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Abstract
For the selection of optimal patient treatment, survival prediction methods that estimate the
expected time to an event of interest can be utilized. Among other applications, it can be used
to estimate the influence of covariates on individual survival to develop clinical decision support
systems in the context of prostate cancer diagnosis and treatment. Prostate Cancer is among
the most common cancers in men with the fifth-highest number of deaths. It is usually slowly
growing and often remains undetected at early stages unless screening is performed. Suspicious
screening results can lead to diagnostic procedures where a biopsy is taken. The current gold
standard in risk assessment for biopsies is done by pathologists that evaluate histopathological
images in terms of cancer severity using Gleason grading. Other factors like the blood level of
the Prostate-Specific Antigen or the patient’s age are also known to be informative regarding
patient survival. These factors can be used in survival prediction models to estimate the patient’s
survival and decide on initial treatment plans. Commonly, low-risk patients are treated with
active surveillance that avoids or delays invasive treatment while individuals with a higher risk are
treated with more invasive procedures like radical prostatectomy. Adding additional parameters
for those patients like the positive resection margin, seminal invasion or others can increase
predictive accuracy that can be used for follow-up care of the individual.

In this thesis, alternatives to classical survival estimation using approaches like the Cox Pro-
portional Hazards model are developed and investigated for multiple settings. Specifically,
modern methods that use deep learning techniques are analyzed and compared to the classical
approaches resulting in the development of a standalone survival prediction network called
Discrete Calibrated Survival. This deep learning-based approach enhances the performance
regarding relapse prediction by introducing two novel ideas, namely variable temporal output
node spacing and an extended loss term that optimizes the use of censored patient data, mak-
ing the model suitable for datasets with high censoring rates as for example often found in
datasets involving prostate cancer. The developed model is further investigated on a high quality
dataset of prostate cancer patients that underwent radical prostatectomy. The developed approach
can further stratify the patients into risk groups that separate well in terms of patient relapse risk.

Moreover, one of the known most informative factors for prostate cancer relapse, namely the
Gleason grading itself, is further investigated. Since it is known that this grading is highly
subjective and suffers from high inter-observer variability, recent work led to the realization of
artificial intelligence-based automatic grading systems. However, most of these systems focus
on emulation of Gleason grading and thus are impacted by the underlying human judgement.
This work takes a different approach and instead utilizes the objective survival information for
the training process to create a more unbiased risk assessment that does not rely on human
annotations. Since it is also known that these models perform poorly on external data, creating a
risk estimation that translates beyond images that are included in the training setup is explicitly
included in the development process by integrating a total of eleven datasets that either show
tissue microarrays or biopsy images. Six of those datasets are used for training and show large
variations in the sample acquisition protocol and thus vary in slide thickness, staining protocol
or scanner vendor allowing in-depth evaluation and optimization of model robustness to data
variation that lead to a risk prediction model called Prostate Cancer Aggressiveness Index. This
work shows that the optimization of model robustness has a positive influence overall performance
and extends to biopsy images. To find the relevant parts that show cancerous regions of biopsy
images, another deep learning-based algorithm called Cancer Indicator is developed. It is shown
that the overall pipeline is able to outperform annotations made by human experts for previously
unseen datasets. The developed concepts for survival prediction and automated risk assessment
can be adapted beyond digital histopathology and prostate cancer applications.
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1 Introduction

1.1 Motivation
Prostate cancer (PCa) is the second most common cancer in men with the fifth-highest number
of deaths and an increasing incidence in older age groups and a higher prevalence in developing
countries [194]. While Europe registered 470,000 new cases in 2020 [68], Germany recorded
almost 66,000 cases with a median age at diagnosis of 71. The survival rate is comparatively
high, with a five- and ten-year relative survival rate of 91 % and 89 % respectively in 2020. Age
is one of the most important risk factors for PCa. While a 35-year-old man has only a 0.5 %
chance to develop PCa in the next ten years, this number increases to 7 % for a 75 year-old
man [198]. Most types of PCa are slowly growing. Around 50% of men aged 50 and over 80% of
men aged 75 show signs of PCa, but most of those cases remain undiscovered. For less than 20%
of patients diagnosed with PCa, it is the primary cause of death [208].

Several therapies including radical prostatectomy (RP), radiation therapy (RT), hormone therapy
(HT), active surveillance (AS) and others [22,82] are considered for an individual patient. For
individual treatment decision, not only the cancer needs to be evaluated, but other factors such as
complications and the general health of the patient play an important role in the decision-making
process.

When physicians prescribe treatments or medications to an individual patient, they must consider
a wide variety of data, including, for example, the patient’s clinical history, age, or blood type.
Due to the increasing amount of data available to the physician, it becomes complex to find the
best treatment option for an individual patient. A clinical decision support system (CDSS) that
uses machine learning-based algorithms has the potential to guide the physician in finding the
best decision for an individual patient. It is able to model disease trajectories, reduce variability,
and increase the accuracy of treatment and outcome predictions over those of clinicians [188].

Today, most medical centers use classical statistical models, such as nomograms, that help with
an individual patient’s therapy decision. A nomogram provides a scalar risk score representing
the likelihood of certain disease-specific events such as, for instance, progression-free survival for
a defined time period or the probability of a PCa positive biopsy. As the amount of digital data
collected in electronic health records (EHR) increases, statistical analysis for individual patient
treatments becomes increasingly feasible. However, a current bottleneck that limits the usability
of EHRs for (semi-)automated analysis is the lack of data standardization and data sparsity
among patients. For efficient analysis by artificial intelligence (AI) methods, it is necessary to
build a patient data representation from largely unstandardized formats, considering the large
input dimensionality and sparseness of the data. AI models can help to come up with a proper
data representation, predicting survival rates as well as giving treatment recommendations based
on large amounts of patient data.

Since 20 % to 40 % of patients suffer from cancer relapse after RP [55], a proper adjuvant treatment
is of great value for an individual patient. Even though nomograms [125,220] are an established
way to get an estimate of a patient’s relapse probability, they lack the necessary flexibility for
incorporating complex information that is present in an EHR. Modern deep learning approaches
allow the leveraging of optimal features that are not needed to be selected or crafted manually
as well as allowing not only linear, but also confounding influence with other features. With
deep learning (DL), this high dimensional data can be transformed and used for personalized
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risk prediction that can be the basis of decision-making.

Further, PCa biopsies can be extracted after suspicious screening results and used for further
diagnosis and treatment recommendations. The gold standard for risk stratification in biopsies is
Gleason grading [89] that evaluates the morphology of hematoxylin and eosin (H&E) stained
prostate tissue. This process suffers high inter- and intra- observer variability among (expert)
pathologists [145]. Computational pathology aims to improve the diagnostic accuracy and reduce
this variability for optimal patient care [57]. Automatic grading approaches [36,170,222] show
how this process is applicable for DL-based approaches. Going beyond the human defined Gleason
grade (GG) may allow for additional accuracy in personalized patient care.

The interpretability of underlying DL models is of paramount importance for an actual application
in a real world scenario. One or more visualizations of the patient’s survival prediction and its
most important factors will be developed for assisting physicians and patients in the shared
decision-making process. The same holds for image interpretation and automatic guidance to
abnormalities in the biopsy images of PCa patients that are the basis for GG.

Even though automated algorithms have gained popularity in recent years, it is often the case that
those findings hold for specific clinics or centers, but lack robustness and generalizability when
applied to out-of-training data [30]. This holds true for EHR approaches as well as automatic
image-based predictions. To create a model that might be used outside the current clinical
settings for a specific center, different documentation standards, data formats and protocols need
to be accounted for leading to a more robust model. This extends to patient related images that
might differ from center to center even though the same biological component is analyzed. For
image-based algorithms that try to predict cancer severity, most approaches only emulate the
highly variable human grading itself. This leads to the problem that even the best possible model
can only achieve human performance. To prevent this problem and surpass human inaccuracies,
this work focuses on objective endpoints like the patient’s relapse instead.

DL models for survival prediction proved feasible [3] with advantages to classical approaches as
they can handle different censoring rates, and do not overfit as easily as other machine learning
(ML) approaches. Furthermore, the possibility of DL models to utilize multiple data modalities
for example by combining tabular patient information with diagnostic images has additional
appeal. No further preprocessing by human grading or feature engineering is required to use for
example diagnostic images as additional inputs for risk prediction networks that can then be
trained end-to-end without human intervention.

This work

This thesis focuses on PCa patients and how to apply recent results in AI and DL for CDSS.
When PCa develops, early detection is possible with a blood test on prostate-specific antigen
(PSA) [15]. With regular screenings, a rise in PSA levels can be detected early-on, providing
the possibility for an early treatment of PCa patients. Additionally, digital rectal exams (DRE)
are a diagnostic tool used in regular PCa screenings. Suspicious PSA or DRE diagnostics are
validated by needle biopsy to ascertain the presence and severity of a possible disease, decide
on a treatment and estimate the recurrence free survival time after initial treatment [214].
Nonetheless, regular PSA screenings are a controversial topic since they increase the number
of diagnosed indolent cancers. These kinds of cancer are slow-growing and do not need to
be treated. Nonetheless, the diagnosis leads to a significant amount of stress to affected pa-
tients. Studies have shown that regular PSA-screenings do not necessarily lead to a decrease
in mortality and may instead expose the patient to additional risks introduced by unnecessary
biopsies such as incontinence [6]. The accurate identification of aggressive vs. indolent cancers
is an active area of research. Various treatments for aggressive PCa are available. The most
common active therapy is RP where the whole prostate is removed via surgery. Widespread

2



1.1 Motivation

use of minimal invasive robotic assisted RP as well as novel surgical techniques together with
advanced pre- and perioperative risk assessment contribute to further popularization of surgical
therapy approaches [167, 187]. Notably, around 30 % of patients develop relapse symptoms of
cancer after the prostate was completely removed that usually requires additional treatment [55].
Also, side effects such as incontinence or erectile dysfunction can be observed in the procedure [69].

The first part of the thesis concentrates on analyzing risk estimations for PCa patients throughout
the patient lifecycle using tabular data. After developing a DL-based survival prediction model,
called Discrete Calibrated Survival (DCS), that is based on tabular EHR data in a more general
context, the model is applied to PCa patients that received RP at the Martiniklinik to estimate
their PCa relapse probability. For this purpose, a unique, large and high quality PCa EHR
dataset is needed. Since the Martiniklinik provides such unique access to many high quality EHRs
of PCa patients, this data is the basis of this work and rigorously used for model development and
testing. This first part of the thesis analyzes the usage of such DL-based models in the context of
PCa diagnosis and cancer relapse prediction. It aims to provide smart support for PCa therapy
and survival prediction based on tabular patient parameters as well as images to determine cancer
aggressiveness. EHRs of PCa patients will be analyzed with DL methods to enable patient-specific
predictions. These EHRs cover the patient’s status at the time of surgery, meaning no longitudinal
EHRs (or dynamic information) is considered. The developed system should be able to aid the
clinician in PCa decision-making with better performance than currently used statistical models
of low complexity with rigid assumptions. Nonetheless, the recommended decisions should pro-
vide means of explanation in order to give a comprehensible result for the clinician and the patient.

The second part of this thesis deals with the most important factor in PCa relapse risk strat-
ification that is based on Gleason grading [145, 207]. As previously mentioned, the grading
process suffers high inter- and intra- observer variability among (expert) pathologists [145].
Additionally, this process may take high manual effort since often large images of biopsies need
to be analyzed in great detail. This motivates the automation of a grading system that estimates
cancer severity only based on these biopsy images. For this purpose, the department of Pathology
of the University Medical Center Hamburg-Eppendorf (UKE) provides a large amount of PCa
related tissue samples that were used to assess cancer severity. The dataset contains metadata
from 17,700 individual patients with 69,251 tissue microarray (TMA) images which are small
individual spots of the tissue that was selected after RP for further (mostly research related)
analysis. The second part of this thesis now wants to train a DL-based model from those rather
small TMA spots and assess them on PCa biopsies. The provided dataset with human annotated
samples is analyzed in detail and compared to a DL based alternative that is presented in this
thesis as the Prostate Cancer Aggressiveness Index (PCAI). If the learned morphologies of the
TMAs translate to external datasets as well as whole slide images (WSIs) that contain whole
biopsies, the system may have a clinical application since it then can circumvent the problems of
manual Gleason grading.
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1.2 Research Questions
This section summarizes the investigated questions that this work tries to answer. The overall
question can be summarized to "How can DL models be utilized for risk assessment in the lifecycle
of PCa patients?". While RQ1 - RQ3 focus on EHR-based relapse prediction, RQ4 - RQ7 go into
information that can be drawn from histopathological images of potentially cancerous prostate
tissue without further patient information. The research questions that are analyzed in this work
are:

RQ1: How can DL models be utilized in survival prediction to generate better
performance in terms of discrimination and calibration compared to classical ap-
proaches?
In contrast to classical survival prediction algorithms, DL approaches allow for highly individual-
ized survival predictions that can result in higher discriminative power. These individualized
survival estimations often coincide with a loss in model calibration [91,96] since good calibration
can be achieved with a population-based Kaplan-Meier estimation which provides a general
survival estimation for a whole population. Is it possible to retain highly calibrated survival
predictions as provided by classical models and combine this with better discrimination?

RQ2: Can these DL-based survival prediction models provide additional insights
and a better understanding of feature importance?
In classical survival analysis like the Cox Proportional Hazards (CoxPH) model, the impact of
covariates for a prediction can be broken down to a scalar factor derived from the hazard ratio.
Since the influence of all covariates is linear and constant over time, it is easily interpretable.
When building DL-based approaches, this easy to interpret feature importance is not applicable.
Can other methods be found to quantify or visualize the impact of independent covariates or the
now allowed combinations of those?

RQ3: What patient features and corresponding representations are most relevant in
PCa relapse prediction after RP in the given tabular data?
Further, after conceptual research questions are analyzed, application specific problems in
the domain of PCa relapse prediction arise. What tabular features of the patients is the most
important factor in terms of relapse prediction in the provided PCa dataset from the Martiniklinik?
How can those factors be visualized and interpreted even though non-linear dependencies exist?
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Beyond survival prediction based on tabular EHR data, the following questions deal with au-
tomatic Gleason grading based on TMA spots and the extension to biopsy images of PCa patients.

RQ4: How does the knowledge derived from morphological properties of RP TMA
spot images from the UKE translate to other external centers? What adaptations
can be applied to improve model generalizability?
Image-based DL models often only work well within the training domain. This thesis will analyze
how a model that is trained only on TMA spot images performs on other data sources, namely
external TMA spots and biopsy images. Since performance is expected to drop for those datasets,
additional strategies are analyzed that aim at performance improvements for those datasets.

RQ5: Do those findings of a digital risk biomarker for TMAs translate to biopsy
images?
Since this work has access to a unique high-quality dataset of TMAs with rich follow-up in-
formation, training a direct prediction of TMAs to relapse risk is possible. However, clinical
applicability would rather utilize such a biomarker at an earlier stage in the PCa patient lifecycle,
that is, at the point of biopsy. Can the morphological properties learned on TMAs be translated
to biopsies and still provide a meaningful risk prediction?

RQ6: How can the complex findings regarding tabular and image-based risk esti-
mations be presented in an interpretable way as an additional step towards clinical
applicability?
Since the developed DL-based approaches allow high interactions between covariates or predict
relapse risk from images, they are often hard to interpret. Additional methods regarding model
explanation should be provided to improve trustworthiness and reliability in the predictions
that are provided to the physicians. How can a physician use the results to generate additional
insights for individual patients that is the basis of a clinical decision support system?

RQ7: How can model uncertainty be quantified and used to boost the model’s
trustworthiness in a clinical setting?
For clinical application, it is crucial that some sort of confidence is provided along with the
predictions of the model. If such a measure is provided, it can also increase the trustworthiness
of the physician in a CDSS.

1.3 Thesis Outline
Before the thesis introduces and analyzes the aforementioned topics, a chapter-wise thesis outline
is presented in the following.

Chapter 2: Background builds upon the aforementioned motivation of this thesis and provides
the necessary medical foundations of PCa for this work. Afterwards, EHRs are introduced
along with existing clinical approaches in the context of oncology. Further, the most important
metrics for evaluation in this thesis are described to provide a basis of comparison for the
state-of-the-art section, also highlighting the importance of discriminative and calibrated survival
models. Here, recent developments in survival analysis are presented along with the ideas that
are used to develop this work’s survival prediction model DCS. Further, DL models that focus
on histopathology mainly regarding PCa are discussed. Next to model performance approaches,
robustness and explainability of DL models are presented before the section is concluded by a
section about several related data sources that are not further discussed.
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Chapter 3: Data introduces the datasets that are analyzed in this work. The main datasets are
the tabular PCa EHRs from the Martiniklinik, called MK (sec. 3.1.4), and the TMA spot dataset
provided by the department of Pathology of the UKE. Additional EHR datasets (SUPPORT,
METABRIC and FLCHAIN) were included for larger variety in feature quality and censoring
rates. Further, to evaluate generalizability and robustness to the image-based models of this
work, additional internal and external sources for PCa TMA spots (UKE.sealed, NYU, JHU)
and biopsies (MMX, UPP) are also discussed.

Chapter 4: Discrete Calibrated Survival Prediction describes the development of the dis-
crete calibrated survival predictor model for EHRs called DCS. It builds upon the mathematical
foundations for continuous and discrete survival prediction presented in the state-of-the-art sec-
tion before diving into the model’s NN architecture and the objective function parts. Afterwards,
qualitative and quantitative evaluation results are presented.

Chapter 5: Postoperative Relapse Prediction on Electronic Health Records applies
the aforementioned algorithm in rigorous detail to EHR data for RP treated PCa patients
provided by the Martiniklinik of the MK dataset. The importance of different features within
the EHRs are analyzed as well as different data representations. Further, cancer relapse-based
risk stratification for the RP patients is performed and further analyzed.

Chapter 6: Patch-based Cancer Classification on Whole Slide Images shifts the focus
away from EHR data to PCa WSI biopsies. Using the PANDA dataset, a patch-based cancer
indicator model is used to provide an AI-guided patch importance algorithm. It is trained to
determine if a selected patch contains healthy or cancerous tissue. This model can then be used
as a tool to highlight the most important areas of WSIs either for humans or as a preselector of
the most important region of a biopsy that is used in the next chapter.
Chapter 7: Cancer Risk Estimation from TMA Spots and Biopsies develops a risk
prediction based on morphological features from histopathological H&E stained TMA spots that
translates well to biopsy WSIs. Additionally, this chapter deals with model generalizability for
the model that is exclusively developed on data from the UKE, but evaluated on multiple centers
in the USA and Sweden.

