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Chapter

Introduction

1.1 Motivation

The introduction of magnetic resonance imaging (MRI) into the prostate cancer (PCa)
diagnostic pathways has been a major development (Lomas and Ahmed, 2020; Turkbey
and Choyke, 2018). Its capability to localize suspicious lesions through the entire prostate
gland paved the way for more accurate biopsy, ultimately leading to increased sensitivity
and reduced false negative rate for the detection of clinically significant PCa (csPCa)
(Ahdoot et al., 2020; Siddiqui et al., 2015; Ahmed et al., 2017; Valerio et al., 2015). Biopsy
risks — such as infection, pain, and bleeding — are also reduced, either due to the reduced
number of biopsy cores required (Valerio et al., 2015), or because the biopsy can be omitted
in the case of a negative MRI (Ahmed et al., 2017).

The interpretation of MRI images has been standardized by the Prostate Imaging
Reporting and Data System (PI-RADS), currently in its second version (Weinreb et al.,
2016; Turkbey et al., 2019). PI-RADS has been widely adopted because it is not only
a standardized scoring system for the recommendation of subsequent biopsy, but it
also contains recommendations on technical specifications of image acquisition (Engels
et al., 2020), provides a framework for education of radiologists (Israél et al., 2020), and
fosters active communication between radiologists and urologists (Venderink et al., 2020;
Immerzeel et al., 2022).

Although PI-RADS has become a widely-accepted standard (Barentsz et al., 2016),
interreader variability still remains high (Westphalen et al., 2020). Furthermore, the
diagnostic accuracy for lesions scored as intermediate and high risk (PI-RADS 3 and 4)
is still not ideal, along with a considerably high false positive rate due to image features
related to benign hyperplasia, inflammation, prior trauma, and infection (Turkbey and
Choyke, 2018; Panebianco et al., 2018). In addition to difficulties in the stratification
between benign and malignant tissue conditions, there are practical challenges, too. The
diagnostic performance is dependent on radiologist expertise (Kasel-Seibert et al., 2016)
and highly influenced by the MRI image quality, which can vary significantly between
different imaging settings (De Rooij et al., 2024; Giganti et al., 2020; Woernle et al., 2024).
Inappropriate magnetic field gradient strength, patient motion, and strong transitions in
the material properties (referred to as tissue susceptibility, like metal-tissue and air-tissue
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Chapter 1. Introduction

transitions) can lead to imaging artifacts. All of these conditions contribute to a highly
complex and time-consuming process containing subjective and expertise-dependent
factors.

Addressing these challenges, artificial intelligence (Al)-based computer-aided di-
agnosis (CAD) systems recently gained huge interest in the interpretation of prostate
MRI sequences (Bhattacharya et al., 2022; Twilt et al., 2021). Deep learning (DL)-based
convolutional neural networks (CNNs) have been proven to be a powerful technology in
the field of medical image analysis by being useful in many complex clinical problems
(Zhou et al., 2020). Approaches based on semantic segmentation are currently the most
popular in the biomedical image analysis community due to their inherent interpretability
and clinical value (Maier-Hein et al., 2018; De Fauw et al., 2018; Bernard et al., 2018;
Nikolov et al., 2021). The self-configuring framework nnU-Net (Isensee et al., 2021) has
made semantic segmentation even more applicable while providing a state-of-the-art
performance (Ma, 2021).

Currently, the most successful CAD systems for PCa diagnosis use the approach of
semantic segmentation to predict a heatmap image with high values correlating to the
presence of malignant PCa lesions (Alkadi et al., 2019; Arif et al., 2020; Bosma et al., 2021a,b,
2023; Cao et al., 2019; De Vente et al., 2020; Hosseinzadeh et al., 2021; Kohl et al., 2017;
Netzer et al., 2023, 2021; Saha et al., 2021a,b; Sanyal et al., 2020; Schelb et al., 2019, 2021).
Supporting radiologists with Al in reading prostate MRI scans has been shown not only to
increase diagnostic accuracy, but also to reduce reading time and more importantly inter-
rater variability (Winkel et al., 2021; Penzkofer, 2024). These systems, when operating
alone, have also been shown to perform comparably to radiologists (Cao et al., 2019;
Netzer et al., 2021; Schelb et al., 2021, 2019) or even outperform radiologists with a certain
level of expertise on large- and international scale (Saha et al., 2024).

Despite the outstanding progress in computer-aided PCa diagnosis in recent years,
there is still significant room for improvement before these systems can be confidently
established as superior to expert radiologists. Radiologists possess a distinct advantage
due to their specialized training, which not only focuses on analyzing rare and special
cases but also incorporates an awareness of challenging circumstances that can influence,
distort, or limit the diagnostic information obtained during imaging (Rosenkrantz, 2016;
Vilanova et al., 2018). This advantage is particularly evident considering that state-of-
the-art CAD systems for PCa diagnosis use relatively small datasets, which typically
consist of some hundreds or some thousands of exams, in contrast to the hundreds of
thousands or millions of images available in the natural image processing domain (Deng
et al., 2009; Lin et al., 2014). However, these studies have predominantly focused on
improving predictive performance through the application of well-established model-
centric techniques — such as optimized training procedures, architectural modifications,
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1.1. Motivation

and post-processing strategies — while paying comparatively less attention to the intrinsic
characteristics of the data itself. Consequently, these systems are lagging behind in the
diagnostic performance of highly skilled radiologists. To bridge this gap, addressing data-
related challenges — such as patient-specific factors and variability in imaging conditions —
into AI model training could enhance the robustness and generalizability of these systems.

Data-centric Challenge #1: Functional soft tissue deformations

One important data-related challenge that radiologists account for but is highly over-
looked in Al model training is soft tissue deformations. The geometrical appearance
of the prostate is constantly altered by muscle contractions, respiration, and primarily
the physiological function of the directly adjacent organs, the bladder and the rectum
(Boubaker and Ganghoffer, 2017). Among these sources, the influence of the rectum on
the prostate is especially prominent due to its large motion (Boubaker and Ganghoffer,
2017) and the fact that around 70 % of the lesions are located in the adjacent peripheral
prostate zone (PZ) (Ali et al., 2022). Furthermore, several studies have demonstrated a
detrimental effect of rectal filling and distension with increased distortion and motion
artifacts, ultimately leading to a decrease in image quality (Arnoldner et al., 2022;
Caglic et al., 2017; Plodeck et al., 2020) These anatomical alterations further increase
the already high variability in prostate lesion size and shape originating from the
inherent tumor characteristics (Turkbey and Choyke, 2018), both of which significantly
influence the assessment of prostate lesions on MRI according to PI-RADS (Chesnais
et al., 2013; Turkbey et al., 2019).

However, each exam in the training datasets provides only one snapshot of all possible
prostate morphologies arising from continuous functional soft tissue deformations,
which cannot be identically captured in any repeat or subsequent examinations. Given
prostate MRI datasets are limited in size (Bhattacharya et al., 2022; Twilt et al., 2021),
such morphological changes can be underrepresented. That limits Al model ability to
generalize across the full spectrum of lesion characteristics. To address this limitation,
data augmentation (DA) (Shorten and Khoshgoftaar, 2019) is essential in the success
of data-hungry DL-based approaches in medical image analysis. More importantly,
DA provides an opportunity to introduce inductive bias into model training, such as
incorporating soft tissue deformations to increase morphological diversity. Despite
this potential, the DA schemes employed in state-of-the-art approaches for PCa di-
agnosis rely on simplistic spatial transformations — such as translation, rotation, and
scaling — that affect the images globally, but introduce no local tissue deformations,
thereby leaving the morphological diversity of the data unchanged.
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Data-centric Challenge #2: Image misalignments between MRI sequences

Another data-related challenge where radiologists’ cognitive ability plays an especially
crucial role in accurate diagnosis is image misalignments between MRI modalities®.
However, it has gotten less attention in Al model development.

Following PI-RADS, standard prostate MRI imaging employs a multi-parametric
MRI (mpMRI) protocol. This involves capturing multiple modalities such as T2w,
DWI, and DCE. Each MRI modality provides complementary information about
the prostate tissue that is essential for a comprehensive diagnosis (Weinreb et al.,
2016). However, performing mpMRI inevitably results in misalignments between
the sequences. The scan itself takes at least 20 min, but typically 30-45 min (Alkadi
et al., 2019; Giganti et al., 2022; Hotker et al., 2022; Kuhl et al., 2017). This especially
long examination time is sufficient for global body position changes due to patient
movements, as well as various involuntary soft tissue deformations discussed in
Data-centric Challenge #1, even for slow processes like bladder filling. Moreover,
geometric differences arise between MRI sequences due to shifted tissue boundaries
caused by unique sequence contrast characteristics (Brown et al., 2014) and sequence-
specific image artifacts, particularly between the T2w and DWI sequences (De Rooij
et al., 2024; Giganti et al., 2020; Woernle et al., 2024).

Radiologists cognitively compensate for these misalignments by matching informa-
tion across sequences, but it remains unclear whether Al models have this capability.
Clinical segmentations used as lesion ground truth on one MRI sequence will be unin-
tentionally inaccurate on other sequences due to multi-modal image misalignments,
particularly for smaller punctate lesions. As a consequence, these geometrical inaccu-
racies between the ground truth and certain sequences can reduce CAD performance,
particularly approaches relying on semantic segmentation, which are dependent on
spatial information. In multi-modal approaches, co-registration of the image modal-

*To ensure consistency and clarity in this dissertation for readers from all relevant fields, I use the
term MRI modality to refer to MRI contrast mechanisms, which describe different MRI techniques based
on their underlying contrast properties, such as T2-weighted (T2w) imaging for spin relaxation, diffusion-
weighted imaging (DWI) for diffusion, and dynamic contrast-enhanced imaging (DCE) imaging for perfusion.
Although the term modality traditionally refers to distinct imaging techniques (e.g., CT, MRI, PET), different
MRI contrast mechanisms provide complementary tissue characteristics (Brown et al., 2014; Kirimtat et al.,
2020; Yang et al., 2020) that are particularly relevant for PCa diagnosis and assessment. This usage aligns with
image co-registration terminology, which is a key aspect of this dissertation, where different MRI contrast
mechanisms have to be considered as multi-modal images from a technical perspective. Additionally, I use
the term MRI sequence to refer to the specific pulse sequence (e.g., free induction decay (FID), saturation
recovery, spin echo (SE), gradient echo (GRE)) used to achieve a particular contrast characteristic. Following
this terminology, details related to sequence design and imaging contrast based on tissue properties can be
clearly distinguished, reducing ambiguity.
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1.2. Background

ities is typically performed as a preprocessing step to achieve better alignment of
all sequences with the ground truth segmentation. However, there is no consensus
among research groups on the necessity of registration, and its influence on diagnostic
performance has not yet been explored. Moreover, image registration is inherently
imperfect, especially in prostate MRI, due to factors such as highly anisotropic voxel
dimensions, substantial local soft tissue deformations, and susceptibility artifacts. As
a result, residual misalignments persist even after registration. Strategies to handle
those remaining alignment errors, as well as strategies alternative to registration, have
not been explored so far.

Addressing these complex data-related challenges, particularly soft tissue deforma-
tions and image misalignments between MRI sequences during Al model training for PCa
diagnosis could increase diagnostic performance and narrow the gap to expert radiolo-
gists. This work underscores the importance of moving beyond traditional model-centric
strategies toward a more holistic integration of data-centric approaches in Al model
development.

1.2 Background

This section introduces the fundamental knowledge necessary to understand the com-
plexity of the problems addressed in this thesis. First, it outlines the complex diagnostic
pathway of PCa in Section 1.2.1, detailing each examination or intervention step and the
clinical information derived from it. As the technical methods developed in this thesis
are applied to prostate MRI images, Section 1.2.2 further describes the mpMRI sequences
used, providing insight into the corresponding imaging contrasts and their implications
for multi-modal alignment errors and soft tissue deformations. Finally, Section 1.2.3
introduces the fundamentals of current state-of-the-art prostate MRI image analysis by
presenting the deep learning pipeline for multi-modal image analysis using CNNs.
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1.2.1 Diagnostic Pathway of Prostate Cancer

Prostate cancer (PCa) is one of the most common cancers affecting men worldwide. Ac-
cording to GLOBOCAN (Bray et al., 2024), PCa was the second most frequently diagnosed
cancer with an incidence of 14.2 %, the fifth leading cause of cancer-related mortality
with 7.3 % of cancer deaths, and the most frequently diagnosed cancer in 118 out of 185
countries (see Fig. 1.1) among men in 2022.

Incidence, males

Prostate (118) Stomach (8)

Lung (33) Lip, oral cavity (3) " -
Liver (11) Kaposi sarcoma (2)

Colorectum (9) Esophagus (1)

- No data :] Not applicable

The boundaries and names shown and the designations used on this map do not imply the ion of any opinion Data source: Globocan 2022 \tf/ \\J, World Health
on the part of the World Health Organization concerning the legal status of any country, territory, city or area or of its authorities, Map production: IARC A% 3 Organization
or concerning the delimitation of its frontiers or boundaries. Dotted and dashed lines on maps represent approximate border lines World Health Organization e

for which there may not yet be full agreement. © WHO 2022. All rights reserved

Figure 1.1: Statistics on the most common cancer type by incidence in men, based
on data from the GLOBOCAN 2022 report. In 118 out of 185 countries indicated in M
green, prostate cancer had the highest incidence rate among all cancer types. The image
is adapted from the original publication (Bray et al., 2024) with permission from the
publisher John Wiley and Sons.

Given its high incidence, the diagnostic pathway for PCa remains a focus for continu-
ous improvement to enhance early detection and clinical outcomes. The current diagnostic
pathway of PCa is complex and involves multiple steps, including standard urological
first-line examinations, radiological imaging and assessment, image-guided urological
interventions, and histopathological evaluation. This subsection introduces all the steps of
the current diagnostic pathway, as depicted in Fig. 1.2.
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Figure 1.2: The diagnostic pathway of prostate cancer. The figure illustrates the diagnostic
workflow across three main stages, shown from left to right: (1) Early detection of prostate
cancer includes digital rectal examination (DRE) and prostate-specific antigen (PSA)
testing during routine urological evaluation. If either DRE findings are suspicious or PSA
levels are elevated, the patient is referred for further examination. (2) Prostate MRI, along
with Prostate Imaging Reporting and Data System (PI-RADS) assessment, has become a
widely accepted standard for evaluating the presence of potential prostate cancer lesions
prior to biopsy. Each suspicious lesion is scored by prioritizing specific MRI modalities
based on its zonal location. Patients with lesions scored as PI-RADS > 4 are referred for
biopsy, while those with lower scores undergo discussion regarding further surveillance
or PSA-based follow-up biopsy. (3) Suspicious lesions identified on multiparametric
MRI are directly targeted by the biopsy needle. The extracted tissue samples undergo
histopathological assessment using the Gleason Group Grading system, which currently
holds the highest prognostic value in clinical practice and is considered the gold standard
for grading prostate cancer aggressiveness. The MRI scanner is adapted CCO0 1.0, the
histopathology image is adapted CC BY-SA 3.0, and the trans-rectal biopsy figure from
Cancer Research UK uploader is adapted CC BY-SA 4.0, all via Wikimedia Commons. The
MRI images are taken from our previously published work Kovacs et al. (2023b), reused
under the Creative Commons Attribution 4.0 License.
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Chapter 1. Introduction

First-line Examinations

Digital rectal examination (DRE) is a routine procedure performed during a urological visit.
The clinician physically examines the prostate gland by inserting a finger into the rectum,
assessing for physical abnormalities such as gland enlargement, signs of induration, or
contour irregularities. The findings from DRE can indicate whether further diagnostic
evaluation is necessary, but its prognostic value for PCa lacks accuracy, and its overall
benefit is questionable (Bouras, 2024; Shish and Zabell, 2024; Ying et al., 2023).

Screening for PCa underwent a major change with the introduction of prostate-specific
antigen (PSA) testing as a first-line examination. PSA is a protein primarily expressed
in prostatic tissues, and its serum levels correlate to some extent with the presence of
malignant tissue in the prostate (Carvalhal et al., 2010; Lojanapiwat et al., 2014; Vickers
et al., 2010).

Both suspicious findings from DRE or an elevated PSA level (typically > 3—4ng/mL)
reffer for further examination. First-line examinations contribute to a cost-effective process
improving early PCa detection and thereby reducing the incidence of advanced-stage diag-
noses and mortality. However, their specificity is limited, leading to a risk of overdiagnosis
(Banerjee et al., 2016; Ilic et al., 2018), particularly for patients with benign hyperplasia
or inflamatic conditions, as well as in cases of tumors that would never have become
symptomatic, resulting in unnecessary treatment and side effects such as incontinence
and impotence following surgery.

Multiparametric Prostate MRI and PI-RADS

Before the introduction of MRI into the diagnostic pathway, patients with suspected PCa
following first-line examinations underwent systematic transrectal ultrasound (TRUS)-
guided biopsy. This procedure involves obtaining prostate tissue samples transperineal
or transrectal, using a biopsy needle, guided by ultrasound (US), following a predefined
pattern and a fixed number of biopsy cores. However, systematic TRUS-guided biopsy
alone is suboptimal due to frequent false-negative findings due to the following aspects:
First, systematic biopsy has difficulties to sample from the entire prostate gland by design,
particularly the anterior apex (Moussa et al., 2010). More importantly, the tissue contrast
of the systematic TRUS-guided biopsy is insufficient to detect all csPCa lesions, especially
small tumors (Ahmed et al., 2017). Increasing the number of biopsy cores improves the
ability to detect smaller lesions by enhancing spatial sampling density. However, this
also simultaneously increases the risk of complications, including infections (e.g., sepsis),
antibiotic resistance, reduced sexual function, and urinary dysfunctions such as urinary
retention (Miah et al., 2018; Loeb et al., 2013). Additionally, this approach ultimately
contributes to overdiagnosis of insignificant PCa. To overcome these limitations, MRI has
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1.2. Background

been proposed as a noninvasive imaging modality prior to urological interventions (see
Fig. 1.2).

MRI is becoming a standard pre-biopsy examination to assess the presence of potential
PCa lesions for subsequent TRUS-guided biopsy (Barentsz et al., 2016). The technical
specifications and interpretation of prostate MRI have been standardized by the Prostate
Imaging Reporting and Data System (PI-RADS) (Weinreb et al., 2016; Turkbey et al., 2019).
Due to the high heterogeneity of csPCa, and to distinguish it from clinically insignificant
PCa and benign pathological tissues, PI-RADS recommends acquiring prostate MRI in a
multiparametric (multi-modal*) fashion. mpMRI integrates multiple imaging contrasts,
including;:

¢ high-resolution T2-weighted (T2w) imaging, rich in morphological detail, for
anatomical assessment,

* functional Diffusion-Weighted Imaging (DWI) and its derived Apparent Diffusion
Coefficient (ADC) map, for physiological assessment (diffusion tissue properties),

* Dynamic Contrast-Enhanced (DCE) MR], for perfusion assessment.

The technical specifications and sequence properties of these modalities are discussed in
detail in Section 1.2.2.

The MRI modalities are used in PI-RADS assessment through a prostate zone-specific
decision tree, which determines the overall PI-RADS score (see Fig. 1.3). Each detected
lesion is graded on a 5-point Likert scale, reflecting the risk of csPCa based on its zonal
location:

* For transitional prostate zone (TZ) lesions, the primary imaging modality is T2w
imaging, but the current PI-RADS v2.1 (Turkbey et al., 2019) also recommends DWI
assessment:

— If alesion is assigned a score of 2, it is upgraded to a 3 if the DWI score is higher
than 4.

— If a lesion is assigned a score of 3, it is upgraded to a 4 if the DWI score is 5.

¢ For peripheral zone (PZ) lesions, the DWI image is the primary modality. Addition-
ally, if a lesion receives a score of 3, it is upgraded if the DCE image is suspicious.
However, the role of DCE imaging in PI-RADS remains under debate, with increas-
ing support for biparametric abbreviated protocols that exclude contrast-enhanced
imaging (Gatti et al., 2019; Kuhl et al., 2017; Liang et al., 2020; Penzkofer, 2024;
Tavakoli et al., 2023; Twilt et al., 2025; Zawaideh et al., 2020).
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PI-RADS assessment
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Figure 1.3: Prostate Imaging Reporting and Data System (PI-RADS) assessment uti-
lizing MRI modalities in a prostate zone-specific decision tree. Lesions are graded
on a 5-point Likert scale based on their risk of csPCa and zonal location. For transition
zone (TZ) lesions, T2-weighted (T2w) imaging is the primary modality, but PI-RADS v2.1
(Turkbey et al., 2019) also incorporates diffusion-weighted imaging (DWI) assessment,
allowing score upgrades based on DWI findings. For peripheral zone (PZ) lesions, DWI
is the dominant modality, with potential upgrades based on dynamic contrast-enhanced
imaging (DCE). However, the role of DCE remains debated, with growing support for
biparametric protocols that exclude contrast-enhanced imaging (Gatti et al., 2019; Kuhl
et al., 2017; Liang et al., 2020; Tavakoli et al., 2023; Twilt et al., 2025). The figure is created
by following the current PI-RADS v2.1 guidelines (Turkbey et al., 2019)
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1.2. Background

After grading all suspicious lesions, the lesion with the highest PI-RADS score deter-
mines the final PI-RADS score for the patient and thereby the necessity of subsequent
biopsy, which varies on a case-by-case basis and across different clinical practices. For
patients at low-risk for PCa — typically with PI-RADS 1 and 2 — MRI has contributed to
reducing overtreatment and biopsy-related risks — such as infection, pain, and bleeding —
by ruling out PCa instead of immediate systematic TRUS-guided biopsy (Ahmed et al.,
2017). In contrast, patients with high-risk lesions (typically PI-RADS 4 and 5) are referred
for biopsy. Ambiguous PI-RADS 3 cases require more detailed multidisciplinary risk strat-
ification by radiologists and urologists where the decision highly relies on the PSA-density
(Schoots and Padhani, 2020). This can also change decision-making in low-risk PI-RADS 1
and 2 cases.

It is important to note that the diagnostic accuracy on MRI for intermediate- and high-
risk lesions (PI-RADS 3 and 4) remained low, with a considerably high false-positive rate
due to imaging features associated with benign prostatic hyperplasia, inflammation, prior
trauma, and infection (Panebianco et al., 2018; Turkbey and Choyke, 2018). Therefore, MRI
alone is insufficient for a definitive diagnosis, but it highly influences the success of the
subsequent diagnostic step, the biopsy procedure. mpMRI has enabled precise localization
of suspicious lesions throughout the entire prostate gland, paving the way for targeted
lesion biopsy. The introduction of targeted biopsy has led to an overall improvement
in diagnostic performance (Hugosson et al., 2022), which is discussed in the following
subsection.

Although the treatment of csPCa is beyond the scope of this dissertation, it is important
to note that prostate MRI also plays a crucial role in emerging PCa treatments, including;:

¢ guidance for focal therapy (Ghai et al., 2024),
* treatment planning for radiation therapy (Kerkmeijer et al., 2021),

¢ surgical planning for radical prostatectomy (Marenco et al., 2019; Shirk et al., 2022).

Targeted Biopsy

Suspicious lesions identified on mpMRI by radiologists can be directly targeted by the
biopsy needle, either as an alternative to or in combination with systematic biopsy, which
involves sampling the entire prostate gland, as discussed in the previous subsection. The
ability to perform targeted biopsy has led to increased sensitivity and a significantly
reduced false-negative rate in detecting csPCa (Ahdoot et al., 2020; Ahmed et al., 2017;
Hugosson et al., 2022; Puech et al., 2013; Siddiqui et al., 2015; Valerio et al., 2015). Addi-
tionally, it has resulted in a reduction in the number of biopsy cores required (Valerio et al.,
2015), thereby lowering biopsy-related risks.
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To guide targeted biopsy, three main techniques are used in clinical practice, listed in
order of increasing complexity:

1. Cognitive targeted biopsy: The urologist cognitively registers and aligns the infor-
mation from the preoperative mpMRI with the US image to target the suspicious
lesions, which may not be directly visible on the US image (Ouzzane et al., 2011;
Puech et al., 2013). Due to its reliance on the urologist’s interpretation, this technique
is also referred to as visual estimation. The main advantage of this technique is its
simplicity, as it does not require additional equipment. However, its effectiveness
depends on the urologist’s experience and ability to interpret MRI images accurately.

2. MRI-TRUS fusion targeted biopsy: This approach utilizes computer-aided guid-
ance, where the prostate and suspicious lesions delineated on MRI are registered
in real-time to the US image with additional guidance provided for biopsy needle
placement (Pinto et al., 2011; Puech et al., 2013). Although this method incorporates
automated guidance, the accuracy of the intervention depends on the quality of
MRI lesion delineation and, more importantly, on the precision of the registration
algorithm. Due to strong localized soft tissue deformations caused by pressure from
the US probe, the method is prone to registration errors, which represents its main
limitation.

3. In-bore MRI targeted biopsy: This technique provides direct MRI guidance, allow-
ing lesions to be targeted within the MRI scanner (Beyersdorff et al., 2005; Woodrum
et al.,, 2016). It is considered the most accurate approach, as it eliminates cognitive
errors and MRI-TRUS registration inaccuracies, ensuring precise needle positioning.
However, this method is also the most resource-intensive, requiring long inter-
vention time, MRI-compatible (non-ferromagnetic) biopsy equipment, access to an
additional MRI scanner dedicated to interventions separate from diagnostic imag-
ing, and synchronized collaboration between radiologists and urologists. Due to its
complexity, in-bore targeted biopsy is not widely adopted in clinical practice.

Although these approaches differ significantly in their clinical and technical procedures,
there is currently no strong evidence that they significantly differ in diagnostic perfor-
mance (Monda et al., 2018; Puech et al., 2013; Wegelin et al., 2017; Wysock et al., 2014).
The choice of technique should be carefully considered by each clinic based on available
resources, expertise, and learning curves (Kasabwala et al., 2019; Meng et al., 2018), while
also assessing both diagnostic performance and cost-efficiency, including the time required
for training and implementation.
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Histopathologic Assesment

The tissue samples extracted during the biopsy procedure (or radical prostatectomy) un-
dergo histopathological assessment under a microscope, where a histopathologist grades
them to evaluate PCa aggressiveness. The grading process follows the Gleason grading
system (Gleason and Mellinger, 1974), which is based on morphological assessment and
evaluates the degree of cellular differentiation on a 5-point scale, each representing a
distinct Gleason pattern. Normal cells exhibit uniform shape and well-differentiated
glandular structures, whereas malignant tissue is characterized by heterogeneous cellular
morphology, poor or absent gland formation, and stromal invasion. The Gleason patterns
are illustrated in Fig. 1.4.

The Gleason Score (GS) is composed of two Gleason patterns (primary + secondary)
identified in the histopathological sample (Epstein, 2010; Epstein et al., 2016b; Humphrey,
2004):

¢ Prostatectomy specimens: The most prevalent Gleason pattern is reported as the
primary, while the second most common pattern is reported as the secondary. This
approach provides better prognostic discrimination by reflecting proportional com-
position.

* Biopsy specimens: The most prevalent Gleason pattern is also reported as the
primary. However, the worst (highest-grade) pattern observed is reported as the
secondary, being present in any amount. This adjustment compensates for the more
limited sampling in biopsies compared to prostatectomy specimens.

