.17. Results of Wilcoxon signed-rank test performed on the
prostate cancer segmentation results. These tests are conducted to de-
termine the statistical significance of difference between the DSC metric
and the novel metric, DSC..

Ensemble / Model statistic  p-value
Ensemble 1 0.0 0.000132
Ensemble 2 0.0 0.000027
Ensemble 3 0.0 0.000012
Ensemble 4 0.0 0.000027
Baseline 0.0 0.000132

Table 4.18 summarizes the distribution of predicted lesion counts
per patient for each proposed ensemble and for the baseline model.
The Ensemble/Model column enumerates all compared ensembles to-
gether with the baseline. Within the Number of predicted lesions group,
each column specifies the number of patients for whom a given ensem-
ble or the baseline model predicted the corresponding lesion count.

Overall, the predicted distributions approximate the ground truth
lesion distribution. The dataset includes 77 patients with no lesions, 36
with a single lesion, and 6 with two lesions. Ensemble 4 most closely
reproduces this distribution: it predicts zero lesions for exactly 77 pa-
tients, underestimates the number of patients with one lesion by four,
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Table 4.18. Distribution of predicted lesion counts across patients. Each
distribution represents the number of patients for whom a given en-
semble or the baseline model predicted the corresponding lesion count.

Number of predicted lesions
Ensemble / Model 0 1 2 3 4 6
Ensemble 1 78 29 9 1 1 1
Ensemble 2 71 31 15 2 0 0
Ensemble 3 67 32 17 3 0 0
Ensemble 4 77 32 8 1 1 0
Baseline 90 24 4 0 1 0

and overestimates the number of patients with two lesions by two.

The lesion count distribution produced by Ensemble 1 shows slight-
ly greater deviation from the ground truth. It predicts zero lesions for
one more patient, one lesion for seven fewer cases, and two lesions for
three additional patients compared with the true distribution. In con-
trast, Ensembles 2 and 3 demonstrate more pronounced discrepancies.
Ensemble 2 predicts zero lesions for six fewer patients and one lesion
for five fewer patients, while overestimating the two lesion category by
nine patients. Similarly, Ensemble 3 predicts zero lesions for ten fewer
patients and one lesion for four fewer patients, while overestimating
the two lesion category by eleven patients.

The baseline model exhibits the largest deviation from the true le-
sion distribution. Specifically, it predicts zero lesions for 13 additional
patients, underestimates the one lesion category by 12 patients, and un-
derestimates the two lesion category by 2 patients. These findings sug-
gest that the baseline model has a tendency toward lesion under detec-
tion, whereas the ensemble approaches generally yield predictions that
more closely align with the true lesion counts.

Furthermore, although the training dataset contains at most two le-
sions per patient, the ensemble models occasionally predict more than
two lesions. This overestimation is limited in scope, affecting only two
to three patients per ensemble. The baseline model demonstrates even
fewer such instances, predicting four lesions in only a single patient.

Table 4.19 presents the distribution of missed (false negative) le-
sions per patient for each proposed ensemble and for the baseline model.
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The Ensemble/Model column lists all compared ensembles together
with the baseline. Within the Number of missed lesions group, the first
column for each lesion count category indicates the number of patients
for whom the corresponding ensemble or the baseline model failed to
detect lesions overlapping with that specific number of true lesions.
The second column reports the corresponding percentage of such pa-
tients. These percentages are based on the 42 patients in the dataset
who have at least one lesion.

Table 4.19. Distribution of missed lesions across the patients (42 cases
with at least one lesion). Each distribution shows the number and per-
centage of patients for whom the ensemble or the baseline model failed
to detect the corresponding number of lesions.

Ensemble / Model Number of missed lesions

0 1 2
Ensemble 1 16 38.10% 24 5714% 2 4.76%
Ensemble 2 19 4524% 21 50.00% 2 4.76%
Ensemble 3 22 5238% 19 4524% 1 2.38%
Ensemble 4 20 47.62% 21 50.00% 1 2.38%
Baseline 16 38.10% 25 59.52% 1 2.38%

The results summarized in Table 4.19 demonstrate that Ensemble
3 achieves the highest performance in terms of lesion localization, as
reflected by the lowest proportion of missed lesions. Ensemble 2 and
Ensemble 4 exhibit slightly lower, yet comparable, localization accu-
racy. In contrast, Ensemble 1 and the baseline model show the weakest
performance in lesion localization. This observation is consistent with
the comparative results reported in Table 4.13.

Figure 4.3 illustrates representative single slice segmentation re-
sults for each proposed ensemble alongside the baseline model, high-
lighting areas where the predicted lesion masks overlap with the ground
truth. All examples are taken from the same patient and correspond to
the same anatomical slice. Predicted lesions from the ensembles or the
baseline model are shown in purple, while the ground truth is shown
in red. The segmentation results and ground truth are overlaid on the
T2W image.

Additionally, Figure 4.4 presents single slice examples of cases in
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which all proposed ensembles and the baseline model failed to detect
the lesion. In these examples, the ground truth is shown in red and
overlaid on the T2W image.

(a) Ensemble 1

(c) Ensemble 3 (d) Ensemble 4

(e) Baseline model

Figure 4.3. Single slice segmentation examples from a single patient
for each ensemble and the baseline model, showing regions where pre-
dicted lesions overlap with the ground truth. Segmentations are over-
laid on the T2W image.

Two instances were observed in which the deep neural network
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(b)

Figure 4.4. Single slice examples of patients in whom none of the en-
sembles or the baseline model successfully localized the lesions. The
ground truth is overlaid on the T2W image.

models produced fragmented lesion predictions. In the first case, both
the PCagcy(All x PZ) model and the baseline Pcaseq((All, Zones) x
prostate) model segmented a single lesion into two separate compo-
nents. Consequently, Ensemble 2 and the baseline model also gener-
ated a fragmented representation of this lesion. In contrast, Ensemble 3
and Ensemble 4 produced a single, continuous lesion, as the combina-
tion of their constituent models prevented fragmentation.

The second instance of fragmentation was caused solely by the
Pcageq((All, Zones) x TZ) model, resulting in a fragmented lesion in
the outputs of Ensemble 2 and Ensemble 3. Notably, this lesion was not
detected by Ensemble 1, Ensemble 4, and the baseline model. No fur-
ther cases of lesion fragmentation were observed, indicating that these
two examples represent outliers and that the proposed ensembles gen-
erally maintain lesion integrity without fragmentation.

Table 4.20 and Table 4.21 summarize the distributions of spurious
foci (false positive) generated across patients by the compared ensem-
bles and the baseline model. The Ensemble/Model column lists all pro-
posed ensembles along with the baseline model. In Table 4.20, each col-
umn within the Number of spurious foci group reports the number of
patients for whom a given ensemble or the baseline model produced
that specific number of spurious lesions, i.e., lesions that do not over-
lap with any ground truth lesion. Meanwhile, in Table 4.21, each corre-
sponding column reports the percentage of patients with that number
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of spurious foci. These percentages are calculated relative to the full
dataset of 119 patients. The results indicate that the baseline model gen-
erates the fewest spurious foci, consistent with the findings reported in
Table 4.16.

Table 4.20. Distribution of spurious foci across patients. Each distri-
bution shows the number of patients for whom a given ensemble or
the baseline model produced the corresponding number of spurious

lesions.

Number of spurious foci
Ensemble / Model 0 1 2 3 4 6
Ensemble 1 94 17 5 1 1 1
Ensemble 2 86 24 9 0 0 0
Ensemble 3 8 26 9 1 0 0
Ensemble 4 95 20 3 0 1 0
Baseline 108 10 0 0 1 0

Table 4.21. Distribution of spurious foci across all 119 patients. Each
distribution shows the number and percentage of patients for whom
a given ensemble or the baseline model produced the corresponding
number of spurious lesions.