Chapter 8: Overall Summary and Conclusion summarizes the results and findings of this
thesis focusing on the advancements that lead to the three developed AI models called Discrete
Calibrated Survival (DCS), Cancer Indicator (CI) and Prostate Cancer Aggressiveness Index
(PCAI). Lastly, this thesis in concluded in terms of the research questions that were raised in
this chapter. Additionally, remaining challenges or shortcomings are discussed along with future
research ideas.

1.4 Main Contributions
This section provides an overview of the most important contributions of this thesis that analyzes
how DL-based survival and risk prediction models can be used in the patient lifecycle of PCa.

Development of a DL-based survival model called DCS
This thesis explains the development of a DL-based survival prediction model called DCS that
uses tabular data to predict discrete survival probabilities in time leading to a discrete survival
curve. The architecture of DCS consists of a time invariant multilayer perceptron (MLP) based
encoder structure, an LSTM-based recurrent module for the predicted time points, and an MLP-
based aggregation part that provides the final scalar prediction at a certain point in time. To
ensure model generalizability and reproducibility, three open source datasets, namely SUPPORT,
METABRIC and FLCHAIN were used in the process of model development.
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Analysis of the EHR-based PCa dataset
The large and unique dataset that was provided by the Martiniklinik called MK is analyzed in great
detail to generate additional insights for this cohort in terms of PCa relapse prediction. Therefore,
the newly developed DCS model is used alongside the classical CoxPH model that is often
used in clinical practice. Firstly, the univariate influence of the most common factors regarding
PCa relapse prediction are analyzed in terms of feature encoding meaning how should this data
be presented to a NN as well as the CoxPH approach. Afterwards, the best representations
are combined into a multivariate feature set. This set is further analyzed in terms of feature
importance not on an individual, but on a block-wise level. This means that features that
are usually obtained together (i.e. GG3-5) are grouped together into one block before the
analysis. It is shown that the resulting feature set leads to a higher performance in terms of
discrimination and calibration when the DCS model is used over the CoxPH model. Lastly,
the patients are stratified into 7 risk groups based on the model’s predictions that extends the
model’s interpretability. The groups are analyzed in terms of the patient features and could be
used as an additional factor for further treatment decision.

Cancer localization on biopsy images
As a means for cancer localization on WSIs from PCa biopsies, the CI network was developed. It
is a DL-based patch-wise cancer predictor that automatically finds the most cancerous patches
of a prostate biopsy.

Image-based cancer aggressiveness estimation
To predict the actual risk of a patient’s cancer, the DL network PCAI provides a risk prediction
based exclusively on a histopathological input image of prostate tissue. It is shown that even
though the model is trained only on UKE data of TMAs, the learned morphological features can
be utilized on external TMA datasets as well as much larger biopsy images.

Data collection and integration
For this work, several tabular and image-based datasets, mostly PCa related, were integrated
into a database that can be utilized for further research. This database contains tabular- and
image-based datasets with a varying level of depth and quality. Most of the data sources remain
inaccessible for the public due to patient data privacy.

Public repositories
The DL models developed in this work, namely the survival prediction model DCS1, the patch-
wise cancer prediction model CI and image-based cancer risk prediction PCAI are provided
publicly2 with the intention for further development and usage.

1https://github.com/imsb-uke/dcsurv
2https://github.com/imsb-uke/pcai
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2 Background
This chapter deals with the medical and technical prerequisites of this work. Firstly the medical
foundations of PCa with the most common treatment options are described. It follows an
introduction of EHRs before survival analysis is introduced. Afterwards, the metrics that
were evaluated for the approaches of this thesis are presented. Finally, the state-of-the-art
section describes modern approaches for survival analysis, the processing of EHRs, and DL in
histopathology in additional detail.

2.1 Medical Background
This section introduces the medical background of the prostate. PCa with initial diagnosis,
staging, and analysis of cancer severity, including histopathology, is described before treatment
options and patient relapse after initial treatment is discussed.

2.1.1 Prostate Cancer
In the following, the medical details of PCa are introduced. First, the basic anatomy of the
prostate is presented before diagnostics staging is further explained. In addition, histopathology
imaging for PCa is presented in additional detail along with GG to provide a meaningful measure
of cancer aggressiveness based on histopathology images. Lastly, the resulting treatment options
are presented.

Anatomy

Fig. 2.1: Basic anatomy of the prostate including PCa. Adapted from "Prostate
Cancer Risk Assessment", by BioRender.com (2024). Retrieved from
https://app.biorender.com/biorender-templates.

The basic anatomy of the walnut-sized prostate gland is shown in fig. 2.1. It is located distal of
the bladder and surrounds the proximal part of the urethra. The main purpose of the prostate is
the production of prostatic fluid, which is a component of semen. It consists mainly of glandular,
connective, and muscle tissue [158].
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2 Background

Diagnosis

Most PCa cases are slow growing and asymptomatic in the early stages [77]. This is why
the diagnosis of such a tumor usually comes from a screening process. As an example, the
German health care system covers this screening for all men starting at the age of 45 on a
yearly basis. A PCa screening process involves a DRE where the prostate and surrounding
tissue are evaluated by the palpation of a physician. In addition, the Prostate Specific Anti-
gen (PSA) level is a protein produced by the prostate [101]. It enters primarily semen, but
a small amount also goes into the bloodstream, where it can be measured by a blood test
where elevated levels of PSA can indicate early forms of PCa. However, suspicious results
might have other causes than PCa, including benign hyperplasia, inflammation, or prostatic
manipulation. Studies show on the one hand the benefit of PSA-based screening, and on the
other that they lead to unnecessary biopsies that should be avoided for healthy patients [215,264].
For diagnosis, there are still different guidelines [209] to determine the exact increase in the
PSA level that is considered conclusive. However, a value of 2 ng/mL to 4 ng/mL of PSA in the
blood is a typical threshold where values above the threshold are considered suspicious [23,37,168].

Tab. 2.1: Definitions of the T-stage categories following guidelines by the American Joint
Committee on Cancer (AJCC) [172].

T-stage Definition
TX Tumor not assessed
T0 No tumor evident

Inapparent tumor
T1 a ≤ 5% tumor in resected tissue

b > 5% tumor in resected tissue
c Tumor identified in needle biopsy
Tumor evident inside the prostate

T2 a Tumor in one half of one lobe or less
b Tumor in more than one half of one lobe, but not both lobes
c Tumor present in both lobes
Tumor extends prostate capsule

T3 a No other external structures involved
b seminal vesicles are involved

T4 Tumor invades more adjacent structures than seminal vesicles

Staging

To discriminate the severity of cancer spread for an individual patient, a TNM staging is used.
This staging process consists of three categorizations, namely T-stage (tumor extension), N-stage
(lymph node spread) and M-stage (metastatic spread) that are combined to stratify the aggres-
siveness and the risk for an individual patient. The guidelines for the staging process [37,172]
are depicted in tab. 2.1 and described in the following:

The tumor extension is evaluated on a scale from T0 (non-evident tumor) to T4 (tumor invades
not only seminal vesicles, but also adjacent structures). It is distinguished between clinical and
pathological T-staging that is usually prefixed with c for clinical and p for pathological. While
clinical staging is based on physical examination, imaging or biopsies of the suspicious area,
pathological staging additionally includes examination of surgical results. An overview of the
different classification levels for clinical and pathological T-staging can be found in tab. 2.1.
Note that pathological staging uses the same type of definitions but provides a more certain
classification since it is not only based on a biopsy, but the whole removed prostate. As a
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consequence, T1 does not exist for the pathological T-stage.

The N-stage distinguishes N0 that reflects no lymph node involvement from N1 where metastases
are found in the regional lymph node(s). Lastly, the M-stage classifies the presence of more
distant metastasis of the cancer. While M0 indicates no presence, M1 describes involvement of
distant, non-regional lymph nodes (M1a), bones (M1b) or other regions (M1c). Both previously
mentioned stagings include the two additional categories of non-evaluation (NX and MX).

2.1.2 Histopathology
The risk assessment of the patient’s cancer needs to be addressed for proper patient treatment.
The gold standard is to examine the patient’s biopsy and evaluate the cellular structure of the
prostate tissue. It is the most important factor regarding treatment planning [241]. The process
allows for the classification of the raw tissue in terms of the severity of the cancer by a pathologist
and is explained in detail below.

Tissue Acquisition and Preparation

Biopsy samples are taken from patients where suspicions towards PCa are raised, e.g. through a
suspicious DRE or a high PSA blood level. Moreover, this work analyzes TMAs that, in contrast
to biopsy samples, only show small tissue spots that were sampled from resected prostates
after RP. They are usually used in research environments. An advantage of TMAs lies in the
homogeneous appearance since multiple spots are first collected into a large block and then
processed altogether. This way, the variances between the spots are minimized compared to
individual processing [59,117].

Before the tissue is graded by a pathologist, a workflow is followed to ensure homogeneous
analysis of tissue samples. Firstly, the tissue, that either originates from a biopsy or a resected
prostate, is formalin-fixed and paraffin-embedded. This way the tissue is prepared for the next
step of cutting individual spots from the tissue block. The thickness of those slices varies, but is
in the order of 1 µm to 10 µm for the datasets of this work. As an intermediate step for TMAs,
individual slices are cut into round spots and then arranged into larger blocks that can contain
several hundred TMAs from multiple patients as visualized in fig. 2.2 [131]. An exemplary TMA
block used in this work can be found in the data section at sec. 3.2.1, fig. 3.6. The biopsy datasets
of this work skip this preprocessing step and are sliced individually.

After slicing, each sample is stained with H&E. While hematoxylin stains cell nuclei in a blue
or purple shade, eosin stains the extracellular matrix and cytoplasm in a pink color. This way,
the morphologies of the possibly cancerous cells can be analyzed in greater detail. Notably,
the slicing and staining process can lead to variances of color, brightness and saturation of the
resulting images depending, for example, on the slice thickness and staining time as discussed and
analyzed in more detail for the sec. 3.2.1 dataset that varies these attributes in chapter 7 [45].

Scanning After preparing the tissue as presented, the cellular structure can be analyzed by a
pathologist either through a microscope or by digitizing the sample. If the sample is digitized, a
slide scanner is used that creates a digital copy of the individual sample. This digital whole slide
image (WSI) might then contain up to billions of pixels (see, e.g., figs. 3.12 and 3.13). Due to
the large image size, it may be advantageous to also store lower-resolution copies of the same
image, which allows the analysis of WSIs on a coarser level. This is why a pyramidal file format
is a common choice for this kind of data as depicted in fig. 2.2. The scanned slide is saved at
different magnification levels that can be accessed dynamically. The lower resolution images
are created by downsampling the original image. The specific data format and file extension
typically differs by scanner vendor. For example, this thesis deals with WSIs that were scanned
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Fig. 2.2: Visualization of a TMA block that was digitized in a pyramidal image format. The
digitized image contains three layers with three magnification levels of 40x, 20x RP and
10x with a resolution of approximately 0.25, 0.5 and 1 µm/pixel respectively. Created
with BioRender.com

using scanners from Leica Aperio3, Hamamatsu4, Ventana5 and 3DHistech6. This work uses the
Openslide 7 library to load WSIs at different magnification levels.

Gleason Grading

If a practitioner decides to take a biopsy of the prostate, a sample can be analyzed by a pathologist
using the Gleason grading system [89,161] to determine the cancer severity based on the glandular
structure of the prostate tissue. The same patterns are also analyzed after RP. To distinguish
the two processes, the former is usually called a clinical- the latter a pathological GG. It should
be expected that the clinical grading is more inaccurate compared to the pathological grade since
only a biopsy sample of the whole prostate is present for evaluation. As shown in fig. 2.3, the
GG ranges from a score of 1 to 5 where a higher grade represents rarer glandular structures with
poor differentiation. Current consensus classifies the lower GGs 1 and 2 as benign while GGs 3-5
are considered malignant [42].

Observer Variability Even though Gleason grading has proven itself as a reliable source for
risk stratification and is considered the most important factor regarding treatment planning [241],

3https://www.leicabiosystems.com/de/digitalpathologie/scannen/
4https://nanozoomer.hamamatsu.com/
5https://diagnostics.roche.com/global/en/article-listing/digital-pathology-slide-scanners.html
6https://www.3dhistech.com/research/pannoramic-digital-slide-scanners/pannoramic-1000/
7https://openslide.org/
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2.1 Medical Background

Fig. 2.3: Schematic visualization of Gleason grading based on the glandular cell structure (pink)
from GG1 (well differentiated, close structures) with little stroma (white) in between to
GG5 (rare regular glandular structure, more spacing, abnormal cells). Created with
BioRender.com

a major drawback of the system is the high inter- and intra- observer variability [80]. Typical
agreement rates for primary and secondary GG range from 36 % to 81 % between graders or 69 %
to 86 % agreement plus or minus one group [70]. Another study shows a concordance rate of
58 % to 64 % [177]. This discrepancy in agreement may lead to a lack of reproducibility of GGs
followed by imperfect treatment decisions for the individual patient.

Gleason Score Since a typical tissue sample does not only show a single variant of previously
mentioned extends of cancer, the Gleason score is used to classify the tissue in more detail. For
biopsies, the most and worst type of GG is used to represent the Gleason score consisting of
a primary and secondary grade. If for example, a biopsy contained mainly GG3 and showed
some regions of GG4, the primary and secondary Gleason grade of this sample would result in a
Gleason score of 3+4. If only a single pattern is found, the Gleason grade is repeated e.g. as
Gleason 5+5 [70,73]. For pathological grading based on the whole prostate specimen (usually
from a RP), the most and second most GG is assigned instead of the most and worst. The
agreement between clinical and pathological GG remains challenging where the more common
case is an undergrading of the biopsy specimen compared to the pathological grading [192,232].
Moreover, one way to combine the primary and secondary GG is to take the sum of the two
grades [49,220].

ISUP Grading As a successor of the Gleason scoring system, the International Society of
Urological Pathology (ISUP) introduced the ISUP grading in 2014 [74]. It translates the primary
and secondary GG to the ISUP grade ranging from 1 to 5 for cancerous tissue. The translation
between the different aggregation methods is depicted in tab. 2.2. ISUP only considers GGs 3-5.
While all Gleason scores up to 3+3 are considered the lowest severity, 3+4 and 4+3 result in the
medium ISUP groups 2 and 3. For ISUP4, the Gleason scores 3+5, 4+4 and 5+3 are combined.
The same is done for the highest risk group ISUP5 where 4+5, 5+4 and 5+5 are aggregated.

Quantitative Gleason Grading Additional extensions to the grading system exist where a
tertiary GG is reported along the first two for higher granularity. One approach is the integrative
quantitative Gleason (GIQ) [206,207] that aggregates the percentages of cancer directly with the
formula

GIQ = GG4% + GG5% + 0.1 · 1GG5%>0% + 0.075 · 1GG5%>20% (2.1)

where GGi% stands for the ratio of the i-th GG to the total cancerous tissue of a sample and
1(cond) is the indicator function that resolves to 1 if (cond) is true. This way a continuous score
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Tab. 2.2: Relation between Gleason score, sum and ISUP groups derived from primary and
secondary GG.

Primary GG Secondary GG Gleason Score Gleason Sum ISUP
3 3 3+3 6 1
3 4 3+4 2
4 3 4+3

7
3

3 5 3+5
4 4 4+4
5 3 5+3

8 4

4 5 4+5
5 4 5+4

9

5 5 5+5 10
5

from 0 to 1.175 is achieved for a more fine-grained risk differentiation among patients. However,
this grading method can be considered more laborious than assigning the Gleason- or ISUP
grade and introduces additional challenges regarding inter- and intra- observer variability for the
continuous score.

2.1.3 Treatment
If a patient was diagnosed by one or more of the aforementioned diagnostic tools, several therapy
options exist. Several diagnostic and treatment options need to be considered in the lifecycle of a
PCa patient, and their respective benefits and risks must be carefully weighed. The most suitable
treatment option for the individual depends on disease- and patient-related factors among the
aggressiveness of the cancer, the patient’s age, physical fitness and comorbidities [39]. Fig. 2.4
provides a simplified overview of the most common treatments used for these patients.

The most popular options with curative intent are active surveillance (AS), hormone therapy
(HT), radiation therapy (RT) and RP. Another treatment option is watchful waiting (WW).
While AS involves monitoring the development of the cancer in certain observation windows
before more invasive therapies are considered, WW focuses on monitoring and treatment of
arising symptoms with a palliative intent [229].
Lastly, after a patient receives initial therapy, it may be considered whether a patient should
receive an adjuvant therapy. The goal will be to stratify patients with respect to the therapy (or
combination thereof) that they should receive after cancer diagnosis.

2.1.4 Relapse
The most important measure to determine the treatment quality is the progression-free survival
time after surgery. It is the duration from RP until a cancer relapse can be detected for the
individual. The most common detection is biochemical recurrence (BCR), indicating a rising
PSA level that is found in the patient’s blood. This makes the PSA level a valuable biomarker
regarding cancer progression [184]. Consequently, regular follow-ups after initial treatment are
recommended for patients that received a RP. On rare occasions, a rising PSA level is not
detected even though the patient suffers a cancer relapse. The second most common detection of
those patients is through occurring symptoms or found metastases in the body or in extreme
cases the death of the patient due to PCa.
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Lost to Followup Biochemical 
Recurrence MetastasisSalvage Treatment PCa Death

Active Surveillance Hormone Therapy Radiation Therapy Radical Prostatectomy

Treatment Decision

Healthy

Examination

Digital Rectal Exam Biopsy Grading

Risk Stratification
HIGH

LOW

YES

Outcome

Suspicious?

PSA Test

NO

Fig. 2.4: Simplified PCa diagnosis and treatment flowchart. Based on a suspicious examination
that typically involves a DRE and a PSA blood test, a biopsy is taken from the patient.
A graded biopsy can help on the initial treatment decision. Low risk patients receive AS
treatment while higher risk patients with curative treatment intent receive either HT,
RT or RP. Subsequently, the most common outcomes are either a loss to follow-up (FU),
biochemical recurrence (BCR), additional unplanned (salvage) treatment, diagnosis of
metastasis, or PCa related death of the patient. Note that this is only a simplification
showing this work’s most relevant possible treatments and outcomes. Created with
BioRender.com
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2.2 Electronic Health Records
In a more general context of patient care in a clinical setting, not only for PCa patients, it is
desired to base decisions on high-quality patient data including demographic information, test
results, or diagnostic images. This highlights the importance of proper patient documentation
and emphasizes the collection of clinical parameters in the necessary level of detail and complexity.