This dual distinction is crucial, as seen in cases such as the score of 7 (3+4=7a vs. 4+3=7b),
where a higher proportion of pattern 4 indicates a worse prognosis. Although the GS
ranges from 2 to 10, in clinical practice, the lowest assigned score for malignancy is 6.
Furthermore, scores of 9 and 10 do not show significant prognostic differences. To improve
risk stratification, a Gleason Grade Group (GGG) with a 5-point scale has been proposed
to reduce patient anxiety and overtreatment (Epstein et al., 2016b). In modern urology,
GGG >2 lesions are commonly classified as csPCa, while GGG 1 is generally considered
as clinically insignificant (Hugosson et al., 2022), although multiple definitions exist. An
overview of the relationship between Gleason patterns, GSs, and GGGs is provided in
Tab. 1.1.
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Figure 1.4: Visualization of the five Gleason patterns used in the Gleason grading
system for prostate cancer assessment. The images illustrate the increasing loss of
glandular differentiation from well-formed glands (pattern 1) to poor or absent gland
formation (pattern 5). The image is adapted from Ali et al. (2022) with permission from
the publisher Springer Nature.
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Table 1.1: An overview of the relationship between Gleason patterns, Gleason scores
(GS), and Gleason Grade Groups (GGG). The table illustrates how the most frequent and
second-most frequent Gleason patterns determine the GS, which is further categorized
into GGG for risk stratification. The classification differentiates clinically insignificant
(GGG 1) from clinically significant prostate cancer (PCa) cases (GGG > 2).

Gleason Pattern 3+3 3+4 4+3 4+4 445 5+4 5+5

biopsy: most prevalent + worst
prostatectomy: 1t + 2"d most frequent

Gleason Score 6 7a 7b 8 9a 9b 10

Gleason Grade Group 1 2 3 4 5

Clinical significance clinically clinically significant prostate cancer
insign. (csPCa)

The GGG, based on Gleason patterns, currently holds the highest prognostic value in
clinical practice and is considered the gold standard for PCa grading (He et al., 2017), with
regular updates from the International Society of Urological Pathology Consensus (ISUP)
(Epstein et al., 2005, 2016a; Van Leenders et al., 2020).

Given that GGG is primarily linked to morphological features correlating with tissue
density, it also directly influences tissue diffusion properties. As a result, apparent diffu-
sion coefficient (ADC) map values have strong prognostic significance, demonstrating a
high correlation with underlying histological features such as cell density and glandular
structure (Gibbs et al., 2009). This also explains why DWI and ADC assessment play a
crucial role in the diagnostic performance of mpMR]I, as they are recommended for lesion
evaluation in both prostate zones (see Fig. 1.3). On the other hand, since the GGG is
based exclusively on morphological assessment, there is growing interest in further major
refinements. One limitation of the grading system is that it is not zone-specific, despite
evidence that zonal tumor involvement significantly influences clinical outcomes (Ali et al.,
2022). Due to the physical and functional differences between prostate zones, PZ tumors
tend to have a worse prognosis than TZ tumors, particularly those near the ejaculatory
ducts, which are highly aggressive, making them more prone to extracapsular extension
and seminal vesicle invasion (Vargas et al., 2012). Additionally, functional factors such
as stromal reactivity are not incorporated into the current system. In cases where tissue
exhibits a strong stromogenic response, the risk should be considered higher than what
the GGG alone suggests, as incorporating stromal activity has been shown to improve risk
stratification (Frankenstein et al., 2020).
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1.2.2 Multi-parametric Prostate MRI

Prostate MRI is recommended to be acquired in a multi-parametric fashion, following
the PI-RADS guidelines. It includes three major imaging contrasts: T2w, DWI, and DCE
images. The typical sequence properties required to achieve the desired imaging contrasts
are described in the following subsections.

T2-weighted Imaging (T2w)

T2w imaging is one of the most widely used MRI modalities®, employing various pulse
sequences primarily for morphological assessment due to its strong contrast between key
tissue types such as muscle, fat, and water. As recommended by PI-RADS, it is also a core
component of prostate mpMRI evaluation.

T, is the characteristic time describing the exponential magnitude decay of the
transverse magnetization (Mr) due to magnetic moment interactions of neighboring
spins. Hence, it is also referred to as the spin-spin relaxation time. The actual time T}
characterizing the exponential decay of the Mr signal after a 90° radiofrequency (RF)
pulse — called free induction decay (FID) — is however affected by the spin dephasing
effect of magnetic field inhomogeneities characterized by a time-invariant decay constant
of T,:

1/T; =1/T, +1/T;. (1.1)

As a result, the characteristic time of T; is not only affected by the time-variant spin-
spin interactions, but also the magnetic field imperfections of the MRI scanner and local
differences of magnetic tissue properties, in other words, magnetic susceptibility.

To mitigate the dependence of T2w contrast on magnetic field inhomogeneities, the
spin echo (SE) pulse sequence (see Fig. 1.5) is employed also serving as the foundation
for prostate T2w imaging. After a 90° RF pulse, a spin ensemble is rotated into the Mr
plane, where it begins to decay (FID) in amplitude while experiencing dephasing due to
the magnetic field inhomogeneities. Introducing a 180° RF pulse after the 90° RF pulse
rotates the spins around either the x- or y-axis in the Mr plane, causing them to reverse
their previous rotation direction. The phase shift accumulated by faster spins relative to
slower spins before the 180° RF pulse is also reversed. Consequently, over time, the faster
spins will catch up with the slower spins and the spins will be rephased again after a time
interval equal to the time difference between the RF pulses. This rephasing results in a
M signal, known as the "echo". The time interval between the 90° RF pulse and the echo
is called the echo time (Tg) and T, characterizes the exponential decay curve fitted to the
maxima of the FID and the echo signal:

My (t) = Mg -e /T2, (1.2)
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Figure 1.5: The spin echo (SE) pulse sequence used for T2-weighted imaging. After an
initial 90° radiofrequency (RF) excitation, the transverse magnetization (Mr) undergoes
free induction decay (FID) with a characteristic decay constant of T;, influenced by both
spin-spin interactions and magnetic field inhomogeneities. A 180° RF pulse applied
at Tg/2 rephases the spins, generating a SE at time Tg. The echo follows the true T
decay, mitigating the effect of field inhomogeneities (T), as described by the relation
1/T; =1/T, +1/T,. Figure is created based on Brown et al. (2014).

A single 90° RF excitation allows sampling of one k-space line per slice. Since T2w
sequences require a long Tk, they result in prolonged image acquisition times, which is
particularly critical in body regions prone to motion and frequent soft tissue deformations,
such as the prostate. Prostate gland motion or deformations caused by bowel peristalsis,
rectal distension, bladder distension, respiration, muscle contraction, or patient movement
can easily lead to blurred images or ghosting artifacts (Engels et al., 2020). A straightfor-
ward approach to reduce the acquisition time and thereby minimize motion effects would
be to shorten the time interval between consecutive 90° RF pulses, known as the repetition
time (Tr). However, an excessively short T leads to a Mt signal loss — this phenomenon
is utilized in T1-weighted MRI (see Section 1.2.2 in Dynamic Contrast Enhanced Imaging) —
thereby reducing the signal-to-noise ratio (SNR).
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One solution to reduce the overall acquisition time without loss of SNR is to collect
multiple echoes during the Ty instead of just one. This technique, referred to as fast-spin-
echo (FSE) — or alternatively turbo-spin-echo (TSE) — where a train of 180° RF pulses is
applied after the initial 90° RF excitation (see Fig. 1.6), is recommended by PI-RADS for
T2w imaging. After the first echo, the 180° RF pulse can be repeated multiple times with a
repetition period of Tg, with each pulse rephasing the spin ensemble and generating an
echo after T /2. This pulse sequence enables the sampling of multiple k-space lines for a
single 90° RF excitation. However, the signal decay characterized by T is independent of
the multiple SEs. Due to magnetic field inhomogeneities and spin motion, spin refocusing
cannot be perfect. Therefore, the Mt can only be recovered up to the exponentially
decreasing envelope characterized by T,. Over time, the echo signal diminishes to the
noise level, providing no meaningful signal. This ultimately limits the number of echoes
that can be collected during a single FSE pulse sequence.
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Figure 1.6: Fast Spin Echo (FSE) — also known as Turbo Spin Echo (TSE) — pulse sequence
recommended by PI-RADS for prostate T2w imaging. After an initial 90° RF excitation, a
train of 180° RF pulses is applied at intervals of Tf to repeatedly rephase the spin ensemble,
generating multiple spin echoes. This allows for the acquisition of multiple k-space lines
within a single Ty, reducing overall acquisition time without loss of SNR. Due to imperfect
spin refocusing from magnetic field inhomogeneities and spin motion, the signal gradually
diminishes to the noise level over time, limiting the number of usable echoes and thereby
restricting the effective echo train length. Figure is created based on Brown et al. (2014).
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Diffusion-Weighted Imaging (DWI)

Random movement of particles in a medium over time is referred to as Brownian motion.
It is quantified by the diffusion coefficient D, and reflects the area traveled by a particle per
unit of time and is measured in [mm? s~!]. Molecular diffusion within tissues is a property
that can create significant contrast between healthy and densely packed malignant tissue.
DWI, an imaging modality designed to visualize the restriction of this molecular-level
process (Dietrich et al., 2010; Hagmann et al., 2006), is widely used in cancer diagnostics,
including for brain (Kono et al., 2001), breast (Woodhams et al., 2011), and prostate cancer
(Shimofusa et al., 2005).

Prostate DWI is based on the incorporation of a dephasing and rephasing mechanism
of spins into the SE pulse sequence (described in Section 1.2.2 in T2-weighted imaging),
see Fig. 1.7. To generate contrast between moving and static spins, additional spatially-
dependent gradient fields AB (x) are applied on either side of the 180° RF pulse. The
1%t gradient pulse dephases both moving and static spins by an angle of A¢ (x), where
the extent of phase shift is proportional to the additional magnetic field strength along
the gradient direction. The 2"? gradient pulse is applied after the 180° RF pulse with the
same polarity for the same duration but with a phase flip. As a result, stationary spins
are rephased by experiencing an equal phase shift in the opposite direction, ultimately
restoring the same Mr as if the two gradient pulses had not been applied. In contrast,
moving spins experience a phase shift with a different amplitude during the second
gradient pulse due to their repositioning. Consequently, their phase shift is not completely
rephased, and volumes with high molecular diffusion contain spins with unsynchronized
phase angles. This leads to a drop in Mr, resulting in signal attenuation.

Properties of the two gradient pulses — namely their amplitude (gp, typically 20—
40 mTm™1), duration of (5, typically 2040 ms), and time interval between their onset (A) —
determine the most characteristic parameter of the DWI sequence, the so-called diffusion
weighting of b, or with other words the b-value of the DWI pulse sequence:

b=19%-¢p*>-6*- (A—46/3), (1.3)
which is expressed in [s mm 2] and is typically set to values in the range of 50~1500 s mm 2.
The greater the diffusion weighting, the higher the contrast between tissues with different
molecular diffusion, but this also results in a lower SNR. The long gradient pulse duration
of 6 required for achieving proper diffusion-weighted contrast between tissues with differ-
ent molecular diffusion results in a long Tf, inherently making DWI images T2-weighted.
As a result, tissues characterized by long T2 relaxation times can be mistaken for diffusion
restriction, as they also exhibit high signal intensity on DWI images. This phenomenon
is called "T2-shinethrough", making the differentiation betweenbenign prostatic hyper-
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plasia (BPH) with long T2 relaxation time from cancer tissue with restricted diffusion
challenging.
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Figure 1.7: Diffusion-Weighted Imaging (DWI) integrated into the Spin-Echo (SE)
pulse sequence. To generate diffusion contrast, additional dephasing and rephasing
gradient pulses are applied on either side of the 180° radiofrequency (RF) pulse. The first
gradient pulse dephases both static and moving spins, while the phase-reversed second
pulse affects them differently. Stationary spins fully refocus, restoring their original
transverse magnetization (Mr), whereas moving spins undergo incomplete rephasing,
leading to signal attenuation proportional to molecular diffusion. The diffusion weighting
is characterized by the b-value, determined by the gradient amplitude (gp), pulse duration
(0), and onset difference (A). Higher b-values enhance diffusion contrast but reduce SNR.
Additionally, the long echo time (Tg) required for diffusion encoding inherently results
in T2w signal contamination, leading to the "T2-shinethrough" effect, which can make
differentiation between benign and malignant tissues challenging. The figure illustrates
the RF and gradient pulse sequence, as well as the phase evolution of spins in stationary
and diffusing conditions.

20



1.2. Background

To differentiate the diffusion-weighted from the T2w component on the image (over-
coming the effect of T2-shinethrough), signal attenuation in the function of multiple
b-values is measured. Signal attenuation can be modeled by an exponential relationship
with the attenuation coefficient b along with the diffusion coefficient D:

I = Iy - e P, (1.4)

where I, is the measured signal for a specific b-value, and L, is the signal measured
without gradient pulses. By fitting an exponential curve to the measured signal intensities
I, across multiple b-values, the diffusion coefficient D can be calculated. Increasing
the number of measurements across different b-values improves the accuracy of the
calculation but comes at the cost of longer acquisition times. The diffusion coefficient
D is defined for an unrestricted environment without restricting structures. However,
in biological tissues, the presence of cells, blood vessels, and other structures violates
this condition to varying degrees. Consequently, the measured signal within a given
volume reflects not only molecular diffusion but also the influence of the microstructural
tissue characteristics and is therefore referred to as the apparent diffusion coefficient ADC.
Calculating the ADC for each voxel provides a parametric map that is highly independent
of the magnetic field strength, unlike T1- and T2-weighted MRI sequences. The ADC
map is ultimately derived from a diffusion model, meaning the measured values are
semi-quantitative and influenced by acquisition parameters, such as number of b-values
and their corresponding gradient strengths. While ADC values are not as absolute or
directly comparable as Hounsfield units in computer tomography, they strongly correlate
with the physical process of diffusion. This correlation allows for quantitative comparisons
between ADC maps with similar acquisition protocols.

ADC maps are particularly sensitive to involuntary patient movements, as motion
artifacts can accumulate across DWI images acquired with different b-values. Therefore,
fast image acquisition is critical to reduce these artifacts and minimize errors in the ADC
map calculation. To mitigate both intra- and inter-image motion artifacts, SE echo-planar
imaging (EPI) is recommended by PI-RADS as a fast imaging pulse sequence for DWI.
Similarly to the FSE pulse sequence used in T2w imaging with the same motivation (see
Section 1.2.2 T2-weighted imaging), multiple lines in k-space are acquired after a single
90° RF pulse during the EPI pulse sequence. Unlike FSE, where multiple k-space lines
are acquired using a train of SEs, EPI collects multiple k-space lines from a single SE
by rapidly switching the readout gradients. This necessitates extremely fast gradient
switching, placing the highest technical demands on MRI technology. At the same time,
EPI has the advantage of being able to acquire a full image slice in under 90 ms. Fig. 1.8
illustrates an example for an EPI pulse sequence and the corresponding k-space readout.
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Unlike FSE, where multiple k-space lines are acquired using a train of spin echoes, EPI
collects multiple k-space lines following a single spin echo by rapidly switching the
readout gradients. This requires extremely fast gradient switching, placing high technical
demands on MRI hardware.
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Figure 1.8: Echo-Planar Imaging (EPI) pulse sequence recommended by PI-RADS for
prostate Diffusion-Weighted Imaging (DWI). EPI enables rapid image acquisition by
collecting multiple k-space lines after a single 90° RF excitation. Unlike FSE, where
multiple k-space lines are acquired using a train of SEs, EPI collects multiple k-space lines
from a single SE by rapidly switching the readout gradients. This approach minimizes
motion artifacts in DWI and allows full-slice acquisition in under 90 ms, but imposes high
technical demands on MRI hardware. Figure is created based on Brown et al. (2014).

Dynamic Contrast-Enhanced Imaging (DCE)

DCE is a technique to visualize physiological properties related to tissue perfusion through
the administration of a contrast agent (CA), usually a gadolinium-based CA (Brown et al.,
2014). Characteristically for DCE sequences, a tain of images are acquired prior, during,
and post to the intravenous CA injection, thereby providing the dynamic information.
This type of MRI prioritizes rapid image acquisition where reducing the Ty is necessary to
be able to capture the fast physiological process of perfusion.

After a 90° RF pulse, the longitudinal magnetization (M) restores to its thermody-
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namic equilibrium Mz, parallel to the static magnetic field By due to the interactions of
the spins with their surroundings (spin-lattice relaxation) following

My (1) = Mz - (1 . e—f/T1> (1.5)

characterized by T; relaxation time. However, if the subsequent 90° RF pulse approaches
before the restoration of the Mz, only the Mz komponent of the current magnetization
will be flipped into the transverse x-y plane, resulted in decrease in the measured Mt
signal — has been already mentioned as a main motivation for FSE and EPI sequences in
Section 1.2.2 in T2-weighted imaging and in Diffusion-weighted Imaging, respectively — which
will be in correlation to the T; relaxation time. Fig. 1.9 shows the saturation recovery pulse
sequence that allows the indirect measurement of the T; relaxation time.
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Figure 1.9: Saturation recovery pulse sequence used for indirect measurement of T;
relaxation time. Following a 90° RF pulse, the longitudinal magnetization (Mz) recovers
toward its equilibrium value (Mz) following the function Mz (t) = Mz - (1 —e~*/T).
If a subsequent 90° RF pulse is applied before full Mz recovery, only the remaining
longitudinal magnetization is flipped into the transverse plane, leading to a reduced
transverse magnetization signal (Mr). This Mt attenuation depends on T; relaxation,
forming the basis for saturation recovery experiments. The figure illustrates the RF
excitation pulses, and the corresponding evolution of Mz and Mr. Figure is created based
on Brown et al. (2014).

23



Chapter 1. Introduction

A pulse sequence with Tg < T such that DCE also uses lead to an image contrast char-
acteristics where the T; tissue properties dominate, ultimately leading to a T1-weighted
(T1w) image. Fig. 1.10 shows an example for a pulse sequence with short Ty for two
tissues with differences in their T; relaxation time.
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Figure 1.10: Pulse sequence with short repetition time (Tr) as used in DCE imaging.
Repeated 90° RF pulses are applied before full longitudinal magnetization (M) recovery,
leading to signal differences between tissues with varying T; relaxation times. The curves
illustrate the recovery behavior of the same tissue with (orange) and without contrast
agent (blue), respectively, ultimately generating T1w image contrast.
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The possibility to minimize the Tg as much as possible is allowed by an essential group
of MRI sequences, namely the fast gradient echo (GRE) sequences (Markl and Leupold,
2012), where T < T; and < T,. The mechanism of echo generation of fast GRE sequences
is different from SE sequences. Instead of a 180° refocusing RF pulse, GRE sequences use
the process of gradient reversal using the signal from the FID, characterized by T3 First,
an inverse gradient field is applied to dephase the M7 directly following the 90° excitation
RF pulse. Rapid reversal of the gradient rephases the spins again, generating an echo with
the magnitude up to the exponentially decreasing envelope characterized by T;. On the
other hand, the gradient corrects only the generated phase shift but the magnetic field
inhomogeneity and susceptibility effects not. Therefore the effect of T, will be significant
on the Mt measurements since the signal originates from the FID and images originating
from GRE sequences are generally more sensitive for artifacts compared to SE sequences
(see Section 1.2.2 in T2-weighted imaging).

Clinically used GRE sequences demand not only high imaging speed but also high
T; contrast. However, in the case of fast GRE sequences, not only the Mz, but neither
the Mr can fully decay before the next 90° RF pulse due to the short Tr and therefore T,
also affects the measured signal. To dephase the remaining Mt and thereby disrupt T,
coherences in the measured signal, the so-called RF-spoiling technique is applied. During
the train of RF pulses, their phase (tipping direction in the x-y plane) is quadratically
implemented, which suppresses the formation of SE, thereby ensuring the T1-weighting.

Contrast enhancement with respect to perfusion tissue properties using fast GRE
sequences is usually made by using CA. A paramagnetic material is used in a solution
as a CA that is injected into the blood circulation. The CA in the blood helps the energy
transfer between the spins, resulting in faster T; relaxation and thereby enhanced signal
related to bloodstream. The most widely used paramagnetic material for this purpose is
Gadolinium, such as for prostate DCE. Thanks to the rapid image acquisition provided
by the fast GRE pulse sequence, differences in the CA uptake over time can highlight the
contrast between malignant and benign tissue conditions.

Technical Parameters of MRI Sequences Recommended by PI-RADS

The PI-RADS guidelines include detailed technical specifications for MRI acquisition
protocols to promote standardization across imaging centers and ensure adequate image
quality for consistent interpretation. According to the latest version, all sequences are
preferred to be acquired using a 3 T magnetic field and a slice thickness of 3 mm to maintain
sufficient SNR. Additional sequence-specific parameters — T, T, field of view (FoV), and
in-plane resolution — are summarized in Tab. 1.2.
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Table 1.2: Recommended technical parameters for T2-weighted (T2w), diffusion-
weighted imaging (DWI), and dynamic contrast-enhanced (DCE) MRI sequences ac-
cording to PI-RADS v2.1 guidelines. These specifications ensure sufficient image quality
and spatial resolution for reliable prostate lesion assessment. The table is created based on

Weinreb et al. (2016); Turkbey et al. (2019).

Parameter T2w DWI DCE
Sequence Fast Spin Echo Echo-Planar Imaging  Fast Gradient Echo
TE - <90 ms <5ms

TR - >3000ms <100ms

FoV 1220 cm 1622 cm entire prostate gland

In-plane resolution
(phase xfreq.)

b-values for
ADC map

high b-value
Temp. resolution

Total time

Dose

Injection rate

26

(entire prostate gland
& seminal vesicles)

< 0.7mmx < 0.4mm

< 2.5mm for both
50-100 s mm 2
800-1000 s mm 2

> 1400s mm 2

& seminal vesicles

< 2mm for both

< 15s

> 2min

0.1 mmol kg !
GBCA or equivalent

2-3cm3s!
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1.2.3 Multi-Modal Medical Image Analysis with Convolutional Neural Net-
works

The rapid advancements in Al over the past decade — particularly in deep neural net-
work (DNN) architectures, training strategies, hardware accelerators (e.g., GPUs and
TPUs), and software frameworks such as PyTorch (Paszke et al., 2019) and TensorFlow
(Abadi et al., 2016) — have significantly increased the computational power and practical
applicability of Al systems. These technical developments, combined with improved
access to large, structured datasets, have driven major progress in image processing,
including radiological medical image analysis.

Simultaneously, the diagnosis of many diseases has become both more accurate and
complex due to advancements in medical imaging techniques (Azam et al., 2022). Sim-
ilarly to prostate cancer, multi-modal imaging is also essential for the comprehensive
assessment of many disorders. For example, glioblastoma characterization relies on com-
bining contrast-enhanced T1w imaging to delineate the contrast-enhancing tumor core
and T2-weighted as well as fluid-attenuated inversion recovery (FLAIR) imaging to iden-
tify the surrounding edema and non-enhancing infiltrative tumor regions (Shukla et al.,
2017). Similarly, the evaluation of adnexal lesions (Sadowski et al., 2022) and breast cancer
(Wekking et al., 2023) often involves mpMRI protocols that integrate T2w, DWI, ADC
maps and DCE imaging. Hepatocellular carcinoma assessment also benefits from fusing
various imaging modalities involving multiphase contrast-enhanced computed tomog-
raphy (CT) and/or multiple MRI images, including T2w, unenhanced and multiphase
contrast-enhanced T1w, and optionally DWI (Elmohr et al., 2021; Mitchell et al., 2015).

Multi-modal image analysis requires the fusion of complementary information, a
task that is not only cognitively demanding for radiologists but also computationally
challenging for DNN-based systems. Compared to mono-modal approaches, multi-modal
analysis introduces additional complexities, including image alignment, modality-specific
preprocessing, and increased computational demands. In this subsection, I outline the
key steps of semantic segmentation in medical image analysis, with a particular focus on
data-centric strategies and modality-specific considerations for training robust medical Al
models.
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Multi-modal Image Preprocessing

Image preprocessing is a step that prepares images before feeding them into artificial
neural networks (ANNSs). The primary goal is to resolve issues that would otherwise lead
to inefficient or suboptimal learning during model training. In multi-modal applications,
this is especially important, as different modalities often vary significantly in contrast and
alignment. Two of the most important preprocessing techniques are image co-registration
and image normalization, both of which are discussed in the following.

Image co-registration is a fundamental preprocessing step for medical image analysis
tasks involving multiple images and is a vast field within medical computing (Cao et al.,
2020; Hill et al., 2001). It is particularly critical for tasks where spatial alignment impacts
diagnostic or computational accuracy. While this dissertation focuses on multi-modal
prostate MRI images, it does not aim to develop novel registration methods. Instead, only
the key concepts are briefly reviewed to convey the complexity of the problem and to
provide essential context for its role in this dissertation.

Registration aims to calculate a displacement field u(x) = [u(x), v(x), w(x)], where
x = (x,y,z), that aligns a source image — referred to as the moving image Ij;(x) — with a
reference image — referred to as the fixed image Ir(x) — such that:

In(x+u(x)) ~ Ip(x) (1.6)

This mathematical problem is formulated as an optimization problem, where a dissimilar-
ity metric D between the transformed moving image I1(x + u(x)) and the fixed image
Ir is minimized. Additionally, to ensure anatomically plausible transformations, the
regularization term A - R(u(x)) penalizes implausible deformation fields controlled by
the regularization parameter A. As a result, the objective function for the optimization can
be written as:

0 = argmin D(Ip(x), Im(x+u(x))) + A-R(u(x)) |. (1.7)

Similarity term Regularization term

Depending on the imaging context and modalities involved, registration tasks can be
categorized into four primary applications, as summarized in Tab. 1.3.
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Table 1.3: Categories of medical image registration based on subject scope and modality
type.

Intra-Subject Inter-Subject
Monitoring disease Atlas creation
Intra-modality progression and & atlas-based
treatment response segmentation
Inter-modality Image fusion Pathology
research

Intra-subject, intra-modality registration is widely used in longitudinal studies, such
as active surveillance or treatment monitoring, to track disease progression or therapeutic
response (Chan et al., 2001; Galbén et al., 2009; Hering et al., 2021; Moraal et al., 2009).
Inter-subject, intra-modality registration is commonly employed for atlas creation and
atlas-based segmentation (Iglesias and Sabuncu, 2015), primarily to facilitate annotation
transfer across patients. Inter-subject, inter-modality registration is less common and
mainly applied in research settings, particularly for studying disease-specific patterns
across populations (Bilello et al., 2016; Youssofzadeh et al., 2017). Intra-subject, inter-
modality registration, referred to as image fusion, is one of the most challenging yet
diagnostically and interventionally valuable tasks. It involves aligning images of the
same patient acquired with different modalities, enabling the fusion of complementary
anatomical and functional information. However, multi-modal image registration remains
highly challenging due to the nonlinear and inconsistent intensity relationships across
modalities. These challenges arise from:

* differing intensity values for the same tissue type,
¢ variable imaging contrast and tissue boundaries,

* and heterogeneous noise and imaging artifact characteristics.

From this point onward, I focus on image fusion, as multi-parametric prostate MRI is
a typical example of image fusion, combining anatomical and functional imaging for
comprehensive tissue characterization.

After introducing the fundamental categories of registration, the following points
summarize the methodological background of each component involved in a typical
image-based registration workflow, with a particular focus on aspects relevant to multi-
modal prostate MRI. A schematic overview is provided in Fig. 1.11.
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Image Registration
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Figure 1.11: Schematic overview of the image registration pipeline. A moving image
is iteratively aligned to a fixed image using an optimization loop guided by an objective
function composed of an image similarity metric and a regularization term. The optimizer
updates the transformation parameters, which are applied to the moving image through
spatial transformation and interpolation. Registration is typically performed hierarchically
using an image pyramid, progressing from coarse to fine resolutions. At each level, the
transformation model also increases in complexity: starting with linear (rigid/affine)
transformations for global alignment and advancing to deformable models for refined local
alignment. This hierarchical strategy improves convergence and increases the likelihood
of successful registration.
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* Image Transformation and Interpolation: Image registration transformations are
generally categorized into two main types:

- Linear: Includes rigid (rotation and translation) and/or affine (scaling and
shearing) transformations assuming global alignment and preserving the geo-
metric structure of the image.