Number of spurious foci
Ensemble / Model 0 1 ) 3 4 6
Ensemble 1 78.99 1429 420 0.84 0.84 0.84
Ensemble 2 7227 2017 756 0.00 0.00 0.00
Ensemble 3 69.75 21.85 756 0.84 0.00 0.00
Ensemble 4 79.83 16.81 252 0.00 0.84 0.00
Baseline 90.76 08.40 0.00 0.00 0.84 0.00

Figure 4.5 presents single slice examples of spurious foci generated
by each proposed ensemble. Each example corresponds to a different
patient in which the baseline model did not produce any spurious foci.
The predicted spurious foci are shown in purple and overlaid on the
T2W images.
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(a) Ensemble 1 (b) Ensemble 2

(c) Ensemble 3 (d) Ensemble 4

Figure 4.5. Single slice examples of spurious foci generated by each en-
semble. The predicted spurious lesions are overlaid on the T2W image.

4.3. Summary of the Chapter

This chapter provides the results of the experiments conducted on pros-
tate zone segmentation and prostate cancer segmentation tasks. The
research consists of developing the solution to these tasks, the no-new
U-Net method.

The compared approaches to the first task, the prostate zone seg-
mentation task, are evaluated on two test sets — ProstateX and De-
cathlon test sets. The results acquired on the ProstateX are used to de-
termine the overall accuracy of the compared approaches. Meanwhile,
the results acquired on the Decathlon test set are employed to deter-
mine the generalization of the approaches between different datasets.

This study found that there is no significant difference between
the prostate zone segmentation results of the compared deep neural
network architectures, which are used to substitute the original U-Net
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architecture within the nnU-Net method. These architectures are U-
Net variants, that employ attention mechanisms. The compared DNN
architectures consists of grid attention U-Net, single attention U-Net,
multidimensional U-Net and dual-attention U-Net and baseline, U-Net.

Furthermore, in this study several prostate zone segmentation work-
flows, which employs the nnU-Net method, are compared. These work-
flows include SM4TZPZS, PSTZSPZC and SPZTZSM. The experimen-
tal results show that SM4TZPZS generalizes slightly better across dif-
ferent datasets on peripheral zone segmentation. It achieves the highest
DSC on the test set of the source which is different than the source of
the training set. However, no significant results are acquired on tran-
sitional zone segmentation. Moreover, the result of the comparison on
the test set of the source, which is the same as the training set’s, yields
no significant difference between the compared workflows. Overall,
this study shows that the most preferred approach to the prostate zone
segmentation task is SM4TZPZS workflow which employs the nnU-
Net with the conventional U-Net architecture.

The resulting solution of the prostate zone segmentation task is
used in the second task, PCa segmentation. The compared prostate
cancer segmentation ensembles employ segmented prostate zones to
enhance the accuracy of the PCa segmentation. A total of four ensem-
bles are compared together with the baseline model. Moreover, a novel
metric, DSC' is used together with the convention DSC metric to eval-
uate those ensembles and the baseline model. The results indicate that
DSC' is higher than the DSC. This observation indicates that the pro-
posed metric takes into account the error of the manual ground truth
segmentation.

Ensemble 3 achieves the highest DSC and DSC, among all com-
pared ensembles and the baseline model. Furthermore, Ensemble 4 is
only marginally worse in terms of both DSC and DSC’; and there is no
statistically significant difference between the results of those two en-
sembles. The other ensembles and the baseline model are significantly
worse.

Lastly, the statistical significance of the difference between collected
metrics DSC and DSC; on the prostate cancer segmentation task is
evaluated. The result indicates that the difference between those met-
rics is significant.
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GENERAL CONCLUSIONS

In this thesis, novel deep learning approaches are proposed for prostate
zone and prostate cancer segmentation. Specifically, the thesis (a) re-
viewed the current state-of-the-art prostate zone and PCa segmentation
methods, highlighting the robustness of the no-new U-Net method for
medical image segmentation tasks; (b) proposed a method to incorpo-
rate attention mechanisms into the nnU-Net method by replacing con-
ventional U-Net deep neural network architecture with architectures
that employ attention mechanisms; (c) introduced several prostate zone
segmentation workflows which employ the nnU-Net method; (d) eval-
uated and compared the segmentation accuracy of the proposed work-
flows and the nnU-Net modifications together with the current state-
of-the-art solution; (e) proposed several PCa segmentation ensembles
which employ the nnU-Net method and prostate zone information; (f)
evaluated and compared the segmentation accuracy of the proposed
ensembles together with the current state-of-the-art solution. (g) intro-
duced a DSC modification, DSC'-, a metric which accounts for the high
inter-observer variability in the ground truth; (h) inspected the signif-
icance of the difference between the evaluations of PCa segmentation
results with the conventional DSC and DSC'-. The key conclusions are:

1. The results presented in this thesis demonstrate that replacing the
conventional U-Net in the nnU-Net method with attention-based
U-Net variants does not lead to statistically significant improve-
ments in either overall segmentation accuracy or generalizability
across datasets from different sources. Considering that atten-
tion mechanisms introduce additional computational overhead,
the conventional U-Net remains the preferred architecture within
the nnU-Net method.

2. The proposed prostate zone segmentation workflow, SM4TZPZS,
demonstrated superior generalizability across datasets from dif-
ferent sources compared to other workflows, achieving statisti-
cally significantly higher segmentation accuracy than PSTZSPZC.
While no statistically significant difference was observed com-
pared to SPZTZSM, SM4TZPZS consistently matched or outper-
formed it in nearly all generalizability evaluations, with mean
DSC improvements of 0.3% to 5.2% for TZ and 0.6% to 6.4% for
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PZ across all DNN architectures. Median DSC improvements
ranged from 0.1% to 2.6% (TZ) and 1.9% to 5.9% (PZ), with only
two exceptions showing marginal decreases of 0.02% (median DSC)
and 1.3% (mean DSC).

. Ensemble 4 is identified as the most suitable solution for the PCa
segmentation task, statistically significantly outperforming the base-
line model, Ensemble 1, and Ensemble 2 by 3.17% to 7.13% in
aggregated DSC and DSC-. Although Ensemble 3 achieved 1%
higher aggregated metrics, the difference was not statistically sig-
nificant, while Ensemble 4 produced significantly fewer false pos-
itive patients. As segmentation accuracy is top priority, false pos-
itive patients of other approaches were not considered. Lastly,
Ensemble 4 requires only two models while Ensemble 3 consists
of three models.

. The novel DSC; metric accounts for inter-observer variability in
manual delineation of prostate cancer lesions. The results indicate
that DSC; systematically yields statistically significantly higher
values than DSC, suggesting partial compensation for ground truth
uncertainty: mean DSC, exceeds mean DSC by 5.03% to 7.12%
across all evaluated ensembles as well as the baseline model, while
median improvements range from 0.09% to 0.79%, with equality
observed for the baseline model and Ensemble 1.
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SANTRAUKA

Remiantis naujausiais pasauliniais onkologiniu susirgimu statistiniais
duomenimis, prostatos véZys — viena i§ daZniausiai diagnozuojamu
piktybiniu ligu pasaulyje. Svarbus diagnostikos etapas yra multipa-
rametriné magnetinio rezonanso tomografijos (mpMRT) vaizdy ana-
lizé. Pastaraisiais metais vis placiau taikomi giliojo mokymosi metodai,
siekiant pagerinti prostatos véZio aptikima ir segmentavima naudojant
mpMRT duomenis. Nepaisant $ios pazangos, prostatos vézio segmen-
tavimas vis dar i§lieka sudétinga uzduotis. Siame darbe nagrinéjami
prostatos véZio segmentavimo ansambliai, siekiant padidinti segmen-
tavimo tiksluma ir patikimuma. Ypatingas démesys skiriamas paZan-
giausiam medicininiy vaizduy segmentavimo metodui no-new U-Net
(nnU-Net).