The collection of digital patient data in EHRs throughout a patient’s medical timeline saves the
known medical events in a patient’s history. It combines static information like demographics
with chronological information such as diagnoses, treatments, medications, and laboratory results.
This enables the application of statistical data analysis to help in treatment decisions for an
individual patient based on a cohort of patients with similar conditions. Prominent examples
are phenotype prediction [13], patient [146] or disease [67] clustering as well as clinical decision
support systems [164].

Statistical machine learning techniques like logistic regression, random forest, gradient boosting
or CoxPH models are among the most used. However, the simplicity of these models as well as
the requirement to handpick a few individual features that require expert level domain knowledge
potentially limits the predictive power of these models. The structure of EHRs typically includes
several challenges:

Incomplete data Have additional treatments been performed outside the current hospital setting?
Is the patient absent because he is healthy or dead?

Heterogeneity Large differences in individual patient documentation as well as their granularity;
tracking in inconsistent intervals.

Sparsity The vast number of possible treatments, medications, diagnostic procedures and tests
leads to high-dimensional and sparse EHR data, as a patient experiences only a small
subset of all possible medical events.

Bias The EHRs for the same patient will most likely differ from doctor to doctor or hospital to
hospital. The information stored in the EHR may also be filtered.

This results in a huge variety of EHR data with different quality. Another limitation of the
accessible data comes from the nature of studies. Since most studies have a defined end date or
lose patients over time, lots of EHRs do not necessarily contain the specific events this thesis
will look for. This data only provides a minimal time for a patient where he did not encounter
a certain event. This lack of data is called (right-) censoring. Some of these challenges can be
addressed by DL with promising results as introduced in sec. 2.5.1.

2.2.1 Clinical Decision Support Systems
Current clinical decision support in PCa, and in oncology in general, is based on classical
multivariate regression methods (known as nomograms), that have proven to be superior to clinical
judgement alone [217]. They calculate the probability of certain events in the therapy pathway
(such as metastasis, progression-free survival, specific pathologic features that affect surgery
procedures) on the basis of patient data collected in EHRs. The nomograms are statistical tools
that reflect empirical clinical knowledge about important parameters along disease progression
and have grown and evolved over the years with changes in therapeutic interventions and the
introduction of novel diagnostic methods. In particular, the nomograms [125, 220] for PCa
patients that predict progression-free survival after receiving RP is shown in sec. 2.2.1.
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(a) Postoperative relapse free survival nomogram from Kattan et al. Reprinted
with permission from [125].

(b) Postoperative relapse free survival nomogram from Stephenson et al.
Reprinted with permission from [220].

Fig. 2.5: Two nomograms that use patient characteristics at time of RP to predict seven (a) and
ten year (b) relapse free survival probability. A patient can enter his individual features
and add the resulting points graphically to obtain an individual survival probability.
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Although nomograms are still accepted and used by urologists in clinical practice [8, 247], they
suffer from various disadvantages. Nomograms

• were often developed within a (homogeneous) cohort (sometimes on a rather limited number
of patients or without external validation), such that the models do not generalize well.

• aim to be accurate enough to convey benefit to patients, but are kept at a simple and
explainable level, in order to meet with acceptance of physicians and patients, and to fit
into clinical routine. This has the potential to make the model too simple for the complex
input data from EHRs.

• use (mostly) a predetermined set of predictors and do not generally look for predictors
systematically. Thus, they potentially miss valuable information present in the data like
(non-) linear interactions between predictors that are mostly ignored.

• show little flexibility in including multiple data modalities, e.g. images, except in terms of
predefined or feature-engineered scores (like the PI-RADS score [2, 94] or Gleason score (as
described in sec. 2.1.2)).

• have little flexibility in choosing data models beyond multivariate regression or survival
models, ignoring the potential of more complex models that might capture more information
from the input data.

2.2.2 Towards Individualized Healthcare
In summary, precision medicine is one of the most revolutionary and promising advances in
healthcare today transitioning from one-size-fits-all healthcare to personalized, data-driven
treatment that enables improved patient outcomes. Precision or personalized medicine is
understood as a medical approach in which patients are stratified based on their disease subtype,
risk, prognosis, or treatment response. Medical decisions are based on individual patient
characteristics, environment, and lifestyle. Physicians and researchers can use precision medicine
to predict more accurately which treatment and prevention strategies will work best for a
particular patient. Therefore, precision medicine offers a path to helping people recover from
illness faster and stay healthy for a longer time. Precision medicine is deeply connected to and
dependent on data science, specifically machine learning, which have been shown in recent years
to be promising in predicting disease risk from available multidimensional clinical and biological
data. Taking advantage of high-performance computer capabilities, machine learning algorithms
can now achieve reasonable success in predicting risk in certain cancers and cardiovascular disease.
The convergence of artificial intelligence (AI) and precision medicine promises to revolutionize
health care since sophisticated computation and inference techniques are used to generate insights
that empower physician decision-making. In this context, EHRs offer great promise in accelerating
the predictive analysis needed in precision medicine. In the last decade, predicting the risk of
developing certain diseases in patients has become an important research topic in healthcare
and accurate identification of similarities among patients based on their historical records is
a key step in personalized healthcare. Furthermore, explanations that support the output of
an ML model are crucial in precision medicine, where experts require more information from
the model than a simple binary prediction to support their diagnosis. Therefore, explainable
or interpretable models, which fall within the field of explainable artificial intelligence, allow
healthcare experts to make reasonable and data-driven decisions to provide more personalized
and precise treatments. [165,204]

2.3 Survival Analysis
This section introduces fundamental ideas of survival analysis and prediction, as well as the
mathematical notation used in this work.
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Survival analysis or, in more general terms, time-to-event analysis, is a branch of statistics
that analyzes lifetimes of individuals or populations regarding a particular event (like patient
death, mechanical failure or customer churn) and infers what determines the underlying distribu-
tions [129]. In biomedical statistics, patient data is analyzed to predict, for instance, the impact
of specific patient characteristics on survival. This population-level analysis can determine which
(groups of) patients have a high event risk and which prognostic features might be responsible for
this. Survival prediction deals with predictions of future events under the current conditions of a
population or individual. While for some patients the event of interest is recorded, others might
not be observed e.g. by dropping out of a study at any point in time. This is called (right-)
censoring of the data. This lack of information might also be present before the observation
window (left censoring) or even within multiple observation windows (interval censoring). In
this work, only right-censoring of the data that is considered that is usually present in medical
studies. The observation of participants starts at some point in time, but not all participants
experience an event throughout the observation window. Either because their individual event
time lies beyond this window of the study or because the individual drops out of the study at any
given point in time. Even though some participants do not experience the event of interest, they
still contain information about how long they at least stayed event-free. The use of this partial
information of censored individuals distinguishes survival analysis from regression problems [162].
The performance of these models is usually evaluated regarding the concordance index (C-index)
that measures the discriminative performance for pairs of individuals (i.e. shorter event times
should have higher risk predictions). However, especially in clinical settings, the correct predic-
tion of the underlying event time distribution is of high relevance for the patient and medical
practitioner, as it can guide their decision-making. The correct temporal prediction of an event
can be measured by the calibration of a model, for example, by the Distributional Divergence
for Calibration (DDC) [95]. Recent work focuses on the development of deep learning-based
algorithms for survival prediction, including models that produce a continuous time output
like DeepSurv [126] and CoxTime [136]. Recent DL approaches such as Discrete Recurrent
Survival Analysis (DRSA) [195] focus on risk prediction at discrete time points. While these
discrete DL models reach state-of-the-art discrimination performance, most disregard model
calibration, which makes them of limited value for medical survival prediction. To address this
shortcoming, [123] developed an objective function that additionally takes proper calibration
into account. This thesis also develops a survival prediction model, called DCS, that is explained
in detail in chapter 4 that extends the previously mentioned ideas.
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Fig. 2.6: Visualization of partially right-censored observation times for a population of five
individuals over time. All censored individuals show an observed time zi = ci where the
real event time ti > ci is hidden (gray). For the uncensored individuals that experience
an event, the observed time corresponds to the real time of event (zi = ti).

The following section describes the mathematical foundation of survival analysis of this work
based on various notations and ideas [123,136,195].

19



2 Background

2.3.1 Input
For each individual i in a population of n individuals, consider a vector of nfeat features xi ∈ Rnfeat ,
a corresponding event ti ∈ R+ and censoring time ci ∈ R+. The individual’s observed time
zi ∈ R+ is defined as zi = min(ti, ci) meaning it is either the censoring or event time. Furthermore,
the corresponding censoring indicator di = 1yi=ti

distinguishes censored (di = 0) and uncensored
(di = 1) observed times zi. Fig. 2.6 shows an example population with five individuals who
experience an event or are censored. With this notation, the population P that contains n
individuals can be represented with the aforementioned definitions as

P = {(xi, zi, di) | i ∈ {0, 1, . . . , n− 1}} (2.2)

that can now be used as an input for a survival prediction. In this thesis, the most common
case of right-censored populations is considered, leaving out other possible scenarios like left- or
interval censoring [54,124,249].

2.3.2 Survival Prediction
For the observed time z of the event-of-interest, the probability density function p(z), or PDF,
represents the probability that the specific event happens at time z. Integrating the PDF yields
the cumulative distribution function

S(t) =
∫ ∞

t

p(z) dz (2.3)

that describes the probability for an individual to not experience the event until time t as P (z > t)
or, in other words, the probability of surviving until time t. In this thesis, this function is called
survival function or survival curve. Further, following the notation from [78, 123], the hazard
rate at time t can be defined as

h(t) = lim
∆t→0

P (t < z ≤ t+ ∆t | z > t)
∆t (2.4)

that represents the conditional probability to experience the event at time t given that the event
was not experienced yet.

Discretization

This section deals with the discretization of the aforementioned continuous notation. Given the
maximum observation time tmax = max(zi), the observation window (0, tmax] can be divided into
L+ 1 discrete time points t0 = 0 < t1 < . . . < tL ≤ tmax. These discrete time points tl divide
the observation window into L disjoint intervals V1, V2, . . . , VL where the l-th interval is defined
by two adjacent discrete points in time as Vl = (tl−1, tl]. These defined intervals are visualized in
fig. 2.7.

t0 t1 t2 t3
. . .

tL−2 tL−1 tL

V1 V2 V3 VLVL−1

Fig. 2.7: Discretized output grid visualization that divides the observation window (t0, tL]into L
intervals V1, V2, . . . , VL. Round brackets mean exclusive, square brackets inclusive of tl.

Following [195], this discretization step can also be done for the resulting survival function as

S(tl) = Pr(z > tl) =
∑
j>l

Pr(z ∈ Vj). (2.5)
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Similarly, the discrete PDF pl can be reformulated to

pl = Pr(z ∈ Vl) = S(tl−1)− S(tl) (2.6)

further allowing the definition of discrete hazard rates of the current interval Vl given that the
individual did not experience the event until tl−1 as

hl = Pr(z ∈ Vl | z > tl−1) = Pr(z ∈ Vl)
Pr(z > tl−1) = pl

S(tl−1) . (2.7)

2.4 Metrics and Measurements
The following section introduces the performance metrics and additional measurements that are
used throughout this work, among other cases, to evaluate classification and survival prediction
estimations.

2.4.1 Classification
For a vector of n predictions ŷ ∈ [0, 1]n and a corresponding classification ground truth (GT)
label yi ∈ {0, 1}, the following metrics are used in this thesis. Some metrics require a binary
prediction for a single class problem. This is usually achieved by thresholding the prediction at
t = 0.5 unless otherwise stated as ŷb

i = (ŷi > t). For accuracy, the number of true positives

TP =
∣∣{1 : ŷb

i = 1, yi = 1, i ∈ {0, 1, . . . , n− 1}
}∣∣ (2.8)

is divided by the total number of samples n in the dataset. Since this metric may lead to high
scores for bad predictors on imbalanced datasets [205], precision and recall are also considered in
this thesis. While

precision = TP∣∣{1 | ŷb
i = 1, i ∈ {0, 1, . . . , n− 1}

}∣∣ (2.9)

measures the ratio of TPs over all predicted positives where | · | denotes the cardinality of the set,

recall = TP∣∣ {1 | yi = 1, i ∈ {0, 1, . . . , n− 1}
}∣∣ (2.10)

or the true positive rate (TPR) calculates the ratio of TPs over all true positives as illustrated in
fig. 2.8.

Fig. 2.8: Visualizing precision and recall using true positive (TP), false positive (FP), false
negative (FN) and true negative (TN) predictions.

Following the aforementioned definitions, two other metrics are also used in this work that do
not require a fixed threshold t for the binary prediction ŷb

i of a sample, but take into account
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all possible thresholds t ∈ [0, 1]. The first metric is the receiver operating characteristic curve
(ROC) which relates TPR to the false positive rate that is defined as

FPR(t) =
∣∣{1 | yi = 0, ŷi > t, i ∈ {0, 1, . . . , n− 1}

}∣∣∣∣{1 | yi = 0, i ∈ {0, 1, . . . , n− 1}
}∣∣ . (2.11)

The resulting area under the ROC (AUROC) provides a performance indicator for a continuous
prediction ŷi for all samples in the dataset. Another related measure is the precision recall curve
that relates recall over the precision similarly. Similarly, it also provides a scalar overall measure
with the area under the precision recall curve (AUPRC).

2.4.2 Measure of Agreement
As a measure of agreement between multiple raters that can choose from multiple categories
per rating, a common metric is the Cohen’s kappa [51] value. For a k-class classification of n
predictions ŷ(0) ∈ {0, 1, . . . , k − 1}n, the agreement with another prediction of the same shape
ŷ(1) can be evaluated. Firstly, the observed agreement rate p̂o ∈ R for every individual case i
that shows agreement ŷ(0)

i = ŷ
(1)
i between the two predictions is calculated. Afterwards, Cohen’s

kappa
κ = 1− 1− p̂o

1− p̂r
(2.12)

additionally takes random agreement into account which is defined as

p̂r = 1
n2

n−1∑
k=0

nk1nk2 (2.13)

where nki
counts how often class k is predicted in ŷ(j) for j ∈ {0, 1}. A perfect agreement of the

two raters results in κ = 1 while values around 0 are considered to be not in agreement. Negative
values are also possible and would indicate disagreeing annotators.

Moreover, the quadratic weighted kappa extends this approach for ordinal scales where larger
discrepancies are punished more than close ones. It accounts for the severity of disagreement
where an adjacent predicted category is punished less than a disagreement that spans multiple
categories [52]. Another extension to the agreement is called Fleiss kappa [81] that measures the
level of agreement among more than two raters.

2.4.3 Segmentation
Since this work does not focus on segmentation metrics, the only metric that is mentioned is the
dice score. To calculate the dice score for a binary prediction mask Ŷ ∈ {0, 1}h×w and a binary
GT mask Y ∈ {0, 1}h×w with the same width w and height h, the dice score [63, 216] is defined
as

DICE(Ŷ,Y) = 2|Ŷ ∩Y|
|Ŷ|+ |Y|

(2.14)

which equals 1 for perfect overlap and 0 for no overlap. |M | stands for the total number of
non-zero entries in M .

2.4.4 Survival Prediction
In contrast to classification metrics, no GT class label exists when the survival of individuals is
predicted. Only the true survival or censoring time of an individual is known. This section deals
with the metrics for survival prediction models in this work. This includes metrics for scalar
predictions (like a risk or a probability of surviving n years) as well as metrics that evaluate
whole survival curves. In contrast to classification problems, a large range of related, but different
metrics exist to measure the performance of survival prediction models. Extensive analyses of
survival analysis metrics can be found in [95,183,196,233,234].
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Discrimination and Calibration

The most common way to quantify predictive performance is based on the correct (or concordant)
ordering of predictions and actual survival or censoring times. This approach is commonly referred
to as discriminative performance [221]. Discrimination quantifies if a model predicts the correct
order of events, it does not scrutinize if the predicted event occurs at the correct time, since only
the relative ordering is taken into account. An example for the usage of discrimination is an organ
transplant waiting list, where the patient with the best survival estimate after transplantation
may be selected as the most suitable candidate. In this thesis, discrimination is measured with the
most commonly used metric, the concordance index [100]. Further, to estimate the discriminative
performance of predicted survival curves that potentially cross over time, the time-dependent
concordance index (C-index-td) [7] and the cumulative-dynamic AUROC (CDAUC) [234] are used.

In contrast to the discriminative performance, a patient or a physician may be interested if the
prediction reflects the true underlying survival distribution. A 2 or 20-year relapse time will
make a difference in the selected therapy, regardless of the correctness of the order compared
to other patients. Here, the calibration performance is used. Calibration determines whether
a scalar prediction, e.g. for a five-year survival rate, actually matches the underlying survival
distribution. If this is the case, the physician can use survival probability as a true measure for
the individual patient. The most common measure that takes calibration into account is the
Brier score (BrS) [33]. It punishes uncertain estimates that would otherwise profit, so a high
calibration still needs good discrimination to be practically feasible. Similarly to the C-index, it
can also be extended to a time-dependent metric, the Integrated Brier Score (IBrS). Another
metric that more measures the calibration performance is the Distributional Divergence for
Calibration (DDC) that compares the observed event distribution to the predicted probabilities
over time. Additional details that build a greater intuition for calibration can be found in [110,262].

Other metrics such as the absolute difference in predicted event times, or D-calibration [95]
exist, but are not further discussed in this thesis. The following section explains the previously
mentioned metrics in additional detail.