- Deformable: Employs deformation vector fields to establish voxel-to-voxel
correspondences. This is especially common in medical imaging due to soft
tissue deformations. However, deformable registration is a high-dimensional,
ill-posed problem where unrealistic warping can occur. Therefore, a regulariza-
tion term is typically added to the objective function to constrain the solution
space (see next item: Objective Function).

After transformation, the grid of the deformed moving image I); must be interpo-
lated to match the grid of the fixed image Ir. The choice of interpolation method
balances accuracy and computational cost: linear interpolation is computationally ef-
ficient, while B-spline interpolation offers higher accuracy at the expense of increased
computation time.

* Objective Function: The objective function in image registration typically consists
of two components: a similarity metric and a regularization term, as outlined in
Eq.1.7.

— Multi-modal similarity metric: For multi-modal images, defining similarity is
especially challenging due to the nonlinear and inconsistent intensity relation-
ships between modalities. Among existing metrics, mutual information (MI)
(Collignon et al., 1995; Viola and Wells III, 1997) is currently the most widely
used and is considered the state-of-the-art for multi-modal image registration.
MI is based on the information content of two images and aims to maximize
their overlaps, thereby reducing the overall information content. It is computed
using Shannon-Wiener entropy (Shannon, 1948), defined as:

H(I) = —ij(l) 10gp1(l>, (18)

where p;(i) denotes the probability of intensity value i in image I. Entropy
is high when an image has a uniform intensity distribution (i.e., is highly
textured) and low when dominated by a few intensity values. To capture joint
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information between two images, joint entropy is defined as:

H(Ip, Ir) = ZZPIMIF i,j)1og (pryi; (i,7)), (1.9)

where py,,1. (i, j) is the joint probability of observing intensity 7 in image Ijs and
intensity j in image Ir. The goal during registration is to maximize the mutual
dependence between images, which corresponds to minimizing joint entropy.
However, this metric can produce misleading results when there is little to no
foreground overlap between images. To address this, mutual information is
formulated as:

MI(In, Ir) = H(Im) + H(Ir) = H(Im, Ir)

_ Pt (i)
=L ilog G Gy (119

which incorporates the individual entropy of each image within the overlap-
ping region. To further reduce sensitivity to overlap size and image noise,
normalized mutual information was introduced (Studholme et al., 1999):

H(Im) + H(IF)

NMI(Iy;, Ir) = Hw 1)

(1.11)

which normalizes the similarity score, improving robustness across varying
overlap volumes and noise levels.

— Deformation field regularization: To prevent unrealistic image warping — such
as excessive local stretching, compression, or folding ("crossing" deformation
vectors) — a regularization term is added to the objective function. This term
penalizes non-plausible transformations and stabilizes the optimization process
(Ashburner and Friston, 1999; Rueckert et al., 1999).

* Optimizer: Registration is formulated as an optimization problem that iteratively
searches for the optimal displacement field @ (x) (Klein et al., 2007). Starting from an
initial estimate ug(x) — typically the identity transform — the displacement field is
updated iteratively as follows:

up1(x) = ug(x) +ax - di(x), keNN, (1.12)

where a; denotes the step size (or learning rate), and dy (x) represents the direction
of the parameter update derived from the objective function (see Eq. 1.7) evaluated
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at the current iteration k. The simplest update strategy is the steepest descent
(gradient descent) method, where dy (x) is set to the negative gradient of the objective
function with respect to uy(x). More advanced optimizers approximate second-
order information (e.g., Newton’s method) or incorporate momentum (e.g., ADAM)
to accelerate convergence and improve stability.

* Hierarchical image registration: To improve convergence and increase the like-
lihood of successful registration across diverse cases, the optimization process is
typically executed in a hierarchical fashion (Lester and Arridge, 1999). Rather than
performing a single optimization pass, registration is carried out systematically at
multiple levels of image resolution — commonly referred to as an image pyramid —
and transformation complexity. The process begins with coarse settings, typically
using downsampled images and simple linear transformations (rigid or affine), to
achieve an initial global alignment. It then progresses to higher resolutions where
more flexible nonlinear transformations are applied, allowing for refined, localized
alignment.

Image Normalization is an essential preprocessing step that needs to be considered
to each modality in multi-modal analysis. Medical images that represent relative signal
intensities — such as MRI sequences including T1w, T2w, and DWI - can exhibit substantial
variability in both intensity offset and scale across patients. Without normalization,
these variations must be learned by the model, which unnecessarily increases training
complexity. Additionally, using a fixed learning rate across modalities with differing
intensity distributions can lead to suboptimal or inconsistent convergence. To address this,
per-case normalization is commonly applied to relative-valued modalities, improving
training stability and convergence.

Other medical image modalities represent absolute physical quantities and benefit from
different normalization schemes. A prominent example is CT imaging, where Hounsfield
Units (HU) quantify X-ray attenuation on a standardized scale from approximately -1000
to +3000. For such modalities, per-case normalization would compromise the physical con-
sistency of the signal. Instead, global normalization — applied uniformly across the dataset
—is preferred, ideally using a meaningful intensity window tailored to the application or
target of interest.

A gray area in choosing the normalization scheme is the ADC map, derived from
multiple DWI acquisitions with different b-values, as described in Section 1.2.2. While
ADC values have physical units [mm? s~1], they are highly dependent on the underlying
diffusion model and acquisition protocol. In homogeneous or mono-center datasets,
global normalization can enhance model performance. However, in multi-center or
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heterogeneous cohorts, variation in the applied diffusion model and acquisition protocol
settings can undermine the consistency of ADC values. Thus, normalization strategies
must be chosen carefully based on the dataset composition.

Data Loading and Online Data Augmenation

The most important goal of Al model development is to maximize generalizability, en-
suring that models perform reliably on unseen data, ultimately leading to an applicable
model in real-life scenarios. Generalization refers to a model’s ability to maintain high
performance on an independent test set, as compared to the training (or also called as
development) set. Overfitting occurs when a model memorizes the training data rather
than learning general patterns or discriminative features. The risk of overfitting is greatly
reduced when a sufficiently large and diverse training dataset is available, encompassing
a wide variety of clinical scenarios and edge cases.

In the domain of natural image processing, access to large-scale datasets, often con-
taining millions of annotated examples (Deng et al., 2009; Lin et al., 2014), and data
diversity is generally not a bottleneck. As a result, model-centric strategies to improve
model generalization and capacity are the primary focus. Architectural developments
like the evolution from AlexNet (Krizhevsky et al., 2012) through VGG (Simonyan and
Zisserman, 2014), Inception (Szegedy et al., 2016), and DenseNet (Huang et al., 2017), to
modern Vision Transformers (Zhai et al., 2022) is an active field of research. In addition,
large-scale pretraining strategies — such as contrastive learning (Chen et al., 2020; Caron
et al., 2021; Oquab et al., 2023) and self-supervised learning (He et al., 2022) — have further
improved generalization by leveraging information from unlabeled data, leading to the
first foundation models (Bommasani et al., 2021).

In contrast, publicly available 3D medical imaging datasets are far more limited, espe-
cially those with high-quality expert annotations. The creation of large, labeled medical
datasets is highly labor-intensive, requiring time-consuming annotation by clinical ex-
perts, which is typically not part of their standard clinical duties. Moreover, privacy
regulations and ethical constraints restrict the availability and sharing of medical data,
as it contains sensitive personal health information. Although there are existing datasets
providing substantial data for general organ segmentation models, such as TotalSegmen-
tator (Wasserthal et al., 2023; Akinci D’ Antonoli et al., 2025), the rarity and heterogeneity
of many diseases, particularly in oncology, result in imbalanced and underrepresented
samples for specific diagnostic tasks. This makes overfitting an even greater challenge in
medical Al applications.

Compared to model-centric solutions, data augmentation is a data-centric strategy
that addresses the problem of overfitting from the root of the problem, the data set
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itself (Shorten and Khoshgoftaar, 2019). DA plays a crucial role in the success of DL
in medical image analysis by artificially increasing the size of training data. The core
assumption of DA is that more information can be extracted from each training sample
by simulating realistic scenarios that can occur during image acquisition, such as patient
motion (e.g., rotations, translations), variability in acquisition parameters (e.g., gamma
transformations), or the introduction of noise and imaging artifacts. Importantly, the
model prediction has to be invariant to such context-dependent features that are unrelated
to the underlying pathology. In this sense, DA also plays a critical role in enhancing
model robustness. A necessary condition for effective DA is that the transformations
must be label-preserving, meaning that they should not alter the underlying ground
truth. A well-known counterexamples are 180° rotation and mirroring of MNIST digits
(Deng, 2012), which swaps the labels of digits of '6” and "9’, clearly violating the label-
preservation requirement. In disease stratification, similar caution must be taken to ensure
that augmentations do not distort the diagnostic labels.

Another challenge unique to 3D medical image analysis is the high dimensionality of
the data — especially in multi-modal scenarios — which necessitates patch-wise training
due to current memory constraints. This introduces further challenges, including class
imbalance and loss of contextual information. For example, MRI images that represent
relative values require contextual information to be meaningfully interpreted, as Region
of Interest (Rol) intensities alone are insufficient. Even in CT, which provides absolute
Hounsfield Units, contextual information is helpful since similar HU values can belong to
multiple anatomical structures. Therefore, large patch sizes are desirable for capturing
both target and contextual information.

Patch-wise data loading contributes even further to the already existing problem of
medical datasets being inherently imbalanced. Patches extracted from a cancerous volume
may only contain benign tissue, further shifting the class distribution during training. To
address this, oversampling strategies are often used by increasing the sampling rate of
either foreground voxels or underrepresented classes to ensure balanced learning. Such
techniques help train models that are unbiased with respect to class prevalence, aligning
model predictions with the true clinical relevance of the findings rather than the statistical
distribution in the dataset.

Supervised Representation Learning with Deep Neural Networks

Pattern recognition and machine learning systems are fundamentally designed to extract
relevant features from input signals, enabling a classification subsystem to assign these
signals to predefined categories. Unlike traditional machine learning approaches, where
feature extraction and classification are distinct processes, deep learning methods unify
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these steps by automatically learning features and classification rules simultaneously
through a general-purpose learning process called training.

One common realization of such systems is through multi-layer perceptrons (MLPs), a
class of ANNs composed of layers of simple processing units, known as perceptrons or
artificial neurons. MLPs are highly parameterized models that realize nonlinear functions,
mathematically described as:

e X =Y, (1.13)

where w denotes the set of learnable parameters (weights and biases), X € IR" represents
the input signal, and Y € IR7 corresponds to the predicted output, typically a 1-of-g vector
representing the probability distribution over g possible classes.

The predominant training paradigm in medical image analysis is supervised learning,
where the objective is to predict a target output T (ground truth label) from a given
input image, typically reflecting clinical diagnostic information. Training an MLP can
be formulated as an optimization problem, where the goal is to optimize the network
parameters W by minimizing an objective function J(W), defined as the sum of individual
error terms between the predicted outputs Y; and the corresponding ground truth labels
T; across all n training examples (X;, T;), i € 1,...,n:

mvén {J(w)} = m‘z’n Y err{Y;, Ti} = min Y err {fymp (Xi), Ti}, (1.14)

where err(+, ) denotes an appropriate loss function depending on the task.

Optimization is typically performed using gradient-based methods, with the backprop-
agation algorithm enabling efficient computation of the gradient of the objective function
J(w) with respect to w. The network parameters are updated iteratively according to:

k) 9] (w)

“H oW (1.15)

wlktD —
where y is the learning rate controlling the step size of each update. Careful tuning of
the learning rate y is essential, as both excessively large and overly small values can
hinder optimal convergence. A learning rate that is too large can cause the optimization
process to miss the minimum of the loss function, while a too small value can result in
slow convergence or cause the optimizer to become trapped in suboptimal local minima.
However, in data-driven deep learning, reaching the global minimum of the training loss
does not necessarily translate into satisfactory or convincing real-world performance. The
goal of the training process is to learn general data representations or patterns that support
accurate predictions not only on the training set but also on previously unseen samples.
Therefore, model training is typically performed using 5-fold cross-validation (5fCV) for
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hyperparameter tuning, and the final performance is evaluated on a strictly held-out
independent test set to assess the real-world performance of the system. Model ability to
perform well on such unseen data is referred to as generalization. In contrast, the case
in which a model performs well on the training set but poorly on the validation or test
set is called overfitting. It occurs when the model learns features that are too specific
to the training set, and can be considered as memorization, instead of learning general
representations. This is why deep learning methods are often referred to as representation
learning approaches, where the aim is to capture meaningful features from the training
data.

Since datasets typically contain a large number of images and the computational
memory is limited, calculating gradients for all samples in each optimization step is
computationally infeasible, particularly in the case of large 3D radiological image volumes.
Therefore, modern optimizers apply strategies that compute gradients over subsets of the
data, thereby balancing gradient calculation accuracy and training efficiency:

1. Stochastic gradient descent: This optimization algorithm computes gradients using
only a randomly selected subset, called a mini-batch, of the training data in each
iteration, rather than the entire dataset. This approach not only accelerates the
training process but also improves robustness against local minima in the abstract
feature space, while slightly reducing the risk of overfitting (Bottou, 2010; Bottou
et al., 2018).

wlkt) = wk) . % Y err {f¥ip (Xi), Ti} with S C {1,..,n} (1.16)

ieS

2. Gradient descent with momentum: This method extends stochastic gradient descent
by incorporating a momentum term, which makes each weight update dependent
on the previous update, thereby increasing the consistency of the optimization steps.
The change in weights Aw(**1) is computed as a linear combination of the current
gradient and the previous update:

AwED = 5 AW — B % Zerr {fae (Xi), Ti} with S € {1,..,n},  (1.17)
i€S
wktD) — W) 4 Aw(k+D) (1.18)

Adding a momentum term, consisting of the momentum coefficient « and previous
parameter update Aw'%), to the weight update not only accelerates convergence by
speeding up optimization in flat regions of the loss surface, but also reduces "zig-
zagging" in steep valleys. This behavior is particularly helpful because first-order
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gradient methods lack second-order information (curvature), and momentum helps
to compensate for this limitation. Optimizers such as Adam (Diederik and Jimmy,
2014) incorporate momentum to enhance the stability and efficiency of convergence
by leveraging historical gradients.

Convolutional Neural Networks

Currently, the most successful CAD systems are based on neural network architectures
that utilize the building blocks of convolutional layers, referred to as convolutional neural
networks (CNN) (LeCun et al., 1989, 1998).

CNN:s follow the data-driven deep learning paradigm, similar to traditional MLPs,
in which multiple stacked layers of artificial neurons — referred to as perceptrons — auto-
matically learn increasingly abstract and semantically meaningful image features. The
introduction of CNNs has been a major milestone over traditional MLPs with fully con-
nected layers, primarily by drastically reducing the number of learnable parameters
through architectural modifications. The two core architectural components that define
CNN:s are convolutional and pooling layers:

1. Convolutional Layers: The core building block of a CNN is the convolutional layer.
Its learnable parameters consist of filters (also called kernels), which extract features
from the input through a discrete convolution operation defined as:

(Ixw)(x) =Y I(n) w(x—n) (1.19)

where I denotes the input activation (layer input), w the convolutional kernel (filter),
and x the spatial output position. The primary function of the convolutional layer is
to detect patterns in local spatial neighborhoods that are commonly present across
the dataset and to encode their presence into feature maps. Each feature map is
obtained by sliding the filter across the spatial dimensions of the input, computing
the convolution at each location, adding a bias term, and applying a nonlinear
activation function, resulting in the final layer output:

li1(x) = fact (I x w) (x) + wo), (1.20)

where wy is the learnable bias term and f,(+) denotes a nonlinear activation function,
such as the Rectified Linear Unit (ReLU).
Several key principles guide the design of convolutional layers:

* Local receptive fields: Each neuron in a convolutional layer is connected only
to a small spatial region (or neighborhood) of the input. This design enables the
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network to learn local patterns, such as edges or textures, which are essential
for image understanding.

¢ Weight sharing: A single set of weights — also known as a convolution kernel or
filter — is applied uniformly across all spatial locations. This allows the network
to detect the same feature regardless of its position in the image, and drastically
reduces the number of trainable parameters. It acts as a strong inductive bias
for spatial invariance.

* Multi-channel feature representations: Each convolutional layer produces
multiple feature maps (channels), with each channel capturing a different type
of pattern or characteristic at every spatial location. This enables the network
to represent a rich variety of features within the same layer.

2. Pooling Layers: The outputs of convolutional layers are typically followed by
downsampling operations like max pooling. Pooling layers reduce the spatial
resolution of the feature maps while simultaneously expanding the receptive field
of subsequent layers, thereby allowing the network to capture broader contextual
information. By stacking multiple convolutional and pooling layers, the network
gradually transforms simple local features into increasingly complex and abstract
representations.

Medical Image Analysis Tasks

The hierarchical feature extraction enables CNNs to learn both semantic meaning and
spatial context, making them particularly well-suited for a wide range of medical image
analysis tasks, including classification, segmentation, and object detection.

e Classification is the most common form of diagnostic task, where the goal is to assign
a single score or label to an entire image. This score reflects the presence or severity
of abnormality. In this context, CNNs typically employ an encoder architecture that
compresses the high-dimensional input image into a low-dimensional representation,
which is then mapped to a final prediction — either a single value or a categorical
probability distribution for multi-class classification. The most commonly used loss
function for training classification networks is the cross-entropy loss, defined as:
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where N is the number of exams in the dataset, C is the number of classes, t:’ is

the target indicator (1 if class c is the correct class for exam i, else 0), and p,” is
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40

the predicted probability for class ¢ on exam i. In radiology, whole-volume 3D
classification remains challenging and is unpopular among both clinicians and
machine learning engineers. This is primarily because the Rol usually occupies a
small part of the volume, making it difficult for the network to extract meaningful
features related to the relevant areas. Additionally, 3D volumes require patch-
wise training due to hardware limitations (see Data Loading and Augmenation in
Section 1.2.3), which often leads to unstable optimization and a strong dependence
on large-scale datasets that is rarely available in the medical domain. For these
reasons, CNN-based classifiers are more commonly applied to 2D modalities, such
as breast cancer detection in mammography (McKinney et al., 2020), chest pathology
classification in chest X-ray scans (Majkowska et al., 2020), and melanoma detection
in dermatoscopic images (Esteva et al., 2017). Even so, classification networks
typically produce only a single output per image with no inherent interpretability,
often referred to as black-box predictions. This lack of transparency has motivated
a growing research interest in explainable Al techniques (Hamm et al., 2023; Naz
et al., 2023), which aim to improve model trust and interpretability. In the case of 3D
imaging, proxy tasks like segmentation or detection are favored, as they offer voxel-
or object-level information that can be derived to a patient-level classification.

Semantic segmentation provides the most detailed spatial information by predicting
class labels at the voxel level, combining both semantic and spatial understanding.
In contrast to classification, which outputs a single label per image, semantic seg-
mentation assigns a label to every voxel in the input volume. To achieve this, the
U-Net architecture was introduced (Ronneberger et al., 2015), which combines deep
semantic features extracted by an encoder with high-dimensional spatial features
from earlier shallow layers. The spatial features are passed to the decoder via skip
connections at each level of the network, enabling the preservation of localization
information, that are lost during the encoding process. An illustration of the U-Net
architecture is shown in Fig. 1.12. The most commonly used loss function for seman-
tic segmentation is a combination of two terms that account for spatial accuracy. The
tirst is the voxel-wise cross-entropy loss, which extends the standard classification
loss to operate on individual voxels. The second is the Segrensen-Dice coefficient,
often referred to as Dice loss, which quantifies the overlap between predicted and
ground truth segmentations. It is defined as:

2y, pi-hi
Lpice =1— ==+, (1.22)
D YipitLiti
where p; = argmax, pl@ and f; = arg max, tfc) denote the predicted and ground
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truth class labels for voxel i, obtained by applying the argmax operation over the
class dimension c. Here, pfc) and tEC) represent the predicted probability and one-hot
encoded ground truth label for class c, respectively. The advantage of incorporating
Dice loss is that it provides a strong training signal even for small objects, making it
particularly valuable in imbalanced medical datasets, where lesions or abnormal-
ities occupy only a small fraction of the total 3D volume. This dense supervision
contributes to more stable training, even for annotated data sets limited in size. More-
over, the interpretable predictions, due to their rich spatial detail, make semantic seg-
mentation highly clinically valuable. As a result, semantic segmentation has become
the most widely adopted task in 3D medical image analysis (Maier-Hein et al., 2018).
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Figure 1.12: U-Net architecture for semantic segmentation. The network combines
deep semantic features from the encoder with high-resolution spatial information
from earlier layers via skip connections. These connections between corresponding
encoder and decoder blocks help preserve fine localization details lost during down-
sampling. Figure taken from Ronneberger et al. (2015) with permission from the
publisher Springer Nature.
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Evaluation

In clinical practice, diagnostic decisions are ultimately made at the patient level, deter-
mining whether a patient has a particular disease in order to guide further therapeutic
decisions. Accordingly, the performance of a CAD system is primarily assessed at the
patient level using receiver operating characteristic receiver operating characteristic (ROC)
analysis (Hanley and McNeil, 1982), which evaluates the trade-off between sensitivity
and specificity across a range of classification thresholds, see Fig. 1.13. To summarize the
performance across all thresholds, the area under the ROC curve area under the receiver
operating characteristic curve (AUROC) is commonly reported. However, based on spe-
cific clinical conditions, performance at a particular operating point, defined by a selected
threshold, is also frequently reported.

Receiver Operating Characteristics
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Figure 1.13: Example of receiver operating characteristic (ROC) curves for multiple
classifier models, representing patient-level performance across classification thresholds.

Although AUROC is widely used for patient-level model evaluation, it does not account
for the spatial correctness of predictions. This can be a limitation, especially for diseases
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where subsequent clinical procedures rely on precise localization of the pathology. In such
cases, relying solely on AUROC may result in suboptimal model selection.

Recent advances in location-dependent interventions — such as targeted biopsy (Lo-
mas and Ahmed, 2020), transurethral ultrasound ablation (Ghai et al., 2024), or focal
radiation therapy boosts (Kerkmeijer et al., 2021) in PCa — have increased the need for
accurate tumor localization. As the effectiveness of these interventions depends on the
accurate localization of lesions, object-level evaluation metrics are gaining importance
alongside patient-level metrics. A clinically well-interpretable metric for lesion-level per-
formance is free-response receiver operating characteristic (FROC) curve (Van Ginneken
et al., 2010), which plots sensitivity against the average number of false positives per
scan (avgFPs/scan), measured across multiple thresholds and for a predefined matching
criterion (typically based on Intersection over Union (IoU)), see Fig. 1.14.
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Figure 1.14: Example free-response receiver operating characteristic (FROC) curves
showing lesion-level sensitivity across different average number of false positives per scan
(avgFPs/scan) values.

Unlike ROC analysis, FROC places stricter requirements on what qualifies as a true
positive by incorporating spatial overlap criteria. However, it also requires detailed object-
level annotations from expert clinicians, even on the test set, which is an effort-intensive
and non-trivial task limiting its widespread use despite its clinical relevance.
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1.3 Related Work

Currently, methods based on semantic segmentation using CNN architectures are the
most successful and widely adopted approaches for PCa diagnosis and interventions
(Bhattacharya et al., 2022; Twilt et al., 2021). A significant milestone in biomedical image
analysis was the introduction of the nnU-Net framework (Isensee et al., 2021), which also
had a substantial impact on research in the field of PCa.

One of the key innovations of nnU-Net is the automatic configuration of design
parameters for the vast variety of 3D medical imaging, addressing challenges discussed
in Section 1.2.3 — such as normalization schemes for preprocessing, patch size for data
loading, network topology aligned with the receptive field of convolutional perceptrons.
These so-called rule-based parameters are derived from imaging properties, such as spatial
dimensions and modality type. Additionally, empirical parameters — like resolution level
or postprocessing strategies — are optimized considering the target-of-interest in a dataset
to maximize performance.

In contrast to the model-centric Al trend, nnU-Net maintains fixed and straightforward
training-related parameters, including the U-Net architecture, optimizer, learning rate,
loss function, data augmentation scheme, and training/inference procedures. The central
claim of the nnU-Net paper is that data-driven model configuration has a larger impact on
performance than architecture variations. This was demonstrated by achieving state-of-
the-art results on 33 out of 53 segmentation tasks and showing on-par performance on the
remaining ones. The claim was further substantiated in follow-up studies through direct
comparisons with alternative network architectures, including Mamba (Ma et al., 2024b)
and Transformer-based models (He et al., 2023; Tang et al., 2022; Xie et al., 2021; Zhou et al.,
2021), where nnU-Net consistently outperformed or matched their performance (Isensee
et al., 2024). Since its original publication, nnU-Net has become a widely adopted and
competitive baseline, dominating biomedical imaging challenges and establishing a new
standard for reproducible, high-performance segmentation pipelines (Ma, 2021). Given
its robust generalization capabilities and standardized implementation, this dissertation
relies on the nnU-Net framework as the foundation for all experimental investigations.

The design choices implemented in nnU-Net are intended to generalize across a wide
range of medical imaging tasks. As such, further performance gains may be achieved
by incorporating solutions tailored to specific applications. However, this was explicitly
outside the scope of the designers of the framework, as defining application-specific
strategies for the vast diversity of medical imaging problems is infeasible. Consequently,
challenges defined in Section 1.1 such as Data-centric Challenge #1 and Data-centric
Challenge #2, which are critical in the context of PCa diagnosis, remain unresolved.
Despite the emphasis of nnU-Net on data-centric design, many current state-of-the-art
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algorithms for PCa focus predominantly on model-centric solutions, often overlooking
or only marginally addressing these application-specific challenges. In the remainder of
this section, a selected group of research efforts that provide valuable starting points for
addressing these challenges for medical image analysis are summarized.

1.3.1 Research on Soft Tissue Deformations of the Prostate

Biomechanics is a vast field of research dedicated to building models that simulate physio-
logical processes in the human body. However, it is also one of the most complex areas, as
modeling soft tissue deformation requires accounting for nonlinearity, time-dependency,
and inhomogeneous as well as anisotropic tissue behavior (Payan and Ohayon, 2017).
Constructing biomechanical models is a tedious and resource-intensive task involving
multiple steps. This process is illustrated here using the example of pelvic organ modeling:

1. Access to Organ Geometry: This step requires accurate 3D geometry of the target
and surrounding tissues. 3D radiological imaging modalities along with manual
annotations or annotations generated using automated segmentation tools — such as
nnU-Net trained on an annotated subset of data, or nnU-Net-based methods like
TotalSegmentator (Wasserthal et al., 2023; Akinci D’ Antonoli et al., 2025) — can be
used to construct a 3D mesh.

2. Incorporation of Biomechanical Properties and Boundary Conditions: The esti-
mation of soft tissue properties and their interactions is crucial. Prostate movement
and deformation are primarily passive and result from muscle contractions and
respiration, but primarily rectal and bladder filling/movements (Engels et al., 2020;
Boubaker and Ganghoffer, 2017; Voyant et al., 2011). Rubod et al. (2012) provided
comprehensive measurements of the mechanical properties of pelvic organs. They
confirmed the hyperelastic and viscous behavior of the rectum and bladder, noting
greater elasticity in the bladder. No significant location- or orientation-dependent
differences were observed, except under high strain for the bladder. They also
emphasized the importance of using human tissue for biomechanical modeling,
demonstrating significant differences compared to animal-derived samples. Qasim
et al. (2022) assumed isotropic linear elastic behavior using the Young’s modulus (E)
and Poisson’s ratio (v), showing similar values for the prostate and adjacent pelvic
muscles (Hensel et al., 2007).