Daugybé tyrimu rodo, kad prostatos zonu informacijos jitraukimas
i prostatos vézio segmentavimo procesa didina aptikimo ir segmentavi-
mo tiksluma. Todél Ssiame darbe taip pat analizuojamos prostatos zonu
segmentavimo veiksmu sekos. Sioje disertacijoje pasitlytos dvi naujos
prostatos zonu segmentavimo veiksmu sekos, abi paremtos giliaisiais
neuroniniais tinklais (angl. Deep Neural Networks, DNN), apmokytais
naudojant nnU-Net metoda. Eksperimentiniai rezultatai parodé, kad
tiksliausi rezultatai gaunami naudojant veiksmu seka atskiru modeliuy
tranzitorinei ir periferinei zonoms segmentuoti. Siame darbe taip pat
tiriama, kaip prostatos zonu segmentavimo rezultatus veikia nnU-Net
naudojamos U-Net architektiiros keitimas i jos variacijas su démesio
mechanizmais. Nagrinéjamos kelios architektiiros: viengubo démesio
U-Net (angl. single attention U-Net), tinklinio démesio U-Net (angl. grid
attention U-Net), daugiamacio démesio U-Net (angl. multidimensional
attention U-Net) bei dvigubo démesio U-Net (angl. dual-attention U-
Net). Eksperimentai neatskleideé statistiskai reikSmingu skirtumy tarp
Siy architektiiry rezultaty. Prostatos zonu segmentavimo eksperimen-
tams naudoti du vieSai prieinami duomenu rinkiniai: ProstateX ir De-
cathlon is$tikio duomenys.

Disertacijoje taip pat pasitlyti keturi nauji prostatos véZio segmen-
tavimo ansambliai, sudaryti i nnU-Net metodu apmokytu DNN mode-
liy. Visi pasitilyti ansambliai naudoja prostatos zonu kaukes. Eksper-
imentai parodé, kad tiksliausi segmentavimo rezultatai pasiekiami su-
jungiant modelio, skirto periferinés zonos pazeidimams segmentuoti,
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rezultatus su modelio, segmentuojancio prostatos véZinius regionus vi-
soje prostatoje ir naudojancio zonu kaukes kaip papildoma jvesties ka-
nala, rezultatus. Be to, $iame darbe sitilomas modifikuotas Dice jvercio
koeficiento (angl. Dice Score Coefficient, DSC) matas, tolerantiskas Di-
ce iverdio koeficientas DSC,. Si metrika sukurta atsizvelgiant i didele
tarpstebeétojine variacija, bidinga rankiniams prostatos véZzio segmen-
tavimo duomenims. Matu lyginimas parodé, kad D.SC; nuosekliai su-
teikia aukstesnius jvercius uz standartini DSC, o tai rodo, kad DSC
atsizvelgia i toleruojama variacija tarp piktybiniu naviku apibrézimu.
Prostatos véZio segmentavimo eksperimentams naudoti Nacionalinio
véZzio instituto pateikti duomenys, kurie néra viesai prieinami.

137



IVADAS

Prostatos vézys — viena i$ labiausiai paplitusiu onkologiniu ligu pasau-
lyje. Naujausioje pasaulinéje onkologiniy ligu statistikoje, kuriq pa-
teiké Bray et al. [11], analizuojami 2022 mety duomenys, apimantys
36 vezio tipus 185 Salyse. Pagal §j tyrima, prostatos vézys yra antras
pagal daznuma vyrams diagnozuojamas vézys pasaulyje, sudarantis
14,2 % visu naujai vyrams nustatytu onkologiniu ligu 2022 metais. Ji
lenkia tik plauciu vézys, kuris sudaro 15,3 % nauju atveju. Be didelio
sergamumo, prostatos vézys taip pat reikSmingai prisideda prie su on-
kologinémis ligomis susijusio mirtingumo. 2022 metais jis sudaré 7,3
% visy vyry mir¢iy nuo onkologiniu ligu ir uZémé penkta vieta tarp
pagrindiniu vyry mirtingumo nuo onkologiniu ligu pasaulyje. Atsi-
zvelgiant i dideli paplitima ir reikSminga mirtinguma, tikslus, greitas
ir didelio masto prostatos véZzio regionu nustatymas yra itin svarbus.

Multiparametriné magnetinio rezonanso tomografija (mpMRT) ta-
po vienu i$ pagrindiniy modalumu prostatos véziui nustatyti ir diagno-
zuoti. Tarp struktirizuoty ataskaity sistemuy mpMRT vertinti viena i$
placiausiai naudojamu yra prostatos skenavimo ataskaitu ir duomeny
sistema (angl. Prostate Imaging Reporting and Data System, PI-RADS),
kuria pristaté Barentsz et al. [6]. Autoriai standartizavo mpMRT radiniu
interpretavima ir pateikima klinikinéje prostatos véZio diagnostikoje,
taip gerindami nuosekluma, atkuriamuma ir komunikacija tarp radiolo-
gu bei gydymo instituciju. Nuo jos ivedimo PI-RADS iSsivyste i visa-
me pasaulyje taikoma sistema, suteikiancia struktiirizuota ir atkuria-
ma prostatos mpMRT radiniy interpretavimo ir pateikimo btida. Nau-
jausia versija, PI-RADS v2.1, kuriq pristaté Turkbey et al. [75], tikslina
ankstesnes rekomendacijas ir aiskiau apibréZzia seky specifinius vertini-
mo kriterijus. Svarbu tai, kad PI-RADS v2.1 nustato skirtingus vertini-
mo kriterijus skirtingoms zonoms [75], atspindincius skirtinga magne-
tinio rezonanso tomografijos (MRT) seku diagnostinj tiksluma jvairiose
prostatos anatomineése srityse. Vertinimas daugiausia atliekamas tran-
zitorinéje (TZ) ir periferinéje zonose (PZ), nes ¢ia aptinkama didZioji
dalis prostatos véZio atveju.

Nepaisant plataus mpMRT ir struktiirizuoty ataskaity sistemu tai-
kymo, tikslus prostatos vézio regiony lokalizavimas ir segmentavimas
iSlieka techniSkai sudétingas uzdavinys net ir patyrusiems radiologams.
Segmentavimo uZdavinys — skaidyti vaizda i prasmingas sritis. At-
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liekant 8j uzdavinj, kiekvienam vaizdo taskeliui priskiriama tam tikra
klasé. Uzduoties tikslas — aptikti ir tiksliai apibrézti vaizde esancius
objektus ar anatomines struktiiras. Kelete tyrimu pabrézta, kad ypac
sunku nustatyti naviko sritis tranzitorinéje zonoje. Oto et al. [57], Ro-
senkrantz et al. [64] ir Yu et al. [85] nurodé, kad tranzitorinéje zonoje
atsirandantys navikai daznai sunkiai atskiriami nuo gerybinés prosta-
tos hiperplazijos mazgu, nes ju vaizdinés savybés gali sutapti. Ro-
senkrantz et al. [64] taip pat pabrézé, kad tranzitorinei zonai btidingas
difuzinis foninis heterogeniskumas ir daugiamazgé architektiira rei-
kSmingai apsunkina piktybisku navikuy atpaZinima Sioje srityje. Pa-
nasiai Yu et al. [85] teigé, kad stromos asimetrija tranzitorinéje zonoje
gali imituoti véZinj navika, o létinis prostatitas periferinéje zonoje su-
kelia vaizdiniu poZymiy, kurie primena vézinius navikus ir taip didina
klaidingai teigiamu interpretacijy rizika.

Taigi matyti aiSkus naujy, patikimuy ir lengvai pritaikomu metoduy,
galin¢iy tiksliai segmentuoti ir lokalizuoti véZinius regionus prostatoje,
siekiant pagerinti diagnostinij tiksluma, poreikis. Didéjantis kruopsciai
atrinkty istoriniy duomenuy prieinamumas dar labiau skatina duomeni-
mis, ypac giliuoju mokymusi (angl. Deep Learning, DL), gristu metodu
kiirima. Sie metodai placiai taikomi jvairiose medicininiuy vaizdu seg-
mentavimo uZduotyse ir demonstruoja paZangiausius rezultatus skir-
tinguose vaizdiniuose modalumuose. Prostatos mpMRT kontekste giliu-
ju neuroniniy tinkly (angl. Deep Neural Networks, DNN) architekttiros
geba jsisavinti sudétingas hierarchiniy poZymiu israiskas tiesiogiai i§
tirinés duomeny informacijos. Sie modeliai gali veiksmingai atpaZinti
subtilius erdvinius ir intensyvumo pozymius mpMRT vaizduose, lei-
dziancius tiksliai i8skirti ir lokalizuoti prostatos véZinius regionus.