Concordance Index

The concordance index [99] (C-index), is the most commonly used metric for discriminative
performance of individual scalar risks r̂ ∈ R. It is a generalization of the AUROC [7] that
evaluates the correct order of the predictions compared to the actual times of events, including
censored cases (di = 0). As an intuition, the C-index measures the number of correctly ordered
pairs of individuals over all possible comparisons. A pair of predictions (r̂i, r̂j) where r̂i > r̂j is
considered correctly ordered if the individual with the higher predicted risk r̂i experiences the
event of interest zi sooner than the other individual’s event or censoring time zj . Consequently,
the C-index for a set of n risk predictions r ∈ Rn with corresponding observation times z ∈ Rn

+
and event indicators d ∈ {0, 1}n is calculated as

C-index =

n−1∑
i=0

n−1∑
j=0
1zi<zj

1di=11r̂i<r̂j

n−1∑
i=0

n−1∑
j=0
1zi<zj1di=1

(2.15)

which is the number of concordant pairs over all possible comparisons. As an intuition, this
can be interpreted as saying that a comparable pair that is randomly drawn from the sample
population is concordant as Pr (r̂i < r̂j | zi < zj , di = 1). A comparison is possible when the
i-th individual is not censored (di = 1) as a censoring time zi cannot be compared to a longer
observation time zj that might be a censoring (dj = 0) or event (dj = 1) time. Note that this
metric does not evaluate the absolute differences between ri and rj as long as they are ordered
correctly. Furthermore, the C-index is known to be biased towards better scores on populations

23



2 Background

with high censoring rates [233] and is in general not a proper score [29]. A proper score ensures
that no prediction can achieve a higher discriminative value than the data-generating process
itself. This is why additional metrics for discriminative performance are taken into account. A
more detailed analysis into the compared pairs is performed in sec. 4.2.3.

Time-dependent Concordance Index If instead of individual risks ri, a survival curve with
L ∈ N+ discrete values Ŝ(t) ∈ [0, 1]l is predicted and evaluated, the order of those predictions
can change over the observation window, i.e. Ŝ0(t0) < Ŝ1(t0), and Ŝ0(t1) > Ŝ1(t1). This is why
the C-index is extended to be evaluated at multiple discrete timepoints to incorporate for this
behavior of the predicted survival curves. To properly evaluate these time-dependent changes,
this work utilized the time-dependent concordance index C-index-td [7], which evaluates the
C-index at the event times z of the population:

C-index-td = Pr
(
Ŝi(zi) < Ŝj (zi) | zi < zj , di = 1

)
(2.16)

(2.17)

where Ŝ ∈ Rn×l is the matrix of the l predicted discrete timepoints of the individual predicted
survival curve Ŝi for all i ∈ {0, 1, . . . , n − 1} individuals of a dataset. Following [29, 257], an
extension is made for equal predictions that are counted as half cases to the resulting version of
the metric that is used in this thesis:

C-index-td =Pr
(
Ŝi(zi) < Ŝj (zi) | zi < zj , di = 1

)
(2.18)

+1
2Pr

(
Ŝi(zi) = Ŝj (zi) | zi < zj , di = 1

)
.

Time-Specific AUROC

As an alternative measure of how well a risk performs with respect to discriminative performance,
a time-specific AUROC at time t within the observation window can be used for a directly
predicted scalar risk ri ∈ R or a prediction at that point in time t of a predicted survival curve
Ŝi(t) that can be interpreted as a risk by creating the complement to 1 as ri = 1− Ŝi(t). With
this point in time t, cumulative cases Ca = {(ri, ȳi = 1) : zi ≤ t, di = 1} that experience the
event prior to or at time t can be compared to controls Co = {(ri, ȳi = 0) : zi > t} using AUROC
as described in sec. 2.4.1 to achieve a scalar metric for the discriminative performance of the
predicted individual risks ri at time t.

Cumulative-Dynamic Time-Dependent AUROC Building on the previous section, the
cumulative-dynamic time-dependent AUROC [29,234] provides a measure not only for a specific
time t, but for the whole observation window for predicted survival curves Ŝi(t).

Therefore, the censoring- and time-dependent area under the curve (AUC) is calculated as

ÂUC(t) =

n−1∑
i=0

n−1∑
j=0

1zi≤t

C̃(t) 1zj>t1Ŝi(t)≥Ŝj(t)(
n−1∑
i=0

1zi≤t

C̃(t)

)(
n−1∑
j=0
1zj>t

) (2.19)

(2.20)

where C̃(t) is the censoring distribution of the dataset over time that is usually estimated by
a Kaplan-Meier estimator as shown in sec. 2.5.1. Further, ÂUC(t) can be integrated within a
certain time range [τ0, τ1] to produce a scalar metric as

CDAUC = 1
C̃(τ0)− C̃(τ1)

∫ τ1

τ0

ÂUC(t) dC̃(t). (2.21)
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Unlike the C-index, CDAUC is a proper scoring method meaning that no estimating model can
be constructed that has a higher discriminative performance than the data-generating process
itself [29].

Brier Score

One metric that not only takes discrimination into account, but also calibration, is the Brier
score (BrS) [33,136] that is defined as

BrS(t) = 1
n

n−1∑
i=0
1zi>t

(
1− Ŝi(t)

)2

C̃(t)
+

n−1∑
i=0
1zi≤t1di=1

Ŝi(t)2

C̃(t)

 (2.22)

where the mean squared error (MSE) of the predicted survival curve to 1 before, and to 0 after
the individual event time zi is measured and weighted by the Inverse Probability of Censoring
Weights [197]. The latter sum is only relevant for uncensored individuals (di = 1) as the further
progress of censored individuals is unknown.

Integrated Brier Score Similarly to CDAUC, a scalar metric over the observed timespan is
calculated by integration:

IBrS = 1
C̃(τ1)− C̃(τ0)

∫ τ1

τ0

BrS(t) dC̃(t). (2.23)

For this MSE-based metric lower values are better, but a sophisticated survival estimator should
achieve a value of the BrS that is below 0.25 [87]. Note that, similarly to C-index, BrS is an
improper scoring rule [258].

Distributional Divergence for Calibration

Following [123], this thesis uses an additional measure for calibration, namely the DDC. The
estimated survival for each individual at their event time Ŝi(zi) is mapped into 10 equally sized
bins B = {[0, 0.1), [0.1, 0.2), . . . , [0.9, 1)} in the unit interval as shown in [95]. For DDC, the
Kullback–Leibler divergence [135] is calculated between the relative frequency P of the observed
intervals of the whole distribution compared to a uniform distribution Q(b) = 0.1 for b ∈ B that
is expected for perfect calibration as

DDC =
∑
b∈B

P (b) log
(
P (b)
Q(b)

)
. (2.24)

Summary

The metrics that are usually used in survival prediction are focused on discriminative performance.
This thesis uses C-index and the time-dependent version, C-index-td along with the CDAUC
as discriminative measures. Since the most popular metric among related publications is the
C-index, it is also used frequently throughout the thesis even though several drawbacks exist
e.g. that C-index overestimates predictive power on datasets with higher censoring rates [233],
or that the C-index is not a proper scoring method [29]. This means that prediction models
exist that can generate higher discriminative performance than the data generating process itself.
This is why CDAUC is introduced as a more unbiased, but complex metric. Further, calibration
performance is measured by BrS (with the time-dependent IBrS) as a metric that measures both
discriminative and calibration performance. Since BrS is also an improper scoring method [258],
the DDC is additionally used as a metric that exclusively aims at measuring model calibration.
By evaluating the different metrics, this thesis aims to provide a more complete picture of the
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survival predictions analyzed.

In a more general sense, survival metrics show high sensitivity in data sets with, e.g., high
censoring rates [237]. Furthermore, the discriminative metrics often depend not only on the
individual predictions, but on the dataset itself, since individuals are often compared to each
other. This makes the metrics non-linear and only meaningful for model predictions that are
evaluated on the same dataset [87].

2.5 State of the Art
This section describes SotA approaches with a general focus on DL methods in survival prediction,
the interpretation and usage of EHRs, and how methods can be applied to histopathological
images, focusing on PCa-related publications.

2.5.1 Survival Analysis
Following the general ideas of survival analysis that were introduced in sec. 2.3, this section
describes the most common survival predictors. The presented estimators can be categorized in
the following ways.

Some survival models presented in this thesis estimate the underlying survival distribution Ŝ(t)
where medical research is mostly focused on the discriminative performance of these models [110].
An alternative to the survival curve estimation Ŝi(t) for an individual i is to simplify the predic-
tion of the model to an individual risk estimation ri ∈ R that can also be evaluated in terms of
discriminative performance. It is also possible to provide a scalar risk along with a time-dependent
survival curve estimation [65,88]. A further distinction between predictors can be made regarding
the calibration of the predicted risk. Since discriminative performance only measures the correct
risk ordering regardless of scale, such a risk can also be expressed by a survival probability of l
years. Only in the latter case it makes sense to address the model’s calibration. Further, instead
of predicting an individual risk ri, the expected survival time z̃i can also be used as an estimation
target that transforms the survival estimation into a classical regression problem [86,143,261].
For naive approaches, the latter requires that individuals actually experience the event-of-interest
since it cannot be estimated for censored individuals. This makes such a method infeasible for
datasets with high censoring rates.

Further, survival prediction models can be distinguished in the following ways: Firstly, does the
model predict a risk meaning an arbitrarily scaled scalar where a higher number reflects a higher
risk of experiencing an event or does it provide a probability? Next, is this prediction done for
a whole timeframe, a specific- or multiple points in time? Lastly, is this prediction based on
an individual or a (sub-) population? These questions help to identify what kind of survival
prediction is performed [96].

The following section provides information on some of the most commonly used models in survival
analysis with special focus regarding DL approaches.

Kaplan-Meier Estimator

The Kaplan-Meier (KM) estimator [124] introduces a population-based non-parametric survival
estimator by calculating the survival probability for a point in time t ∈ R+ as

ŜKM(t) =
∏

ti∈Pt, ti≤t

ni − ei

ni
(2.25)

where Pt is the set of all distinct event times zi in the population P, ei denotes the number of
individuals that experience an event at time ti and ni the remaining number of individuals at risk
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at ti. It therefore is based on the relative frequency of individuals that survive a certain point in
time over all individuals that are still at risk. Fig. 2.9 depicts an exemplary KM estimation for a
population for the right-censored dataset of five individuals that were presented in fig. 2.6.
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Fig. 2.9: Exemplary KM curve of censored and uncensored individuals over time. Also shown are
censoring events as vertical lines and the 95 % confidence interval and the total number
of individuals at risk, censored, and per timestep.

Confidence Interval Estimation

To provide a measure for the confidence intervals of the KM prediction, the exponential Greenwood
estimator [92, 121] is commonly used. It assumes a binomial distribution when observing ei

failures among the ni at-risk cases at a specific time t. For a point in time t, it is defined as

exp
(
− exp

(
CI−

KM(t)
))

< ŜCI(t) < exp
(
− exp

(
CI+

KM(t)
))

(2.26)

where the time-dependent confidence interval with a corresponding variance can be described as

CI±
KM(t) = log

(
− log

(
ŜCI

))
∓ qα/2

√
V̂ar(t) (2.27)

where α determines the width of the confidence interval that is commonly set to 95 % (q0.025 =
1.96), and

V̂ar(t) = 1

log
(
ŜCI(t)

)2

∑
ti≤t

ei

ni(ni − ei)
(2.28)

describes the underlying variance of the observed data respectively. The advantage of the
exponential formula over the standard Greenwood estimate is that the former ensures that the
confidence intervals stay between 0 and 1.

Note that the estimator does not depend on the individual’s covariates xi. It is based exclusively
on the observed event and censoring times zi. In contrast to the KM estimator that models the
survival distribution using (sub-) populations, the following survival models try to estimate the
underlying PDF for each individual i given the corresponding feature vector xi as p(z|xi).
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Cox Proportional Hazards Model

The classical approach for survival analysis is the CoxPH model [54]. The idea of the CoxPH
model is not to perform the regression task on the individual observed event and censoring times,
but the hazard rates h based on the individual features xi. Since those rates are not observed
directly, they are optimized by maximizing the partial likelihood instead [53]. The CoxPH model
finds the parameters that best reproduce the discrimination of individual event times by fitting a
logistic regression model that is based on the proportional hazards (PH) assumption and assumes
linear and independent covariates [32]. The features of each individual are linearly combined as
ri = βT xi where the optimal values for β are determined using a negative partial log-likelihood
approach as

LCoxPH = 1
m

∑
i:di=1

log

 ∑
j:zj≥zi

exp
(
g(xj)− g(xi)

) (2.29)

where m is the number of uncensored individuals. This likelihood approach compares the obtained
risk score ri to all individuals with a greater or equal event time zj ≥ zi for each uncensored
(di = 1) individual i. Subsequently, the regression model is combined with a time-dependent
baseline risk h0(t) that is the same for the entire population. By this design, predicted survival
curves have the same shape for all individuals (effectively discarding individual temporal feature-
dependent information) of the population and only differ in a unique parametric scaling factor
per patient that depends on the individual’s input features.

In detail, the proportional-hazard assumption states that the same hazard function is applicable
to all individuals, but a scalar scaling factor discriminates between them. This means that the
hazard for each individual can be split into a time-dependent and an individual feature-dependent
hazard part as

hi(t) = aih0(t) (2.30)

It follows that the comparison between two individuals has no time dependency and can be
expressed as

hi(t)
hj(t) = ai

aj
(2.31)

which allows direct comparison between the hazard rates of two individuals. This also holds
for the likelihood function in eq. (2.29) that can as a result be trained independently of the
baseline hazard function. To test if the assumption holds for a dataset and its covariates, it
can be analyzed using Schoenfeld residuals [180,219]. If the residuals show a non-random time
dependency (like a growing residual error in time), the assumption is most likely violated.

Hazard Ratios One advantage of the CoxPH model is the simple feature importance interpre-
tation based on logarithmic hazard ratios. Since all features contribute to the individual’s total
hazard independently and linearly, the log coefficients can directly be interpreted in terms of
feature importance when compared to the other contributing features in a multivariate survival
regression. Note that the hazard ratio usually refers to a unit increase in the encoded covariate.
This means that normalization across multiple covariates is necessary if different hazard ratios
are compared.

Other Approaches

Extending on the previously mentioned ideas, several other survival estimators have been
developed. The accelerated failure time model [252] extends the influence of covariates to
accelerated hazard over time instead of only providing a constant factor as in the CoxPH
model. Decision-based methods like gradient boosting techniques (such as XGBoost [44]),
Random Survival Forest networks [116] (based on Random Forests [31]) or Additive survival
least-squares support vector machines [24] became popular approaches. Additionally, hybrid ideas
exist that use a neural network model to estimate, the parameters of e.g. Weibull distributions
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or accelerated failure time models [26,179].

However, the performance of these models may drop on datasets with high censoring rates [3].
Furthermore, the dynamic nature DL models that can handle multiple types of input data by, for
example, combining tabular patient information with diagnostic images, have additional appeal
for multimodal approaches.

DL-based Approaches

Since this thesis develops a survival prediction model based on DL, several related approaches
with different levels of complexity are presented.

DeepSurv Since neural networks rather learn the underlying functional dependencies than
assuming them, they permit the discovery of non-linear dependencies between the survival
model’s covariates [126]. DeepSurv retains the partial likelihood function so that all predicted
survival curves have the same shape with a different scaling factor, as in the CoxPH model. In
other words, the linear encoding of the predictor is replaced by g(xi) = MLP(xi) that produces a
similar scalar output. The network is then similarly trained on a partial likelihood approach with
L2 regularization. These modifications of the CoxPH model allow for non-linear combinations
between the input covariates. The authors show in simulated and real settings that their approach
outperforms the aforementioned method with increasingly complex relationships between the
covariates.

CoxTime In contrast to DeepSurv, the authors of CoxTime [136] introduce a time-variant
degree of freedom in the prediction by adding a scalar point in time t directly into the MLP along
the covariates as g(t,xi). This relaxes the proportionality constraint and allows for potentially
crossing survival curves over time at the cost of higher computational complexity in the objective
function. In contrast to the likelihood function in DeepSurv, a partial log-likelihood objective
function

LCoxTime = 1
ndi=1

∑
i:di=1

log

 ∑
j:zj≥zi

exp
(
g(zi,xj)− g(zi,xi)

) (2.32)

is used where ndi=1 is the number of uncensored individuals in the population. Since g(zi,xj) is
potentially different for every i, this loss has a complexity of O(n2) and is now only computed on
a subset rather than the entire population to improve computational performance. This extension
to a prediction of potentially crossing survival curves also motivates the use of time-dependent
metrics like C-index-td and IBrS that are also used in this thesis. The approach is evaluated on
multiple datasets including a churn prediction dataset called KKBox [107]. The authors utilize
the aforementioned algorithm to cluster the predicted survival curves and gain additional insights
into subgroups of customers. They can, e.g., show that one subgroup of customers is lost at the
end of each month, while another shows a large drop after the initial subscription period. These
findings motivate the time-dependent modeling of survival data that would not have been found
by relying on the PH assumption.

DRSA Another level of complexity is added by the introduction of recurrent decoder networks
[88] described in detail for DRSA [195] that introduce a time-dependency in the discrete output
predictions of the model. The authors abandon the log-likelihood loss and instead compute the
conditional probabilities of the event over time by defining the discrete hazard rates described
in eq. (2.7). The authors evaluate the discrete hazard rate predictions before and at the event
time for each individual. Furthermore, the index l ∈ {1, . . . , L} of the current time step is an
additional input feature to the encoder following CoxTime to provide a time-dependency into
the encoder structure. Since the model predicts hazard rates hl for each discrete time point tl,
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the resulting discrete survival curve prediction for an individual i is afterwards obtained by

Ŝ(tl|xi) =
l∏

j=1
(1− hj). (2.33)

The general idea of this work’s objective function is to maximize the hazard rate hli
that includes

the event time for the individual while punishing all hazard rates prior to this interval that are
greater than 0 while also punishing the predicted survival curve of a censored individual that is
smaller than 1 before the censoring time. The objective function is discussed in additional detail
in chapter 4.

Kamran The survival prediction model from [123], called KAM in this work, builds upon the
previously mentioned ideas by utilizing the architecture of DRSA, but implements a novel loss
function that emphasizes the proper calibration of the model. Also, in training it is evaluated
directly on the survival curve Ŝ(tl|xi), instead of the hazard rates hl. Since this thesis extends
this work, the loss is explained in detail in sec. 4.2.3.

Other DL models exist but are not further evaluated in this work. Firstly, DeepHit [141]
considers not only one type, but competing risks for a NN-based survival model. It combines
a loss approach based on the maximum likelihood estimator with a regularizer on the order of
events. The successor model Dynamic-DeepHit [140] extends the approach to include dynamic
patient data free of statistical restrictions. As an alternative approach for better calibrated
survival models, Goldstein et al. [91] developed X-CAL, an explicit calibration approach that
utilizes ideas from D-calibration [95] by creating a differentiable version that can be included
directly into the model’s objective function.