3. Mesh Generation and Deformation Computation: Biomechanical modeling is
typically formulated as a partial differential equation problem and solved using the
finite element (FE) method based on meshed organ geometries (Johnsen et al., 2015;
Carter et al., 2005). FE-based prostate modeling has been used mainly in enhancing
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registration for MRI-TRUS fusion biopsy (Khallaghi et al., 2015b; Qasim et al., 2022)
and in image-guided radiotherapy for pelvic organs (Boubaker and Ganghoffer,
2017; Chai et al., 2011; Hensel et al., 2007).

However, FE-based biomechanical modeling is computationally expensive, often re-
quiring minutes to hours per simulation and powerful hardware (Boubaker and Ganghof-
fer, 2017). To make such simulations more time-efficient, hybrid approaches have emerged.
One direction combines biomechanical models with statistical shape modeling to construct
statistical motion models (Hu et al., 2008, 2010; Khallaghi et al., 2015a), which have been
used as offline DA for regularizing CNN-based image registration for MRI-TRUS fusion
biopsy (Hu et al., 2018). More recently, data-driven motion modeling using deep neural
networks (DNNs) has been explored (Romaguera et al., 2021), although these methods
have not significantly reduced modeling complexity or computational cost.

Consequently, such deformation models do not scale yet to online DA. As a result, cur-
rent state-of-the-art PCa CAD systems continue to rely on simple global transformations —
such as translation, rotation, mirroring, and scaling (Aldoj et al., 2020; Bosma et al., 2023;
Cao et al., 2019; Hamm et al., 2023; Hosseinzadeh et al., 2021; Netzer et al., 2021; Saha
et al., 2021a) — leaving the variability of lesion morphology unchanged. Few studies have
used random elastic deformations (Pellicer-Valero et al., 2022; Schelb et al., 2019), but the
transformation lacks label-preserving properties (see Section 1.2.3), potentially risking the
transformation of benign lesions like BPHs into malignant tumors.

1.3.2 Research on Multi-Modal Misalignments in Prostate MRI

Accurate ground truth is essential for training CNNs, particularly for semantic segmen-
tation, which relies on spatial information on the finest level. However, the presence of
misalignments within mpMRI - as elaborated in Data-centric Challenge #2 — prevents
spatially accurate correspondence between ground truth labels and all modalities. This
ultimately limits the model ability to fuse complementary information across modalities.
The literature reflects differing opinions on the significance of this issue:

* Multi-modal misalignments are considered irrelevant in the context of prostate
cancer detection: A few studies argue that misalignments are negligible due to
precautionary measures taken during MRI acquisition. Saha et al. (2021b) were on
the opinion that the examination time was insufficient to produce significant spatial
displacements across modalities. They highlighted the use of antispasmodic agents
to reduce bowel motility and rectal catheters to minimize distension, claiming these
precautions effectively mitigate deformation, supported by visual assessment. These
views were adopted by Bosma et al. (2023) and Duran et al. (2022). Hosseinzadeh
et al. (2021) did not address the problem.
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* Registration is needed: The majority of studies argue that aligning T2w images
with DWIimages and ADC maps is essential to ensure accurate multi-modal infor-
mation fusion. These studies employ various registration strategies using MI as the
similarity metric:

- Linear registration: Many works have applied rigid registration (Aldoj et al.,
2020; Arif et al., 2020; Cao et al., 2019; De Vente et al., 2020; Kohl et al., 2017;
Winkel et al., 2021). Sanyal et al. (2020) justified this choice by pointing out
the potential risk of implausible image warping. This scenario is especially
likely in regions with severe image artifacts, where similarity metrics may fail.
Some studies extended rigid alignment with affine transformations for better
alignment (Schelb et al., 2019).

— Deformable registration: In contrast, Yang et al. (2017) emphasized that ac-
curate registration is key for leveraging multi-modal information. They em-
ployed a hierarchical deformable registration approach. This approach has
been adopted and extended by several other studies (Netzer et al., 2021, 2023;
Pellicer-Valero et al., 2022; Schelb et al., 2021).

However, these studies that emphasize the importance of spatial alignment did not
evaluate whether the downstream task actually benefits from registration. Given
that registration is an ill-posed problem (Section 1.2.3), it cannot eliminate all mis-
alignments, particularly in mpMRI, where anisotropic voxel dimensions and severe
local deformations resulting from imaging artifacts or large organ movements. As a
result, critical spatial errors may persist even after registration.

1.4 Objectives and Contributions

1.4.1 Research Objectives

The primary objective of this dissertation is to enhance the performance and robustness
of PCa diagnosis systems by incorporating data-centric solutions that have remained
underexplored or have only been partially addressed. Specifically, the goal is to integrate
application-specific knowledge — such as physiological processes and imaging-related
characteristics — into AI model training. These are factors that radiologists are explicitly
trained to recognize and account for during clinical decision-making. By embedding such
domain knowledge into deep learning models, this work aims to narrow the performance
gap between radiologists and CAD systems, ultimately leading to more accurate and
clinically robust diagnostic systems.
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This work addresses challenges associated with radiological prostate MRI assessment
elaborated in Section 1.1, and targets the technical limitations discussed in Section 1.3.
The proposed solutions are integrated and evaluated using a semantic segmentation
framework, which relies heavily on spatial information and provides a standardized,
state-of-the-art baseline for methodological development.

Objective 1: Soft Tissue Deformations

Given the influence of active pelvic soft tissue deformations on the captured MRI image
and its interpretation identified as a Data-centric Challenge #1, and reviewing the current
state of research on biomechanical modeling of the prostate in Subsection 1.3.1, I define
the first research gap as follows:

Research Gap #1: The high potential of soft tissue deformation models — specifi-
cally their ability to introduce substantial prostate and lesion shape variability as an
inductive bias into training — remains underexplored in PCa diagnosis using deep
learning-based Al systems.

To address Research Gap #1, the first part of the dissertation investigates the integration
of biomechanical modeling into AI model training. The first research question addresses a
core limitation of existing biomechanical models, namely their limited applicability for
generating soft tissue deformations on the fly during model training;

Research Question 1: Can a biomechanical model be constructed that mimics realistic
soft tissue deformations and is suitable for online DA?

To reduce the computational cost, a lightweight mathematical model was designed using
biomechanical properties of the pelvic organs informed by prior literature (Section 1.3.1).
A Turing test involving expert radiologists was conducted to qualitatively validate the
realism of the resulting deformations. Following this, the main performance-related
question was posed:

Research Question 2: Does increased lesion and organ morphological diversity
by incorporating realistic soft tissue deformations into AI model training improve
diagnostic performance?

To answer this, nnU-Net models were trained with and without the proposed deforma-
tions, with detailed evaluation at both patient- and lesion-level. In addition, a comparative
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study was performed against random elastic deformations, which are easy to utilize but
not guaranteed to be label-preserving, i.e., they may alter the underlying ground truth in
unintended ways:

Research Question 3: Is realism in augmentation crucial, or are generic random elastic
deformations sufficient? Are they label-preserving in the context of prostate MRI?

This was tested by comparing model performance across both augmentation strategies.

Objective 2: Multi-Modal Misalignments

Given the importance of consistent ground truth labels across image modalities identified
as a Data-centric Challenge #2, and based on the review of current approaches on multi-
modal alignment errors reviewed in Subsection 1.3.2, I define the second research gap as
follows:

Research Gap #2: The problem of multi-modal alignment errors in PCa has remained
largely unexplored. There is no consensus among research groups regarding the
necessity or benefit of registration for improving CNN performance. Furthermore,
alternative strategies to either replace registration or compensate for residual mis-
alignments have not yet been investigated.

The second focus of the dissertation targets Research Gap #2, which was broken down
into multiple research questions. The first addresses the lack of consensus in existing
literature regarding registration:

Research Question 4: Does registration improve CAD model performance for prostate
MRI? Is that dependent on the type of registration?

To address this, nnU-Net pipelines were trained with various registration strategies and
compared against a non-registered baseline. Moving beyond conventional registration, a
research question addressing a new aspect of alignment errors is proposed:

Research Question 5: Can an alternative strategy replace registration with a more
practical and robust solution?

Instead of relying solely on alignment preprocessing, the proposed approach called mis-
alignment DA aims to increase the model robustness against misalignments by simulating
random alignment errors during training. This raised the final question:
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Research Question 6: Does the proposed strategy complement registration, or can it
serve as a replacement? Do they provide additive benefits when combined?

1.4.2 Summary of Main Contributions

In summary, this dissertation advances the use of data-centric model training strategies in
PCa diagnosis on MRI. It contributes:

¢ A novel biomechanical model of pelvic soft tissue deformation, suitable for realistic,
online data augmentation.

¢ An empirical evaluation of the benefit of realism in deformation-based augmentation.
* A comprehensive assessment of the necessity of registration.

* A new augmentation strategy for training models to be robust to multi-modal
alignment errors.

* Evidence that these data-centric approaches enhance both patient-level and lesion-
level performance.

1.5 Outline

The structure of this thesis is organized around the two main research objectives introduced
in Section 1.4, focusing on 1) soft tissue deformations and 2) multi-modal alignment errors
in prostate MRI. Each objective is addressed primarily through a dedicated research study,
which is followed in parallel across Chapter 2, Chapter 3, and Chapter 4.

In Section 2.1, the characteristics of the clinical datasets used in both studies are de-
scribed in detail, highlighting their properties supporting the experiments. Section 2.2
focuses on the development of a biomechanical model for simulating soft tissue defor-
mations in the human pelvis, along with the qualitative and quantitative evaluation
techniques used to assess the realism and practical benefits of the generated transforma-
tions. Section 2.3 presents the preparation of datasets with different registration techniques,
the proposed misalignment data augmentation paradigm, and the experimental design
used to systematically evaluate both strategies.

The corresponding results are presented in Section 3.1 and Section 3.2, respectively,
covering both qualitative findings and quantitative diagnostic performance. These find-
ings are then discussed in detail in Section 4.1 and Section 4.2, with interpretations specific
to each research objective.
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Finally, Chapter 4 also reflects on the generalizability of the proposed techniques
beyond prostate MRI, and discusses the broader implications of incorporating application-
specific knowledge into the data augmentation process. The potential future role of such

domain-informed augmentation is considered in the context of emerging trends in medical
image analysis.
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Chapter

Materials and Methodology

2.1 Characteristics of Datasets

Although the Prostate Imaging Reporting and Data System (PI-RADS) guidelines rec-
ommend multi-parametric MRI (mpMRI), including dynamic contrast-enhanced imag-
ing (DCE) imaging, recent studies have shown that bi-parametric MRI (bpMRI) — com-
posed of T2-weighted (T2w) and diffusion-weighted imaging (DWI) sequences — can offer
comparable diagnostic performance (Gatti et al., 2019; Kuhl et al., 2017; Liang et al., 2020;
Tavakoli et al., 2023; Twilt et al., 2025; Zawaideh et al., 2020). While bpMRI may involve a
slight trade-off in accuracy, it eliminates the need for contrast agent (CA) administration
and allows for faster acquisition times (Van der Leest et al., 2019), making it an appealing
choice not only in clinical workflows but also for emerging deep learning applications
in prostate magnetic resonance imaging (MRI). Accordingly, this dissertation develops
artificial intelligence (Al) systems based on images in the bi-parametric abbreviated MRI
setting.

2.1.1 In-House Data

For this dissertation, an in-house dataset was provided by David Bonekamp from the
Division of Radiology at the German Cancer Research Center (DKFZ) Heidelberg. This
dataset is of particularly high quality, featuring carefully curated ground truth labels
established through close collaboration with the Department of Urology and the Institute
of Pathology at the University of Heidelberg Medical Center.

A key strength of this dataset is the use of extended systematic transperineal MRI-
transrectal ultrasound (TRUS) fusion biopsies, which offer lesion detection sensitivity
comparable to that of radical prostatectomy specimens Kuru et al. (2013). Unlike many
publicly available datasets, which often provide annotations only on DWI images, which
typically suffer from lower spatial accuracy, this dataset includes accurate T2w lesion
segmentations. These high-precision segmentations make the dataset especially well-
suited for the development and evaluation of data-centric approaches that rely on fine
spatial information.
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Patient Sample

This dissertation had access to a subset of institutional patients undergoing routine clinical
care, all of whom received mpMRI followed by MRI-TRUS fusion transperineal targeted
biopsies as well as extended systematic biopsies. The retrospective analysis of these study
samples was approved by the ethics committee of the Medical Faculty Heidelberg, which
waived the requirement for informed consent (institutional ethics approval number S-
164/2019). All experiments were conducted in accordance with the Declaration of Helsinki
(64th WMA General Assembly, Fortaleza, Brazil, October 2013) and relevant data privacy
regulations.

For the studies included in this dissertation, access was granted to institutional data
consisting of consecutive prostate MRI examinations acquired over different time periods,
without reflecting any methodological considerations:

1. In-House Cohort #1: Exams acquired between January 2014 and December 2016
2. In-House Cohort #2: Exams acquired between January 2014 and December 2017

Despite the different time periods, all cohorts were subject to identical inclusion and
exclusion criteria to ensure consistency across analyses. All men with suspected prostate
cancer (PCa) or those enrolled in the institutional active surveillance program were in-
cluded if the following conditions were met:

¢ MRI examination was performed using institutional scanners,
* biopsy was performed at the same institution,
* biopsy results were available.

Criteria for exclusion were:

¢ prior PCa therapy (prostatectomy, ablation or radiation therapy, anti-hormonal
treatment),

* MRI scans with severe imaging artifacts,
* biopsy performed within 2 months prior MRI or more than 6 months post MRI,

* uncommon/rare pathological diagnoses with irregular/atypical imaging manifesta-
tions (e.g. smooth muscle cell tumor of uncertain malignant potential),

¢ exams in which clinically significant PCa (csPCa) was detected via systematic biopsy
without MRI-visible lesion. The exclusion of these cases was necessary to enable
both lesion-level evaluation and semantic segmentation network training requiring
lesion ground truth segmentations.
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Detailed demographic and clinical characteristics of the in-house cohorts are given in
Appendix A.1.

MRI Protocol

mpMRI prostate examinations were performed on three different scanners from Siemens
Healthineers: Magnetom Prisma and Biograph mMR (both 3T), and Magnetom Aera
(1.5T). All examinations followed PI-RADS recommendations (Turkbey et al., 2019) and
ESUR guidelines (Barentsz et al., 2012). Standard multichannel body coils and integrated
spine-phased array coils were applied for image acquisition. As this dissertation uses
biparametric abbreviated MRI protocol, only the acquisition parameters of T2w and DWI
sequences are provided in Appendix A.2, stratified by scanner type.

PI-RADS and Histopathological Assessment

PI-RADS assessment of MRI-detected lesions was performed during clinical routine by
board-certified radiologists. All exams were discussed in interdisciplinary conferences
prior to biopsy.

All patients received extended systematic transperineal MRI-TRUS fusion biopsies
according to the Ginsburg protocol and PI-RADS > 3 lesions were assessed by targeted
biopsies, a method that has demonstrated reliable ground-truth assessment with sensitivity
comparable to radical prostatectomy specimen (Kuru et al., 2013). Before 03/2017, biopsies
were guided by rigid (BiopSee by Medcom, Darmstadt) and afterward elastic (UroNav,
Philips Invivo) software registration. Histological assessment was performed under the
supervision of an experienced genitourinary pathologist with 20 years of experience.
csPCa was defined as International Society of Urological Pathology (ISUP) Gleason Grade
Group (GGG) > 2.

Dataset Annotation for Segmentation Ground Truth

Existing csPCa segmentations were used as ground truth lesion annotations. These were
retrospectively created on both T2w and DWI images by multiple in-house investigators,
utilizing radiologists” reports and accompanying diagrams. T2w segmentations were
performed with the aid of corresponding DWI images and ADC maps, leading to spatially
highly accurate ground truth. All annotations were performed using the Medical Imaging
Interaction Toolkit (MITK) (Wolf et al., 2005), under the supervision of a board-certified,
fellowship-trained radiologist with 12 years of experience in prostate MRI (Prof. Dr. David
Bonekamp).

To prepare the dataset for object-level evaluation and for assessing lesion-level over-
lap across modalities, I systematically reviewed the lesion annotations and identified
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inaccuracies and inter-modality inconsistencies. These included missing slices, overlap-
ping instance labels, and touching lesions. While these issues are negligible for semantic
segmentation training and patient-level evaluation, they critically compromise the lesion-
level performance assessment. Additionally, I detected mismatched lesion identifiers,
missing slices, and incorrect or overlapping labels between lesion annotations on T2w
images and ADC maps. These inconsistencies would have significantly affect the validity
of lesion-level overlap across modalities used for evaluating image registration techniques.
These inaccuracies and inconsistencies were corrected in collaboration with members of
the Division of Radiology at DKFZ Heidelberg (Clara Meinzer, Nils Netzer, Cedric Weif3er,
Dr. Kevin S. Zhang, Prof. Dr. David Bonekamp).

Existing segmentations of the prostate gland on both T2w and DWI images, as well
as rectum and bladder segmentations on T2w images, were previously generated using
in-house nnU-Net models. These models were iteratively trained on a cohort that initially
included a small subset of this patient population. The quality of all segmentations was
confirmed by multiple in-house readers.

2.1.2 PROSTATEx Dataset

This dissertation also includes data from the public PROSTATEx dataset (Armato et al.,
2018), which contains mpMRI examinations performed on two different 3 T MRI scanners
(Siemens MAGNETOM Trio and Skyra), without the use of an endorectal coil.

Ground truth lesion annotations for 204 exams were available through existing in-
house csPCa segmentations. These lesions were retrospectively segmented on both T2w
and DWI images by a single in-house investigator, based on the publicly provided lesion
coordinates and under the same supervision as described in Section 2.1.1. Additionally,
prostate gland segmentations for both T2w and DWI images were included, generated
using the same nnU-Net-based algorithm referenced in Section 2.1.1.
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2.2 Soft Tissue Deformations of the Prostate (Objective #1)

The methods presented in this section have been primarily published in the fol-

lowing conference:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Carolin Eith, Dimitrios
Bounias, Clara Meinzer, Paul F. Jager, Kevin S. Zhang, Ralf Floca, Adrian
Schrader, Fabian Isensee, Regula Gnirs, Magdalena Gortz, Viktoria Schiitz,
Albrecht Stenzinger, Markus Hohenfellner, Heinz-Peter Schlemmer, Ivo Wolf,
David Bonekamp, Klaus H. Maier-Hein Anatomy-informed data augmentation
for enhanced prostate cancer detection. International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention - MICCAI 2023.
https://doi.org/10.1007/978-3-031-43990-2_50

2.21 Study Cohort

This study utilizes bpMRI exams from In-House Cohort #2 — described in Section 2.1.1
— comprising a total of 774 exams. The dataset was divided into a training set and a
test set using an 80 % - 20 % split, resulting in 619 exams for training and 155 for testing.
Stratification was performed based on the prevalence of csPCa, which was 36.3 % across the
cohort to ensure a balanced representation of benign and malignant cases. An overview of
the data split is provided in Tab. 2.1, while a detailed demographic breakdown is available
in the supplementary material.

Table 2.1: Distribution of patients with and without clinically significant prostate cancer
(csPCa) across the training and test sets. Stratified sampling ensured consistent csPCa
prevalence in both subsets. Table adapted from our previously published work (Kovacs
et al., 2023a), with permission from the publisher Springer Nature.

No. Exams without csPCa  with csPCa Sum
Training set 394 225 619
Test set 99 56 155
Sum 410 215 774
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2.2.2 Biomechanical Model Creation

The first step toward enabling soft tissue deformation simulation for use in online data aug-

mentation (DA) workflows is the development of a transformation model that effectively

balances anatomical realism with computational efficiency. To achieve this, I constructed a

lightweight biomechanical model inspired by the known mechanical properties of pelvic
tissues, as discussed in Section 1.3.1.

In order to keep the model both conceptually simple and practically scalable, several
simplifications were introduced:
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Soft tissue deformation of the prostate is a passive process resulting from active
morphological changes in the rectum and bladder due to physiological functions
such as filling and evacuation (Boubaker and Ganghoffer, 2017; Engels et al., 2020;
Voyant et al., 2011). Therefore, the transformation is designed to simulate bladder
and rectal shrinkage and dilation.

Given the isotropic mechanical behavior of both the rectum and bladder (Rubod et al.,
2012), the simulated transformation is applied isotropically and perpendicularly to
the organ surface without prioritizing any specific direction.

Due to the similar Young’s modulus and Poisson’s ratio of the prostate and surround-
ing muscle tissue (Qasim et al., 2022), these tissues are treated as a homogeneous
material during the simulation of bladder and rectal deformation.

Taking into account that deformation-preserving solid tissues — particularly the
pelvic bones — are either distant from the prostate or absent from the imaging
field of view, their influence on prostate deformation is considered negligible. As
such, explicitly modeling boundary conditions would unnecessarily increase the
complexity of the simulation.

The nonlinear hyperelastic behavior of soft tissues (Rubod et al., 2012) is typically
the most computationally intensive aspect of biomechanical models. To simplify
this, the deformation is modeled as a displacement field that decays proportionally
with distance from the rectal and bladder surfaces. Grid sampling and interpolation
are then used to approximate the resulting deformation, achieving a similar effect
with substantially reduced computational cost.

Viscous tissue behavior — i.e., force- and time-dependent deformation — can be
disregarded, as these dynamics are irrelevant in the context of static transformations
for augmentation.
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As aresult, a soft tissue deformation originating from either the rectum or the bladder
can be simulated using a transformation vector field V, defined as:

V = V(Go * Sorgan(x,y,2)) - C(x,y,2), (2.1)

where V denotes the spatial gradient, G, is a Gaussian kernel with kernel size ¢, and
Sorgan is the binary segmentation mask (indicator function) of the rectum or bladder. The
scalar field of C(x,y,z) controls the amplitude and direction of the resulting displacement
field. Applying the vector field V as a displacement field to an MRI image I(x, y, z) results
in a spatially transformed image with simulated soft tissue deformation:

I"(x,y,z) = I(x + Vi(x,y,2),y + Vy(x,y,2), 2+ Va(x,,2)). (2.2)

This transformation is referred to as the anatomy-informed transformation. Fig. 2.1
illustrates the simulation pipeline, showing each step from the original anatomy to the
deformed image.

Rectum Blurred Deformation
segmentation ngllssian segmentation [EeRNEH.
ter
—_— —_—

Grid-sampling
& interpolation

Figure 2.1: Anatomy-informed transformation pipeline demonsterated on a PROSTA-
TEx exam (Armato et al., 2018). Soft tissue deformation is simulated by computing a
deformation vector field from anatomical segmentations — such as rectal and/or bladder.
The binary segmentation is first blurred using a Gaussian filter, and its gradient is then
computed to generate a vector field. This field is applied as a displacement field to the
input MRI image via grid sampling and interpolation, resulting in a transformed image
that simulates anatomically plausible soft tissue deformation.
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2.2.3 Experimental Setting
Qualitative Evaluation

First, the assumptions underlying the biomechanical model described in Section 2.2.2
were evaluated qualitatively, specifically assessing whether the applied rectal and bladder
deformations produce visually realistic images. For this purpose, a controlled experiment
is performed in which either the anatomy-informed transformation is applied either to the
rectum or bladder, a random deformable transformation is applied, or no transformation
is applied at all. These transformations are introduced in a randomly selected subset
of exams. I then conduct a rigorous Turing test involving clinicians with varying levels
of radiology expertise — a newly graduated physician (Carolin Eith) and two radiology
residents specializing in prostate MRI (Clara Meinzer and Dr. Kevin S. Zhang, with 1.5
to 3 years of experience). Each clinician was asked to assess whether a given image was
original or artificially modified, responding to the question: "Is this image an original MRI
scan or has it been artificially altered? If you think it has been modified, please describe
why." Responses were considered correct only if the artificial modification was identified
with a valid justification, ensuring that cases where the decision was made for an incorrect
reason were excluded.

Assessing Applicability

In this context, applicability is in relation to the computational complexity of the trans-
formation, as it directly affects its computational time. Although an exact measurement
of computation time is not feasible due to its dependence on image characteristics, trans-
formation complexity, and hardware specifications, such precise timing is not essential
in this context. In practice, data loading and augmentation are executed on the central
processing unit (CPU) in parallel with model training steps (forward pass, loss computa-
tion, backpropagation, parameter update) that are handled on the graphical processing
unit (GPU). Therefore, the critical question for applicability is whether the CPU can
complete the transformation calculations in time before the GPU completes its training
iteration. Therefore, I monitored GPU utilization during model training to detect any
differences between training with and without the anatomy-informed transformation.

Quantitative Evaluation

To assess the clinical relevance of the anatomy-informed transformation, I quantitatively
evaluate its impact on the tasks of patient-level PCa diagnosis and lesion-level PCa
detection. Following prior works (Duran et al., 2022; Kohl et al., 2017; Netzer et al.,
2021; Saha et al., 2021b; Sanyal et al., 2020), I derive diagnostic predictions through
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semantic segmentation of malignant lesions. Semantic segmentation not only yields
spatially detailed, interpretable outputs, but it is also sensitive to spatial changes, making
it particularly suitable for evaluating spatial DA strategies.

To systematically compare the impact of the proposed anatomy-informed DA against
commonly used techniques, I define the following three DA schemes:

1. Basic augmentation strategy (baseline reference):
This refers to the standard nnU-Net pipeline (Isensee et al., 2021), which uses an
extensive augmentation strategy including simple spatial transformations such
as translation, rotation, and scaling. It serves as the baseline reference for model
comparison.

2. Random deformable extended strategy:

This strategy extends the basic augmentation pipeline by incorporating random
elastic deformations, as optionally implemented in nnU-Net. While it has been used
in the natural imaging domain (Simard et al., 2003), the effect of such transformations
in the medical imaging domain remains uncertain due to the lack of guarantees for
label preservation (Perez et al., 2018). I hypothesize that these deformations may
introduce unrealistic anatomical changes — such as altering lesion characteristics —
potentially degrading model performance.

3. Anatomy-informed extended strategy (proposed method):
This strategy extends the basic augmentation pipeline by incorporating the proposed
anatomy-informed transformation, which applies organ-specific deformations using
the constructed biomechanical model. Two configurations are defined:

(a) Deforming only the rectum, as rectal distension has the strongest impact on
prostate morphology (Boubaker and Ganghoffer, 2017), particularly given that
around 70 % of lesions are located in the adjacent peripheral prostate zone (PZ)
(Ali et al., 2022).

(b) Deforming both the bladder and the rectum, as bladder deformation also affects
lesion appearance, though to a lesser extent.

To compare model performance with expert radiologists, I evaluate radiologist per-
formance using clinical patient-level and lesion-level PI-RADS scores in conjunction with
histopathological ground truth. PI-RADS scores are interpreted as prediction thresholds,
while the histopathological findings serve as binary ground truth labels. This enables the
computation of patient-level sensitivity and specificity, as well as lesion-level sensitivity
and average number of false positives per scan (avgFPs/scan), across different PI-RADS
thresholds. These thresholds can then be used as clinically meaningful operating points
for model evaluation:
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* Patient-level evaluation: Patient-level model performance is assessed using the
partial area under the receiver operating characteristic curve (pAUROC), computed
with a clinically meaningful sensitivity threshold of 78.75 % — corresponding to
90 % of the sensitivity achieved by radiologists at the PI-RADS > 4 threshold. In
addition, Fj-scores (the harmonic mean of precision and recall / sensitivity and
positive predictive value) at the operating point corresponding to the sensitivity of
PI-RADS > 4 are reported to quantify performance further.