Tyrimo problema

mpMRT susideda i$ keliy vaizdiniu seky, i$ kuriu kiekviena suteikia
anatominés ir funkcinés informacijos, reikalingos prostatos véZiui dia-
gnozuoti skirtingose prostatos zonose. PI-RADS v2.1 sistemoje pagrin-
dinés sekos yra T2-svertiniai (angl. T2-Weighted, T2W) vaizdai, regi-
mieji difuzijos koeficientai (angl. Apparent Diffusion Coefficient, ADC),
difuzijos svertiniai vaizdai (angl. Diffusion-Weighted Imaging, DWI) ir
dinaminio kontrastinio sustiprinimo (angl. Dynamic Contrast-Enhanced,
DCE) vaizdai. DWIir ADC sekas i§samiai aprasé Baliyan et al. [5]. DWI
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sekos tiesiogiai gaunamos naudojant magnetinio rezonanso tomografi-
ja, 0 ADC Zemélapiai apskaiciuojami i$ keliu DWI vaizdy, igytu taikant
skirtingus difuzijos svorius. Abi Sios sekos yra pagrindinés aptinkant
véZinius regionus periferinéje prostatos zonoje. T2-svertiniai vaizdai,
kuriuos aprasé Chavhan et al. [12], pasiZymi auksta erdvine raiska ir
suteikia detalia anatomine informacija. Si seka yra pagrindiné aptin-
kant vézinius regionus tranzitorinéje zonoje. O $tai DCE vaizdai ap-
ima pakartotinius tarinio vaizdo igijimus suleidus intraveninés kont-
rastinés medZziagos kontrasto kaupimosi dinamikai laike jvertinti. Vis
délto Bass et al. [7], Turkbey et al. [75] nustaté, kad DCE indélis i prosta-
tos vezio diagnostika, ypac periferinéje zonoje, yra antrinis — jo diag-
nostineé verté ribota, palyginti su DWIir ADC, todél 8i seka daZniausiai
atlieka pagalbinj vaidmeni. Visos minétos sekos yra tiirinés ir paprastai
pasiZymi anizotropine erdvine raiska.

Ankstesniuose tyrimuose, pavyzdZiui, [25, 33, 66], buvo analizuo-
jamas prostatos vézio segmentavimas, pasitelkiant prostatos zonuy in-
formacija. Sie tyrimai pademonstravo, kad prostatos zonu anatomijos
itraukimas gali pagerinti vézio segmentavimo tiksluma. Taciau esa-
muose darbuose truksta metody, kurie baty aiskiai suderinti su PI-
RADS sistema, pateikiancia kliniskai pagristas mpMRT interpretavi-
mo rekomendacijas. Ypa¢ pastebima spraga giliojo mokymosi metodu
srityje, kai modeliai neintegruoja zonai specifiniu mpMRT seku pagal
PI-RADS rekomendacijas. Sioje disertacijoje $i spraga sprendziama sis-
temingai tiriant prostatos vézio segmentavimo metodus, kurie remia-
si prostatos zonu informacija, ir derinant sprendiniu architektiira bei
naudojamas sekas su PI-RADS sistema, siekiant pagerinti tiek klinikinj
pritaikomuma, tiek segmentavimo tiksluma.

Prostatos véZio segmentavimas, naudojant prostatos zonu infor-
macija, neiSvengiamai reikalauja tikslaus paciu prostatos zonuy segmen-
tavimo. Siam uzdaviniui skirta nemazai tyrimy, kuriuose sitilomi jvai-
ris giliojo mokymosi metodai automatiniam prostatos zonu segmen-
tavimui. Sioje disertacijoje $i tyrimu kryptis toliau plétojama, o gauti
rezultatai tiesiogiai integruojami i pagrindine tyrimo sritj — prostatos
vézio segmentavima. Integracija leidZia atlikti prostatos zony informa-
cija pagrista prostatos véZio segmentavima, derinant giliojo mokymosi
modeliy rezultatus su anatominiu ir klinikiniu kontekstu, apibréztu PI-
RADS sistemoje, ir taip siekiant didesnio segmentavimo tikslumo.
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Galiausiai, eksperimentiniai tyrimai, kuriuos aprasé Chen et al.
[16], rodo, kad prostatos véZio segmentavimas iSlieka sudétinga uzduo-
tis. Net ir tarp patyrusiu radiologu pastebima didelé rezultaty variacija,
kuri atspindi subjektyvu prostatos véZzio ribuy apibrézimo sudétinguma
mpMRT vaizduose. Si tarpstebétojiné variacija (angl. inter-observer va-
riability) daro tiesiogine jtaka anotaciju patikimumui, todél apsunkina
tiek automatiniu metodu mokyma, tiek objektyvu ju vertinima. Atsi-
zvelgiant i tai, disertacijoje nagrinéjamos alternatyvios ir patikimesnés
prostatos veézio segmentavimo vertinimo strategijos.

Apibendrinant disertacijoje plétojama vientisa automatizuoto prosta-
tos vézio segmentavimo veiksmuy seka. Joje integruojamas atskiras prosta-
tos zonu segmentavimo komponentas, kurio rezultatai panaudojami
véZio segmentavimo etape, siekiant pagerinti navikiniu pakitimu is-
skyrimo tiksluma ir anatominj nuosekluma. Pagrindinis sistemos kom-
ponentas — prostatos vézio segmentavimas — vertinamas taikant specia-
liai $iai uzduociai pritaikyta metodika, atsiZvelgiancia i prostatos vézio
heterogeniskuma ir tarpstebétojine variacija. Tokia integruota prieiga
uztikrina metodologinj nuosekluma ir auksta klinikinj aktualuma.

Tyrimo objektas

Tyrimo objektas — ttiriniai mpMRT duomenys, naudojami prostatos vé-
ziui segmentuoti, jtraukiant prostatos anatominiu zony informacija.
Siam objektui tirti taikomi giliaisiais neuroniniais tinklais pagristi mo-
deliai.

Tyrimo tikslas ir uzdaviniai

Tyrimo tikslas — sukurti ir kritiskai jvertinti giliaisiais neuroniniais tink-
lais pagristu veiksmu sekuy ir ansambliuy, skirty prostatos anatominéms
zonoms ir prostatos véZiui segmentuoti ttiriniuose mpMRT duomeny-
se, segmentavimo tiksluma. Siam tikslui pasiekti keliami $ie uzdavi-
niai:

1. Atlikti iSsamiq Siuolaikiniu giliojo mokymosi metodu, taikomu
prostatos zonoms ir prostatos véZziui segmentuoti, literattiros ana-
lize, ypatinga démesj skiriant neuroniniu tinkly architekttiry ivai-
rovei, duomenu paruosimo strategijoms, vertinimo metodikoms
bei ju taikymui medicininiy vaizdu segmentavimo srityje.
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2. Suprojektuoti giliuoju mokymusi paremtus ansamblius, kurie prosta-
tos vézio segmentavimo uZzduociai jtraukia informacija apie pros-
tatos zonas, ir empiriniais eksperimentais jvertinti ju segmentavi-
mo tiksluma, siekiant nustatyti tiksliausia ansambl;.

3. Pasitlytiiristirti DL pagrindu sukurtas prostatos zonu segmenta-
vimo veiksmu sekas, démes; skiriant skirtingu giliyju neuroniniuy
tinkly architekttiry ir veiksmu seku dizainy empiriniam lygini-
mui, kad bty nustatytas tiksliausias sprendimas prostatos zo-
noms atskirti.

4. Pasitlyti prostatos véZio segmentavimo vertinimo metoda, atsi-
zvelgiantj i anotaciju tarpstebétojine variacija, ir empiriniais eks-
perimentais jvertinti jos pranaSumus, lyginant su standartiniais
vertinimo metodais.

Mokslinis darbo naujumas ir praktiné verté

Siame tyrime pristatomi ir sistemigkai ivertinami keli nauji metodo-
loginiai sprendimai, prisidedantys prie prostatos véZio bei prostatos
anatominiy zony segmentavimo uzdaviniu tobulinimo. Pagrindiniai
darbo rezultatai ir indéliai yra $ie:

* Nenustatyta statistiskai reikSmingu skirtumu tarp démesio me-
chanizmu paremty U-Net architektfiry varianty (viengubo déme-
sio U-Net (angl. single attention U-Net), tinklinio démesio U-Net
(angl. grid attention U-Net), daugiamacio démesio U-Net (angl.
multidimensional attention U-Net), dvigubo démesio U-Net (angl.
dual-attention U-Net)) bei standartinio U-Net, atliekant prostatos
zonine segmentacija.