2.5.2 Electronic Health Records
The following section discusses recent advancements in EHRs facilitated by DL models emphasizing
their impact on usability despite missing standardization and data sparsity.

Representation Learning

Data representation of sparse and potential high dimensional EHRs is an important problem
in itself. A common approach is based on word2vec [163] that originates in natural language
processing (NLP) to group words that have similar context closer together in an embedding
space. A similar approach was used for EHRs in DeepPatient [164] that use stacked denoising
autoencoders (AEs) that are trained by masking the original input EHR data. An AE is an
architecture type of NN that tries to find a robust and dense representation in an unsupervised
manner for high dimensional input data in a lower-dimensional latent space that is usually the
bottleneck layer of an encoder-decoder network structure [16]. It was shown that a detailed
investigation of the latent space generated by an AE combined with task-specific predictors can
lead to a more effective and robust model for several prediction tasks [248]. Another example
called Patient2Vec is developed based on attention blocks that are fed to a gated recurrent
unit [46] to encode longitudinal EHR data.

Longitudinal Health Records

Due to the sequential data structure of dynamic parts of EHRs, Recurrent Neural Networks
(RNN, especially Long Short-Term Memory networks (LSTMs) [106]) are a popular choice in
developments. [150] proposed to take into account not only the sequences of medical events, but
also the inter-event time. This work uses LSTMs to embed the patient’s medical history that
accounts for non-equidistant times between patient records. Another approach was presented
by [20]. They account for the chronological component that weighs events not only in terms of
order but the time difference by modifying the classical LSTM structure to time aware LSTMs
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called T-LSTM. They introduced a time decay function that affects the influence of a medical record
on the long and short term memory. Another embedding approach [148], that takes the temporal
dimension into account, utilizes positional encoding alongside the clinical event information as
input for a transformer architecture similarly to the BERT model [62]. Further, [259] integrates
static patient information like demographics or other time-independent patient properties, with
dynamic information that changes over time like disease specific therapies. Their work combines
an LSTM [106] for the dynamic patient information with an MLP for static features that are
concatenated to generate a full representation of a patient’s EHR to predict therapy decision
in patients with metastatic breast cancer. Similar approaches are used to predict an individual
patient’s trajectory after kidney transplantation [75] or heart failure prediction [164] with an
AUC of 0.845.

Interpretability

Furthermore, an AI guided system should not be a black box for the user especially in the
medical context. It must rather be interpretable and explainable. An AI-system that is unable
to provide adequate information for a clinician of how the individual result was retrieved will not
be accepted in real-world patient treatment [231]. This is why recent development emphasizes
the importance of interpretable and explainable DL models that work on this problem [9]. With
explainable AI, the physicians and patients have the ability to comprehend the AI’s decision and
also explore the input factors that led to the individual results. An application of the idea of
clinical interpretability is called RETAIN [47]. The model scored an AUC of 0.87 on heart failure
diagnosis prediction with the benefit of interpretability of the results. The model was further
optimized with improved interpretability by [137] with the RetainVis model and has also been
combined with medical ontology mappings to improve AUC on heart failure diagnosis to 0.9.
One important DL network architecture regarding this problem is the attention mechanism [238]
that enables a specific highlighting of what inputs to a NN provide the most significance for the
output prediction. Other recent improvements in NLP like the transformer architecture that
introduced BERT [62] can also be applied to EHRs as demonstrated in BEHRT [147]. This model
predicts future patient events with state-of-the-art accuracy that scores an AUROC of 0.95 to
predict future diseases at the next visit of a patient.

Finally, [138] uses convolutional AEs (in time) to create data representations for unsupervised
disease sub-typing e.g. in Parkinson’s disease. They propose a DL architecture with a con-
volutional neural network (CNN) and AE that provides an unsupervised representation of a
patient’s individual longitudinal EHR that may be used as a basis to answer more specific tasks
on EHRs via fine-tuning. This may be a starting point to create a more universal representation
of EHRs similar to BERT [62] or GPT-based [34] models for NLP and image-based networks such
as ResNet [102].

2.5.3 Computational Histopathology
This section focuses on used or related SotA approaches that are relevant for this work. Especially
in the context of cancer detection and survival prediction for PCa histopathology images.

Image Encoding

The first step that is usually done when images are analyzed by DL techniques is a transformation
of those images into latent representations that can be further processed regarding individual tasks
like classification. Common encoding networks used in histopathology [40,76,243] are based on
convolutional neural networks (CNNs) like, among others, ResNet18 [102] or EfficientNet [226].
A more recent development uses transformer architectures [103,212] that originated in natural
language processing [62,238]. Since the models developed in this thesis, namely CI and PCAI (see
chapters 6 and 7 respectively), use an EfficientNet encoder network, it is explained in additional
detail below. Moreover, it is common to retrain those networks in a transfer-learning approach for
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specific tasks that often provide smaller data sets as for example in medical imaging [19,225,239].
Common datasets for pre-training are, among others, ImageNet [61] or CIFAR [133]. As an
example, ImageNet [61] provides over 14 million training images with one thousand different
possible classification labels for natural images. Other pre-training methods like self-supervised
learning with contrastive learning [50] exist but are not further considered in this thesis.

EfficientNet A CNN-based architecture following ideas from MobileNetV2 [203] while taking
computational efficiency into account is called EfficientNet [226]. While other works like ResNet
[102] focus more complex models on adding additional layers, the main idea of EfficientNet
is the introduction of a scaling coefficient ψ controlling the neural network’s width (number
of channels per convolutional block), depth (total number of layers) and resolution (for the
processed input image) jointly. This idea leads to models with different levels of complexity
that range from EfficientNet-b0 (approximately 5 million parameters) to EfficientNet-b7
with over 66 million parameters. Depending on factors like memory constraints or inference
speed, this approach allows an easier selection of the most suitable model complexity. The core
building block of this architecture are MBConv layers [203]. This architecture, that is also called
an inverted residual block, performs a 1x1 convolution that is followed by a 3x3 depth-wise
convolution for each input channel. Afterwards, another 1x1 convolution reduces the number of
channels again so that a residual connection can add the input to the resulting output. This
approach inverts the common idea of adding a residual connection of two wider blocks and
instead connects the bottleneck layers. Moreover, squeeze-and-excitation optimization [108] is
additionally used before the last 1x1 convolution as an additional strategy to further improve
model efficiency.

Generalizability and Robustness

A common problem in DL-based medical imaging is variance between or even within datasets.
Even though lots of variances in the input data are often clinically insignificant, they can lead to
a large difference in model estimations [30,181]. For computational histology, these differences
may manifest in different slice thicknesses, variations in staining time or using different scanners
for the digitization process that result in different latent representations [218]. This work also
introduces a metric to measure the distribution shift from the training data to a dataset from a
different domain as the mean distance of all kernel distributions after the last convolutional layer
of the CNN-based network. The problem of missing model robustness still offers different solution
approaches that were, for example, analyzed in the Mitosis Domain Generalization Challenge [11]
that provides WSIs from multiple organs and tumor types that were scanned with various scanners.

One common strategy increases the image variance during training that is achieved, e.g., by
augmentation methods [227] where maximum performance is reached when color augmentation
in the Hue, Saturation and Value (HSV) color space is combined with color normalization for
the input image.

Another approach to overcome this issue is in reducing data variation on unseen datasets
by data normalization. For H&E stained histopathological images, stain normalization ap-
proaches [65,153,236] normalize the color differences in the input images that were introduced
due to variations in the staining protocol for each tissue.

Further, the information about different domains can also be included in the training process itself.
Given labeled sub-datasets with varying variances as previously discussed, domain-adversarial
(DA) networks try to explicitly mix samples from different domains in their latent representation.
To achieve this, a second domain classification task is added to the main task of the network that
is combined with a gradient reversal layer after the encoder to unlearn this domain information
in the latent representations of the shared encoder. [93, 254]
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Multiple Instance Learning

Due to large image sizes in computational histopathology, typical DL models do not process
those images as a whole due to its impracticality mainly regarding memory usage of multiple
GB per image. A common strategy divides the large input image into smaller patches of the
same size that are filtered (by removing background patches) and then processed by the DL
model. This patching and masking approach is also applied to the image-based DL models of
this work (secs. 6.2.2 and 7.2.2). For classification tasks on WSIs, it is not possible to provide
individual labels for each of the extracted patches since only a label max exist for the whole
slide. As a consequence, the DL architecture needs an approach to combine those individually
encoded patches and relate it to the output label of the WSI. A common strategy to achieve
this is multiple-instance learning (MIL) where these individual patches are commonly called
instances and the collection of all patches of a single WSI is called bag. The approach of [38]
describes such an architecture for cancer detection on over 44 thousand WSIs from 15 thousand
patients on tissue from PCa, basal cell carcinoma and axillary lymph node metastasis of breast
cancer with high accuracy of up to 100 % sensitivity. The approach relies on the identification of
the most suspicious patches using an RNN architecture. However, this approach may neglect
patches that contain valuable information for the aggregated estimation. An alternative was
presented in [114] that combines all individual instances of a bag using a attention-based MIL.
This approach creates a weighted average of the individual patch representations based on the
individual contents for each patch. The attention weights can additionally be used to create
heatmaps that visualize the most important patches for a bag-level representation. This approach
is also used in this work for the PCAI model as described in sec. 7.2.3.

Prostate Cancer Applications

Several DL algorithms in the context of PCa exist with several use cases. Compared to TMAs,
it can be desirable to identify abnormal or non-healthy tissue regions that are of particular
interest to the pathologist. Those regions can guide the practitioners to provide higher quality
annotations [127]. It can also help to identify previously missed cancerous regions that need
reevaluation [178]. These algorithms focus on PCa detection. Several approaches are presented in
the following that try to either create segmentation masks based on the expert (uro-) pathologist
annotations of this dataset or try to predict patch-wise labels for small regions of biopsies, as also
used in chapter 6. Another possibility is to predict more fine-grained segmentation masks that
contain the actual Gleason grades introduced in sec. 2.1.2, namely GG3-5. This approach tries
to extract the more fine-grained segmentation masks of the specific GGs. Those two approaches
are presented in additional detail below.

Detection Detecting PCa on biopsy images is frequently performed on the PANDA dataset
that is explained in additional detail in sec. 3.2.3. Firstly, [79] evaluates an unsupervised meta-
learning based approach for patch-level segmentation on this dataset and obtain an AUC of 0.79
with their unsupervised approach. Further, for performance on the whole image, a dice score of
0.432 is achieved. Note that this work does not use any pixel-level ground-truth annotations.
Several alternative approaches also exist that use the GT annotation masks of expert (uro-)
pathologists in the training DL-based algorithms. [113] produces WSI slide-level segmentation
masks using an ensemble U-Net model [199] to produce an average dice coefficient of 0.891 for
stroma, benign, and cancerous tissue segmentation.

Moreover, the following publications show algorithms for patch-wise cancer detection algorithms.
[178] analyzes a similar approach on 3050 internal H&E stained prostate biopsies that were
validated on an external dataset with 1627 H&E stained images that were digitized by another
scanner. They report AUCs of 0.997 for the internal-, and 0.991 for their external cohort. [120]
shows a pipeline that follows the idea of extracting labels in a more general sense of transfer
learning techniques called ChampKit. As one of many use cases, this work evaluates their algorithm
on the PANDA dataset and roughly formulates the same objective in classifying patches as either
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benign, GG3 or GG4-5 as their classes of interest that is used to evaluate different patch-based
classification models with and without pre-training on different methods. They report patch-level
classification AUROCs of up to 0.921 (on GG4-5) for an ImageNet pre-trained ResNet18 [102]
model. They find that the pre-trained models perform significantly better on this task compared
to those that were trained from scratch, especially regarding false negative rates.

Automated Gleason Grading For the emulation of human assigned GG, [170] develops a
DL-based Gleason classification algorithm for biopsies that was trained on 1,226 biopsy WSIs and
evaluated on an independent validation dataset of 331 slides. Their algorithm uses a two step
approach to first generate a CNN-based GG region classifications for the whole biopsy image that
is then postprocessed by a k-nearest neighbor classifier in terms of risk prediction. They claim
higher consistency as well as diagnostic accuracy of 0.7 compared to human annotators (with a
mean accuracy of 0.61) by comparing the individual predictions with a reference derived from
"specialist pathologists". In addition, they show that risk stratification works well using their
algorithm compared to the predictions of other pathologists, as well as the reference standard
regarding disease progression.

A similar algorithm [36] automatically generates GG annotations for PCa biopsies based on
data from RAD and compared to a "reference standard" that was made by three expert (uro-)
pathologists on a total of 5759 biopsies from 1243 patients. The algorithm scores a quadratic
Cohen’s kappa of 0.918 and therefore the 5th highest when compared to 15 expert gradings.

Similarly, [222] developed an algorithm with "clinically acceptable accuracy for PCa detection,
localization and Gleason grading". A total of 6,682 PCa related biopsies were digitized from 976
patients. The results claim an AUROC of 0.997 in the identification of malignant compared to
benign biopsy WSIs. When comparing the automated Gleason grades to expert pathologists, a
mean pairwise kappa of 0.62 was achieved that was comparable to the scores of the pathologists.

Another approach [10] designed a related algorithm and trains it on 641 patients that was
afterwards evaluated on an independent test dataset of 245 patients with annotations from two
pathologists. The Cohen’s kappa statistic of the algorithm compared to the two pathologists
were 0.71 and 0.75 (compared to 0.71 between the pathologists).

In another example [71], a Gleason grading system is compared to 23 international experts on
90 cases. They show the large variability among those experts saying that 41 % fail to reach
a consensus in Gleason grading (defined as at least two thirds of expert and AI annotation
agreement). Among those cases without agreement, the proposed algorithm ranks sixth regarding
Cohen’s kappa score.

Risk and Survival Prediction in PCa In contrast to the aforementioned approaches, it
might be advantageous to ignore the Gleason grading system itself and instead predict directly
based on patient outcomes. In [184], the authors create a histological biomarker for PCa TMA
spots using a DL trained on the classification of relapse year. They demonstrate that the
biomarker can then be used as an additional input for survival prediction and show statistical
significance that it provides additional information to the survival model. Furthermore, the
authors cluster their latent space predictions to create several concepts that share medical
features in the used patches as a means of interpretability. As another approach, [65] developed a
DL-based survival prediction model based on TMA spots. With a recurrent network architecture,
survival curves of individual patches are modeled and aggregated using an attention-based MIL
approach similar to the strategy of this work presented in sec. 7.2.3.
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3 Data
The following section describes the analyzed EHR and image-based datasets of this work.
Additionally, the different patient populations are compared in terms of PCa related parameters
and event-specific survival attributes. While the EHR datasets were used in chapter 4 as well as
chapter 5, chapters 6 and 7 focus on the image-related TMA and biopsy datasets.
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Fig. 3.1: Event and censoring distribution for the EHR datasets.

3.1 Tabular EHR Datasets
This section briefly introduces the tabular EHR datasets that were analyzed to develop the
DL-based survival model called DCS that is presented in chapter 4. Since real-world datasets
may differ significantly in properties like censoring rate, survival distribution and the number
of proportional features, this work includes three datasets with varying attributes to obtain
a more general overview of typical survival datasets. Tab. 3.1 provides basic attributes of
the three EHR survival datasets used in this work. While a significant portion of individuals
have an early event time in SUPPORT, the distribution of events over time in METABRIC
while FLCHAIN shows most observations towards the end as shown in Fig. 3.1. All analyzed
datasets have several thousand patients (8,873 for SUPPORT, 1,904 for METABRIC and 7,874
for FLCHAIN) and a relatively low number of 14, 9 and 8 features for SUPPORT, METABRIC
and FLCHAIN respectively. The censoring rate (from 32 % in SUPPORT to 72 % in FLCHAIN)
and the ratio of features that fail the Cox Proportionality test (see sec. 2.5.1) varies from 25 %
in FLCHAIN to 79 % in SUPPORT along with the median survival time that is only 57 days
for the SUPPORT dataset compared to the maximum of 85 months in METABRIC. The three
datasets are individually described in more detail in the following.
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Tab. 3.1: Basic characteristics for the EHR datasets showing the number of patients, number of
features, censoring rate, percent of missing data, median survival time and ratio of covariates
that violate the PH assumption (non-prop.).

#Patients #Features Censoring rate Median surv. Non-prop.
SUPPORT 8873 14 32 % 57 days 79 %
METABRIC 1904 9 42 % 85 months 56 %
FLCHAIN 7874 8 72 % 71 months 25 %

3.1.1 SUPPORT
The Study to Understand Prognoses and Preferences for Outcomes and Risks of Treatments [130]
provides information on 8873 seriously ill hospitalized adults with 14 features. The features that
are shown for randomly selected patients in tab. A1 contain demographic information, laboratory
data like body temperature, heart- and respiration rate, number of white blood cells and different
blood levels like bilirubin or albumin. The study analyzed the time of death of a patient.

3.1.2 METABRIC
This dataset from the Molecular Taxonomy of Breast Cancer International Consortium [58]
is the smallest analyzed EHR dataset of this work. 1904 breast cancer patients with nine
features (demographic, molecular drivers and therapies) were collected to predict long-term
clinical outcome of breast cancer. Exemplary patients are shown in tab. A2. The features of this
dataset are breast cancer specific markers as well as treatment information (hormone-, radiation-
or chemotherapy) along with the patient’s age.

3.1.3 FLCHAIN
The assay of serum free light chain (FLCHAIN) from 1995 analyzes the impact of serum free
light chain levels (FLC) regarding patient death. A general population study with eight features
was conducted on 7,874 individuals mainly from residents of Olmsted County aged 50 or older.
The features include patient age, sex, sample group and year, kappa and lambda portion of the
serum FLC, serum creatinine level and whether the individual was diagnosed with monoclonal
gammopathy. Some sample patients along with the sampled features of this dataset are depicted
in tab. A3. The study concluded that elevated FLC levels are associated with higher death
rates. More detailed explanations about the study can be found in [66,228]. This dataset can be
considered as the dataset that has the highest ratio of proportional features with only 25 % of
the features violating the Cox Proportionality assumption.
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Fig. 3.2: Histogram and KM curve of the MK dataset. BCR: Biochemical recurrence, PCAD:
PCa related death, FU: lost to follow-up, META: Found metastases.