* Lesion-level evaluation: Free-response receiver operating characteristic (FROC)
curves are calculated and the number of detected lesions at the avgFPs/scan of 0.32
per scan — corresponding to the radiologists” lesion-level sensitivity for PI-RADS >
4. Predicted lesion instances are extracted by thresholding the softmax segmentation
output at 0.5, followed by connected component analysis. A prediction is counted as
a true positive if its Intersection over Union (IoU) with a ground truth lesion exceeds
0.1.

* Zonal evaluation to test locality-specific effects of the transformation: To assess
whether localized soft-tissue deformations lead to zone-specific improvements in
lesion detection, I evaluate the number of correctly detected lesions separately for
the PZ and the transitional prostate zone (TZ). This comparison is made across nnU-
Net configurations using the basic augmentation strategy and its extensions with
different anatomy-informed transformations (rectum only, bladder only, and both
rectum and bladder). My hypothesis is that targeted deformations can selectively
enhance lesion detection sensitivity in the corresponding zonal region.

Bootstrapping with 1000 replications was applied to calculate p-values for the F1-scores
and for the number of detected lesions using two-sided t-test determining statistical
significance.

2.24 Al Model Developement

Input Images and Ground Truth Labels

The network receives a multi-channel input composed of the bpMRI images — T2w image,
the DWI image with the highest b-value, and the corresponding apparent diffusion
coefficient (ADC) map. For each exam, a multi-label ground truth is constructed. It
includes semantic segmentations of csPCa lesions — derived from systematic biopsy-
enhanced lesion ground truth annotations — as well as organ segmentations for the rectum
and bladder to support the anatomy-informed DA.
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Image Preprocessing

To ensure accurate spatial matching of ground truth segmentations across the multi-
modal input channels, the MRI sequences were co-registered using B-spline deformable
registration using mutual information as the image similarity metric, following the settings
described by Netzer et al. (2021). The displacement field was computed by registering the
T2w image to the DWI sequence with the lowest b-value, as these exhibit the most similar
tissue contrast characteristics. The resulting transformation was then applied to the DWI
images with the highest b-value and the corresponding ADC maps.

Following registration, the images were cropped around the anatomical regions of
interest. Cropping was performed using offsets of £9 mm axial to the prostate (corre-
sponding to £3 slices), and 4-11.25 mm in the axial plane around the rectum and bladder
(equivalent to £32 voxels, matching the Gaussian kernel parameter described later in
Section 2.2.4). This step ensures compatibility with the anatomy-informed augmentation
pipeline and helps mitigate training instability, which can arise due to the limited number
of csPCa cases and the relatively small lesion volumes in relation to the entire image
(Sanyal et al., 2020).

Anatomy-informed Augmentation Parameters and Implementation

Some parameters of the anatomy-informed transformation were primarily determined
based on visual plausibility. A Gaussian kernel size of 32 was found to effectively influence
anatomically plausible regions around the rectum and bladder while maintaining sufficient
spatial resolution in the deformation vector field. Given the rectum’s tubular structure,
oriented approximately along the superior-posterior axis, deformation was applied only
within the axial plane. The amplitude parameter C for both the rectum and bladder
was optimized using validation results from the 5-fold cross-validation (5{CV). During
training, values were sampled from a uniform distribution centered at zero with bounds
C € [300,600,900, 1200, 1500]. The final selected values were Crectum = 1200 and Cpjagder =
600. To account for anisotropic voxel spacing (0.3125,0.3125,3), the z-component of both
the Gaussian kernel and the displacement field was scaled by the spacing ratio 0.3125/3.
The complete set of transformation parameters is provided in Tab. 2.2.
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Table 2.2: Parameters used in the implementation of the anatomy-informed transfor-
mation. Anisotropic voxel spacing is taken into account, modifying the z-component
of both the Gaussian kernel and the transformation amplitude. Rectal deformations are
constrained to the axial plane, while bladder deformations are applied in all directions
with z-scaling.

Parameter Value

Voxel spacing (x,y,z) (0.3125, 0.3125, 3.0) mm
Spacing ratio (SR) 0.3125/3

o 32-(1,1,SR)
Crectum [—1200,1200] - (1,1,0)
Chladder [—600,600] - (1,1,SR)
probability 0.2

Data Neural
augmentation Network

O
. 0 O
O 0O
O-g—oO
Oo OOO
O

bladder e== prostate lesion rectum

Figure 2.2: Integration of the anatomy-informed transformation into the nnU-Net train-
ing pipeline. During data loading, anatomical segmentations of the bladder and rectum
are used to compute soft tissue deformations with a 20 % probability. The transformation
is applied to both the image and label volumes. To ensure the model focuses on lesion
segmentation, the anatomical labels are removed before the training step. Figure adapted
from our previously published work (Kovacs et al., 2023a), with permission from the
publisher Springer Nature.
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The anatomy-informed transformation is integrated into model training as an online
DA, as illustrated in Fig. 2.2. During training, the data loader provides MRI scans along
with corresponding ground truth lesion annotations and anatomical segmentations of the
rectum and bladder. The anatomy-informed transformation is applied for each organ with
a probability of 20 %. When triggered, the transformation is computed using the provided
organ segmentations and applied to both the input MRI images and corresponding labels.

To ensure that the network focuses solely on lesion segmentation, the anatomical labels
(rectum and bladder) are removed from the ground truth prior to training. This avoids the
risk of the model prioritizing larger anatomical structures over the relatively small lesion
volumes, which would otherwise dilute the segmentation signal for csPCa.

As nnU-Net relies on the 3D medical image augmentation framework batchgenera-
tors (Isensee et al., 2020), the anatomy-informed transformation was integrated directly
into this framework following its conventions, and has been made publicly available:
https://github.com/MIC-DKFZ/batchgenerators [accessed: 15 June 2025]. In
addition, a customized nnU-Net trainer extended with the anatomy-informed augmenta-
tion has been released at https://github.com/MIC-DKFZ/anatomy_informed_DA
[accessed: 15 June 2025].

nnU-Net rule-based Parameters of the Training Pipeline

Based on the dataset fingerprint, nnU-Net automatically extracted rule-based parameters
for preprocessing and network configuration:

* Normalization: Z-score normalization was performed to the T2w and high b-value
DWI images on a per-case basis due to their relative intensity nature. In contrast,
ADC maps, considered to reflect absolute physical values and generated consistently
within the same institution and scanner vendor, were globally normalized. nnU-Net
used a global mean intensity of 1054.54 and a global standard deviation of 714.05 for
the ADC maps.

* Resampling: All input modalities were linearly resampled to a common voxel
spacing, calculated as the median spacing across the dataset: [3.0,0.3125,0.3125] mm
in the z-y-x axes.

e Patch size and network topology: Given the median image shape of (21,480,311) in
the z-y-x axes, nnU-Net determined the input patch size to be (16 x 384 x 256). Based
on this configuration, the network architecture was composed of two convolutional
layers per stage, with pooling operations applied |2, 6, 6] times along the respective
axes. The network started with 32 feature maps, and a batch size of 2 was used. An
overview of the resulting network configuration is illustrated in Fig. 2.3.
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Figure 2.3: The generated U-Net topology for the anatomy-informed training config-
uration. Each encoder block consists of two convolutional layers (Conv) followed by
instance normalization (IN) and Mish activation. Downsampling is performed via strided
convolutions, while upsampling is achieved using transposed convolutions. The input
patch size is (16 x 384 x 256), with [2,6,6] pooling operations per axis and an initial
feature map count of 32. Final predictions are produced by a 1 x 1 x 1 convolution fol-
lowed by softmax activation, applied in a deep supervision manner across four decoder
stages. The architecture is reconstructed based on nnU-Net configuration files following
the convention used in Isensee et al. (2021) with permission from the publisher Springer

Nature.
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Network training

3D nnU-Net models were trained using a 5fCV strategy. Beyond the default nnU-Net
configuration, a class-balanced data loader was employed to ensure training was not
biased by the prevalence of csPCa in the dataset, thereby encouraging the network to
focus more on learning discriminative image features. To reduce the risk of overfitting,
the number of training epochs was limited to 350. Model training was performed using
the Mish activation function, the Ranger optimizer, and a cosine annealing learning rate
scheduler with an initial learning rate of 10~3. The final models from the 5fCV folds were
ensembled and evaluated on an independent test set.
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2.3 Multi-Modal Misalignments in Prostate MRI (Objective #2)

The methods presented in this section have been primarily published in the fol-
lowing journal article:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Adrian Schrader, Fabian
Isensee, Cedric Weifier, Ivo Wolf, Magdalena Gortz, Paul F. Jaeger, Vic-
toria Schiitz, Ralf Floca, Regula Gnirs, Albrecht Stenzinger, Markus Ho-
henfellner, Heinz-Peter Schlemmer, David Bonekamp, Klaus H. Maier-
Hein. Nature Scientific Reports. Addressing image misalignments in multi-
parametric prostate MRI for enhanced computer-aided diagnosis of prostate cancer.
https://doi.org/10.1038/s41598-023-46747-z

2.3.1 Study Cohort

To ensure a sufficiently large and representative dataset for training and evaluation, I
combined bpMRI exams from two cohorts: the public PROSTATEx cohort (204 exams)
and the In-House Cohort #1 (421 exams), as described in Section 2.1.1. This resulted in a
total of 625 exams.

Combining the two cohorts was considered feasible since both datasets consist of MRI
scans acquired on the same vendor platform (Siemens), with similar ADC map calcula-
tions. More importantly, lesion segmentations were performed by in-house investigators,
minimizing potential interrater variability across the two datasets.

As this study primarily focuses on methodological development rather than addressing
the challenges of multi-center domain shift, efforts were made to minimize potential inter-
cohort variability during training and evaluation. To achieve this, the combined dataset
was split into training and test sets using an 80 %—-20 % stratified split. Stratification was
performed with respect to both csPCa prevalence — which was 34.4 % across the full dataset
—and cohort origin, ensuring a balanced distribution of benign and malignant cases as
well as cohort-specific consistency within each subset. An overview of the final cohort
composition is provided in Tab. 2.3.
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Table 2.3: Cohort composition across training and test sets, stratified by both the preva-
lence of clinically significant prostate cancer (csPCa) and dataset origin (PROSTATEXx
and In-House Cohort #1). Stratification by disease prevalence ensured a balanced distri-
bution of benign and malignant cases, while cohort-based stratification helped minimize
the influence of potential institutional domain shifts during methodological development
and evaluation.

No. Exams
(PROSTATEx+In-House) without csPCa with csPCa Sum
Training set 327 169 496
(105+222) (56+113) (161+335)
Test set 83 46 129
(29+54) (14+32) (43+86)
Sum 410 215 625
(134+276) (70+145) (204+421)

2.3.2 Registration Techniques Used for Model Training

To enable a quantitative comparison of different registration strategies as a preprocessing
step for model training, multiple multi-modal datasets were generated using the study
cohort described in Section 2.3.1. An overview of these datasets is illustrated in Fig. 2.4.

Each dataset corresponds to a distinct registration technique, differing in complexity
and clinical applicability:

1. Dataset #1: Unregistered This dataset contains the native images without any
postprocessing for alignment. The input modalities (T2w, DWI with the highest b-
value, and ADC map) remain unregistered. According to my hypothesis, this setting
serves as the lower performance bound (see Section 2.3.5): the segmentation ground
truth — typically derived from high-resolution T2w images — may not spatially align
with the diffusion-derived modalities. This misalignment is particularly critical for
small lesions, where minor spatial errors can result in major overlap loss. For larger
lesions, the impact is expected to be less pronounced.
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Figure 2.4: Illustration of the three registration techniques used to generate distinct
multi-modal datasets for model training. Dataset #1 (Unregistered) includes native
modalities reflecting the lower performance bound. Dataset #2 (B-spline Registration)
applies deformable registration using mutual information to align modalities based on
clinically available imaging, representing a practical and interpretable clinical setting.
Dataset #3 (GT-matching) uses ground truth (GT) segmentations for alignment, aiming for
maximal label consistency across modalities but relying on future knowledge, making it a
non-clinical, reference-only setting. Figure parts adapted from our previously published
work Kovacs et al. (2023b), reused under the Creative Commons Attribution 4.0 License.
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2. Dataset #2: Deformable B-spline Registered (Clinically Applicable) This dataset

represents the clinically interpretable setting where alignment errors are corrected
using deformable registration based solely on routinely available imaging data.
Registration follows the strategy of Netzer et al. (2021), which was optimized for
the same in-house cohort. The method applies a B-spline deformable registration
using mutual information (MI) as the similarity metric (Collignon et al., 1995; Viola
and Wells III, 1997). As DWI images with the lowest b-values (0-50) show the closest
appearance to T2w images, these are used to compute the transformation parameters,
which are then applied to the corresponding DWI with the highest b-value and
ADC maps. This results in high anatomical overlap across modalities. Since this
registration is feasible in clinical practice and supports the direct interpretation of
Al predictions, this dataset serves as the primary registered dataset for the main
experiments, see Section 2.3.5.

. Dataset #3: Ground-Truth-Matched (Reference Only) This dataset aims to provide

a reference performance by using information unavailable during real-time clinical
workflows. Similarly to the approach described in Sanyal et al. (2020), prostate seg-
mentation masks are used for rigid registration, but I extend this by incorporating
ground-truth lesion segmentations from both modalities. This ensures maximum
spatial alignment of both the prostate and lesions across modalities, effectively elimi-
nating ground truth inconsistencies caused by spatial misalignments between modal-
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ities. Although this registration relies solely on rigid transformations, it directly
addresses the challenge of inconsistent annotations due to spatial mismatches. While
this method "cheats" by depending on information only available post-diagnosis
thereby making it unsuitable for clinical deployment, it serves as a valuable reference
for model performance to quantify the quality of the deformable image registration,
see Section 2.3.5. I refer to this dataset as the ground-truth-matched (GT-matched)
dataset.

2.3.3 Misalignment Augmentation: A Data-Centric Alternative to Multi-Modal
Registration

The primary objective of image preprocessing is to resolve challenges that would otherwise
be inefficient or suboptimal for AI models to learn directly during training. Registration
is one such preprocessing step, typically applied before feeding multi-modal data into
the model, with the goal of eliminating spatial misalignments that are assumed to be
correctable. However, registration techniques — particularly in multi-modal medical
imaging — are seldomly perfect and typically fail to fully correct local imaging distortions
or anatomical inconsistencies.

While the primary motivation for data augmentation is to expand the training dataset
and reduce the risk of overfitting Shorten and Khoshgoftaar (2019); LeCun et al. (1998),
it also serves as a mechanism to introduce useful inductive biases that enhance model
robustness. Specifically, augmentations help models generalize across transformations
for which they are not inherently invariant. Spatial alignment errors between modalities
— common in multi-parametric prostate MRI imaging — represent such a transformation,
making them a potential candidate for such inductive biasing.

Building on this idea, I propose an alternative approach: instead of trying to resolve
all alignment errors through registration, I simulate them. I introduce a technique called
misalignment augmentation, a probabilistic data augmentation strategy that injects artificial
alignment errors between image modalities during training. This approach can be easily
integrated into any augmentation pipeline and operate on-the-fly. By simulating a range
of plausible misalignment scenarios, the model is encouraged to learn representations that
are invariant to those alignment errors.

The proposed technique serves as an alternative to complex registration pipelines,
offering a simple yet effective strategy to improve robustness against alignment errors. Its
effective utilization in training pipelines makes it a practical and lightweight alternative
solution for handling multi-modal misalignments.
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2.3.4 Evaluation Concept for Strategies Addressing Spatial Alignment Errors

Although registration methods have seen significant advances in recent years — partic-
ularly deep learning-based approaches Fu et al. (2020); Haskins et al. (2020) — they still
rely on surrogate similarity metrics, which do not necessarily correlate with improved
downstream clinical performance Rohlfing (2011). Therefore, instead of relying solely on
such metrics, I evaluate strategies that address spatial alignment errors — including the
registration techniques described in Section 2.3.2 and the proposed misalignment augmen-
tation in Section 2.3.3 — directly on a clinically relevant downstream task: patient-level
diagnosis of csPCa, as illustrated in Fig. 2.5.

I choose patient-wise whole image PCa diagnosis derived from semantic segmentation
for the clinical downstream task (see Fig. 2.5c-e). Their predictions are not just strongly
relying on spatial information, but semantic segmentation is clinically interpretable task
by providing spatial localization De Fauw et al. (2018); Bernard et al. (2018); Nikolov
et al. (2021). Additionally high quality lesion segmentation masks belonging to the
T2w modalities were used due to their high spatial accuracy compared to the DWI
annotations and because they are annotated by also taking information from the ADC
maps into consideration, see detains in Dataset Annotation for Segmentation Ground
Truth Section 2.1.1.

For assessing the performance of the trained models (Fig. 2.5¢g), the area under the
receiver operating characteristic curve (AUROC) is used as a discrimination measure.
Since the clinical diagnosis in case of PCa is based on the whole image, I am evaluating
the results of the downstream task predictions as patient-wise AUC from the whole 3D
images. For the patient-wise PCa prediction, the maximum value of the predicted lesion
is taken (see Fig. 2.5h-i).

To be able to compare the performance of the trained models to radiologists” inter-
pretation, I also calculate the radiologists” performance using the PI-RADS scores for the
clinical index lesion as predictions and the maximum Gleason score of the systematic and
targeted biopsy as the ground truth. According to PI-RADS, index lesions are scored on a
Likert scale from 1 to 5 with higher scores indicating a higher risk of csPCa. The category
of PI-RADS 3 has equivocal and PI-RADS 4 has high risk for csPCa Engels et al. (2020),
which make these two categories the most informative area on the ROC curves. Thus, I
calculate the sensitivity and specificity for PI-RADS > 4 and PI-RADS > 3. Calculating the
performance of the radiologists during clinical practice provides a fixed reference point.
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Figure 2.5: Overview of the evaluation concept for strategies addressing spatial align-
ment errors in prostate MRI. Rather than relying on surrogate alignment metrics com-
monly used for registration evaluation, the effectiveness of both offline registration (or-
ange) and online misalignment augmentation (pink) strategies is assessed based on the
clinical downstream task of prostate cancer (PCa) diagnosis derived from semantic segmen-
tation of clinically significant PCa lesions. During training (top row), alignment correction
strategies — including offline registration and online misalignment augmentation — are
applied before segmentation network training. As the task of semantic segmentation
relies heavily on spatial information, it serves as an ideal task to test the efficacy of spatial
transformation strategies. Supervision is provided via high-quality lesion annotations on
the T2-weighted (T2w) images, which offer a spatially accurate ground truth. During eval-
uation (bottom row), the trained network is applied to images preprocessed with offline
registration. The resulting segmentation maps are used to compute patient-level malig-
nancy probabilities. Final model performance is quantified using patient-level AUROC,
calculated from the maximum value in the predicted probability heatmap. Figure parts
adapted from our previously published work Kovacs et al. (2023b) under the Creative
Commons Attribution 4.0 License.
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2.3.5 Experimental Setting

Experiment #1: Assessing the Effect of Strategies Addressing Alignment Errors on
Prostate Cancer Diagnosis

This experiment evaluates the necessity and effectiveness of strategies addressing multi-
modal alignment errors — namely, image co-registration and the proposed misalignment
augmentation — by quantifying their impact on the clinical downstream task of PCa
diagnosis.

Combining these strategies results in four distinct model training configurations,

illustrated in Fig. 2.6. These settings are:
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1. No Strategy for Alignment Errors / Baseline Training: Standard nnU-Net training

pipeline with its default augmentation strategy, without applying any registration
as a preprocessing step (corresponding to Dataset #1). This configuration serves as
the baseline and is hypothesized to represent the lower bound of performance.

. Training with Registered Images: This setup includes deformable B-spline registra-

tion as a preprocessing step (corresponding to Dataset #2) to reduce large alignment
errors. The hypothesis is that correcting these misalignments will improve the
model’s ability to fuse information across modalities, thereby enhancing segmenta-
tion performance.

. Training with Misalignment Augmentation: This configuration augments the T2w

image and its corresponding ground truth (GT) segmentation, while no registration
is applied (Dataset #1). The goal is to simulate additional realistic alignment errors
between the T2w image and the DWI/ADCmodalities. The applied transformations
include:

¢ Translation and rotation to mimic gland motion,
¢ Scaling / squeezing in the dorsal-ventral direction to simulate acquisition-based

geometric inconsistencies between T2w and DWI contrasts.

The hypothesis is that this augmentation force the model to become partially invari-
ant to the simulated alignment errors, resulting in a robust model that can achieve
performance comparable to models trained with registration.

. Training with Both Strategies: This combines registration (Dataset #2) with addi-

tional misalignment augmentation. The rationale is that registration reduces large
misalignments, while augmentation accounts for remaining registration errors —
potentially resulting in the highest diagnostic performance.
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Figure 2.6: Overview of experimental configurations using strategies addressing align-
ment error for assessing the impact on prostate cancer diagnosis. Two input datasets are
used: unregistered bpMRI images (Dataset #1) and deformably registered images (Dataset
#2). Both can be fed into the standard nnU-Net training pipeline to assess the effect
of registration. Misalignment augmentation can optionally be applied on top of either
dataset, resulting in two additional training configurations: without registration, and with
registration combined with misalignment augmentation. Misalignment transformations
are applied only to the T2w modality (image and label), simulating realistic inter-modal
alignment errors. This step is inserted before the standard nnU-Net augmentation pipeline
to avoid introducing artifacts into downstream transformations. The experiment evaluates
all four configurations to assess the individual and combined contributions of registration
and misalignment augmentation to diagnostic performance. Figure parts adapted from
our previously published work Kovacs et al. (2023b), reused under the Creative Commons
Attribution 4.0 License.
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Experiment #2 Assessing Registration Quality

This experiment evaluates the quality of the B-spline registration used in the main experi-
ment (Section 2.3.5) by comparing datasets generated with different registration strategies.
Two types of metrics are used for this assessment:

1. Downstream clinical task performance: Measured identically to Experiment #1,
evaluating the impact of registration on prostate cancer diagnosis performance.

2. Surrogate registration quality metric: Dice score probability density functions are
computed to quantify the spatial overlap between manually annotated lesions in the
T2w and ADC images.

By analyzing both metrics, I aim to:

¢ Determine whether improved lesion-level alignment (higher T2w-ADC lesion Dice
overlap) correlates with better diagnostic performance.

* Assess the suitability of the B-spline registration method used in the main experiment
as a preprocessing step for multi-modal training.

2.3.6 Al Model Developement

Input Images and Ground Truth Labels

The network receives a multi-channel input consisting of bpMRI sequences: the T2w
image, the DWI image with the highest b-value, and the corresponding ADC map. For
high-quality lesion segmentation ground truth, clinical annotations on the T2w image
were selected due to its superior spatial resolution compared to the ADC map and because
the spatial information from the ADC map was also considered during the annotation
process, enabling more precise delineation of lesion boundaries. The spatial reliability of
the ground truth is further supported by the clinical systematic biopsy-enhanced lesion
ground truth assesment. Both aspects are critical for evaluating strategies that aim to
address multi-modal alignment errors.

Image Preprocessing

For model training, three preprocessed datasets were utilized, each corresponding to a
different registration strategy: Dataset #1 contains native bpMRI images without registra-
tion, Dataset #2 includes deformably registered bpMRI using a B-spline transformations,
and Dataset #3 applies rigid registration based on ground truth prostate and lesion seg-
mentations (GT-matched). These preprocessing strategies are described in greater detail
in Fig. 2.4.
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To reduce potential training instability due to the limited number of csPCa cases and
the relatively small lesion volumes compared to the full image size, all images were
cropped around the anatomical region of interest — the prostate gland — following estab-
lished practices (Sanyal et al. (2020); Netzer et al. (2021)). In addition to increasing class
balance and improving model focus, this step also minimizes the influence of unrelated
anatomical structures, which can otherwise introduce incorrect correlations in datasets
with limited sample sizes.

Misalignment Augmentation Parameters and Implementation

The T2w sequence provides high-resolution structural information, whereas the DWI
sequences have lower resolution and are more prone to distortion. Therefore, to simulate
realistic multi-modal misalignments, the T2w modality — along with its corresponding
lesion annotations — is displaced relative to the DWI sequences (DWI with high b-value
and ADC map). To avoid introducing artifacts during subsequent augmentations, the
misalignment augmentation is applied prior to any global transformations in the standard
nnU-Net data augmentation pipeline.

Misalignments are generated using randomly sampled transformation parameters
drawn from a uniform distribution, constrained by maximum amplitude thresholds in
both positive and negative directions, following the conventions of the batchgenerators
framework (Isensee et al., 2020). The following transformations are applied:

e Translation along the x, y, and z axes with maximum amplitudes of (10,10,6) mm,
respectively,

* Rotation in the axial (x-y) plane with a maximum amplitude of 15°, avoiding z-axis
rotations due to the anisotropic voxel spacing,

¢ Affine squeezing in the dorsal-ventral (z) direction with a maximum compression
ratio of 0.1, reflecting natural imaging distortions commonly observed between T2w
and DWI images caused by magnetic field inhomogeneities.

The augmentation was implemented directly into the batchgenerators medical
data augmentation framework used by nnU-Net, in line with its implementation
conventions. The code for misalignment transformations is publicly available at:
https://github.com/MIC-DKFZ/batchgenerators [accessed: 15 June 2025]. A
customized nnU-Net trainer that incorporates the misalignment augmentation strategy
is also available at: https://github.com/MIC-DKFZ/misalignment_DA [accessed:
15 June 2025].
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nnU-Net rule-based Parameters of the Training Pipeline

Based on the dataset fingerprint, nnU-Net automatically extracted rule-based parameters

for preprocessing and network configuration:
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* Normalization: Z-score normalization was performed to the T2w and high b-value

DWI images on a per-case basis due to their relative intensity nature. Although the
study cohort includes bpMRI exams from two institutions, all scans were acquired
on scanners from the same vendor. A prior study Netzer et al. (2021), which also
used the In-House and PROSTATEXx datasets, suggested consistent ADC map calcu-
lations across centers. Therefore, the ADC maps were treated as absolute physical
measurements and globally normalized. nnU-Net applied a global mean of 780.45
and a standard deviation of 240.66 for normalization of the ADC maps.

Resampling: All input modalities were linearly resampled to a common voxel
spacing, calculated as the median spacing across the dataset: [3.0,0.3125,0.3125] mm
in the z-y-x axes.

Patch size and network topology: Given the median image shape of (20, 260,294) in
the z-y-x axes, nnU-Net determined the input patch size to be (20 x 256 x 320). Based
on this configuration, the network architecture was composed of two convolutional
layers per stage, with pooling operations applied [2, 6, 6] times along the respective
axes. The network started with 32 feature maps, and a batch size of 2 was used. An
overview of the resulting network configuration is illustrated in Fig. 2.3.
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Figure 2.7: U-Net topology generated by nnU-Net for training configurations that
incorporate strategies addressing multi-modal alignment errors. Each encoder block
consists of two convolutional layers (Conv) followed by instance normalization (IN) and
Mish activation. Downsampling is performed via strided convolutions, while upsampling
is achieved using transposed convolutions. The input patch size is (20 x 256 x 320), with
[2,6,6] pooling operations per axis and an initial feature map count of 32. Final predictions
are produced by a1 x 1 x 1 convolution followed by softmax activation, applied in a deep
supervision manner across four decoder stages. The architecture is reconstructed based
on nnU-Net configuration files following the convention used in Isensee et al. (2021) with
permission from the publisher Springer Nature.
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Network training

For each training configuration (see Section 2.3.5) — defined by the type of preprocess-
ing (see Section 2.3.2) and the presence or absence of misalignment augmentation (see
Section 2.3.3) — a 3D nnU-Net ensemble was trained using 5fCV. Each fold produced an
independently trained model, and final test predictions were obtained by ensembling
outputs from all five models.