* Nustatyta, kad naujai pasitilyta dvieju modeliu veiksmu seka, ku-
rioje kiekvienas modelis yra specializuotas atskirai prostatos zo-
nai, yra veiksmingiausias i$ visu vertinty sprendimuy, nes uztikri-
na geriausia generalizuojamuma tarp skirtingy duomeny Saltiniu.

* Identifikuota veiksmingiausia prostatos vézio segmentacijos an-
samblio konfigiiracija, sudaryta i$ bazinio modelio ir modelio,
apmokyto naudojant visas mpMRT sekas véZio segmentacijai PZ
zonoje. Sis ansamblis pasiekia panasu segmentavimo tiksluma
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kaip ir tiksliausiai veikiantis ansamblis, ta¢iau labai sumaZina klai-

dingai teigiamu pacienty skaiciy.

* Pasitlytas tolerancija paremtas Dice jvercio koeficiento matas pros-
tatos véZzio segmentacijai vertinti, kuris atsiZvelgia i anotaciju tarpste-
bétojine variacija. Sis matas suteikia aukstesnius jver&ius uz klasikini
Dice jvercio koeficiento mata, o tai rodo, kad i metrika ignoruoja
nedidelius ribu neatitikimus apibréztoje tolerancijos srityje.

Ginamieji teiginiai
Sioje disertacijoje ginami $ie tyrimu pagristi teiginiai:

1. U-Net architektiiros iSpléetimas démesio mechanizmais nepadidi-
na prostatos zonu segmentavimo tikslumo.

2. Naudojant du atskirus giliyju neuroniniy tinkly modelius, i$ kuriu
kiekvienas yra skirtas konkreciai prostatos zonai segmentuoti, seg-
mentavimo tikslumas didéja.

3. Prostatos vézio segmentavimo ansambliai, sudaryti i§ prostatos
zonai specifiniy giliyju neuroniniy tinkly modeliy, pasiekia dides-
nj segmentavimo tiksluma uZz viena prostatos véZzio segmentavi-

mo modelj.

4. Jtraukus tolerancija i Dice jver¢io koeficienta, kompensuojama
auksta tarpstebétojiné variacija, esanti rankiniu btidu apibréztuose

véZzinio regiono ribose.

Ivado skyriuje pristatoma bendra prostatos vézio segmentavimo
situacija, temos aktualumas, tyrimo tikslas, tyrimo uzdaviniai ir gina-
mieji teiginiai. S.1 skyrius apima literatfiros apZvalga, sutelkiant démesi
i Siuolaikinius DL metodus prostatos zonoms ir prostatos véziui seg-
mentuoti. S.2 skyriuje pateikiama tyrime taikyta metodika, tarp ju ir
sitilomos prostatos zonu segmentavimo veiksmu sekos, démesio me-
chanizmus integruojanc¢ios DNN architektiiros, sitilomi prostatos véZio
segmentavimo ansambliai ir segmentavimo tikslumo vertinimo matai.
S.3 skyriuje aprasomi tyrimo duomenys, ju paruosimas ir empirinio
eksperimento nustatymai. S.4 skyriuje pateikiami tyrimo rezultatai, o
galutinéje disertacijos dalyje — bendros isvados.
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Disertacija sudaro 158 puslapiu; santrauka lietuviu kalba praside-
da nuo 136 puslapio; pateiktos 27 lentelés, 29 paveikslai ir 89 literattiros
Saltiniai.
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S.1. Literattiros analizé

Vienas i$ pagrindiniy i88tikiy automatizuojant prostatos véZzio segmen-
tavima — didele tarpstebétojiné variacija [16]. Sioje disertacijoje §i prob-
lema sprendZiama sitilant nauja metrika (Zr. S.2.3).

Daugelyje tyrimu prostatos véziui segmentuoti taikomi DNN mo-
deliai, naudojant prostatos zonu informacija. Parodyta, kad tikimy-
binés zonu segmentacijos didina prostatos vézio segmentavimo tikslu-
ma [32, 33], o kituose darbuose sitilomos DNN architektiiros, naudoja-
ncios zonu kaukes, pvz., AtPCa-Net [88]. Apibendrinant zoniné infor-
macija yra svarbi $io uzdavinio dalis. Siame darbe $i kryptis plétojama
toliau, sitilant naujus ansamblius tikslesniam prostatos vézio segmen-
tavimui.

Nuo savo pristatymo [4] démesio mechanizmai placiai taikomi me-
dicininés kompiuterinés regos uzdaviniuose. Prostatos véZio segmen-
tavimo srityje pasitilytos ivairios architektiiros, tokios kaip
ProstAttention-Net [25, 26], paremta U-Net su tinklinio démesio (angl.
grid attention) mechanizmu [56, 69], bei dvieju DNN modeliy sistemos
su sprendimuy suliejimu (angl. decision fusion) [66], kuriose pirminio
DNN modelio architektiira yra dvigubo démesio U-Net, tai yra UNet++
[89], iSplésta tinklinio démesio mechanizmu. Atsizvelgiant i ankstes-
nius tyrimus, Siame darbe démesio mechanizmu taikymas prostatos
veéziui segmentuoti néra toliau nagrinéjamas, taciau vertinamas ju po-
veikis prostatos zonoms segmentuoti.

Tyrimai rodo, kad prostatos zonu segmentacijoje tarpstebétojine
variacija yra ypac didelé krastinése srityse, ypa¢ maZo tiirio prostato-
se [51]. Tai pabréZia reprezentatyviu ir morfologiskai ivairiu duomeny
svarba. Siame darbe $i problema sprendZiama naudojant du viegai pri-
einamus duomeny rinkinius (Zr. S.3).

Prostatos zonoms segmentuoti pasitlyta ivairiu metodu. Tyrimai
rodo, kad lengvieji modeliai, tokie kaip efektyvus neuroninis tinklas
(angl. Efficient Neural network) [58] ir efektyvus faktorizuotas likuti-
nis konvoliucinis tinklas (angl. Efficient Residual Factorized convolution
network) tinkami riboty resursu salygomis, tac¢iau U-Net iSlieka veiks-
mingiausias turint pakankamai skaiciavimo galios [19, 62]. Taip pat
sitilomos U-Net variacijos, pvz., dense-2 U-Net [2]. Medicininés seg-
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todas pasiekia didZiausia prostatos zonu segmentavimo tiksluma [3,
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35] ir yra placiai taikomas jvairiuose medicininiu vaizdu uzdaviniuose
[1, 40, 45, 81, 87]. Todél Siame darbe nnU-Net pasirinktas kaip pagrin-
das tolesniems metodams kurti.

S.2. Metoduy taikymas
S.2.1. Lyginti prostatos véZio segmentavimo ansambliai

Visuose ansambliuose naudojami nnU-Net metodu apmokyti DNN mo-
deliai. Prostatos veziui segmentuoti jvestis modifikuojama uz prostatos
zonos esancius vokselius nustatant i nuli. mpMRT modalumai patei-
kiami kaip atskiri jvesties kanalai. Sitilomi ansambliai yra:

e 1 ansamblis = PCageq(T2W XTZ)VPCaseq((ADC, DWI)xPZ);
* 2 ansamblis = PCagseq(Visos x TZ)V PCageq(Visos x PZ);

* 3 ansamblis = PCaseq(Visos x TZ) V PCaseq(Visos x PZ)V
PCaseq((Visos, Zonos) x prostata);

* 4 ansamblis = PCaseq(Visos x PZ) NV PCaseq((Visos, Zonos) x

prostata).

Ansambliy apibrézimuose PCac4(x) Zymi prostatos vézio segmen-
tavimo modelj su ivestimi . T2W, ADC'ir DW I nurodo mpMRT mo-
dalumus, o Zyméjimas Visos — visus 3 mpMRT modalumus. PZ, TZ
Zymi prostatos zonu binarines kaukes, Zonos — abieju zonu daugiakla-
ses kaukes, o prostata Zymi binarine visos prostatos kauke.
PClageq((Visos, Zonos) xprostata) yra laikomas baziniu Sio tyrimo DNN
modeliu.