3.1.4 Martiniklinik
The main EHR dataset of this work is called MK. It contains information of 16,953 patients that
were extracted from the Martiniklinik database with records ranging from 1992 to 2018. All
patients were registered within a prospective ethics committee-approved database after informed
consent. The patients in this dataset exclusively received RP treatment after being diagnosed
with PCa. Fig. 3.2 provides an overview of the patient’s survival distribution showing the high
censoring rate of the dataset of 78.4 %. A large variety of 86 individual features were collected
that range from demographic information such as the patient’s age to parameters that were
collected during the last PCa biopsy of the patient or parameters that describe the outcome
of RP (like positive resection margin) along with tumor-specific characteristics such as seminal
vesicle invasion or the number of resected lymph nodes during the operation. Note that the
patients at the Martiniklinik are almost exclusively treated with RP. Also, the patients are
usually transferred from other urologists which means that the patient documentation before RP
is expected to be missing or at least more heterogeneous. Furthermore, tab. 3.2 shows individual
exemplary patients of the dataset with some provided covariates.

Tab. 3.2: Sample patients of the MK dataset with exemplary features. The endpoint information
(duration zi from RP until relapse (di = 1) or censoring (di = 0)) and some features are shown:
Patient age, PSA level at RP, prostate volume, T-stage (path), GG 3-5 volume in mL obtained
from the whole removed prostate after RP.

zi [days] di age psa [ng/ml] pros_vol [ml] t_stage GG3 [ml] GG4 [ml] GG5 [ml]
1933 1 61 5.2 10 pT3b 2.23 3.53 0.12
1717 0 70 11.0 55 pT2c 7.77 1.10 0.27
1123 0 68 7.1 10 pT3b 0.44 0.69 0.02
3349 0 46 5.2 20 pT2c 5.57 0.29 0.00

. . .
3674 0 74 12.0 40 pT3b 0.50 5.30 3.80
2946 0 63 4.8 20 pT2c 1.80 0.10 0.00
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Feature Overview

The following section provides an overview of the most important feature types that were selected
in the dataset. The specific analysis of the individual and combined features can be found in
chapter 5.

Demographics Information like the age of the patient at time of RP in years, body mass
index and others are provided for a general overview of the patient.

Endpoint After RP, the patients are further observed to ensure cancer remission. Minimum
information is given in the form of a yearly questionnaire that ensures that no PCa related
symptoms (re-)appeared. When any suspicions are found, further actions like a PSA test is
performed where a positive result with > 0.2 ng/mL is considered as BCR. Additionally, this
work defines the event-of-interest as any kind of relapse for the individual. This means that
either BCR, found metastases, PCa related death or any additional, unplanned treatment are
included in the event definition. If the patient did not show any of those signs on last contact, he
is considered to be lost to follow-up (FU) without cancer progression, thus considered censored
in this work. Further, all individuals with less than 6 months are removed from the dataset.

PSA Level The PSA level in ng/mL at time of RP that measures the antigen in the blood as
introduced in sec. 2.1.1 is also part of this dataset. This work conducts additional experiments
on PSA density [210] that normalizes by prostate volume, or including the date where the PSA
value was obtained relative to the operation.

Prostate and cancer characteristics Attributes of the extracted prostate with the tumor
along with the surrounding tissue of the patient after RP. This includes the prostate and tumor
volume. Important factors of the tumor like seminal vesicle invasion, lymph node invasion,
capsular extension and surgical resection margin status are also obtained and illustrated in
fig. 3.3.

Fig. 3.3: Provided tumor characteristics of the analyzed MK dataset showing seminal vesicle inva-
sion, lymph node invasion, capsular extension, and positive resection margin. Adapted
from "Prostate Cancer Risk Assessment", by BioRender.com (2024). Retrieved from
https://app.biorender.com/biorender-templates.

Gleason Grades An important characteristic in analyzing PCa severity is Gleason grading as
explained in detail in sec. 2.1.2. The given dataset contains clinical (from the last biopsy) and
pathological (based on the whole prostate after RP) GG in multiple formats that were graded by
a specialized pathologist. Firstly, the primary and secondary grades are provided. Note that
by definition, for clinical GG the most and worst grade is reported as primary and secondary
while for pathological GG, the most and the second most is considered as the primary and
secondary GG respectively. This documentation is extended for several patients by also including
the tertiary GG that has shown to include additional information for relapse prediction [98].
Moreover, the pathological GG is also extended for a subset of patients to contain the total
volume for GG 3-5 measured in mL for the whole removed prostate. It is to be expected that
pathological GG provides a prognostic value since it is based on the whole removed prostate
instead of relying on a biopsy that might not be representative of the whole tumor or prostate.
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3.2 Image Datasets

TNM Staging Derived from the most important features discussed above, TNM staging [172]
was obtained for the individuals in this dataset that was described in additional detail in sec. 2.1.1.
For this dataset, clinical and pathological staging information is provided.

Treatment Information The dataset contains additional information if patients received any
form of additional treatment along RP, namely chemotherapy, RT, HT or others. This information
can be divided into treatments prior to RP (neoadjuvant) and adjuvant treatments that were
applied (but planned) after RP. Also, unplanned treatments after RP (salvage treatments) are
documented in this dataset. The thesis considers salvage treatments as disease progression at
time of treatment.

3.2 Image Datasets
The second part of this work deals with PCa datasets that contain H&E stained images of
biopsy cores or TMA spots that were used for GG (see sec. 2.1.2) in clinical practice or research
settings. This thesis deals with TMA datasets from the UKE, NYU and JHU and biopsy data
from PANDA, UPP and MMX. Sec. 3.2.4 provides a brief comparison of the different datasets at
the end of the section.

3.2.1 UKE Dataset
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Fig. 3.4: Event distribution of the UKE dataset. While (left) shows a histogram of event types
over time, (right) shows the corresponding KM curve. FU: lost to follow-up, BCR:
Biochemical recurrence, META: Found metastases.

The main image related dataset of this work is the UKE dataset. The majority of the patient
cohort overlaps with the previously presented MK dataset (see sec. 3.1.4), but the focus of this
dataset are the TMA spots that are provided along with patient survival information instead of
tabular data from the EHRs. Similarly to MK, it contains PCa patients that underwent RP, but
no detailed tabular patient information is provided. Since both datasets are pseudonymized, these
two datasets cannot be merged. This dataset was provided by the Pathology institute of the UKE
and contains 17,700 patients who underwent RP between 1992 and 2014 aged 63.8± 6.4 years
at the UKE with a maximum FU duration of almost 23 years. The cohort’s observed median
PSA level at the point of RP is 6.9 ng/mL (Interquartile range (IQR) of 4.8 ng/mL to 10.5 ng/mL).

RP patients receive a regular FU examination for PCa [207] where PSA levels are measured. This
work defines recurrence in this dataset as a postoperative PSA level of 0.2 ng/mL and increasing
at consecutive measurements. This work defines the individual event label to each patient by
combining BCR, additional unplanned therapy, metastasis or PCa-related death as an event-
of-interest with a duration from the date of RP to the first of the previously mentioned events.
Patients without any record of the previous events are considered censored at the last known
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FU date. Regarding the event-of-interest definition, the median survival duration is 19.2 months
and the median FU duration is 48.5 months. The event distribution of the dataset is 12,444
cases (78.2 %) lost to FU (censored), 3,392 cases (21.1 %) BCR and 69 cases (0.4 %) metasta-
sis as first recorded event after RP. An overview of the events for this dataset is depicted in fig. 3.4.

Furthermore, ISUP grades are derived from the pathological GG and reported for nearly all
patients with a distribution of 510 cases (2.9 %) without cancer and 3,036, 10,228, 2,888, 190, 830
for ISUP grades 1 to 5 respectively. For T-stage (path), 11,509 cases (65.1 %) were staged with
pT2, 6,092 cases (34.4 %) with pT3 and 85 cases (0.5 %) with pT4 while 2 cases were assigned to
pT0 and pT1 respectively.

UKEhv Sub-Datasets

For the 17,700 patients, a large variety of 69,251 images of TMA spots were obtained from differ-
ent digitization protocols, which represent the foundation for building a robust prediction model
in this work. GGs were assigned by examining the whole prostate after RP for every individual
patient. Extending the standard digitization protocol, UKEhv provides additional sub-datasets
that offer more variance to the digitized TMA images as depicted in fig. 3.7. The standard
slicing and staining protocol was extended to create variations in appearance for the scanned
TMAs. An overview for the different number of patients and images for each sub-dataset can be
found in fig. 3.5. Note that these datasets consist only of additional images, not spot-specific
metadata. For evaluation, all of these datasets use the same patient-level information as the
UKE.first dataset that follows the standard protocol. Also, a patient may be included in multiple
sub-datasets. The TMA spots are scanned in bulk on 39 different blocks, that received the same
staining respectively, thus should be similar regarding staining color and brightness.

Fig. 3.5: Overview of the sub-datasets in UKEhv that extend the standard protocol and what
attribute of the sub-dataset varies.

UKE.first The main sub-dataset UKE.first provides 8,123 TMA spots following the standard
digitization protocol of the UKE. It contains a selected TMA spot that is
characteristic for the disease progression of the individual patient. Tissue
samples were sliced at 2.5 µm, stained with H&E for 4 mins and 1.33 mins,
respectively, and digitized by an Aperio scanner under a magnification of 40x
(0.25 µm/pixel). An exemplary block and individual TMAs are shown in fig. 3.6.

UKE.second A second sub-dataset of 7,156 images called UKE.second contains a different
TMA spot that was obtained from another part of the cancerous area of the
prostate for the same patient.

UKE.scanner This collection contains 8,114 images of spots that were scanned by a different
scanner brand, namely 3DHistech scanner at 80x magnification (0.125 µm/pixel).

UKE.thin A collection of thinner cut spots of 1 µm instead of 2.5 µm from 1,602 patients.
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UKE.thick Thicker cut spots at 10 µm instead of 2.5 µm from 1,574 patients.

UKE.long This sub-dataset contains longer stained TMAs with 40 min hematoxylin and
10 min eosin staining from 1,667 patients.

UKE.sealed The last dataset with 827 patients, 4, 097 images, and a maximum of 10 images
per patient is also included. In order to be able to test the developed algorithms
of chapter 7 on a completely unseen internal dataset, only the raw images
were available for this work without any additional information. Image-wise
predictions were evaluated by an external scientist against GG and GIQ grading
from the pathology department. This means that this is the only TMA dataset
where this work’s predictive performance can be compared to a human annotator,
since both utilize the same amount of available images and disregard any
additional information.

Fig. 3.6: UKE.first exemplary TMA block. The block with 110,000×73,000 pixels is cut into 542
individual images with 1,800×1,800 pixels where every individual image shows only a
single TMA spot.
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(a) UKE.first (b) UKE.second (c) UKE.scanner

(d) UKE.thin (e) UKE.thick (f) UKE.long

(g) UKE.sealed

Fig. 3.7: Exemplary TMAs of the UKEhv sub-datasets with visible differences in appearance.
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3.2.2 Prostate Cancer Biorepository Network
This work presents three datasets from the Prostate Cancer Biorepository Network (PCBN) [160].8
Specifically, this thesis utilizes three datasets from two centers described in detail below.

New York University Dataset

The cohort from the New York University (NYU) contains a total of 204 unique patients arranged
in four TMAs. This work excludes patients that received any adjuvant therapy from this dataset.
Additionally, the blocks were digitized using an Aperio scanner with a magnification of 20x
(0.5 µm per pixel). The individual spots were sliced at 5 µm. The TMA blocks are cut into
individual images using QuPath showing only a single spot with a size of 1817x1817 pixels and a
diameter of 0.6 mm. [17] Spots showing non-neoplastic tissue were excluded. After preprocessing
and filtering, this work integrated 515 images of 161 patients with a median of 3 images per patient.
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Fig. 3.8: Event distribution of the NYU dataset. BCR: Biochemical recurrence, PCAD: PCa
related death, FU: Lost to follow-up, PSA low: Low but detectable PSA level, CR:
Clinical Recurrence.

Johns Hopkins University Dataset

The TMA spots provided by the Johns Hopkins University (JHU) were extracted from two
datasets called "Case Natural History of Prostate Cancer" (6 TMA blocks, 235 patients) and
"Case PSA Progression" (16 TMA blocks, 726 patients). The individual spots were cut at 4 µm
and scanned with a Ventana DP2009 and a Hamamatsu NanoZoomer XP10 scanner. In contrast
to the other TMA datasets, the endpoint definition of this dataset in terms of event duration is
only accessible in yearly instead of monthly granularity. These two datasets also contain rich
metadata information like age, race, local recurrence, etc. that was disregarded in this work’s
analysis.

Moreover, the event indication for this dataset was extended to include salvage (unplanned)
treatments after initial treatment as additional events, leading to a censoring rate for this dataset
of under 1 %. This means that this cohort can be considered to be biased towards unhealthy
individuals since it is also showing the highest ratio of M1 (37.2 %) as well as N1 (18.6 %) patients
among the TMA spot datasets.

For integration, the 22 TMA blocks were cut into individual spot images of size 3200x3200 pixels
at a magnification of 40x (0.25 µm/pixel) using QuPath. After preprocessing and excluding
spots showing control tissue, this work integrated 3,575 TMA spot images that show prostatic

8https://www.prostatebiorepository.org/
9https://diagnostics.roche.com/global/en/products/instruments/ventana-dp-200-ins-6320.html

10https://nanozoomer.hamamatsu.com/jp/en.html
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3 Data

adenocarcinoma from 879 patients, with a median of four images per patient.
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Fig. 3.9: Event distribution of the JHU dataset shown as a histogram over the observed event
times (left) and a corresponding KM curve (right). META: found metastases, TRT:
any additional treatment, BCR: Biochemical recurrence, FU: lost to follow-up.

3.2.3 Biopsy Datasets
Lastly, this work integrates several datasets that do not show PCa TMA spots, but biopsies. In
contrast to TMA spots that are solely obtained after RP, biopsies are collected earlier, usually
right after other suspicious findings like a positive DRE. As a result, the patients in these datasets
are more diverse since RP is now only one of multiple initial treatment possibilities described in
fig. 2.4. Further, the endpoint definition for those patients also changes for the datasets as well.
While the PANDA dataset is used for a patch-wise cancer prediction task, UPP and MMX do
not use the time from RP to any form of relapse that was used in the TMA spot datasets, but
the time from biopsy up to the same events of interest.

Another difference of the biopsy datasets lies in the size of individual images. Image widths and
heights vary, but can be hundreds of thousands of pixels for the long side of a biopsy compared to
only up to 4,000 pixels in the TMA datasets. This results in up to billions of pixels per slide and
makes the preselection of relevant image regions more important for these datasets. A comparison
between the image datasets that shows the number of pixels per slide is shown in fig. 3.15.
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3.2 Image Datasets

PANDA Dataset

The PANDA dataset contains biopsy slides and GT tissue and cancer related masks of expert
(uro-) pathologists. PANDA is one of the largest publicly available WSI datasets for PCa Gleason
grading in the world. It was published in the Prostate cANcer graDe Assessment challenge and
a part of the International Conference on Medical Image Computing and Computer Assisted
Intervention (MICCAI) in 2020. An overview of the challenge results of over 1000 teams was
published in [35]. Since the challenge has been completed, the data is publicly available11 along
with a good introduction to the dataset in the official repository12.

The main objective of the challenge is, given a WSI, to predict the ISUP for this biopsy. The
publicly available data consists of 10,616 biopsy WSIs of 2,113 patients and has a total size of
411 GiB with an ISUP annotation illustrated in fig. 3.10. It can be observed that for KAR, most
patients were assigned either ISUP0 or ISUP1 while the distribution is approximately equal for
ISUP0-5 for RAD.

In addition, segmentation masks from the pathologist are provided for each slide that contain
more information about the tissue along with the final ISUP grade for each individual WSI. Note
that the test set images were graded by multiple pathologists. The data for this challenge is
provided by two centers, namely the Karolinska Institute in Stockholm, Sweden (KAR, 5, 456
WSIs) and the Radboud University Medical Center in Nijmengen, Netherlands (RAD, 5, 160
WSIs). Note that the granularity of the segmentation masks differ by center. While both
KAR and RAD provide segmentation masks for the background, healthy, and cancerous tissue
areas, the RAD center additionally includes more fine-grained masks for stroma (connective
tissue, non-epithelium tissue), healthy (benign) epithelium and cancerous epithelium separated
by GG 3-5. It is worth noting the imperfection of the labels that are used in the dataset. The
segmentation masks may contain false positive and false negative regions and the agreement
upon GG and ISUP usually suffers from high inter-rater variability.

Data Format The biopsy slides are provided as tiff images with a maximum magnification of
20x providing a resolution of 0.486 µm/pixel in pyramidal format (see sec. 2.1.2) where additional
downsampled versions of the same image are provided. The biopsy slides are large and have
varying sizes. An exemplary slide of the dataset has a size of 8,960 pixel × 28,672 pixel with two
additional levels of lower resolution, namely 10x (2,240 pixel × 7,168 pixel) and 5x (560 pixel ×
1,792 pixel).
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Fig. 3.10: PANDA image-level ISUP distribution for both medical centers. While (a) compares
the number of images per center for each ISUP grade, (b) shows the ISUP distribution
for each center separately.

11https://www.panda.grand-challenge.org/data/
12https://www.github.com/DIAGNijmegen/panda-challenge/
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3 Data

Uppsala Dataset (UPP)

The UPP dataset from Uppsala, Sweden contains 2,611 unfiltered images of 440 patients from
the publicly available13 SPROB20 image dataset [246] that was enriched by patient endpoint
information. Since some patients in this dataset have multiple biopsies, this work only considers
biopsy images from the latest patient visit and excludes all earlier biopsies. Additionally, slides
without an assigned GG or ISUP were considered as healthy and imputed. After this work’s
filtering steps, up to 10 images per patient from the biopsy are kept. Patients with adjuvant
treatments were excluded from this dataset. Since these patients represent a nearly unfiltered
cohort of PCa biopsy patients, the censoring rate of this work’s event-of-interest in this dataset
is, with 84 %, among the highest observed in this work as depicted in fig. 3.11.