Model performance was optimized using early stopping based on cross-validation area
under the receiver operating characteristic curve (AUROC). The probability of applying
misalignment augmentation was tuned across the following values: P = {0.0,0.1,0.2,0.4}.

Several modifications were introduced to the default nnU-Net training pipeline. Pa-
tient sampling was stratified to ensure balanced csPCa prevalence within each batch.
A class-balanced data loader was used to mitigate bias introduced by class imbalance
and encourage learning of discriminative features. The default Leaky ReLU activation
was replaced by Mish for its smoother gradient properties, and the SGD optimizer was
substituted with Ranger. Additionally, the learning rate schedule was switched from Poly
to cosine annealing, with a reduced initial learning rate of 0.001 instead of the default 0.01.

Final model performance was evaluated on the independent test set using bootstrap-
ping with 1000 replications to derive 95 % confidence intervals. To determine the statistical
significance of differences between models, I applied the DeLong test (DeLong et al., 1988),
considering results with p < 0.05 as statistically significant.
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Results

3.1 Soft Tissue Deformations of the Prostate (Objective #1)

The results presented in this section have been primarily published in the following
conference:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Carolin Eith, Dimitrios
Bounias, Clara Meinzer, Paul F. Jager, Kevin S. Zhang, Ralf Floca, Adrian
Schrader, Fabian Isensee, Regula Gnirs, Magdalena Gortz, Viktoria Schiitz,
Albrecht Stenzinger, Markus Hohenfellner, Heinz-Peter Schlemmer, Ivo Wolf,
David Bonekamp, Klaus H. Maier-Hein Anatomy-informed data augmentation
for enhanced prostate cancer detection. International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention - MICCAI 2023.
https://doi.org/10.1007/978-3-031-43990-2_50

3.1.1 Highly realistic Images Passing the Turing Test - Qualitative Results

The anatomy-informed transformation produced highly realistic soft tissue deformations
in the pelvic region. Fig. 3.1 and Fig. 3.2 show examples of transformations used during
model training on a prostate magnetic resonance imaging (MRI) exam, simulating bladder
and rectal physiological shape changes, respectively. In this case, the patient had clinically
significant PCa (csPCa) lesions located in the anterior transitional prostate zone (TZ) and
posterior peripheral prostate zone (PZ). The simulated deformations induced localized tis-
sue shifts that affected lesion morphology only in prostate zones adjacent to the deformed
organ — the bladder for TZ and the rectum for PZ.
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Figure 3.1: Example of anatomy-informed transformation simulating bladder shape
changes on a prostate MRI scan. The central column shows the original image, while
the left and right columns depict simulated bladder evacuation and filling, respectively.
Malignant lesion contours (magenta), rectum (orange), and bladder (blue) boundaries
are shown in axial and sagittal views. Dotted lines represent organ boundaries before
deformation, while dashed lines indicate the simulated deformed shape. The simulated
deformation induces localized tissue shifts that alter lesion morphology in the anterior
transition zone (TZ) adjacent to the bladder. Figure adapted from our previously published
work (Kovacs et al., 2023a), with permission from the publisher Springer Nature.
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Figure 3.2: Example of anatomy-informed transformation simulating rectal shape
changes on a prostate MRI scan. The central column shows the original image, while
the left and right columns depict simulated rectal evacuation and filling, respectively.
Malignant lesion contours (magenta), rectum (orange), and bladder (blue) boundaries
are shown in axial and sagittal views. Dotted lines represent organ boundaries before
deformation, while dashed lines indicate the simulated deformed shape. The simulated
deformation induces localized tissue shifts that alter lesion morphology in the posterior
peripheral zone (PZ) adjacent to the rectum. Figure adapted from our previously pub-
lished work (Kovacs et al., 2023a), with permission from the publisher Springer Nature.
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During the Turing test, 92 % of rectal and 93 % of bladder deformations produced
by the anatomy-informed transformation were perceived as real by a freshly graduated
clinician, demonstrating high visual plausibility. Resident radiologists with 1.5 - 3 years of
experience in prostate MRI also classified 70 % of the bladder transformations as original.
In contrast, they correctly identified 87.5 % of rectal deformations as synthetic, often citing
subtle artifacts — not necessarily within the prostate itself (e.g., halo effects) — or relying on
expert intuition. One participant commented: "It looks completely original, but something
tells me it’s artificial."

A summary of the results is shown in Tab. 3.1. Importantly, no original scan was
consistently misclassified as synthetic by all participants, so no confusion matrix is re-
ported. In contrast to the realism of the anatomy-informed deformations, random elastic
deformations introduced obvious inconsistencies, making them easily identifiable in all
cases.

Table 3.1: Perceived realism of anatomy-informed deformations during the Turing test.
Percentage of the anatomy-informed rectal and bladder deformations classified as original
by participants, based on visual assessment of the entire image, at two different levels of
radiological expertise. Higher values reflect greater visual plausibility of the synthetic
transformations. This table was constructed using the results previously published in
Kovacs et al. (2023a), with permission from the publisher Springer Nature.

Artificially deformed organ

Level of Expertize rectum bladder
Freshly graduated 92 % 93 %
Radiologist residents 12.5% 70 %

3.1.2 High Applicability

Although the anatomy-informed transformation includes additional steps — specifically
blurring and gradient-based displacement computation — it builds on the same deforma-
tion vector field calculation used for standard spatial augmentations (e.g., rotation) in
the Batchgenerators augmentation framework. As a result, the total transformation time
remained in the ps range, ensuring that the augmentation pipeline remains lightweight
and scalable. Despite this added complexity, the transformation introduced no observable
overhead to training time. The GPU remained the primary bottleneck throughout training,
indicating that the CPU was able to compute the anatomy-informed transformations in
parallel without delay.
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3.1.3 Approaching Towards Radiologists” Performance - Quantitative Results

Patient-level performance

Patient-level diagnostic performance across different augmentation strategies was quan-
titatively assessed using receiver operating characteristic (ROC) curves. The results are
shown in Fig. 3.3.

To emphasize clinical relevance, model performance is compared to radiologists at
the PI-RADS > 4 threshold — a key decision point in prostate cancer diagnosis — as
highlighted in Fig. 3.3. Anatomy-informed augmentation improves model sensitivity
near this clinically meaningful operating point, narrowing the gap between artificial
intelligence (AI) model and expert readers. By contrast, random elastic deformations
degrade performance, shifting the ROC curve away from this region. The benefit of
training with realistic soft tissue deformations is further supported by increases in both
partial area under the receiver operating characteristic curve (pAUROC) and F;-score,
computed at the PI-RADS > 4 diagnostic threshold. These results are summarized in
Tab. 3.2.

Table 3.2: Patient-level diagnostic performance of nnU-Net models trained with dif-
ferent data augmentation schemes. Metrics are computed using the clinically relevant
working point corresponding to the radiologists” sensitivity for PI-RADS > 4. Anatomy-
informed augmentations (rectum, and rectum & bladder) achieve the highest pAUROC
and Fj-scores, outperforming the baseline strategy. In contrast, incorporating random
elastic deformations into training results in a decline in patient-level performance. This
table was constructed using the results previously published in Kovacs et al. (2023a), with
permission from the publisher Springer Nature.

Augmentation scheme pAUROC Fy-score

1. basic (reference) 44.33 4+ 11.65 % 57.31 £3.14 %
2. basic + random elastic 38.94 4 14.38 % 56.98 + 3.08 %
3.a) basic + Anatomy-inf. (rectum) 59.92 +13.27 % 61.64 + 3.61 %

3.b) basic + Anatomy-inf. (rectumé&bladder)  53.27 4= 13.42 % 62.42 + 3.84 %
Radiologists” PI-RADS > 4 - 64.44
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Figure 3.3: Patient-level receiver operating characteristic (ROC) curves comparing
model performance across augmentation strategies on the independent test set. The
diagnostic performance of radiologists at the clinical decision threshold of PI-RADS > 4 is
marked to indicate the most clinically informative reference point. Anatomy-informed
augmentation improves model sensitivity near this decision boundary, effectively narrow-
ing the performance gap between Al model and expert readers. In contrast, random elastic
deformations degrade performance in this region, shifting the ROC curve away from the
clinically relevant operating point. Figure adapted from our previously published work
(Kovacs et al., 2023a), with permission from the publisher Springer Nature.
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Extending the basic augmentation scheme with the proposed organ deformation sig-
nificantly improved patient-level F;-scores for both rectum-only (61.64, p < 0.01) and
combined rectum & bladder deformations (62.42, p < 0.01), compared to the baseline strat-
egy (57.31). Adding bladder deformation to rectum alone yielded a slight, non-significant
improvement (p = 0.31). When calibrating sensitivity to match the radiologists” operating
point (PI-RADS > 4), the anatomy-informed DA strategies led to consistent gains in
specificity. In contrast, random elastic deformations resulted in a drop in specificity, high-
lighting their limited practical benefit. The comparison of specificity values is summarized
in Tab. 3.3.

Table 3.3: Specificity of nnU-Net models trained with different augmentation strategies,
evaluated at a fixed sensitivity of 0.875 — corresponding to the radiologists” diagnostic
threshold for PI-RADS > 4. Anatomy-informed transformations improve specificity
relative to the baseline, while random elastic augmentation slightly reduces it.

Augmentation scheme Specificity
1. basic (reference) 0.333
2. basic + random elastic 0.323
3.a) basic + Anatomy-inf. (rectum) 0.455
3.b) basic + Anatomy-inf. (rectumé&bladder) 0.475
Radiologists” PI-RADS > 4 0.525

Lesion-level performance

Lesion-level diagnostic performance was evaluated using free-response receiver operating
characteristic (FROC) analysis. In addition, the total number of correctly detected lesions
was computed at the clinically relevant operating point corresponding to the radiologists’
average false positives per scan (avgFPs/scan = 0.32) at the PI-RADS > 4 threshold. The
results are summarized in Tab. 3.4.
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Table 3.4: Lesion-level performance of nnU-Net models trained with different augmen-
tation strategies. Results are reported as FROC scores and the total number of correctly
detected lesions. The number of detected lesions is computed at the clinically relevant
working point corresponding to the radiologists” average false positives per scan (avgFP-
s/scan = 0.32) at the PI-RADS > 4 threshold, on the independent test set consisting of 76
clinically significant prostate cancer lesions. Both random elastic and anatomy-informed
deformations (rectum, rectum & bladder) led to improvements in lesion-level detection
compared to the baseline. This table was constructed using the results previously pub-
lished in Kovacs et al. (2023a), with permission from the publisher Springer Nature.

Augmentation scheme FROC Detected lesions
1. basic (reference) 58.14 +5.79 % 41
2. basic + random elastic 58.63 +5.42% 45
3.a) basic + Anatomy-inf. (rectum) 59.55 + 5.97 % 45
3.b) basic + Anatomy-inf. (rectumé&bladder) 59.93 4+ 5.53 % 46

Models trained with anatomy-informed augmentations showed the highest lesion de-
tection rates. The augmentation strategy involving both rectum and bladder deformation
achieved the best FROC score (59.93 + 5.53%) and detected the most lesions (46 out of 76).
Random elastic deformation also led to an increase in detected lesions (45), comparable
to the proposed rectum-only strategy, but lower improvement in FROC score over the
baseline.

Zonal performance

The impact of localized morphological variation in adjacent organs on zone-specific csPCa
detection was evaluated by counting the number of detected lesions per prostate zone. The
highest detection sensitivity was consistently achieved when the corresponding adjacent
soft tissue was deformed during training: bladder for the TZ and rectum for the PZ. The
results are summarized in Tab. 3.5.
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Table 3.5: Number of detected clinically significant prostate cancer lesions stratified by
prostate zone and augmentation strategy. Augmentation with bladder deformation im-
proved detection in the transition zone (TZ), while rectal deformation enhanced sensitivity
in the peripheral zone (PZ), highlighting the local effect of anatomy-informed transforma-
tions. Results are reported at the radiologist-level performance threshold (PI-RADS > 4).
Part of this table was constructed using the results previously published in Kovacs et al.
(2023a) with permission from the publisher Springer Nature.

Prostate zone

Augmentation Transition zone Peripheral zone Whole gland
Strategy (18 TZ + 2 multi) (56 PZ + 2 multi) (76)
Basic (reference) 10 33 41

Anatomy-informed

— rectum 11 36 45
—bladder 12 35 45
—rectum & bladder 12 36 46

In the TZ, augmentation strategies including bladder deformation (bladder only,
or bladder & rectum) improved lesion detection by 2 cases compared to the baseline.
This led to a statistically significant sensitivity increase of 10% (p < 0.01). Similarly,
in the PZ, applying rectal deformation (rectum only, or rectum & bladder) led to the
detection of 3 additional lesions, corresponding to a 5.2 % sensitivity increase (p < 0.01).
Importantly, rectal deformation did not significantly improve detection in the TZ, and
bladder deformation resulted in a smaller, albeit significant, gain in PZ sensitivity.

Summary

At the selected patient- and lesion-level operating points, the model trained with the
proposed anatomy-informed augmentation (rectum and bladder) achieved the best overall
performance. It significantly outperformed the baseline model (p < 0.01), improving the
Fi-score by 5.11 % and detecting 4 additional lesions (5.3 %) out of 76 in the independent
test set. While both random elastic and anatomy-informed deformations (rectum, rectum
& bladder) led to significant improvements in lesion-level detection, only the anatomy-
informed strategies provided consistent and statistically significant gains at the patient-
level. In contrast, random elastic deformations degraded patient-level performance despite
their positive effect on lesion sensitivity.
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3.2 Multi-Modal Misalignments in Prostate MRI (Objective #2)

The results presented in this section have been primarily published in the following
journal article:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Adrian Schrader, Fabian
Isensee, Cedric Weifler, Ivo Wolf, Magdalena Gortz, Paul F. Jaeger, Vic-
toria Schiitz, Ralf Floca, Regula Gnirs, Albrecht Stenzinger, Markus Ho-
henfellner, Heinz-Peter Schlemmer, David Bonekamp, Klaus H. Maier-
Hein. Nature Scientific Reports. Addressing image misalignments in multi-
parametric prostate MRI for enhanced computer-aided diagnosis of prostate cancer.
https://doi.org/10.1038/s41598-023-46747-z2

The results of the systematic analysis evaluating the impact of image co-registration
and misalignment augmentation on an independent multicenter test set comprising 129
bi-parametric MRI (bpMRI) exams with biopsy-confirmed diagnoses are summarized.
These findings highlight the importance of image registration for model performance and
demonstrate the strong regularization effect introduced by misalignment augmentation.
Moreover, they reveal the complementary benefits of combining both strategies. The
detailed results are presented in the following subsections.

3.2.1 Maximized Robustness Achieved Through the Combination of Registra-
tion and Misalignment Augmentation

To determine the most robust configuration for handling multi-modal image alignment
errors in prostate MRI, the effects of image registration and misalignment augmentation
are systematically evaluated on the patient-level diagnostic performance, measured by
the area under the receiver operating characteristic curve (AUROC). The results are
summarized in Tab. 3.6.
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Table 3.6: Patient-level area under the receiver operating characteristic curve (AUROC)
results — with 95 % confidence intervals and associated p-values calculated using the
DeLong test — on the independent test set. Both image registration and misalignment
augmentation individually improved the AUROC compared to the unregistered baseline,
although without reaching statistical significance. The combination of registration and
misalignment augmentation achieved the highest AUROC value with statistically signifi-
cant improvement over the baseline, indicating a complementary effect. Table adapted
from our previously published work Kovacs et al. (2023b), reused under the Creative
Commons Attribution 4.0 License.

AUROC test results Dataset without Dataset with
w.r.t different strategies registration B-Spline registration
Default augmentations 75.93 % 79.11%

(67.49-83.68 %, reference) (70.95-86.93 %, p = 0.31)
Default augmentations 80.13 % 82.07 %
+ misalignment augm. (71.57-87.18 %, p = 0.11) (74.18-89.38 %, p = 0.02)

Addressing multi-modal misalignments either through image registration or mis-
alignment augmentation individually resulted in an increase in the AUROC compared to
training on unregistered data. However, these individual improvements did not reach
statistical significance, with p-values of p = 0.31 for registration alone and p = 0.11 for
misalignment augmentation alone. In contrast, combining registration with misalign-
ment augmentation achieved the highest AUROC value, with a statistically significant
improvement (p = 0.02) over the baseline (unregistered dataset without augmentation).
This finding indicates that the two strategies have complementary effects on the perfor-
mance increase, and the combined strategy offers the most robust solution for mitigating
multi-modal alignment errors.

In addition, a stratified analysis was conducted to assess the performance of the
proposed methods separately on the two datasets included in this study (PROSTATEx and
the in-house cohort). The AUROC values were consistent across both datasets, indicating
that the effectiveness of the proposed approach generalizes well across different imaging
centers. Both registration and misalignment augmentation contributed to performance
improvements individually on each dataset, suggesting that the observed gains result from
the methods themselves rather than from any dataset-specific effect. Detailed AUROC
results for each dataset are presented in Tab. 3.7.
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Table 3.7: Patient-level area under the receiver operating characteristic curve (AUROC)
results on the independent test set stratified by dataset (PROSTATEx and In-house
cohort). Performance is reported separately for the unregistered and registered datasets,
with and without the use of misalignment augmentation. Results demonstrate consistent
improvements across both datasets, indicating that the proposed methods generalize well
across different imaging centers. Table adapted from our previously published work
Kovacs et al. (2023b), reused under the Creative Commons Attribution 4.0 License.

AUROC Unregistered Registered
(test set) dataset dataset
Augmentation scheme PROSTATEx 78.33% 80.54 %
w/o misalignments In-house 75.49 % 77.43 %
Augmentation scheme PROSTATEx 85.59 % 86.70 %
with misalignments In-house 77.78 % 79.98 %

3.2.2 Achieving Radiologist-Level Diagnostic Performance by Addressing
Multi-Modal Misalignments

To emphasize the practical value of addressing multi-modal misalignments, the diagnostic
performance of the trained models and the radiologists is compared on the test cohort.
ROC curves were computed for each model configuration, alongside the radiologists
diagnostic performance using Prostate Imaging Reporting and Data System (PI-RADS)
> 3 and PI-RADS > 4 thresholds — both of which represent clinically important decision
points.

Fig. 3.4 illustrates the impact of image registration, misalighment augmentation, and
their combination on model performance. The radiologists” operating points are also
indicated, with specificity and sensitivity values of (0.21,0.98) for PI-RADS > 3 and
(0.56,0.91) for PI-RADS > 4, respectively.

s
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Figure 3.4: Predictive performance comparison of trained models and radiologists on the
receiver operating characteristic (ROC) curve. The radiologists” diagnostic performance at
the PI-RADS > 3 and PI-RADS > 4 thresholds is marked to highlight clinically important
decision points. Applying either registration or misalignment augmentation individually
improves model sensitivity compared to training on unregistered data, particularly at
low and high specificity regions. However, only the combined use of registration and
misalignment augmentation enables the model to closely match and partially exceed
the radiologists” performance across the full range of clinically relevant operating points.
Figure taken from our previously published work Kovacs et al. (2023b), reused under the
Creative Commons Attribution 4.0 License.
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Using either registration or misalignment augmentation individually improved sensi-
tivity compared to the baseline model trained on unregistered data without augmentation,
particularly in regions of low and high specificity. Registration alone enabled the model
to closely match the radiologists” performance at the PI-RADS > 3 threshold, while mis-
alignment augmentation slightly exceeded it. However, neither approach individually
enhanced sensitivity near the stricter PI-RADS > 4 threshold. In contrast, combining
registration with misalignment augmentation was the only strategy that closely matched
both clinical PI-RADS performance points and achieved sensitivity gains across the widest
range of specificity values.

3.2.3 Visualization of Detected Punctate Lesion

To qualitatively demonstrate the influence of registration, misalignment augmentation,
and their combination on lesion segmentation, I present a visual comparison of the
resulting model predictions. Fig. 3.5 displays clinical lesion ground truth (ground truth
(GT)) annotations alongside the predicted probability maps for two highly distinct and
clinically relevant lesion types: one larger lesion (with a PI-RADS score of 4 and Gleason
Score (GS) 7a) located anteriorly in the TZ, and a small punctate lesion (also PI-RADS 4,
GS 7a) located in the PZ at the left prostate base.

Both registration and misalignment augmentation led to a noticeable increase in
the predicted lesion volumes, resulting in more complete coverage of the pathological
regions. These improvements were particularly evident in the larger lesion, where the
probability maps became more extensive and confident when either or both strategies
were applied. Notably, the use of misalignment augmentation enabled the convolutional
neural network (CNN) to more reliably detect the smaller punctate lesion, which was only
marginally identified by models trained without this augmentation strategy.

Overall, this example highlights that addressing misalignments through augmenta-
tion strategies not only improves the segmentation confidence of prominent lesions but
increases the sensitivity for detecting small punctate lesions too.
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CNN Predictions

Unregistered Registered
dataset dataset
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misalignment
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Figure 3.5: Visualization of manual annotations and segmentation predictions of the
convolutional neural network (CNN) for two distinct and clinically relevant prostate
cancer lesions: one large lesion (PI-RADS 4, GS 7a) located anteriorly in the TZ, and one
small punctate lesion (PI-RADS 4, GS 7a) in the left prostate base. A representative axial
T2-weighted (T2w) slice is shown, with manual delineations overlaid in cyan. Heatmaps
depict the predicted softmax probabilities from different training configurations, using
a color scale with gamma correction (y = 0.2) for better visualization of low-probability
regions. Top row: predictions without misalignment augmentation (unregistered and
registered datasets). Bottom row: predictions with additional misalignment augmentation.
All model settings correctly detected the large lesion, but the punctate lesion was only
successfully highlighted in models trained with misalignment augmentation, emphasizing
the clinical benefit of the proposed strategy. Figure taken from our previously published
work Kovacs et al. (2023b), reused under the Creative Commons Attribution 4.0 License.
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3.24 B-spline Registration on Par with Method Using Human Ground Truth
Segmentation

To verify the quality and appropriateness of the B-spline registration method employed in
the computer-aided diagnosis (CAD) pipeline (Dataset #2), I compared its performance
against a reference registration based on ground truth matching (GT-matching, Dataset #3).
This evaluation was performed using two complementary approaches: a lesion overlap
metric and the impact on diagnostic performance assessed through ROC analysis.

Fig. 3.6 presents the probability density functions (PDFs) of the Dice similarity coeffi-
cient computed between manual lesion annotations in the T2-weighted (T2w) image and
the apparent diffusion coefficient (ADC) map, evaluated across three settings: without
registration (Dataset#1), with B-spline registration (Dataset#2), and with GT-matching
registration ((Dataset#3)). Mean and standard deviation values for the Dice scores are also

reported in the legend.

Density histogram of Dice scores
between the manual multi-modal lesion annotations
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Figure 3.6: Probability density functions of Dice scores between manual lesion an-
notations in T2w images and ADC maps across different registration strategies. The
B-spline registration achieves the highest mean Dice score, slightly outperforming the
ground-truth-matching (GT-matching) reference method. Mean and standard deviation
values are provided in the legend. Figure taken from our previously published work
Kovacs et al. (2023b), reused under the Creative Commons Attribution 4.0 License.
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Quantitatively, the mean Dice score of the unregistered dataset (0.44 4= 0.21) improved
to 0.48 £ 0.19 with GT-matching registration and further to 0.50 4= 0.18 with the B-spline
registration, indicating that the B-spline approach slightly outperforms the reference
GT-matching strategy in terms of spatial alignment quality.

In addition to the overlap metric, the clinical relevance of registration quality was
assesed by examining its influence on model diagnostic performance. Fig. 3.7 shows the
ROC curves obtained under the three registration conditions.

ROC (test set)
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1.0 0.8 0.6 0.4 0.2 0.0

Specificity

Figure 3.7: Impact of the different registration strategies on patient-level diagnostic
performance (receiver operating characteristic (ROC) analysis). Both B-spline registration
and ground-truth-matching (GT-matching) improved sensitivity across both low- and
high-specificity regions compared to the unregistered dataset, leading to AUROC increases
of 3.2 % and 3.5 %, respectively. Figure taken from our previously published work Kovacs
et al. (2023b), reused under the Creative Commons Attribution 4.0 License.
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Both registration approaches resulted in a notable improvement over the unregis-
tered baseline: B-spline registration increased the AUROC by 3.2 %, while GT-matching
achieved a slightly higher improvement of 3.5 %.

In summary, although the B-spline registration outperformed GT-matching in terms of
Dice score distribution, this difference did not translate into a substantial advantage in
AUROC. Both registration techniques were effective in improving the model’s diagnostic
performance relative to unregistered data.

98



Chapter

Discussion

In recent years, there has been growing recognition of the value of incorporating
application-specific knowledge into artificial intelligence (AI) model training, a data-
centric perspective that complements ongoing model-centric developments. This
paradigm has yielded promising results across diverse tasks: incorporating anatomical
priors, such as prostate zonal information for improved clinically significant PCa (csPCa)
detection (Hosseinzadeh et al., 2021; Saha et al., 2021b); embedding clinically relevant
factors into the loss function, such as topology-aware constraints for enhanced vessel
and nerve segmentation (Shit et al., 2021; Kirchhoff et al., 2024) or lesion size-related risk
term in breast cancer screening (Bounias et al., 2023). Additional innovations include
the use of statistical shape and intensity models to generate anatomically plausible data
augmentations, particularly in orthopedic imaging (Schmid et al., 2023).

Building on this concept, the present dissertation investigated data-centric training
strategies to enhance Al-based diagnosis of prostate cancer using bi-parametric magnetic
resonance imaging (MRI). The work specifically addressed two underexplored yet clini-
cally relevant challenges:

1. accounting for large soft tissue deformations caused by physiological size variation
in the rectum and bladder, and

2. handling multi-modal alignment errors that unavoidably arise between MRI se-
quences due to patient motion, differences in imaging contrast, or physiological
changes.

The studies presented in this dissertation demonstrate how application-specific induc-
tive bias via tailored data augmentation can guide Al models to be more robust to these
real-world sources of variability. This approach not only improves diagnostic performance
but also aligns model behavior more closely with that of expert radiologists, who naturally
account for such contextual variations during clinical interpretation.
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4.1 Soft Tissue Deformations of the Prostate (Objective #1)

The discussion presented in this section has been primarily published in the
following conference:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Carolin Eith, Dimitrios
Bounias, Clara Meinzer, Paul F. Jager, Kevin S. Zhang, Ralf Floca, Adrian
Schrader, Fabian Isensee, Regula Gnirs, Magdalena Gortz, Viktoria Schiitz,
Albrecht Stenzinger, Markus Hohenfellner, Heinz-Peter Schlemmer, Ivo Wolf,
David Bonekamp, Klaus H. Maier-Hein Anatomy-informed data augmentation
for enhanced prostate cancer detection. International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention - MICCAI 2023.
https://doi.org/10.1007/978-3-031-43990-2_50

This study highlights the importance of accounting for variations in the functional
state of adjacent organs during Al model training to enhance prostate cancer (PCa) diag-
nosis. To address this, I introduced the anatomy-informed transformation, a lightweight
mathematical model for rectum and bladder deformations developed based on the biome-
chanical properties of the pelvic region. This model was integrated into the training
pipeline of nnU-Net as an online data augmentation strategy to increase variability in the
shape of lesions, the prostate, and adjacent organs.

To evaluate its effectiveness, I compared various augmentation strategies by assessing
patient- and lesion-level PCa detection performance derived from semantic segmentation
of malignant lesions. Given the strong dependence of segmentation tasks on spatial
information, this setting provided an ideal test environment for evaluating the anatomy-
informed transformation, specifically designed to model localized soft tissue deformations
of the prostate.