S5.2.2. Lyginti prostatos zonu segmentavimo sprendimai

Abiejose pasiiilytose prostatos zonu segmentavimo veiksmu sekose nau-
dojami DNN modeliai, apmokyti taikant nnU-Net metoda. DNN mode-
liy jvesti sudaro T2ZW modalumas. Vieno periferinés ir tranzitorinés zo-
nos segmentavimo modelio (angl. Single Peripheral Zone and Transitio-
nal Zone Segmentation Model, SPZTZSM) veiksmu seka Sioje disertacijoje
yra laikoma bazine. Sitillomos veiksmu sekos:
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¢ Atskiri modeliai tranzitorinei ir periferinei zonai segmentuoti (angl.
Separate Models for the Transitional Zone and Peripheral Zone Seg-
mentation, SM4TZPZS) — Sioje darbo eigoje sujungiamas modelio,
segmentuojancio TZ, rezultatas su modelio, segmentuojancio PZ,
rezultatu i daugiaklasi ttirini Zemélapi.

* Prostatos segmentavimas, tranzitorinés zonos segmentavimas ir
periferinés zonos apskai¢iavimas (angl. Prostate Segmentation, Tran-
sitional Zone Segmentation, and Peripheral Zone Calculation, PSTZ-
SPZC) - Sioje veiksmu sekoje pirmiausia naudojamas DNN mo-
delis, skirtas segmentuoti visa prostata. Paskui taikomas DNN
modelis tranzitorinei zonai segmentuoti tik gautoje prostatos seg-
mentacijoje, o periferiné zona gaunama i§ bendros prostatos sri-
ties atéemus TZ.

Originalus no-new U-Net, naudojantis U-Net standartine archi-
tekttira, Sioje disertacijoje yra laikomas bazine architektiira. Taip pat
Sioje disertacijoje sitiloma no-new U-Net metode naudojama U-Net ar-
chitekttirq pakeisti démesio mechanizma turin¢iomis DNN architektii-
romis prostatos zonoms segmentuoti:

e tinklinio démesio U-Net [56, 69];

viengubo démesio U-Net [56, 69];

¢ daugiamacio démesio U-Net [56, 69];

dvigubo démesio U-Net [66].
S5.2.3. Segmentavimo tikslumo vertinimo matai

Pagrindinis naudojamas matas yra Dice jvercio koeficientas (angl. Dice
Score Coefficient, DSC), pasitlytas Klein et al. [41]. Be to, Sioje diser-
tacijoje sitilomas modifikuotas DSC matas, DSC’, leidZiantis jvertinti
kliniSkai priimtina riby neapibréZtuma. Abu Sie matai pateikti lygtyse:

B 2T P DSC — 2T P
 2TP+ FN, + FP, TP+ FN+ FP

F N (toleruojamos negatyvios klaidos) skai¢iuojamos plec¢iant spren-

DSC, (S.1)

dimo segmentacijos tiiri, o F'P; (toleruojamos pozityvios klaidos) — ple-
¢iant anotacijos tari. Plétimo operacija [79] atliekama su 5 mm Ziedo
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formos branduoliu. Taip pat skai¢iuojamas klaidingai teigiamu pacientu
procentas, rodantis pacienty dalj, kuriems modelis ar ansamblis aptin-
ka véZzj, nors anotacijoje jo néra.

Rezultaty skirtumams tarp prostatos zony segmentavimo veiksmu
seky, DNN architektiiry ir prostatos véZzio segmentavimo ansambliy
vertinti taikomi Friedmano testai [27]. Nustacius reikSmingus skirtu-
mus, atliekami post hoc testai: Conoverio testai DNN architekttiroms ir
prostatos vézio segmentavimo ansambliams [20], o prostatos zonu seg-
mentavimo veiksmu seku rezultatams lyginti — Wilcoxono suderintu
rangy testai [82]. P-reikSmeés koreguojamos Benjamini-Hochbergo me-
todu. Skirtumai tarp DSC ir DSC; vertinami dvipusiu Wilcoxono te-
stu. Visuose testuose taikomas 95 % pradinis pasikliovimo lygmuo (rei-
kSmingumo lygmuo - 0,05).

S.3. Duomeny ir eksperimento eiga

Prostatos véZio segmentavimo eksperimentui naudoti T2W, ADC ir
DWI vaizdai su Nacionalinio véZio centro pateiktomis prostatos, biopsi-
ju ir véziniu regionuy kaukémis. Duomenys papildyti prostatos zonu
kaukémis taikant SM4TZPZS veiksmu seka, o véZiniai regionai atrink-
ti, atmetant regionus, esancius >5 mm nuo biopsijos arba su ja nesiker-
tanc¢ius. Galutine imtj sudaro 119 atveju. Taikyta stratifikuota 5 daliu
kryZminé validacija (angl. 5 fold cross-validation), uztikrinant pacienty
su véZiniais regionais pasiskirstyma. Apmokymai vykdyti su paketu
dydZziu, lygiu 4 ir 1000 epochy. DSC ir DSC’ skai¢iuoti 42 pacientams
su véZiniais regionais, o pozityviai klaidingu pacientu procentas — liku-
siems 77 pacientams.

Prostatos zony segmentavimo eksperimentams naudoti T2W vaiz-
dai i$ dvieju Saltiniy: Decathlono (31 atvejis) ir ProstateX (98 atvejai)
[3, 49]. IS ProstateX 88 atvejai skirti mokyti, 10 — testuoti, o Decathlono
duomenys naudoti papildomai testuoti siekiant jvertinti generalizacija
tarp skirtingu duomenu 8altiniy. Apmokymai vykdyti su paketu dy-
dziu, lygiu 2 ir 1000 epochu. Tikslumas vertinamas DSC matu kiekvie-
nai prostatos zonai, PZ ir TZ, atskirai.
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S.4. Rezultatai
S.4.1. Prostatos zonu segmentavimo rezultatai

Vertinant atskirai kiekvienos imties prostatos zonu segmentavimo rezul-
taty (DSC) skirtumu statistinj reikSminguma, atlikti du Friedmano testu
rinkiniai. Pirmasis rinkinys taikytas atskiroms veiksmu sekoms, sie-
kiant nustatyti statistiskai reikSmingus skirtumus tarp DNN architekta-
ry. Rezultatai pateikiami S.1 lenteléje, kur nurodoma prostatos zo-
na, analizuojama veiksmu seka ir atitinkamai gautos p-reiksmes kiek-
vienai testavimo im¢iai. Kadangi visos p-reiksmés, gautos naudojant
ProstateX testavimo imtj, nesieké pasirinkto reikSmingumo lygio, néra
pagrindo atmesti nuline hipoteze. Taip pat Conoverio post hoc testuy,
atlikty su Decathlon testavimo imtimi, rezultaty analizé rodo, kad né
viena DNN architektiira statistiSskai reikSmingai neiSsiskiria i$ kitu. Todeél
statistiSkai reikSminguy skirtumu tarp nagrinéty DNN architektiru rezulta-
tu nenustatyta.

S.1 lentelé. Friedmano testy rezultatu p-reikSmés. Sie testai vertina, ar
tarp lyginamu DNN architektiiry yra statistiskai reiksmingu skirtumu.

Prostatos zona Veiksmu seka ProstateX Decathlon
SMATZPZS 0,524931 0,041336
TZ PSTZSPZC 0,308441 0,120543
SPZTZSM 0,619754 0,001645
SMATZPZS 0,205203 0,050347
Pz PSTZSPZC 0,564541 0,036494
SPZTZSM 0,864760 0,000074

Antrasis Friedmano testu rinkinys taikytas kiekvienai DNN archi-
tekttirai atskirai, siekiant jvertinti skirtumus tarp prostatos zonu seg-
mentavimo veiksmu sekuy. Rezultatai pateikiami S.2 lenteléje, kurios
struktiira tokia pati kaip S.1 lenteléje, taciau vietoje veiksmu sekos nu-
rodoma nnU-Net metode naudojama DNN architektiira.