The UPP biopsy slides were obtained from an Aperio scanner on a magnification level of 40x
(0.25 µm per pixel). In total, 1,013 images of 181 patients from this dataset could be extracted
for the evaluation of PCAI. Since this cohort contains patients from a pilot study for magnetic
resonance imaging guided acquisition of prostate biopsies, the number of missed biopsies and
their overall quality may be different, higher or lower, than it would have been if the conventional
procedure had been used. Fig. 3.12 shows randomly selected. It can be observed that the biopsy
images are homogeneous in terms of color.
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Fig. 3.11: Event distribution of the UPP dataset shown as a histogram over the observed event
times (left) and a corresponding KM curve (right). FU: lost to follow-up, META:
found metastases, BCR: biochemical recurrence.

Fig. 3.12: Six exemplary slides of the UPP biopsy dataset.

13https://datahub.aida.scilifelab.se/10.23698/aida/sprob20
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3.2 Image Datasets

Malmö Dataset (MMX)

The MMX biopsy dataset from Malmö, Sweden contributes 269 patients with 578 biopsy slides
to this work with up to eight images for a single patient. The median survival and follow-up
time for those patients is 38 and 106 months respectively. The events in this dataset mainly
consist of either metastases or PCa related death of the patient. Notably, the patients’ mean
age of this dataset is 4-8 years older than patients in the other datasets. Also, these patients
show the highest average PSA values combined with high variance at 19.9 ± 44.5 ng/mL. In
contrast to the other datasets, MMX does not provide patient-level but slide-level annotations
of three pathologists for a fairer comparison of our algorithm to individual humans. The three
pathologists of two centers (Aachen and Uppsala) were instructed to annotate the 578 biopsy
slides individually without further patient information on patient level. The images of this
dataset were digitized using a Hamamatsu and Ventana scanner at 40x magnification resulting
in individual slide images with a resolution of 0.23 µm/pixel.

Fig. 3.13: Exemplary slides of the MMX biopsy dataset.
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Fig. 3.14: Event distribution of the MMX dataset with a histogram over the observed event times
(left) and a corresponding KM curve (right). FU: lost to follow-up, META: found
metastases, PCAD: PCa related death.
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3.2.4 PCa Database
This section describes the aggregation of all PCa related datasets previously discussed into one
database. Also, preprocessing steps like data cleaning and filtering are applied to work with high
quality datasets for the individual purposes analyzed in this thesis. This process allows EHR and
image data comparison between the different datasets. The following section gives a comparative
overview of these datasets in terms of EHR data and analyzes dataset differences in the provided
images.

Patient Comparison

Since seven PCa related datasets are used in this work (MK, UKE, NYU, JHU, UPP, MMX,
PANDA), a comparison between basic attributes of those patients is performed. Firstly, a
distinction can be made regarding the type of data that is provided in those datasets. While MK
provides detailed tabular patient information of each individual RP, the remaining datasets are
image-related. UKE, NYU and JHU provide one or multiple TMAs per patient, also from the
RP. The last three datasets, namely UPP, MMX and PANDA contain images from biopsies that
were obtained prior to initial treatment.

Moreover, basic survival characteristics of these datasets can be found in tab. 3.3, In terms of
dataset size, UKE and MK contain the most patients with (17,700 and 16,953 respectively) with
a large overlap in patients. PANDA provides 2,113 patients while the other datasets contain 959
(JHU), 440 (UPP), 357 (MMX) and 202 (NYU) patients respectively.

Image Comparison

The datasets are divided into TMA spot datasets and biopsy datasets. TMA spot datasets
are from UKE, NYU and JHU. The biopsy dataset sources are PANDA, UPP and MMX. All
datasets are used for time-to-event prediction except for the PANDA dataset that is used for a
patch-wise cancer prediction task for the cancer prediction model (CI) in chapter 6. General
image properties among the datasets are illustrated in tab. 3.4. The images are scanned from
multiple scanner vendors (Leica Aperio, 3DHistech, Ventana and Hamamatsu) with varying
maximum magnification levels from 20x (0.5 µm/pixel) to 80x (0.125 µm/pixel). Additionally, the
images may vary in size and resolution as shown in fig. 3.15. Further, the HSV color histograms
of the datasets appear different as visualized in fig. 3.16. While JHU is shifted to bluer hues,
UKE.scanner and two smaller parts of UKE.first and UPP show a redder hue distribution. Also,
the distribution of UKE.thick shows the highest and UKE.thin the lowest saturation distribution
respectively. For the value channel, UKE.scanner shows the brightest while JHU and UPP show
the darkest value channel distribution respectively.

3.3 Additional Data Sources
Beyond datasets described in this chapter that were used in this work, there are several other
related datasets for comparable applications, like in different organs or with longitudinal EHR
data. A selection of these datasets that might be valuable for related projects can be found in
the appendix at appendix A.
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Fig. 3.15: Comparison of the number of pixels per image. A histogram for each image dataset
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Note that all biopsy datasets (namely, UPP, MMX and PANDA) contain up to three
magnitudes more pixels than TMA spot images also with more variance. The TMA
spot datasets NYU and JHU were cut into a predefined fixed size.
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Tab. 3.3: Survival characteristics for the image datasets showing the (sub-) dataset name, type:
image type, number of patients npat, number of images nimg, median number of images per
patient µ̃img, median survival- µ̃surv and median followup µ̃fu time in months as well as the
censoring rate c[%]. The last row aggregates the characteristics over all datasets where the
relevant data is present.

(sub-) dataset type npat nimg µ̃img µ̃surv µ̃fu c[%]
UKE.first TMA 15905 21093 1 19.2 48.5 78.2
UKE.second TMA 15905 20510 1 19.2 48.5 78.2
UKE.scanner TMA 16485 19008 1 20.1 48.7 78.2
UKE.thin TMA 2603 2880 1 29.7 84.0 74.5
UKE.thick TMA 2603 2880 1 29.7 84.0 74.5
UKE.long TMA 2603 2880 1 29.7 84.0 74.5
UKE.sealed TMA - 4263 - - - -
NYU TMA 202 726 3 46.2 175.4 76.7
JHU TMA 955 6236 6 192.0 24.0 0.3
UPP Biopsy 440 2611 5 25.2 82.3 92.9
MMX Biopsy 357 777 2 38.4 106.5 80.7
PANDA Biopsy 2113 10616 - - - -
total 60171 94480 1 22.3 50.0 76.4

Tab. 3.4: Image-related properties of this work’s image datasets showing the dataset’s tissue type
(TMA=T or biopsy=B), mean ± std of the number of pixels on the long and short edge of each
image, used the scanner vendor(s) (APE=Leica Aperio, 3DH=3DHistech, HAM=Hamamatsu,
VEN=Ventana), mag.=maximum magnification level and the resulting physical resolution in
µm/pixel.

(sub-) dataset #pixels long edge #pixels short edge scanner(s) mag. µm/pixel
UKE.first 2900 ± 200 2900 ± 200 APE 40x 0.25
UKE.second 2900 ± 0 2900 ± 0 APE 40x 0.25
UKE.scanner 6100 ± 0 6100 ± 0 3DH 80x 0.125
UKE.thin 2900 ± 0 2900 ± 100 APE 40x 0.25
UKE.thick 2900 ± 0 2900 ± 0 APE 40x 0.25
UKE.long 2900 ± 0 2900 ± 0 APE 40x 0.25
UKE.sealed 3100 ± 200 3100 ± 200 APE 40x 0.25
NYU 1800 ± 0 1800 ± 0 APE 20x 0.5
JHU 3600 ± 0 3600 ± 0 HAM, VEN 40x 0.23
UPP 67100 ± 16300 28800 ± 8100 APE 40x 0.25
MMX 64900 ± 22000 30200 ± 17400 HAM, VEN 40x 0.23
PANDA 26100 ± 8600 15900 ± 8900 APE, 3DH, HAM 20x 0.486
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Fig. 3.16: KDE of hue, saturation and value channel for all image datasets after excluding the
background.
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4 Discrete Calibrated Survival
Prediction

4.1 Introduction
This chapter introduces Discrete Calibrated Survival (DCS), a DL-based, recurrent survival
model that extends the work of DRSA and KAM to achieve SotA discrimination performance
while being well calibrated for tabular EHR datasets. The thesis compares DCS to five competing
survival models, namely CoxPH, DeepSurv, CoxTime, DRSA and KAM. The evaluation shows
that DCS improves discriminative performance on three public medical tabular datasets (SUP-
PORT, METABRIC, and FLCHAIN) from sec. 3.1, while achieving the best overall calibration
among discrete-time models.

The performance gain in discrimination of DCS can be attributed to two novel ideas. First,
DCS features a modified DRSA architecture that allows variable temporal output node spac-
ing of discrete predictions over time. The best results were obtained with data-driven node
spacing that ensures a uniform distribution of censoring and real events per discrete time step.
This equal distribution of events allows for a more balanced training on each of the predicted steps.

Also, DCS features a novel loss extension that optimizes the use of not only comparing uncensored
(called event-to-event, or EE) individuals, but also taking into account censored patients (event-
to-censored or EC) to improve discriminative performance.

4.2 Methods
4.2.1 Data
The model developed in this chapter uses the three EHR datasets, namely SUPPORT, METABRIC,
and FLCHAIN. As described in sec. 3.1 these datasets were selected since they show variations
in survival-related properties like median survival duration (from only 57 days to 85 months in
METABRIC), censoring rate (from 32 % in SUPPORT to 72 % in FLCHAIN) and number of
proportional features (see sec. 2.5.1) that varies from 25 % in FLCHAIN to 79 % in SUPPORT.
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4 Discrete Calibrated Survival Prediction

4.2.2 Model Architecture

Following the definitions of sec. 2.3, this section explains the development of the discrete time
DL-based survival prediction model for a survival curve Ŝ(t|x), given the input vector of features
xi for an individual i at fixed time points t ∈ {t1, t2, . . . , tL}. An overview of the full architecture
and objective function for the DCS model is illustrated in fig. 4.1 and described in the following
including variations that were analyzed in appendix C.1.
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Fig. 4.1: Visualization of the DCS network architecture from the individual feature vector x, over
an encoder, decoder and aggregation part to the output of a survival curve prediction
Ŝ(t|x) for t ∈ {t1, t2, . . . , tL}. The red arrows indicate the loss LRPS, which minimizes
the distance from the prediction to 1 before and to 0 after the event time zi. The loss
LDCS

kernel punishes close predictions for individual j compared to i where (zj > zi), as
shown in orange.

The architecture of DCS can be divided into an encoder, decoder and aggregation part that are
explained below.

Encoder

Firstly, a vector x ∈ RM of M concatenated features is fed through a MLP network to produce
an encoding e ∈ Rdemb depending on the input as e = enc(x). In contrast to CoxTime and
DRSA, no positional information (absolute time tl or index l) is concatenated. This simplifies
the encoded latent representation to be the same for all decoder steps described next.
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Decoder

Given an output node spacing vector t = [t1, t2, . . . , tL]T that contains the discrete time points
for the survival prediction, the decoder part of DCS feeds the encoded feature vector e through
a recurrent structure, namely a bidirectional single- or multi-layer LSTM [106] to maximize the
use of temporal information. Further, a skip connection is introduced to concatenate the LSTM
output rl ∈ Rddec for each timestep with the feature encoding vector e to produce the output of
the decoder part of the model architecture ol ∈ R(denc+ddec).

Aggregation

Lastly, the aggregation part of the network reduces the output vector ol of the recurrent
decoder structure to a scalar hazard prediction hl ∈ [0, 1] for all timesteps using another
MLP with a sigmoid activation in the output. The resulting value for a timestep tl defined
as hl = P (t ∈ Vl | t > tl−1) represents the discrete hazard rate (see eq. (2.7)) which is the
probability that the event for the individual happens in Vl given that it did not happen before.
Following sec. 2.3, hazard rates h1, h2, . . . , hL can then be combined to the discrete survival
prediction curve over time Ŝ(tl|x) ∈ [0, 1]L by

Ŝ(t|x) =
l∏

j=1
(1− hj). (4.1)

Output Node Spacing

The DCS network calculates output predictions Ŝ(tl|x) for the discrete intervals Vl with
l ∈ {1, . . . , L}. Prior works [123, 195] use equidistant output node spacing for the discrete
survival prediction task, such that every consecutive inference predicts the survival of a patient
for e.g. every month. While equidistant temporal predictions are a natural choice, they might
not be optimal for model learning given the distribution of training data. To obtain a model
with high-quality predictions for earlier as well as later time-points, this section proposes two
alternative approaches taking the event distribution of the training data into account. For some
datasets, it is reasonable to assume that the difference between surviving 100 and 200 days should
be more important than the difference between 1100 and 1200 days, thus logarithmic spacing
of output nodes is introduced. Moreover, quantile spacing ensures that within each output
interval Vl, the same number of event and censoring cases are observed leading to a uniform
distribution of the training data per predicted time-point. This ensures that the distribution of
the individual event or censoring times zi is approximately equal within each interval Vl. For
the EHR datasets, the number of individuals that experience their event or censoring time in
the corresponding intervals is illustrated in fig. 4.2. A more homogeneous distribution can be
observed for a logarithmic output node distribution compared to the linear spacing for SUPPORT.
Nonetheless, for METABRIC and FLCHAIN this distribution does not show a homogeneous
event distribution of individuals, thus introducing the data-driven quantile spacing approach.
The three strategies are analyzed in additional detail below.

Linear spacing This thesis defines the three aforementioned alternatives for the spacing vector
t = [t1, t2, . . . , tL]T depending on the number of predicted time points L and the maximum event
time tmax in the following. Firstly, linear spacing divides the time interval from 0 to tmax such
that

tl =
⌈
l

L
tmax

⌉
for l ∈ {0, . . . , L} (4.2)

defines an equal distance between all output nodes where ⌈·⌉ rounds up to the nearest integer.
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4 Discrete Calibrated Survival Prediction

Logarithmic spacing Likewise, logarithmic spacing is defined as an equidistant placement of
output nodes in the log-transformed time space. Here, t0 is set to 0 while all others are defined as

tl =
⌈

exp10

(
l

L
log10 tmax

)⌉
for l ∈ {1, . . . , L} (4.3)

where exp10(·) is defined as 10(·).

Quantile spacing Lastly, quantile spacing is defined in a more data-driven approach by
ensuring a uniform event and censoring distribution for all output nodes. This is achieved by
dividing the interval (0, tmax] as follows. Recall that z = [z0, z1, . . . , zN−1] contains all event and
censoring times for the analyzed dataset. Further, let z̃ = [zπ0 , zπ1 , . . . , zπN−1 ]T contain those
event times zi for all N individuals in ascending order where zπ0 contains the smallest event
time, zπ2 the second smallest etc. For an equal distribution of event or censoring times, the
boundary tl is then defined as

tl = z̃⌊ lN
L ⌋ (4.4)

where the ⌊ lN
L ⌋-th elements of the sorted event times are chosen as the interval boundaries. This

leads to a partition of the observation window into intervals with approximately the same number
of observations as

Vl =
(

z̃⌊ (l−1)N
L ⌋, z̃⌊ lN

L ⌋

]
. (4.5)
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Fig. 4.2: Histogram of the number of events (gray for di = 0, red for di = 1) per output interval
(depicted by dashed lines) on the three EHR datasets and the varying output node
spacing (left is linear-, middle is logarithmic- and right is quantile output node spacing).
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4.2.3 Objective Function
The objective function of DCS builds upon ideas from [123] where special attention is given
to calibration. Likewise, the objective function of DCS is a weighted linear combination of a
discriminative and a calibration loss term described below.

Calibration

Firstly, to account for proper calibration, DCS includes the RPS calibration loss introduced
in [123]. It punishes individual survival curve predictions Ŝ(t|xi) lower than 1 for t < zi, and
predictions Ŝ(t|xi) greater than 0 for t ≥ zi. As previously defined, let Ŝ(tl|xi) denote the
estimated survival curve at time tl with the individual i’s feature vector xi. Additionally, let
li ∈ {0, 1, . . . , L− 1} be the index of the interval that contains the event time so that zi ∈ Vli .
The first part of the objective function is the rank probability score (RPS) defined as

LRPS = 1
nL

n∑
i=1

[
di

L∑
l=1

(
Ŝ (tl | xi)− 1l<li

)2
+ (1− di)

li∑
l=1

(
Ŝ (tl | xi)− 1

)2
]
. (4.6)

where the loss is normalized to the number of timesteps L and number of individuals n. Un-
censored individuals contribute a MSE loss similar to the calculation of the BrS (see eq. (2.22))
that compares the individual’s estimated survival function to a prediction that drops from one
to zero at the time interval Vli

of the event or censoring time. Moreover, censored individuals
(di = 0) only contribute up to the interval of censoring where a deviation from a constant survival
prediction of 1 is punished.

Discrimination

The second loss term from [123] emphasizes proper discrimination of the model predictions by
penalizing the wrong order of pairwise comparisons for all uncensored individuals as

Lkernel =
n∑

i=1

n∑
j=1

Ai,j exp
(
− 1
σ

(
Ŝ (zi | xj)− Ŝ (zi | xi)

))
(4.7)

where every non-zero entry of Ai,j = 1(i ̸=j,di=dj=1,zi<zj) denotes the entry in the i-th row
and j-th column of A ∈ {0, 1}n×n with n being the number of individuals in the dataset that
corresponds to a single comparison of two uncensored individuals i and j. Since only cases for
zi < zj are compared, the predicted survival curve for the individuals at zi, namely Ŝ(zi|xi) is
expected to be smaller than the corresponding survival curve of individual j at the same point in
time zi described as Ŝ(zi|xj).

This thesis extends eq. (4.7) to not only include event-to-event (EE), but also event-to-censoring
(EC) comparisons of two individuals i and j following the aforementioned definitions. The
extension utilizes the fact that for those individuals where zi < zj , the censoring indicator dj

becomes irrelevant since the individual j lived longer than i which allows the inclusion of this
comparison. Formally, the condition of the masking matrix A in (4.7), that only includes EE
comparisons, is relaxed to the new condition (di = 1, zi < zj) that adds EC comparisons in the
novel masking matrix B ∈ {0, 1}n×n, resulting in the discriminative loss part of DCS as

LDCS
kernel = 1

|B|

n∑
i=1

n∑
j=1

Bi,j · exp
[
− 1
σ

(
Ŝ (zi | xj)− Ŝ (zi | xi)

)]
, (4.8)

where Bi,j = 1(i ̸=j,di=1,zi<zj) and an additional normalization by the number of actual compar-
isons |B| is introduced. Here |B| denotes the number of non-zero entries in B that corresponds
to the actual number of comparisons that are performed. A comparison of how the relaxation
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4.2 Methods

of the condition in B influences the number of comparisons that are performed is evaluated in
additional detail in sec. 4.2.3.