4.1.1 Diagnostic Benefit of Simulating Physiological Deformations

Extending the standard yet extensive augmentation pipeline of nnU-Net, a widely adopted
baseline in biomedical image segmentation, with the proposed anatomy-informed trans-
formation led to improved diagnostic performance in PCa detection. By simulating
physiologically realistic rectal and bladder size variations during model training, the
model’s sensitivity approached that of radiologists at the clinically relevant decision
threshold of PI-RADS > 4. These improvements were reflected in statistically significant
gains (p < 0.01) at both the patient- and lesion-level: a 4.3 % increase in patient-level
F;-score when deforming only the rectum, and a 5.1 % increase when deforming both

100


https://doi.org/10.1007/978-3-031-43990-2_50

4.1. Soft Tissue Deformations of the Prostate (Objective #1)

organs; as well as a 5.3 % boost in lesion detection sensitivity (4 additional lesions) with
rectal deformation, and 6.6 % (5 additional lesions) when both organs were deformed.
These results were evaluated at the radiologists’ clinical decision threshold of PI-RADS
> 4 for diagnostic sensitivity of 87.5 % and an average of 0.32 average number of false
positives per scan (avgFPs/scan).

A potential explanation for this improvement lies in the fact that the anatomy-informed
transformation — even if it is a single transformation — introduces meaningful morpho-
logical diversity into the training data. Soft tissue deformations, such as those caused by
rectal distension or bladder filling, naturally occur due to physiological processes, but in
clinical practice, only a single static snapshot can be captured per exam. The proposed
augmentation strategy effectively enriches the training data with simulated physiological
states that could have occurred at the same imaging time point, thereby improving the
generalization ability and robustness of the model.

The best results were achieved when both the rectum and bladder were deformed
during training, although this led to only a marginal improvement over rectal deformation
alone. This modest gain can be attributed to the anatomical distribution of csPCa lesions:
the majority are located in the peripheral prostate zone (PZ), which lies adjacent to the
rectum. Therefore, rectal deformation alone likely introduces sufficient morphological
variability for the majority of lesion locations. This aspect is discussed in more detail in
the following subsection.

Answer for Research Question 2: Increased lesion morphological diversity led to
enhanced diagnostic model performance.

4.1.2 Localized Performance Gains from Targeted Organ Deformations

Stratifying lesion detection performance by prostate zones revealed localized performance
improvements resulting from organ-specific soft-tissue deformations during training.
Detection sensitivity increased consistently in the prostate zones adjacent to the deformed
organ: bladder deformations improved detection in the transitional prostate zone (TZ)
(+10 % with 2 additional lesions for both bladder-only and bladder&rectum settings), while
rectal deformations yielded the highest gains in the PZ (+5.2 % with 3 additional lesions
for both rectum-only and bladder&rectum settings), both outperforming the standard
augmentation scheme.

Interestingly, even bladder-only deformation led to improved detection in the PZ,
albeit to a lesser extent than rectal deformation. While initially counterintuitive, this may
be attributed to the anterior extension of the PZ, which brings parts of it into proximity
with the bladder.
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These findings support that the proposed anatomy-informed transformation operates
in a spatially targeted manner, in contrast to traditional global transformations that lack
anatomical specificity. This enables not only overall performance gains, but also selective
improvement in detection sensitivity for anatomically localized regions of interest.

4.1.3 Importance of Visual Realism and Label Preservation

The anatomy-informed transformation was designed to simulate anatomically plausible
deformations while preserving essential image features relevant for PCa diagnosis.

Most of the transformed MRI images successfully passed the Turing test when evalu-
ated by a freshly graduated clinician with 3 years of expertise in prostate MRI, with 92 %
of artificial rectum and 93 % of artificial bladder transformations perceived as authentic.
Notably, some of these synthetic scans also passed the test when assessed by more ex-
perienced radiology residents: 12.5 % of the rectal and 70 % of the bladder deformations
were classified to be original. The difference in perceived realism between rectum and
bladder transformations may be attributed to their respective deformation amplitudes
(Crectum = 1200, Cpagger = 600), as more pronounced deformations are more likely to
produce subtle visual artifacts. Furthermore, the phrasing of the evaluation question —"Is
this image an original MRI scan or has it been artificially altered? If you believe it has
been modified, please describe why." — prompted participants to assess the realism of
the entire image. In some cases, the artificial nature of the transformation was identified
based on visual clues located outside the prostate region, which is not directly relevant
to the Al training objective. A more appropriate phrasing aligned with the training fo-
cus would have been: "Is the prostate in this image original or has it been artificially
altered?" Nonetheless, participants often reported that the altered images were difficult to
distinguish from real scans. In one example, a resident radiologist described an image as
"visually perfect" yet correctly classified it as artificial, relying on their intuition based on
expert domain knowledge.

To further underscore the importance of the label-preserving property of augmen-
tations, I compared the performance of the anatomy-informed augmentation against
both the standard and the random deformable augmentation strategies. While the ran-
dom deformable transformations increased lesion shape variability — leading to a higher
number of detected lesions — this came at the cost of decreased patient-level diagnostic
performance. Although this result may seem counterintuitive, it aligns with the mor-
phological characteristics of PCa. Given the amorphous nature of csPCa lesions, random
elastic deformations may inadvertently transform benign prostatic hyperplasia (BPH)
cases into malignancy-like patterns, resulting in implausible or even harmful warping
that distorts key features and introduces misleading training examples. In contrast, the
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anatomy-informed augmentation strategy not only preserved anatomical plausibility but
also led to consistent improvements on both the patient and lesion level. These findings
emphasize the importance of clinically meaningful augmentation design for achieving ro-
bust improvements in Al-based PCa diagnosis. A potential future direction to strengthen
this conclusion would be the inclusion of BPH lesion segmentation, enabling a more
detailed analysis of how augmentations impact benign versus malignant cases.

Answer for Research Question 3: The realism of the data augmentation is crucial due
to the need for label-preservation.

4.1.4 High Applicability with Practical Considerations

While complex biomechanical models of the prostate have been explored for various
applications (Hu et al., 2008, 2010; Khallaghi et al., 2015a,b; Qasim et al., 2022), their high
computational demands have so far prevented their adoption in real-time data augmen-
tation (DA) during training. To the best of my knowledge, the method proposed in this
dissertation is the first to effectively leverage such modeling for real-time augmentation
pipelines for deep learning. Its easy integration into standard DA frameworks and no
increase in training time make the anatomy-informed strategy both practical and scalable.

One limitation of the approach is its reliance on the existence of segmentation masks,
which introduces an additional annotation burden. However, recent advances in au-
tomatic segmentation — such as the availability of robust pre-trained models for organ
segmentations like TotalSegmentator (Wasserthal et al., 2023; Akinci D’ Antonoli et al.,
2025) built on nnU-Net (Isensee et al., 2021) — can significantly reduce this manual effort.

A further consideration involves the parameterization of the transformation. Since
the deformation is derived from the gradient field of a blurred segmentation mask, the
amplitude parameter C remains a relative scalar. Its effect depends on both the Gaussian
kernel size and the image resolution, making direct transferability across datasets not
straightforward. For new applications, visually tuning these parameters is still necessary
to ensure plausible deformations, introducing an additional effort when adapting the
method to other domains.

Answer for Research Question 1: By simplifying complex biomechanical models, it

is possible to construct a lightweight transformation that produces realistic soft tissue
deformations and is suitable for online DA.
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4.1.5 Extending Anatomy-Informed Transformations Beyond Organs

The proposed anatomy-informed transformation was originally named for its initial appli-
cation in deforming organs based on anatomical segmentations. However, its applicability
extends beyond organs and can be generalized to any structure for which segmentation
masks are available.

In the study by Rokuss et al. (2025), I successfully adapted this transformation to
simulate stochastic lesion growth. Unlike organs, which exhibit relatively consistent
sizes across patients, lesions present a substantial variability in size. Therefore, applying
the original transformation with fixed parameters would have been suboptimal, as it
would either underrepresent growth in large lesions or overamplify changes in smaller
ones. To address this, the transformation is applied iteratively on each lesion using
smaller deformation amplitudes. Furthermore, to simulate stochastic progression, the
deformation field was modulated by a smoothed random vector field. An illustrative
example demonstrating both uniform and random lesion growth is shown in Fig. 4.1.

original original original

uniform progresssion uniform progresssion
—— random progression

Figure 4.1: Lesion growth simulation using the anatomy-informed transformation
applied to a lesion from the RIDER Lung CT dataset (Zhao et al., 2015). Both ™ uniform
and M random simulated lesion growths are shown alongside the ' original lesion outline
for visual comparison.

The lesion tracking network proposed by Rokuss et al. (2025) exhibited performance
improvements across all evaluated metrics when trained with the generated lesion shape
variations. It is important to emphasize that the anatomy-informed transformation was
one of the several contributing components in this framework including the integration of
prior timepoint segmentations and the use of various visual prompts.
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4.1.6 Bridging the Gap in Spatial Transformations for Online Data Augmenta-
tion

Based on the experimental results, the proposed anatomy-informed transformation can
be positioned within the broader landscape of spatial transformations commonly used in
deep learning-based medical image analysis.
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Figure 4.2: Comparison of commonly used spatial transformation strategies in terms of
anatomical realism, degree of control, and their ability to introduce lesion shape vari-
ability. The proposed anatomy-informed transformation bridges the gap between simplis-
tic methods (rigid /affine, random deformable) globally affecting the image, and complex
biomechanical finite element modeling (FEM)-based models. It introduces anatomically
plausible, localized deformations that significantly enhance lesion shape variability while
preserving pathological training labels, a critical property for AI model training. With
minimal computational overhead, it enables scalable, online data augmentation uniquely
suited for medical imaging tasks. The MRI images are taken from our previously pub-
lished work (Kovacs et al., 2023a), with permission from the publisher Springer Nature.
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As illustrated in Fig. 4.2, this method bridges the gap between low-complexity global

transformations and high-fidelity, physics-based deformable models.

¢ Increased lesion shape variability with label-preserving capability: The trans-

formation substantially increases lesion shape variability by simulating plausible
soft tissue deformations that reflect natural anatomical differences across patients,
similar to those modeled by FEM-based approaches. Unlike random deformable
transformations, which risk introducing label noise through unrealistic distortions,
the anatomy-informed method maintains anatomical consistency and lesion integrity
— a critical requirement for safe and effective data augmentation in Al-based model
training.

¢ Mid-level complexity: The method offers a practical trade-off between traditional
affine transformations (which require no domain information priors) and high-
complexity finite element (FE) models. It leverages organ segmentations to construct
deformation fields, avoiding the need for complex biomechanical simulation while
still introducing meaningful variability.

Efficient computation: Although the transformation includes additional steps — such
as Gaussian blurring and gradient field calculation — it remains computationally
efficient, on par with conventional augmentations — like affine or random deformable
methods — and far faster than FEM-based transformations, which typically require
several minutes.

Localized effect: Unlike traditional augmentations that apply transformations uni-
formly across the entire image, the anatomy-informed method introduces spatially
localized changes. These are constrained to the region surrounding the organ of
interest, enabling anatomically targeted data augmentation that preserves the global
spatial context.

This unique balance of anatomical fidelity, computational efficiency, and targeted

augmentation makes the proposed method a novel and practical addition to the spectrum
of online spatial data augmentation techniques used in deep learning pipelines.
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4.2 Multi-Modal Misalignments in Prostate MRI (Objective #2)

The discussion presented in this section has been primarily published in the
following journal article:

Balint Kovacs, Nils Netzer, Michael Baumgartner, Adrian Schrader, Fabian
Isensee, Cedric Weifler, Ivo Wolf, Magdalena Gortz, Paul F. Jaeger, Vic-
toria Schiitz, Ralf Floca, Regula Gnirs, Albrecht Stenzinger, Markus Ho-
henfellner, Heinz-Peter Schlemmer, David Bonekamp, Klaus H Maier-
Hein. Nature Scientific Reports. Addressing image misalignments in multi-
parametric prostate MRI for enhanced computer-aided diagnosis of prostate cancer.
https://doi.org/10.1038/s41598-023-46747-z

This study systematically investigated multiple strategies to address multi-modal
misalignments in PCa diagnosis based on bi-parametric MRI (bpMRI). Rather than relying
on surrogate alignment or image similarity metrics, the evaluation is based directly on
the performance of a clinically meaningful downstream task — patient-level PCa diagnosis
derived from a computer-aided diagnosis (CAD) system. As the clinical diagnosis was
obtained through semantic segmentation of malignant lesions, a task inherently dependent
on spatial consistency across modalities, the experimental setup was particularly suited for
assessing the impact of the applied methods. I evaluated two complementary strategies
with distinct objectives:

e the application of B-spline image registration to spatially align different MRI se-
quences and match ground-truth segmentations across modalities, and

¢ the introduction of misalignment augmentation, a novel data augmentation tech-
nique designed to simulate plausible spatial inconsistencies during training to im-
prove model robustness.

The systematic analysis across an independent multi-centric test set comprising 129 biopsy-
confirmed bpMRI exams demonstrated that both strategies contributed to performance
improvements. Moreover, I highlighted the complementary nature of combining regis-
tration with misalignment augmentation, exceeding the effects of either strategy alone.
This discussion reflects on the clinical relevance, applicability, and broader implications of
these findings.
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4.2.1 The Importance of Ground Truth Consistency Across Image Modalities
for Diagnostic Performance

Aligning the prostate MRI image modalities through a B-Spline registration resulted in
an improvement in patient-level diagnostic performance, as reflected by the increase
in area under the receiver operating characteristic curve (AUROC) compared to the
unregistered dataset. These findings suggest that enhancing anatomical correspondence
across modalities enables the CAD system to better fuse complementary imaging contrast
information, ultimately leading to more effective clinical decision-making.

Importantly, although improvements were observed, the differences in AUROC values
across the used registration strategies did not fully reflect the more apparent differences
seen in the lesion-wise Dice score distributions. This underscores an important limitation
of relying on surrogate registration quality metrics, such as Dice scores, as they do not
necessarily translate proportionally into improvements in downstream diagnostic perfor-
mance — consistent with prior observations regarding the limitations of surrogate metrics
for assessing registration quality (Rohlfing, 2011). These findings therefore emphasize
the importance of evaluating registration strategies directly on clinical tasks, such as
patient-level PCa diagnosis, rather than relying solely on surrogate alighment measures.

Despite the observed positive trend, the performance improvement achieved by reg-
istering the MRI sequences did not reach statistical significance. This observation may
explain why a vast number of studies have employed registration as a standard prepro-
cessing step (Aldoj et al., 2020; Arif et al., 2020; Cao et al., 2019; De Vente et al., 2020; Kohl
et al., 2017; Winkel et al., 2021; Sanyal et al., 2020; Schelb et al., 2019; Yang et al., 2017;
Netzer et al., 2021, 2023; Pellicer-Valero et al., 2022). While it indicates that registration
systematically provides a meaningful benefit, it alone may not be sufficient to fully correct
for all sources of misalignment in prostate MRI, potentially explaining why previous
studies did not report baseline comparisons without registration.

Answer for Research Question 4: Registration improves model performance and its
quality should be evaluated on the clinical downstream task.

4.2.2 Enhanced Robustness Against Alignment Errors Gained Through Model
Training

Introducing artificial misalighments between modalities during convolutional neural
network (CNN) training made the diagnostic task more challenging, encouraging the
network to develop greater invariance to spatial inconsistencies between the input MRI
modalities and the ground truth annotations. The results showed that applying misalign-
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ment augmentation to unregistered data could partially compensate for the lack of explicit
registration due to its strong regularization effect. This suggests that misalignment aug-
mentation can be used as a highly applicable alternative strategy for addressing alignment
errors, thereby reducing the reliance on complex non-rigid registration techniques.

Nonetheless, it is important to highlight that the robustness gained by misalignment
augmentation is not without limitations. Its effectiveness likely depends on the degree
of initial anatomical alignment between modalities, which exhibited an average lesion
segmentation overlap of approximately 44 % in the cohort, as well as on the characteristics
(type, amplitude, and probability) of the artificially introduced misalignments. Thus, care-
ful parameter tuning is essential to adapt the augmentation strategy to the specific needs
of a given clinical application. Moreover, an initial correction step, such as a simple affine
registration to eliminate large spatial offsets, likely remains necessary in cases where the
input modalities exhibit negligible anatomical overlap. Despite the observed performance
improvements, the gains achieved through misalignment augmentation alone did not
reach statistical significance, consistent with the findings for explicit registration.

Answer for Research Question 5: Misalignment data augmentation serves as a
lightweight alternative to complex registration algorithms.

4.2.3 Synergistic Gains Through the Combination of Registration and Mis-
alignment Augmentation

Although both image registration and misalignment augmentation independently address
the same underlying issue of multi-modal misalignments, their combination led to a
further improvement in patient-level diagnostic performance. Specifically, integrating both
strategies produced a statistically significant increase in AUROC - achieving an additional
6.14 % performance gain (p = 0.02) — compared to the unregistered dataset baseline. This
complementary effect suggests that registration and misalignment augmentation address
distinct limitations and, when combined, reinforce each other.

A potential explanation for this synergistic behavior is that registration primarily
ensures anatomical alignment across modalities by eliminating large spatial offsets, thereby
allowing the network to focus on learning more complex and consistent multi-modal
representations. In contrast, misalignment augmentation introduces controlled variability
into the training process, forcing the CNN to develop greater robustness to residual
alignment imperfections that inevitably persist even after preprocessing. Together, these
strategies handle different aspects of the alignment problem: registration improves the
overall data consistency, while augmentation enhances model robustness. By extending
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each other’s strengths, the combined approach leads to a more powerful and generalizable
model capable of handling realistic clinical variability.

It is important to note, however, that the necessity of such explicit strategies may
depend on dataset size. In very large datasets with extensive variability, a CNN might
gradually learn to become invariant to modest misalignments, provided that the network
architecture and capacity are sufficient. Nevertheless, in the context of typical medical
imaging studies — where datasets are limited in both size and diversity, and spatial ground
truth consistency is crucial — targeted strategies such as registration and augmentation
remain essential for ensuring robust model performance.

Notably, the combined strategy not only achieved the highest AUROC on the indepen-
dent test set but also shifted the receiver operating characteristic (ROC) curve significantly
closer to the radiologists” performance threshold at Prostate Imaging Reporting and Data
System (PI-RADS) > 4 - a clinically critical decision point that was not reached by any of
the other configurations tested.

Answer for Research Question 6: Registration and misalignment data augmentation
are complementary strategies leading to a synergetic performance increase.

4.2.4 Potential Improvements in Small Lesion Detection Sensitivity

The qualitative results presented in Fig. 3.5 suggest that addressing alignment errors
between modalities through misalignment augmentation leads to improved lesion seg-
mentation coverage, not only for large lesions but also for small clinically significant
lesions. Notably, misalignment augmentation enabled the network to more reliably detect
a small punctate lesion that was only weakly identified by models trained without this
augmentation strategy. This observation highlights the particular vulnerability of small
lesions to subtle spatial inconsistencies: even minor misalignhments, not necessarily visible
to the human eye, can critically impair the ability of CNN-based models to detect such
lesions.

Augmentation strategies that increase the alignment variability during training there-
fore can be particularly beneficial — a critical consideration for clinical applicability, es-
pecially in early disease stages where small punctate lesions may represent the only
indicators of malignancy. Beyond improving sensitivity, robust detection of small le-
sions is essential for ensuring spatially accurate segmentation outputs — an important
requirement in applications such as targeted biopsies or focal therapy planning.

Nevertheless, it is important to acknowledge that these findings are based on individ-
ual examples. To quantitatively prove the observed improvements, further experiments
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using larger datasets with a higher number of small lesions, alongside stratified evaluation
according to lesion size, would be necessary.

4.2.5 Multi-Modal Alignment Errors Beyond Prostate MRI

Alignment errors between image modalities are a general challenge in multi-modal
medical image analysis wherever spatial accuracy is critical, not just in prostate multi-
parametric MRI (mpMRI). Therefore, the proposed misalignment DA technique is relevant
to other applications. In the studies by Kovacs et al. (2024) and Rokuss et al. (2024), I
successfully utilized this strategy in a different domain: automated lesion segmentation in
whole-body PET/CT images for the AutoPET3 challenge (Ingrisch et al., 2024; Gatidis and
Kuestner, 2022; Jeblick, 2024).

Despite the hybrid PET/CT imaging system, patient and organ motion during image
acquisition often introduce alignment errors, similarly to prostate mpMRI. Furthermore,
due to attenuation correction during image reconstruction, these errors may be further
amplified (Alessio et al., 2004; Hunter et al., 2016; Kaji et al., 2024), potentially limiting
segmentation accuracy. To mitigate this, misalignment augmentation was utilized in both
challenge submissions and shown to enhance segmentation performance. The impact
of this augmentation in the winning solution by Rokuss et al. (2024) is summarized in
Tab. 4.1.

Table 4.1: Segmentation performance (five-fold cross-validation) of the winning solution
of AutoPET3 Challenge for the baseline model trained with and without misalignment
augmentation. Results from the study by Rokuss et al. (2024) are reproduced under the
Creative Commons Attribution 4.0 License.

Dicet
Training Configuration All FDG PSMA FPvol] FNvol]
nnU-Net (ResEnc L) 65.31 72.87 58.25 10.47 13.63
+ misalighment augmentation 65.76 73.13 58.89 10.12 12.50

It is important to highlight that the winning method by Rokuss et al. (2024) did not rely
solely on misalignment augmentation. Additional improvements included modifications
to the loss function, increased batch size, and incorporation of anatomical knowledge by
jointly segmenting problem-relevant organs during training.
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4.2.6 Conceptual Summary of Multi-Modal Alignment Error Handling Strate-
gies

Based on the results obtained from applying different strategies to address multi-modal
alignment errors between prostate MRI images, the effect of each approach can be con-
ceptually illustrated on the spatial representation of lesion ground truth during model
training, as shown in Fig. 4.3.

Spatial overlap representation of
multi-modal ground truth annotations

Unregistered Registered
Dataset Dataset

)
@« O

No
misalignment
augmentations

Introducing
misalignment
augmentations

B Modality #1  [[] Modality #2

Figure 4.3: Conceptual visualization of the spatial overlap of multi-modal ground truth
information under different strategies. Registration improves anatomical alignment be-
tween modalities, although residual errors typically persist. Misalignment augmentation
enhances model robustness by introducing controlled variability during training. While
augmentation alone can compensate for moderate alignment errors, combining it with
registration has the potential to fully address residual misalignments, leading to improved
learning of multi-modal representations.
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As a summary:

* Registration aims to spatially align the different modalities, thereby the associ-
ated lesion ground truth across them. This alignment facilitates the integration
of complementary information from the T2-weighted (T2w), diffusion-weighted
imaging (DWI), and apparent diffusion coefficient (ADC) images, a process that
mirrors the clinical PI-RADS interpretation workflow (Fig. 1.3), where radiologists
rely on their cognitive abilities to mentally compensate for alignment differences.
However, even after registration, residual errors typically remain.

* Misalignment augmentation, in contrast, impacts training differently by inten-
tionally introducing potential alignment errors as an inductive bias during model
training. This forces the model to become partially invariant to multi-modal mis-
alignments to some extent, thereby leading to a more robust model.

¢ Combining registration and misalignment augmentation achieves the best model
configuration, leveraging the advantages of both strategies: improved anatomical
consistency through registration and enhanced robustness through augmentation
against remaining registration errors.

Overall, the findings suggest that combining registration with misalignment augmen-
tation provides an optimal strategy for training CNN-based CAD systems in prostate MRI.
Furthermore, I advocate for incorporating misalignment augmentation into the standard
set of training tools for multi-modal image analysis, especially in applications where
imperfect ground truth alignment persists and cannot be fully corrected by preprocessing
alone.
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4.3 Future of Application-specific Augmentations in Medicine

DA plays currently a crucial role in increasing both the quantity and quality of training
data, thereby enhancing the robustness and generalizability of Al models. This is especially
critical in medical imaging, where datasets are often limited in size, highly imbalanced,
and expensive to annotate. However, this dependency on augmentation may shift over
time due to current trends in medical Al and data availability. Several key factors are
shaping this evolving landscape:
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* Growing Availability of Clinical Data: As more institutions adopt digital infras-

tructure and standardized protocols for Al applications, the volume and representa-
tiveness of clinical datasets are expected to increase. This growth in data volume
and diversity could reduce the dependency on DA for many routine applications.
Models trained on naturally diverse clinical samples are likely to generalize better
across populations, potentially decreasing the relative importance of traditional
augmentation strategies over time. Nevertheless, it is important to emphasize that
even with expanding datasets, augmentation will likely remain essential in specific
or newly emerging scenarios — such as diseases with low prevalence, rare subtypes of
common conditions, or specialized imaging protocols — where applications continue
to suffer from limited sample sizes and demographic imbalance. In such cases, tar-
geted augmentation strategies, particularly those informed by domain knowledge,
will probably still play an important role in providing useful guidance for Al model
training.

Emergence of Federated Learning: Federated learning is an emerging paradigm
that enables the training of models across distributed datasets from multiple clin-
ical centers without violating data protection regulations (Rieke et al., 2020; Roth
et al., 2020). This approach offers access to otherwise privately held data, making it
possible to train models on larger, more diverse, and multi-center datasets without
the need for centralized aggregation (Pati et al., 2022). However, while federated
learning increases both dataset size and diversity, it also introduces new challenges.
The heterogeneity of multi-center datasets — originating from differences in imaging
protocols, scanner hardware, and annotation standards — and unseen data quality
can significantly affect model performance. In particular, inconsistent ground truth
definitions and inter-rater variability often degrade model generalizability. Addi-
tionally, federated learning demands collaboration beyond model development,
including legal alignment, data harmonization, shared research goals, and coordi-
nated project management (Bujotzek et al., 2025). Despite these hurdles, federated
learning remains the most promising collaborative training framework available.
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When effectively implemented, it has been shown to match the performance of cen-
tralized approaches while preserving privacy and enabling access to a huge amount
of clinical data (Sheller et al., 2020).

Rise of Foundation Models: In recent years, foundation models resulting from large-
scale pretraining have become a central focus of the AI community (Bommasani
et al., 2021). These models represent a fundamentally different paradigm from
application-specific solutions, aiming to operate in a purely data-driven manner
by leveraging vast amounts of unlabeled data. A variety of self-supervised and
contrastive learning strategies — such as DINO (Caron et al., 2021; Oquab et al., 2023),
SimCLR (Chen et al., 2020), and masked autoencoders (He et al., 2022) — have been
developed for this purpose, commonly based on high-capacity Vision Transformer
architectures. While foundation models have demonstrated remarkable performance
in the natural imaging domain, their adoption in medical imaging is still emerging.
Initial efforts such as MedSAM (Ma et al., 2024a) have demonstrated their feasibility
for medical image segmentation. More recently, the integration of large language
models (Beyer et al., 2024; Liu et al., 2023; Touvron et al., 2023) into vision architec-
tures has enabled multi-modal reasoning by incorporating clinical metadata and
radiology reports. This approach is demonstrated by models such as BioMedParse
(Zhao et al., 2025) and BioMedCLIP (Zhang et al., 2023). The strong performance
of these generalist models, which have been pre-trained on large-scale and diverse
datasets, suggests a potential shift toward representation and transfer learning, pos-
sibly reducing the reliance on application-specific augmentation strategies. However,
their clinical deployment still faces several challenges. Most notably, their extreme
data requirements pose a significant barrier in the medical domain, where data pri-
vacy limits access to large, diverse datasets. Furthermore, current implementations
primarily rely on native 2D images (like chest X-rays, histopathology scans) and
2D slices extracted from 3D scans, which introduces domain imbalance and lack of
3D understanding. Moreover, foundation models typically require fine-tuning to
adapt to domain-specific imaging characteristics, including contrast and geometrical
properties. Consequently, robust end-to-end solutions based on training on 3D
volumes remain absent. Overcoming these limitations will be critical for realizing
the full potential of foundation models in clinical workflows.