Kadangi visy testu su ProstateX imtimi p-reikSmeés virsijo reikSmin-
gumo lygi, nuliné hipotezé neatmetama, tad statistiS8kai reikSmingu
skirtumu tarp veiksmu seku rezultaty nenustatyta. Analogiskai keturiu
i$ penkiu TZ segmentavimo testu p-reikSmeés taip pat virsija reikSmin-
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S.2 lentelé. Friedmano testy rezultaty p-reikSmés. Sie testai naudojami
ivertinti, ar tarp lyginamu prostatos zonu segmentavimo veiksmu seku
yra statistiskai reikSmingu skirtumu.

Prostatos DNN architektara ProstateX Decathlon
zona
Tinklinio démesio U-Net 0,904837 0,0672055
Viengubo démesio U-Net 0,272532  0,0145040
Daugiamacio démesio U-Net  0,406570  0,2385126
TZ Dvigubo démesio U-Net 0,904837 0,9048374
U-Net 0,272532  0,2725318
Tinklinio démesio U-Net 0,082085 0,0003465
Viengubo démesio U-Net 0,406570  0,0000019
Daugiamacio démesio U-Net  0,301194  0,0000003
PZ Dvigubo démesio U-Net 0,740818 0,0000551
U-Net 0,904837  0,0000412

gumo lygi, todeél skirtumai laikomi nereikSmingais. O visu PZ seg-
mentavimo testy p-reikSmeés nesiekia reikSmingumo lygio, tad nusta-
tyti statistiSkai reikSmingi skirtumai. Todeél su Decathlono rinkinio PZ
segmentavimo rezultatais atliekami Wilcoxono suderinty rangu post
hoc testai, siekiant nustatyti, kurios veiksmu sekos lemia Siuos skir-
tumus. Siu testy rezultatai pateikti S.3 lenteléje, kur stulpelis ,DNN
architekttira” nurodo DNN architektiira, stulpelis , Lyginimas” nuro-
do, kurios prostatos zonu segmentavimo veiksmu sekos yra lygina-
mos, o stulpelis , p-reik§mé” nurodo p-reikSme, gauta atliekant Wil-
coxono suderinty rangu post hoc testa. Rezultatai rodo, kad PSTZ-
SPZC rezultatai statistiSkai reikSmingai skiriasi nuo kitu veiksmu seku
rezultaty, nes visos p-reik§meés nesiekia reikSmingumo lygio. O lygi-
nant SPZTZSM ir SM4TZPZS rezultatus gauti priestaringi rezultatai:
su dvigubo démesio U-Net ir U-Net nustatyti reikSmingi skirtumai,
o su kitomis DNN architekttiromis — ne, todél statistiskai reikSmingo
skirtumo tarp SM4TZPZS ir bazinés SPZTZSM veiksmu sekos rezultatuy
nustatyti negalima.

S.4 lenteléje pateikiami agreguoti PZ segmentavimo Decathlono
rinkinyje rezultatai. Nurodoma naudota DNN architektiira, prosta-
tos zonu segmentavimo veiksmu seka bei pagrindinés statistikos: vi-
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5.3 lentelé. Wilcoxono suderintu rangu post hoc testuy rezultatai. Sie
testai rodo, kurios prostatos zonu segmentavimo veiksmu sekos lemia
statistiSkai reiksmingus skirtumus segmentuojant periferine zona. Re-
zultatai apskai¢iuoti naudojant Decathlono testavimo rinkinio rezulta-

tus.
DNN architektiira Lyginimas p-reiksme
SPZTZSM - SM4TZPZS  0,3883800
Tinklinio démesio U-Net SPZTZSM - PSTZSPZC 0,0007822

SMA4TZPZS - PSTZSPZC  0,0030005

SPZTZSM - SMATZPZS  0,0694814
Viengubo démesio U-Net SPZTZSM - PSTZSPZC 0,0001776
SMA4TZPZS - PSTZSPZC  0,0000012

SPZTZSM - SM4TZPZS  0,0062173
Daugiamacio démesio U-Net SPZTZSM - PSTZSPZC  0,0025741
SM4TZPZS - PSTZSPZC  0,0000018

SPZTZSM - SM4TZPZS  0,0005177
Dvigubo démesio U-Net SPZTZSM - PSTZSPZC  0,0374298
SMA4TZPZS - PSTZSPZC  0,0004353

SPZTZSM - SM4TZPZS  0,0304844
U-Net SPZTZSM - PSTZSPZC 0,000094
SMATZPZS - PSTZSPZC  0,000059

durkis, standartinis nuokrypis (angl. standard deviation, std), mediana
ir medianinis absoliutus nuokrypis (angl. Median Absolute Deviation,
MAD). Rezultatai rodo, kad didZiausias DSC pasiekiamas naudojant
SMA4TZPZS veiksmu seka.

S.4.2. Prostatos vézio segmentavimo rezultatai

Siame skyriuje déstomi prostatos véZio segmentavimo eksperimenty
rezultatai. Pirmiausia S.5 lenteléje pateikiami surinkti DSC ir DSC’ vi-
durkiai ir standartiniai nuokrypiai. Stulpelis ,Ansamblis / modelis”
nurodo sitiloma ansamblj ir bazinj modelj, stulpelis ,DSC” — agreguo-
tus DSC rezultatus, o stulpelis ,DSC;” — agreguotus DSC; rezultatus.
IS rezultaty aiskéja, kad didZiausia tiksluma pasiekia 3 ansamblis, po
jo — 4 ansamblis. Be to, agreguoti duomenys rodo, kad DSC; verti-
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S.4 lenteleé.

Aritmetinis vidurkis, standartinis nuokrypis, mediana

ir MAD reikSmés apskaiciuotos i$ periferinés zonos segmentavimo

rezultaty, gauty naudojant Decathlono testavimo rinkinj.

DNN architekttra Veiksmy Vidurkis +/- std Mediana +/-
seka MAD
Tinklinio demesio SM4TZPZS  0,6794+/-0,1050 0,6975+/-0,1101
U-Net PSTZSPZC  0,5962+/-0,2169 0,6413+/-0,1010
SPZTZSM 0,6735+/-0,1113 0,6778+/-0,1317
. . . SM4TZPZS  0,6909+/-0,1129 0,7088+/-0,1428
Viengubo démesio
U-Net PSTZSPZC 0,5775+/-0,2438 0,6443+/-0,1181
¢ SPZTZSM 0,6751+/-0,1056 0,6898+/-0,1480
Daugiamacio SM4TZPZS  0,692+/-0,11170 0,7098+/-0,1277
démesio PSTZSPZC  0,5725+/-0,2452 0,6366+/-0,1023
U-Net SPZTZSM 0,6281+/-0,1510 0,6503+/-0,1104
. . . SM4TZPZS  0,6806+/-0,1265 0,7205+/-0,1261
Dvigubo démesio
U-Net PSTZSPZC  0,5221+/-0,2635 0,6322+/-0,0973
SPZTZSM 0,6395+/-0,1323 0,6732+/-0,1134
SM4ATZPZS 0,6978+/-0,1075 0,7249+/-0,1766
U-Net PSTZSPZC  0,5376+/-0,2643 0,6333+/-0,0994
SPZTZSM 0,6684+/-0,1165 0,6692+/-0,1208

na palankiau uz jprasta DSC. Tai patvirtina, kad DSC; metrika apima

leistinus segmentavimo riby nuokrypius ir yra atsparesné nedideliems

kontiary neatitikimams.

S.5 lentele. Prostatos véZio segmentavimo rezultatu vidurkis ir stan-

dartinis nuokrypis (DSC’ ir DSC).

Ansamblis / modelis

DSC

DSC;

1 ansamblis
2 ansamblis
3 ansamblis
4 ansamblis
Bazinis modelis

0,1613 +/-0,2271
0,1828 +/- 0,2381
0,2264 +/- 0,2611
0,2155 +/- 0,2580
0,1787 +/- 0,2387

0,2116 +/-0,3015
0,2512 +/-0,3269

0,2977 +/- 0,3443
0,2829 +/-0,3395
0,2360 +/-0,3152

Friedmano testai (p = 0,003107 su DSC; ir p = 0,00067 su DSC)
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leidzia atmesti nuline hipoteze, nes parodo reik§mingus skirtumus tarp
ansambliy ir bazinio modelio rezultaty. Todél taikomi Conoverio post
hoc testai, o ju rezultatai pateikti S.6 lenteléje, kur stulpelis , Lyginimas”
nurodo, kurie ansambliai ar bazinis modelis yra lyginami. Stulpeliai
,p-reiksmé” nurodo testo rezultato p-reikSme, skliausteliuose nurodo-
mas naudotas matas. Kadangi p-reikSmés nesiekia reik§mingumo ly-
gio, nustatyti statistiS8kai reikSmingi skirtumai tarp bazinio modelio ir
3 ansamblio bei 4 ansamblio rezultaty, taciau tarp bazinio modelio ir
1 ansamblio bei 2 ansamblio rezultaty skirtumu nenustatyta. Taip pat
reik§mingu skirtumuy néra tarp 3 ansamblio ir 4 ansamblio rezultaty
bei tarp 1 ansamblio ir 2 ansamblio rezultaty. Vis délto statistiniai te-
stai su DSC jver¢iais rodo, kad 1 ansamblis ir 2 ansamblis reikSmingai
skiriasi nuo 3 ansamblio ir 4 ansamblio, o testai su DSC; jver¢iais tokiy
skirtumu neatskleidZia.

S.6 lentelé. Conoverio post hoc testy rezultatai prostatos véZzio segmen-
tavimo uzduotyje. Kiekvienai pateiktai p-reikSmei naudotas matas nu-
rodytas skliaustuose.

Lyginimas p-reiksmé (DSC) p-reiksme (DSC;)
1 ansamblis - 2 ansamblis 0,7059 0,5352
1 ansamblis - 3 ansamblis 0,0079 0,0189
1 ansamblis - 4 ansamblis 0,0179 0,0656
1 ansamblis - Bazinis modelis 0,7059 0,5758
2 ansamblis - 3 ansamblis 0,0148 0,0741
2 ansamblis - 4 ansamblis 0,0462 0,2490
2 ansamblis - Bazinis modelis 0,6042 0,2533
3 ansamblis - 4 ansamblis 0,7059 0,5710
3 ansamblis - Bazinis modelis 0,0043 0,0069
4 ansamblis - Bazinis modelis 0,0096 0,0189

1 ansamblis, 2 ansamblis, 3 ansamblis, 4 ansamblis ir bazinis mo-
delis atitinkamai pasiekia 24,68 %, 28,57 %, 35,06 %, 27,27 % ir 19,48
% pozityviai klaidingy pacientu. Sis matas rodo, kad bazinis modelis
segmentuoja prostatos vézj darydamas maziausiai klaidu.

Wilcoxono suderinty rangu testy, nustatanciy skirtumo tarp DSC
ir DSC; statistinj reikSminguma, rezultaty p-reikSmeés yra 0,000132,
0,000027, 0,000012, 0,000027 ir 0,000132, gautos atitinkamai su 1 an-
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sambliu, 2 ansambliu, 3 ansambliu, 4 ansambliu ir baziniu modeliu.
Kadangi visos p-reikmés nesiekia reikSmingumo lygio, nuliné hipo-
tezé atmetama, o tai rodo statistiskai reikSminga skirtuma tarp lyginamu
maty.
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BENDROSIOS ISVADOS

Sioje disertacijoje pasitlyti nauji giliojo mokymosi metodai prostatos
zonoms ir prostatos véZiui segmentuoti. Konkreciai disertacijoje at-
likta: (a) Siuolaikiniuy prostatos zonuy ir prostatos véZio segmentavi-
mo metodu apZvalga, atskleidZiant no-new U-Net metodo patikimuma
medicininiy vaizdu segmentavimo uzdaviniuose; (b) pasitlytas me-
todas démesio mechanizmams integruoti i nnU-Net metoda, kei¢iant
iprasta U-Net architektiira i démesio mechanizmus naudojancias archi-
tekttiras; (c) pasitilytos kelios prostatos zonu segmentavimo veiksmu
sekos, pagristos nnU-Net metodu; (d) palyginti pasitilytu veiksmu seku
ir nnU-Net modifikaciju segmentavimo tikslumai kartu su siuo metu
naudojamo prostatos zonuy segmentavimo sprendimo tikslumu; (e) pa-
sitilyti keli prostatos véZio segmentavimo ansambliai, naudojantys no-
new U-Net metoda ir prostatos zonu informacija; (f) palyginti pasitilytu
ansambliu segmentavimo tikslumai kartu su Siuolaikiniais prostatos
véZzio segmentavimo sprendimais; (g) pasitlyta DSC modifikacija, DSC,
kuri atsizvelgia i didele tarpstebétojine variacija prostatos véZzio anota-
cijose; (h) palygintas pasitilytas prostatos vézio segmentavimo rezultaty
vertinimo matas, DSC’, su standartiniu DSC matu. Pagrindinés iSva-
dos:

1. Siame darbe pateikti rezultatai rodo, kad klasikinj U-Net pakeitus
démesio mechanizmais paremtomis U-Net variacijomis nnU-Net
metode, statistiSkai reikSmingu segmentavimo rezultaty skirtumu
nepastebima nei vertinant bendra tiksluma, nei generalizuojamu-
ma tarp skirtingy Saltiniu duomenu rinkiniu. Atsizvelgiant i tai,
kad démesio mechanizmai padidina skai¢iavimo sanaudas, klasi-
kiné U-Net architektiira islieka praktiskiausias pasirinkimas nnU-
Net metode.

2. Pasitlyta prostatos zonu segmentavimo veiksmu seka, SM4TZPZS,
pasiZyméjo geresniu generalizuojamumu tarp skirtinguy Saltiniy
duomeny rinkiniy uz kitas lygintas veiksmu sekas ir pasiekeé sta-
tistiSkai reikSmingai aukstesnj segmentavimo tiksluma uz PSTZ-
SPZC. Nors statistiSkai reikSmingo skirtumo su SPZTZSM ne-
nustatyta, SM4TZPZS daugumoje generalizuojamumo vertinimu
nuosekliai prilygo bazinei veiksmu sekai arba ja pranoko. DSC
vidurkio geréjimai sieké nuo 0,3 % iki 5,2 % TZ srityje ir nuo 0,6 %
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iki 6,4 % PZ srityje tarp visu palygintu DNN architektirose. DSC
medianos geréjimai svyravo nuo 0,1 % iki 2,6 % (TZ) ir nuo 1,9 %
iki 5,9 % (PZ), o tik dviem atvejais fiksuotas neZymus maZéjimas
- 0,02 % (DSC mediana) ir 1,3 % (DSC vidurkis).

. 4 ansamblis identifikuotas kaip tinkamiausias sprendimas prosta-
tos véZio segmentavimo uzdaviniui, statistiSkai reikSmingai pra-
nokes bazinj modelj, 1 ansamblj ir 2 ansamblj pagal agreguo-
tus DSC ir DSC, matus nuo 3,17 % iki 7,13 %. Nors 3 ansamb-
lis pasieké 1 % aukStesnius agreguotus matus, skirtumas nebu-
vo statistiSkai reikSmingas, o 4 ansamblis pasiZyméjo reikSmin-
gai mazesniu klaidingai teigiamuy pacienty skai¢iumi. Kadangi
pagrindinis vertinimo kriterijus buvo segmentavimo tikslumas,
kity metodu klaidingai teigiamu pacientu skai¢ius nebuvo laiko-
mas reik§mingu veiksniu. Be to, 4 ansamblis susideda i$ dvieju
modeliy, o 3 ansamblis — i$ triju.

. Pasitilytas matas, DSC>, atsiZvelgia i prostatos véZio anotaciju
tarpstebétojine variacija. Gauti rezultatai rodo, kad DSC; nuo-
sekliai suteikia statistiskai reikSmingai aukstesnes jverciy reikSmes
uz DSC, o tai leidzia daryti prielaida, kad $is matas bent i$ dalies
kompensuoja anotaciju paklaida. Visu vertinty ansambliy bei ba-
zinio modelio atveju DSC; vidurkis virsijo DSC vidurkij nuo 5,03
% iki 7,12 %, o mediany skirtumas svyravo nuo 0,09 % iki 0,79
%. Bazinio modelio ir 1 ansamblio atveju DSC ir D.SC; medianos
sutapo.
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