While these developments may reduce the dependency on domain-specific solutions

—including strategies that introduce application-specific biases through augmentation —

their practical effectiveness in the medical domain remains an open question. Clinical data

is inherently heterogeneous — ranging across differences in scanners, imaging protocols,
patient populations, and disease presentations — and it continues to evolve with ongoing
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technological innovation.

In such a dynamic and complex setting, application-specific strategies may still of-
fer meaningful performance gains, particularly in subpopulations with rare or atypical
conditions that are frequently the focus of clinical research. Carefully designed inductive
biases may thus remain important tools for bridging the performance gap between expert
clinicians and Al systems. Rather than fully replacing domain-specific solutions, the future
of clinical AI may rely on thoughtfully combining broad generalization capabilities with
application-specific refinements, achieving both robust overall performance and improved
handling of specialized cases across diverse real-world settings.

4.4 Conclusion

This dissertation focused on incorporating domain-specific knowledge into the training of
Al models for prostate cancer PCa diagnosis, aiming to enhance the performance of state-
of-the-art methods, thereby narrowing the gap between automated systems and expert
radiologists. Specifically, it successfully addressed two clinically relevant challenges that
radiologists routinely account for during image interpretation but are often overlooked in
standard Al pipelines:

* To increase lesion shape variability, a lightweight biomechanical model was devel-
oped to simulate realistic soft tissue deformations in the pelvic region, particularly
variations in rectal and bladder size that influence prostate anatomy and lesion mor-
phology. By integrating these simulated deformations as online data augmentation
during model training, diagnostic accuracy improved significantly, approaching
towards radiologist-level performance. Due to its computational efficiency, the
method is highly compatible with modern deep learning workflows.

¢ To address multi-modal misalignments between prostate MRI sequences — which
lead to inconsistencies in spatial alignment and ground truth representation — this
work systematically evaluated two strategies: conventional image registration and
a proposed novel approach called misalignment augmentation. While both tech-
niques improved diagnostic performance individually, their combination resulted
in a statistically significant synergistic effect, addressing complementary aspects
of the misalignment problem, and resulted in an on par model performance with
radiologists.

Given their effectiveness in enhancing model performance in PCa diagnosis — as well
as their conceptual applicability to other domains — both techniques are recommended to
use as blueprints for future research in medical Al
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In conclusion, this work demonstrates that even a single, well-designed augmentation
strategy — when guided by domain-specific knowledge, as in the case of anatomy-informed
and misalignment augmentation — can significantly improve model robustness and lead
to enhanced diagnostic accuracy.

While emerging trends in medical Al — such as federated learning and foundation
models — may reduce reliance on task-specific augmentations, the inherent challenges of
the domain - including limited data availability, heterogeneity, and highly specialized
cases — will likely continue to necessitate carefully engineered inductive biases. Informed
by domain expertise, these targeted strategies could still remain powerful tools for align-
ing model behavior with clinical needs. The future of clinical Al may not lie in choosing
between generalization and specificity, but rather in strategically combining the two: pair-
ing large-scale, general-purpose learning with targeted, application-specific refinements
to achieve both scalable performance and reliable clinical utility across diverse real-world
contexts.
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Summary

In recent years, artificial intelligence (AI) has made a significant impact on prostate
cancer diagnosis using magnetic resonance imaging (MRI), particularly through diagnostic
systems based on deep learning approaches. Among these, convolutional neural networks
trained for semantic segmentation of clinically significant lesions have gained attention
due to their clinical value and inherent interpretability. Used as assistive tools, such
systems have already been shown not only to increase diagnostic accuracy, but also to
reduce both inter-rater variability and diagnostic time. Despite these advances, standalone
Al'models for prostate cancer diagnosis still underperform compared to expert radiologists.
The reason for radiologists” superiority may lie in their clinical training to account for
physiological and modality-specific image alterations using domain knowledge and
cognitive reasoning, aspects that are currently overlooked in state-of-the-art computer-
aided diagnosis systems.

To address this performance gap, this thesis advances prostate MRI interpretation
by incorporating two real-world, yet often overlooked, challenges into AI model devel-
opment: (1) frequent soft tissue deformations caused by physiological processes and
(2) misalignment between multi-modal images. Both are forms of spatial variation to
which segmentation networks are potentially sensitive. For each challenge, targeted,
domain-informed strategies are proposed. These data-centric solutions are implemented
as on-the-fly data augmentations during training, acting as inductive biases to improve
model robustness against clinically relevant sources of image alterations.

Although biomechanical models based on finite element methods hold strong potential
for increasing prostate and lesion shape variability during training by simulating realistic
soft tissue deformations, their practical utility is limited due to computational complexity
and the need for specialized modeling expertise. To make such deformations suitable for
scalable online data augmentation, a lightweight model was developed by introducing
simplified biomechanical assumptions. Incorporating these deformations into model
training improved both patient-level diagnostic accuracy and lesion-level detection rates.
Furthermore, the benefit of using anatomically realistic transformations was demonstrated
in contrast to random elastic deformations, which are prone to distort image features and
compromise the fidelity of ground truth labels for benign and malignant conditions.

Another clinical challenge addressed is the alignment errors between MRI imag-
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ing modalities. While radiologists can cognitively compensate for such inconsistencies,
computer-aided diagnosis systems rely on aligned ground truth representations across
all image modalities. However, the literature lacks consensus on whether image co-
registration is beneficial for model training. Furthermore, when registration is applied,
its effect on model performance is rarely reported. To systematically investigate this,
multiple registration strategies were evaluated alongside a novel approach: misalign-
ment augmentation. Instead of aiming for perfect anatomical alignment, this method
introduces synthetic alignment errors during training to make network predictions in-
variant to such errors. Both registration and misalignment augmentation independently
improved performance. Moreover, combining the two approaches led to a synergistic
effect, further improving performance due to their complementary behavior and yielding
a statistically significant improvement that brought diagnostic performance on par with
expert radiologists. Further results also highlighted that common surrogate registration
metrics (e.g. Dice coefficient) do not necessarily correlate with clinical task performance,
emphasising the importance of evaluating strategies based on their impact on clinically
relevant questions.

The insights gained from the proposed data-centric strategies demonstrated their
effectiveness, as reflected in the significant performance improvements observed on inde-
pendent test sets. These findings underscore that incorporating domain knowledge into
neural network training via data augmentation as an inductive bias can yield substantial
benefits beyond those of generic state-of-the-art training pipelines. While the increasing
availability of large-scale training data and the rise of generalist foundation models may
reduce the reliance on such targeted solutions for routine applications, the inherent com-
plexity of medical imaging suggests that domain-specific strategies will likely remain
essential for enabling neural networks to address nuanced, clinically complex scenarios.
This thesis makes a significant contribution to the field by demonstrating how clinically
grounded, data-centric strategies can narrow the performance gap between automated
systems and expert radiologists.
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Zusammenfassung

Kiinstliche Intelligenz (KI) hat in den letzten Jahren einen signifikanten Einfluss auf die
Diagnose von Prostatakrebs mittels Magnetresonanztomographie (MRT) gehabt. Diag-
nostische Systeme auf Basis tiefer neuronaler Faltungsnetze, insbesondere solche, die auf
die semantische Segmentierung klinisch signifikanter Ldsionen trainiert wurden, sind
aufgrund ihres klinischen Nutzens und ihrer inhédrenten Interpretierbarkeit beliebt gewor-
den. Als diagnostische Unterstiitzung eingesetzt, haben diese Systeme nicht nur die
diagnostische Genauigkeit erhoht, sondern auch die Variabilitdt zwischen Beurteilenden
sowie die Diagnosedauer reduziert. Trotz dieser Fortschritte bleiben KI-Systeme zur eigen-
standigen Prostatakrebsdiagnose hinter der Leistung erfahrener Radiolog:innen zurtick.
Der Grund dafiir liegt moglicherweise in der klinischen Ausbildung der Radiolog:innen.
Aufgrund ihres Fachwissens und kognitiven Denkens, konnen sie physiologische und
bildmodalitatsspezifische Bildveranderungen bertiicksichtigen. Aspekte, die bislang in
modernen rechnergestiitzten Diagnosesystemen wenig berticksichtigt wurden.

Um diese Liicke zu tiberbriicken, verbessert diese Dissertation die Interpretation
von Prostata MRTs durch Einbeziehung zwei realer, jedoch héaufig tibersehener Her-
ausforderungen in der Entwicklung von KI-Modellen: (1) hdufige Weichteildeformatio-
nen durch physiologische Prozesse und (2) Fehlausrichtungen zwischen multimodalen
Bildern. Beide stellen Formen raumlicher Variationen dar, auf die Segmentierungsnet-
zwerke potenziell empfindlich reagieren. Fiir jede dieser Herausforderungen werden
gezielte, domédnenspezifische Strategien entwickelt. Diese datenzentrierten Losungen
werden als Echtzeit-Datenaugmentierungen wihrend des Trainings implementiert und
dienen als induktive Bias, um die Robustheit des Modells gegentiber klinisch relevanten
Bildverdanderungen zu erhchen.

Obwohl biomechanische Modelle basiert auf Finite-Elemente-Methoden grofies Poten-
zial zur Erhthung der anatomischen Variabilitdt von Prostata und Lasionen durch die Sim-
ulation realistischer Weichteildeformationen bieten, ist ihr praktischer Nutzen aufgrund
der hohen Rechenkomplexitdt und des Bedarfs an spezialisierter Modellierungsexper-
tise begrenzt. Um solche Deformationen fiir eine skalierbare Echtzeit-Datenerweiterung
nutzbar zu machen, wurde ein leichtgewichtiges Modell entwickelt, das auf vereinfachten
biomechanischen Annahmen basiert. Die Integration dieser Deformationen in das Modell-
training verbesserte sowohl die diagnostische Genauigkeit auf Patientenebene als auch die
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Erkennungsraten auf Lasionsebene. Dariiber hinaus zeigte sich der Nutzen anatomisch
realistischer Transformationen im Vergleich zu zufilligen elastischen Deformationen, die
dazu neigen, Bildmerkmale zu verzerren und die Genauigkeit der manuellen Referenzan-
notationen fiir benigne und maligne Befunde zu beeintrachtigen.

Eine weitere klinische Herausforderung sind Fehlregistrierungen zwischen verschiede-
nen MRT-Bildmodalititen. Wahrend Radiolog:innen solche Inkonsistenzen kognitiv
ausgleichen konnen, sind computergestiitzte Diagnosesysteme auf exakt ausgerichtete
manuelle Referenzannotationen {iiber alle Bildmodalitidten hinweg angewiesen. In der
Fachliteratur besteht jedoch kein Konsens dartiber, ob Bild-Koregistrierung tatsdchlich
vorteilhaft fiir das Modelltraining ist. Zudem wird deren Auswirkung auf die Model-
lleistung kaum berichtet. Um dies systematisch zu untersuchen, wurden mehrere Reg-
istrierungsstrategien entlang mit einem neuartigen Ansatz evaluiert: die Fehlregistrierung-
Augmentierung. Anstatt eine perfekte anatomische Ausrichtung anzustreben, fiihrt diese
Methode wihrend des Trainings synthetische Ausrichtungsfehler zwischen den MRT-
Bildmodalitdten gezielt ein, um die Netzwerkvorhersagen gegeniiber solchen Fehlern ro-
bust zu machen. Sowohl die Registrierung als auch die Fehlregistrierung-Augmentierung
verbesserten jeweils unabhidngig die diagnostische Leistung. Dartiber hinaus fiihrte die
Kombination beider Ansitze zu einem synergetischen Effekt, der durch ihr komplemen-
tares Verhalten zu einer signifikanten Leistungsverbesserung fiihrte und die diagnostische
Leistung auf das Niveau erfahrener Radiolog:innen brachte. Weitere Ergebnisse verdeut-
lichen zudem, dass herrkdmmliche Ersatz-Registrierungsmetriken (z.B. Dice-Koeffizient)
nicht unbedingt mit der klinischen Aufgabenleistung korrelieren, was die Bedeutung der
Evaluierung von Strategien anhand ihrer Auswirkungen auf klinisch relevante Fragestel-
lungen betont.

Die Erkenntnisse aus den vorgeschlagenen datenzentrierten Strategien zeigten ihre
Wirksamkeit, was sich in den signifikanten Leistungsverbesserungen auf unabhingigen
Testdatensédtzen widerspiegelte. Diese Ergebnisse unterstreichen, dass die Einbeziehung
von Doménenwissen in das Training neuronaler Netze durch Datenaugmentation als in-
duktive Bias erhebliche Vorteile gegeniiber herkdbmmlichen, modernen Trainingspipelines
bieten kann. Zwar konnten die zunehmende Verfiigbarkeit umfangreicher Trainingsdaten
und der Aufstieg generalistischer Foundation-Modelle die Abhéngigkeit von solch ziel-
gerichteten Losungen in Routineanwendungen verringern, doch die inhdrente Komplex-
itdt der medizinischen Bildgebung ldsst vermuten, dass doménenspezifische Strategien
weiterhin essentiell bleiben, um neuronale Netze in die Lage zu versetzen, differenzierte
und klinisch komplexe Szenarien zu bewdltigen. Diese Arbeit leistet einen wichtigen
Beitrag zum Fachgebiet, indem sie zeigt, wie klinisch fundierte, datenzentrierte Strategien
die Leistungsliicke zwischen automatisierten Systemen und erfahrenen Radiolog:innen
verringern konnen.
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Own Contributions

This chapter gives an overview of my contributions in distinction to team efforts.

Own share in data acquisition and data analysis

This interdisciplinary thesis in the field of medical informatics was written within the
Division of Medical Image Computing at the German Cancer Research Center (DKFZ)
Heidelberg, headed by Prof. Dr. Klaus Hermann Maier-Hein, served as the primary
supervisor. The research presented in this thesis was carried out in clinical collaboration
with the Division of Radiology at DKFZ Heidelberg, headed by Prof. Dr. Heinz-Peter
Schlemmer, particularly with the Prostate Cancer Working Group, led by Prof. Dr. David
Bonekamp, who provided the data through co-supervision. Furthermore, I was in close
collaboration with members of both divisions throughout the time of my doctoral work.
This thesis is primarily based on two research projects:

1. Soft Tissue Deformations of the Prostate, which has been primarily presented in
the following first-author journal publication:
B. Kovacs, N. Netzer, M. Baumgartner, A. Schrader, F. Isensee, C. Weifser, I. Wolf, M.
Gortz, PF. Jaeger, V. Schiitz, R. Floca, R. Gnirs, A. Stenzinger, M. Hohenfellner, H.P.
Schlemmer, D. Bonekamp., K.H. Maier-Hein. Nature Scientific Reports. Addressing
image misalignments in multi-parametric prostate MRI for enhanced computer-aided diag-
nosis of prostate cancer. https://doi.org/10.1038/s41598-023-46747-z

2. Multi-Modal Misalignments in Prostate MRI, which has been primarily presented
in the following first-author conference publication:
B. Kovacs, N. Netzer, M. Baumgartner, C. Eith, D. Bounias, C. Meinzer, PF. Jaeger,
K.S. Zhang, R. Floca, A. Schreder, F. Isensee, R. Gnirs, M. Gortz, V. Schiitz, A. Sten-
zinger, M. Hohenfellner, H.P. Schlemmer, I. Wolf, D. Bonekamp, K.H. Maier-Hein. In-
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ternational Conference on Medical Image Computing and Computer-Assisted In-
tervention - MICCAI 2023. Anatomy-informed data augmentation for enhanced prostate
cancer detection. https://doi.org/10.1007/978-3-031-43990-2_50

Own share in Data Acquisition. The clinical foundation for the artificial intelligence (AI)
experiments in both primary research projects, including magnetic resonance imaging
(MRI) acquisition, clinical assessment, and data annotation was established by multiple
collaborators from the Division of Radiology at DKFZ Heidelberg (Carolin Eith, Regula
Gnirs, Clara Meinzer, Nils Netzer, Adrian Schrader, Cedric WeifSer, Dr. Kevin S. Zhang,
Prof. Dr. David Bonekamp, Prof. Dr. Heinz-Peter Schlemmer), Department of Urology at
the University of Heidelberg Medical Center (Priv. Doz. Dr. Magdalena Gortz, Dr. Victoria
Schiitz, Prof. Dr. Markus Hohenfellner), and Institute of Pathology at the University of
Heidelberg Medical Center (Prof. Dr. Albrecht Stenzinger).

Although I was not clinically qualified to participate directly in the acquisition of
patient data, I was responsible for the systematic curation and preprocessing of the
prostate MRI datasets used in both primary research projects to be able to answer my
research questions. This process involved:

¢ Selecting the appropriate bi-parametric MRI (bpMRI) images, including the T2-
weighted (T2w) scans, diffusion-weighted imaging (DWI) scans with both the lowest
and highest b-values, and the apparent diffusion coefficient (ADC) maps.

¢ Curating the clinical organ segmentations for the prostate, bladder, and rectum.

¢ Filtering annotations of clinically significant PCa (csPCa) lesions on both T2w and
ADC maps, using the systematic and targeted biopsy data for the SELGT annota-
tions.

Furthermore, I also conducted comprehensive sanity checks on the lesion ground truth
annotations across individual studies to ensure the highest possible dataset quality for my
experiments:

1. Soft Tissue Deformations of the Prostate: I identified inaccuracies in the lesion
annotations, including missing slices, and overlapping or adjacent instance labels
labeled as a multiple lesion entity. While such errors may have had minimal impact
on training for the task of semantic segmentation, they would have substantially
affected the lesion-level evaluations.

2. Multi-Modal Misalignments in Prostate MRI: I detected inconsistencies between
lesion annotations on T2w images and ADC maps, such as mismatched lesion
identifiers, missing slices, and incorrect or overlapping labels. These inconsistencies
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would have affected the assessment of lesion-level overlap across modalities used
for evaluating image registration techniques.

All identified issues were corrected in collaboration with members from the Division of
Radiology at DKFZ Heidelberg (Clara Meinzer, Nils Netzer, Cedric Weifler, Dr. Kevin S.
Zhang, Prof. Dr. David Bonekamp).

Own share in Data Analysis.

1. Soft Tissue Deformations of the Prostate: The proposed method for simulating soft

tissue deformations, named the anatomy-informed transformation was developed
entirely by me. I also designed, conducted, and evaluated the Turing test to assess
the realism of the synthetic images, where Carolin Eith, Clara Meinzer, and Dr.
Kevin S. Zhang participated as expert raters. The integration of this method into the
nnU-Net pipeline, the design and conduction of the Al experiments, the patient- and
lesion-level evaluation were also performed entirely by me. Additionally, I adapted
the proposed method to simulate lesion shape variations in a subsequent conference
publication mentioned in the discussion, in which I contributed as a co-author:
M. Rokuss, Y. Kirchhoff, S. Akbal, B. Kovacs, S. Roy, C. Ulrich, T. Wald, L.T. Rotkopf,
H.P. Schlemmer, K.H. Maier-Hein. IEEE/CVF Conference on Computer Vision
and Pattern Recognition - CVPR 2025. LesionLocator: Zero-Shot Universal Tumor
Segmentation and Tracking in 3D Whole-Body Imaging. (Accepted, in press).

2. Multi-Modal Misalignments in Prostate MRI: The proposed misalignment-data
augmentation was implemented by myself. Two registration algorithms were em-
ployed for different experimental settings. The B-spline rgistration used for a previ-
ous publication on this data cohort was provided by Nils Netzer and Prof. Dr. David
Bonekamp. I adapted this algorithm for the GT-matching rigid registration. The
integration of the misalignment augmentation and registration strategies into the
nnU-Net pipeline, the design and conduction of the Al experiments, and the analysis
of results were performed entirely by me. Furthermore, I adapted the proposed
method for PET/CT images in the unpublised studies mentioned in the Discussion.

Throughout both research projects, I regularly received methodological advisory input
from Michael Baumgartner, Dimitrios Bounias, Dr. Paul F. Jager, Dr. Fabian Isensee, Dr.
Ralf Floca, Prof. Dr. Ivo Wolf, and Prof. Dr. Klaus H. Maier-Hein. I received clinical
insights from Carolin Eith, Regula Gnirs, Clara Meinzer, Nils Netzer, Adrian Schrader,
Cedric Weifler, Dr. Kevin S. Zhang, and Prof. Dr. David Bonekamp.
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Own Publications

In this section, all publications that I was a part of and contributed to during my Ph.D.
work are listed. It is subdivided into First Authorships and Co-Authorships.

First Authorships - Peer Reviewed International Journal Publications

B. Kovacs, N. Netzer, M. Baumgartner, A. Schrader, F. Isensee, C. Weifser, I. Wolf, M.
Gortz, PF. Jaeger, V. Schiitz, R. Floca, R. Gnirs, A. Stenzinger, M. Hohenfellner, H.P.
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First Authorships - Peer Reviewed International Conference Publications
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Appendix

Dataset Properties

A.1 Demographic Tables for In-House Datasets

Table A.1: Demographic and clinical characteristics of the in-house cohort #1. Table adapted
from our previously published work Kovacs et al. (2023b), reused under the Creative Commons

Attribution 4.0 License.

Characteristic Training set (80 %) Test set (20 %)
No. exams (421) 335 86
—without csPCa 222 (66.3 %) 54 (62.8 %)
— with csPCa 113 (33.7 %) 32 (37.2 %)
Median age (years) 64 64

Mean PSA (ng/mL) 8.79 10.05
Exams w/o MRI-detected lesion 13 (3.9 %) 4 (4.7 %)
MRI-detected index lesions

- PI-RADS 2 43 (12.8 %) 10 (11.6 %)
—PI-RADS 3 83 (24.8 %) 19 (22.1 %)
- PI-RADS 4 129 (38.5 %) 34 (39.5 %)
- PI-RADS 5 67 (20.0 %) 19 (22.1 %)
No. csPCa/patient

—1 lesion 77 21

— 2 lesions 33 8

— 3 lesions 3 3

csPCa location

— Peripheral zone 102 34

— Transition zone 42 12

— Multi zone 8 0

ISUP Grade

—no PCa 148 (44.2 %) 36 (41.9 %)
— Gleason 3+3 74 (22.1 %) 18 (20.9 %)
—ISUP 2 63 (18.8 %) 22 (25.6 %)
-ISUP 3 21 (6.3 %) 3 (3.5%)
—ISUP 4 12 (3.6 %) 2(2.3%)
-ISUP 5 17 (5.1 %) 5 (5.8 %)
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Table A.2: Demographic and clinical characteristics of the in-house cohort #2. The cohort is
used for our study Kovacs et al. (2023a) and values have been already partially published.

Characteristic Training set (80 %) Test set (20 %)
No. exams (774) 619 155

— without csPCa 394 (63.7 %) 99 (63.9 %)
— with csPCa 225 (36.3 %) 56 (36.1 %)
Median age (years) 64 65

Mean PSA (ng/mL) 8.67 9.90
Exams w/o0 MRI-detected lesion 13 (2.1 %) 7 (4.5 %)
MRI-detected index lesions

- PI-RADS 2 64 (10.3 %) 16 (10.3 %)
- PI-RADS 3 163 (26.3 %) 43 (27.8 %)
- PI-RADS 4 265 (42.8 %) 48 (31.0 %)
- PI-RADS 5 114 (18.4 %) 41 (26.5 %)
No. csPCa/patient

— 1 lesion 143 40

— 2 lesions 65 12

— 3 lesions 16 4

— 4 lesions 1 0

csPCa location

— Transition zone 80 18

— Peripheral zone 234 56

— Multi zone 11 2

ISUP Grade

—no PCa 265 (42.8 %) 66 (42.6 %)
— Gleason 3+3 129 (20.8 %) 33 (21.3 %)
—ISUP 2 130 (21.0 %) 31 (20.0 %)
—ISUP 3 38 (6.1 %) 9 (3.5%)
-ISUP 4 26 (4.2 %) 5 (5.8 %)
-1SUP 5 31 (5.0 %) 11 (7.1 %)




A.2 MRI Protocol

Table A.3: Detailed sequence parameters for biparametric MRI of the in-house cohort
#2 utilized for training of the deep learning system. Ranges represent the 5th and 95th

percentile.
Scanner type Siemens Prisma Siemens Biograph mMR Siemens Aera
Field strength 3T
Acquisition plane transversal transversal transversal
Sequence name T2w DWI T2w DWI T2w DWI
b-values - 0-1500, - 0-1500 - 0-1500
2000
TE (ms) 145 48 143-146 80-86 123 68
TR (ms) 8080- 3300- 8000- 7640- 5610- 5300
9690 4300 9524 9650 6120
In-plane
resolution (mm) 0.3 2 0.3 2.2-3 0.6 2.6
Slice
thicknes (mm) 3.0 3.0 3.3 3.0 3.5 3.0
FoV x (mm) 200 208 167-199 204-210 220-229 290
FoV y (mm) 200 280 199 280-300 220-229 290
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Appendix B

Dokumentation zur Verwendung
KI-basierter elektronischer Hilfsmittel

Alle wissenschaftlichen Ideen, Konzepte, Interpretationen und Schlussfolgerungen wur-
den unabhingig und ohne Einfluss Kl-basierter Hilfsmittel entwickelt. Alle Methoden
und Ergebnisse basieren auf der unabhédngigen Arbeit des Autors unter Verwendung
konventioneller wissenschaftlicher Methoden. Das Kl-basierte Hilfsmittel wurde auss-
chlielich zur sprachlichen Uberarbeitung durch Verbesserung der Grammatik von bereits
selbst verfasstem Text verwendet.

B.1 Ziele der Verwendung Kl-basierter Hilfsmittel

¢ Grammatische Empfehlungen selbst verfassten Textes

e Grammatische Priifung eigener Ubersetzung der englischen Zusammenfassung auf
Deutsch

B.2 Verwendungsweise der KI-basierten Hilfsmittel

Der Arbeitsablauf bestand aus folgenden Schritten:

1. Manuelles Einfiigen ausschliefdlich selbst verfasster Absitze in das KI Modell mit
der Bitte um grammatikalische Vorschliage

2. Kritische Uberpriifung der KI-Vorschldge durch den Autor

3. Umsetzung geeigneter Vorschldge, ohne wissenschaftlichen Inhalt oder Aussage zu
verdndern. Kein Textabschnitt wurde direkt oder vollstindig von einer KI iibernom-
men.

B.3 Ubersicht der KI-Verwendung nach Kapiteln

KI-basierte Hilfsmittel wurden in folgenden Teilen der Dissertation eingesetzt:
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e Kapitel 1-5: ChatGPT von OpenAl wurde verwendet, um grammatikalische
Empfehlungen zu geben. Diese wurden kritisch gepriift und gegebenenfalls
umgesetzt, wobei der wissenschaftliche Inhalt immer erhalten blieb und keine
KI-generierten Informationen {ibernommen wurden.

* Kapitel 6: Die deutsche Ubersetzung der englischen Zusammenfassung wurde
durch ChatGPT von OpenAl grammatikalisch gepriift.
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Angabe zu verwendeten Kl-basierter
Elektronischer Hilfsmittel
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3. Nennung der Kapitel und Abschnitte der vorliegenden Arbeit, in denen die KI-
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Aushindigung der Promotionsurkunde, dass der Kandidat/die Kandidatin bei einer
Promotionsleistung getduscht hat, so konnen einzelne oder alle Promotionsleistungen fiir
ungiiltig erklart werden. In schweren Fillen kann die Zulassung zum Promotionsver-
fahren zuriickgenommen werden.”

Und § 16 Abs. 2 der Promotionsordnung , Dr. sc. hum.”: , Ergibt sich vor Aushandi-
gung der Promotionsurkunde, dass der Doktorand / Doktorandin bei einer Promotion-
sleistung getduscht hat, so kann der Promotionsausschuss diese Promotionsleistung oder
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