Furthermore, σ controls the size of the loss for wrongly ordered pairwise comparisons depending
on the difference between the predictions. In other words, the loss for a comparison between
i and j becomes small if Ŝ(zi|xj) is larger than Ŝ(zi|xi). The behavior for different values of
σ is analyzed in additional detail in fig. 4.3. For the visualized exemplary predicted survival
curves in fig. 4.3a, large values lead to more equal punishment of closer survival predictions while
small values for σ diminish the loss influence for a particular difference if the two predictions are
sufficiently distanced.
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(a) Two exemplary survival curves with
the relevant difference highlighted in
red.
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Fig. 4.3: Visualization of the comparison-based loss LDCS
kernel.

Overall Loss

Lastly the two loss parts LRPS and LDCS
kernel are combined using a linear combination with a

weighting factor λ that leads to the final objective function of DCS:

LDCS = LRPS + λLDCS
kernel (4.9)

Comparisons

This section analyzes the relationship between the censoring rate and the number of possible
comparisons that can be drawn from the population if only EE comparisons are performed or if
the additional EC comparisons are considered as introduced in eq. (4.8). The larger the number of
comparisons, the more information can be drawn by the individual models for a survival prediction.

Let a dataset D contain n individuals and have a censoring rate of c ∈ [0, 1). When drawing
two individuals i and j from D at random, under the assumption that censoring is uniformly
distributed throughout the observed event time, the chance of drawing a pair (i, j) that is
comparable regarding LDCS

kernel (4.8) (EE or EC pair) is

P (comparableDCS) =P (di = 1, dj = 1, zi < zj) +
P (di = 1, dj = 0, zi < zj)

(4.10)

and can be estimated by using the censoring rate c of randomly drawing a censored individual
from the dataset. Likewise, an uncensored individual with an actual event is drawn randomly
with a probability of P (E) = 1− c. Under the assumption that, when drawing a random pair
(i, j), the corresponding event times are equally distributed, the probability that the first event
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4 Discrete Calibrated Survival Prediction

time zi is smaller than zj is assumed as P (zi < zj) = 0.5. Firstly, the probability of drawing EE
pairs which corresponds to the number of comparisons in (4.7) can be estimated as

P (comparableEE) = P (di = 1, dj = 1, zi < zj) = (1− c)2. (4.11)

Furthermore, the comparisons where the former event time is uncensored and the latter event
time is censored can be expressed as

P (comparableEC) = P (di = 1, dj = 0, zi < zj) = c(1− c). (4.12)

Combining (4.11) and (4.12) leads to the final estimation for the new number of comparisons

P (comparableDCS) = (1− c)2 + c(1− c) = 1− c . (4.13)

Since eq. (4.7) only compared all uncensored pairs for i and j that led to P (compold) = (1− c)2,
the factor F of more comparisons can be estimated from (4.11) and (4.13) as

Fest = P (comparableDCS)
P (comparableEE) = 1

1− c . (4.14)

This means that, depending on the censoring rate, the number of pairs that can be compared
using the added EC comparisons included in the DCS model can be improved by a factor of
1/(1 − c) which results in a boost in the number of comparisons of 2 for a censoring rate of
c = 50 % or a factor of 5 for a censoring rate of c = 80 %. This number is analyzed in additional
detail for the datasets that were utilized in this chapter in the results section at sec. 4.4.3.

Realization

Following CoxTime [136], calculating the comparison matrix for all possible comparisons of a
dataset may become infeasible depending on the number of individuals in the dataset since it has
a computational complexity of O(n2). Thus, comparisons are only made within each individual
batch. This reduces the number of comparisons that are actually performed for each epoch
during training. Furthermore, the batches are shuffled after each epoch to allow each individual
to be compared not only within the same batch but potentially all other samples throughout the
training process.

For a performance oriented implementation of the loss eq. (4.9) that was introduced in sec. 4.2.3,
a vectorized implementation is used and explained in additional detail in this section. The main
idea is to compute losses of each batch for all individuals in parallel using binary masks to extract
the relevant information.

The two loss parts LRPS and LDCS
kernel are describe in pseudocode in alg. 1 and alg. 2 respectively.

For the individuals with event, the MSE to a curve dropping from 1 to 0 is taken for all predicted
timesteps in grid. Likewise, for the censored individuals the MSE to 1 is taken until the time
interval of censoring with the index li. Likewise, the difference of Ŝ (zi | xj) and Ŝ (zi | xi) is
calculated for all relevant elements of the batch simultaneously. he mathematical operations (not,
and, +, −, (·)2, ⊗, exp) are performed element-wise.
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4.3 Experiments

Algorithm 1: Implementation of LRPS.

Input: grid; // vector of right boundaries of Vi

Input: d; // vector of all (batch) censoring indicators di

Input: z; // vector of all (batch) observation durations zi

Input: Ŝ; // matrix of N x L survival curve predictions

1 N ← length(d);
2 L← length(grid);
3 Zis ← repeat(z, n=L, axis=1);
4 Dis ← repeat(d, n=L, axis=1);
5 t<zi

← repeat(grid, n=N , axis=0) < Zis;

6 losses_unc = Dis and
(

Ŝ− t<zi

)2
losses_cen = [ (not Dis) and t<zi

] and
(

Ŝ− 1
)2

;

7 loss ←
∑

(losses_unc + losses_cen);
Output: RPS loss contribution combined for all individuals of the current batch

4.3 Experiments

4.3.1 Implementation
In the experiments, the CoxPH model from lifelines14, as well as DeepSurv and Cox-
Time from pycox15 are integrated. DRSA, KAM and DCS models were self-implemented
in Tensorflow 2.5.0 and Python 3.8.7. The implementation uses external implementations of
the C-index-td (pycox) and CDAUC (scikit-survival16). DDC was self-implemented following
sec. 2.4.4. For optimization, AdamW [152] was used including optional weight decay and gradient
clipping. The overall code with all datasets, baseline models, pipelines, hyperparameter tuning,
and metrics can be found in a public repository.17

4.3.2 Hyperparameter Tuning
For hyperparameter tuning, scikit-learn18 wrappers for all models were used for the prepro-
cessing workflows and datasets.

Bayesian [255] parameter search from scikit-optimize19 was used to find the optimal hyper-
parameters for each model and dataset individually. The data was split into 60% training,
20% validation and 20% test data stratified by the event indicator. The hyperparameter tuning
objective was set to be validation CDAUC. The test data was only used during the final evaluation
of the model performance reported in sec. 4.4. A detailed description of hyperparameter tuning
and the best parameters for each model can be found in appendix C.1.

4.3.3 Pre- and Post-processing
The dataset features are standardized and imputed, where required. Numerical features are
standardized to a mean of zero and a standard deviation of one. To impute missing values, this
work uses median imputation for numerical and most frequent imputation for categorical features.
Categorical features are one-hot encoded. For the SUPPORT dataset, zeros in heart rate or
14https://github.com/CamDavidsonPilon/lifelines/ [60]
15https://github.com/havakv/pycox from [136]
16https://github.com/sebp/scikit-survival [185]
17https://github.com/imsb-uke/dcsurv
18https://github.com/scikit-learn/scikit-learn [182]
19https://scikit-optimize.github.io/ [104]
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4 Discrete Calibrated Survival Prediction

Algorithm 2: Implementation of Lkernel.
Input: grid; // vector of right boundaries of Vi

Input: d; // vector of all (batch) censoring indicators di

Input: z; // vector of all (batch) observation durations zi

Input: Ŝ; // matrix of N x L survival curve predictions

1 N ← length(d);
2 Mzi>zj ← repeat(z, n=N , axis=1) < repeat(z, n=N , axis=0);
3 Mdi=0 ← repeat(d, n=N , axis=1);
4 B← Mdi=0 and Mzi>zj

5 Li ← get_interval(z, grid); // convert durations zi to interval indices
6 ŜLi ← extract_at(Ŝ, Li); // Only keep Ŝ(zi|xi)
7 ŜLi at xi ← repeat(ŜLi , n=N , axis=1); // Repeat vector to N x N matrix
8 ŜLi at xj ← transpose(ŜLi at xi);

9 losses ← 1
|B| ⊗ exp

[
−1
σ

(
ŜLi at xj − ŜLi at xi

)]
10 loss ←

∑
losses

Output: Kernel loss contribution combined for all individuals or the current batch

respiration rate were also treated as missing values.

To evaluate the continuous- and discrete time models as fairly as possible, all estimations are
evaluated on the same timesteps, namely the corresponding training set event and censoring
times.

4.4 Results
This section shows results of the introduced DCS model regarding discriminative and calibration
performance on the three datasets SUPPORT, METABRIC and FLCHAIN. Furthermore, an
ablation study is performed for the developed overall objective function eq. (4.9).

4.4.1 Quantitative Results
Discrimination and calibration performance of CoxPH, DeepSurv, CoxTime, DRSA, KAM,
and three variants of DCS with linear, logarithmic, and quantile output node spacing on the
SUPPORT, METABRIC, and FLCHAIN test data are compared and depicted in tab. 4.1. To
obtain variance estimations for the model performance, this thesis uses 10-fold bootstrapping and
reports the ’mean ± standard deviation’. The quantitative evaluation focuses on three scenarios,
namely the overall best model per metric, performance gains achieved by DCS’s novel kernel loss
and the novel linear, logarithmic and quantile spacing approaches.

Overall, DCS models reach the best discriminative performance for both the C-index-td (tab. 4.1a)
and the CDAUC (sec. 4.4.1). More specifically, DCS with quantile output node spacing (DCS-
quant) displays top performance in four out of six comparisons. DCS-quant shows the best
C-index-td on the SUPPORT (0.628) and METABRIC (0.698) datasets, while DCS-linear reaches
first place on the FLCHAIN dataset (0.803) (tab. 4.1a). Regarding the CDAUC, DCS-quant
exhibits top performance on the METABRIC (0.773) and FLCHAIN (0.832) datasets, while the
DCS-log model is best on the SUPPORT data (0.658) (sec. 4.4.1).

To specifically understand the influence of the modified kernel loss (4.8) on discriminative perfor-
mance, this thesis compares DCS-linear to KAM. For all three datasets, DCS-linear outperforms
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4.4 Results

Tab. 4.1: Quantitative results for C-index-td, CDAUC and DDC for the compared models on the
three test sets of SUPPORT, METABRIC and FLCHAIN.

SUPPORT METABRIC FLCHAIN
CoxPH 0.594 ± 0.009 0.638 ± 0.020 0.798 ± 0.007
DeepSurv 0.604 ± 0.012 0.679 ± 0.014 0.795 ± 0.014

co
nt

.

CoxTime 0.612 ± 0.007 0.675 ± 0.019 0.790 ± 0.010
DRSA 0.598 ± 0.006 0.661 ± 0.019 0.792 ± 0.018

di
sc

.
KAM 0.610 ± 0.006 0.668 ± 0.023 0.786 ± 0.013
DCS-linear 0.623 ± 0.009 0.694 ± 0.018 0.803 ± 0.011
DCS-log 0.623 ± 0.009 0.674 ± 0.018 0.792 ± 0.008

D
C

S

DCS-quant 0.628 ± 0.009 0.698 ± 0.019 0.794 ± 0.015
(a) C-index-td (↑)

SUPPORT METABRIC FLCHAIN
CoxPH 0.619 ± 0.013 0.686 ± 0.028 0.797 ± 0.019
DeepSurv 0.634 ± 0.016 0.700 ± 0.032 0.800 ± 0.016

co
nt

.

CoxTime 0.647 ± 0.010 0.747 ± 0.020 0.799 ± 0.012
DRSA 0.613 ± 0.008 0.685 ± 0.029 0.814 ± 0.014

di
sc

.

KAM 0.652 ± 0.018 0.727 ± 0.024 0.807 ± 0.018
DCS-linear 0.641 ± 0.012 0.730 ± 0.021 0.813 ± 0.017
DCS-log 0.658 ± 0.011 0.716 ± 0.028 0.824 ± 0.015

D
C

S

DCS-quant 0.657 ± 0.012 0.773 ± 0.023 0.832 ± 0.017
(b) CDAUC (↑)

SUPPORT METABRIC FLCHAIN
CoxPH 0.009 ± 0.003 0.021 ± 0.007 0.001 ± 0.000
DeepSurv 0.010 ± 0.003 0.017 ± 0.006 0.003 ± 0.002

co
nt

.

CoxTime 0.007 ± 0.002 0.009 ± 0.004 0.006 ± 0.001
DRSA 0.193 ± 0.009 0.296 ± 0.024 0.050 ± 0.004

di
sc

.

KAM 0.139 ± 0.006 0.065 ± 0.013 0.006 ± 0.002
DCS-linear 0.141 ± 0.013 0.138 ± 0.010 0.012 ± 0.002
DCS-log 0.055 ± 0.005 0.071 ± 0.006 0.035 ± 0.004

D
C

S

DCS-quant 0.066 ± 0.006 0.027 ± 0.008 0.021 ± 0.004
(c) DDC (↓)

KAM in the C-index-td (SUPPORT 0.628 vs. 0.610, METABRIC 0.694 vs. 0.668, FLCHAIN
0.803 vs. 0.786). Similarly, DCS-linear surpasses KAM in the CDAUC on METABRIC (0.730 vs.
0.727) and FLCHAIN (0.813 vs. 0.807), while it is worse on the SUPPORT (0.641 vs. 0.652) data.

Lastly, it is interesting to observe that the continuous time models CoxPH, DeepSurv, and
CoxTime outperform the discrete DRSA and KAM models in the C-index-td. Continuous time
models reach the best calibration as measured by DDC, while DCS-quant reaches the best
calibration performance of all discrete time models (sec. 4.4.1). For instance, CoxTime features
a slightly lower (better) DDC as compared to DCS-quant across all datasets (SUPPORT 0.066
vs. 0.007, METABRIC 0.027 vs. 0.009, FLCHAIN 0.021 vs. 0.006). Among the discrete time
models, DCS-quant shows superior performance compared to DRSA on all datasets (SUPPORT
0.066 vs. 0.193, METABRIC 0.027 vs. 0.296, FLCHAIN 0.021 vs. 0.050) and to KAM on two
out of three datasets (SUPPORT 0.066 vs. 0.139, METABRIC 0.027 vs. 0.065, FLCHAIN 0.021
vs. 0.006).
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4 Discrete Calibrated Survival Prediction

4.4.2 Ablation Study: Objective Function
To compare the influence of the competing loss parts of the algorithm on the three datasets, an
ablative study is performed with 10 individually trained models per case and dataset on otherwise
equal hyperparameters. The previously found best DCS quantile models per dataset are ablated
in the following way: Four different losses are used to train individual models per dataset that
ablate the loss from eq. (4.9). The variants shown include one model that is exclusively trained
on Lkernel, one only on LDCS

kernel, one only on LRPS, and one is trained on the final combination of
both losses in eq. (4.9). Fig. 4.4 shows the results of the ablation study. Detailed numbers for
each analyzed loss combination can be foundalet in tab. A5. As expected, it can be observed
that only training on Lkernel leads to the worst results regarding calibration for all datasets, also
with large differences in discriminative performance (standard deviation regarding CDAUC of up
to 3.8 percentage points) for the FLCHAIN dataset. Further, training exclusively on LRPS leads
to better calibration performance compared to Lkernel for all three datasets, but may lead to
worse discriminative performance, as can be observed for SUPPORT (CDAUC: LRPS 0.639 vs.
Lkernel 0.645). Using the aggregated loss of the two leads to better discriminative performance
at the cost of worse calibration scores regarding DDC that is approximately doubled for all three
datasets.
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Fig. 4.4: Ablative loss analysis for DCS showing the old kernel loss Lkernel, the extension LDCS
kernel,

LRPS and the final combination of LDCS per dataset over the log DDC and CDAUC
metrics (background colored by their harmonic mean). The standard deviation for
the ten models that were trained per variant and dataset are shown as horizontal and
vertical error bars.
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4.4 Results

4.4.3 Number of Comparisons

Tab. 4.2: Number of old (|A|) and new (|B|) possible comparisons for each analyzed dataset. Also
included is the number of patients, censoring rate and the factor of old over new comparisons
F = |B|/|A|.

#Patients Censoring rate |A| |B| F

SUPPORT 8873 32 % 1.81 × 107 3.41 × 107 1.9
METABRIC 1904 42 % 6.08 × 105 1.25 × 106 2.0
FLCHAIN 7874 72 % 2.35 × 106 1.34 × 107 5.7

One of the novel ideas presented in this chapter is the addition of censored individuals to the
discriminative loss part. The estimated number of comparisons can be compared to the actual
number of comparisons for the analyzed datasets shown in tab. 4.2. Fig. 4.5 shows that the
estimation closely matches the number of old comparisons for all datasets. Fig. 4.5a illustrates
the relative amount of comparisons performed compared to all possible pairs that can be drawn
from the dataset. It is shown that, for higher censoring rates, the factor F suggests that the
approach allows for significantly more comparisons on datasets with high censoring rates (e.g.
70 % censoring leads to a factor of more comparisons of approximately 3 for uniform censoring and
over 5 for FLCHAIN) in fig. 4.5b. Note that the observed factor F is even higher than predicted
for real-world data sets, indicating that the assumption of a uniform censoring distribution is
violated. Furthermore, tab. 4.2 shows that the maximum number of possible comparisons for
SUPPORT is raised from 1.81× 107 to 3.41× 107, a factor of F = 1.9, for METABRIC from
6.08× 105 to 1.25× 106 and for FLCHAIN from 2.35× 106 to 1.34× 107.
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Fig. 4.5: Observed and estimated number of comparisons over the censoring rate for SUPPORT,
METABRIC, and FLCHAIN including the estimations for perfectly uniform censoring
rates.
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4.5 Discussion
The result section shows that all spacing variants of the DCS model show improvements compared
to the other models analyzed with respect to discrimination and calibration for the three analyzed
datasets. DCS boosts the discriminative performance regarding C-index-td and CDAUC and
outperforms the discrete, DL-based baseline models regarding calibration except for KAM on
FLCHAIN. These results suggest that both, the novel kernel loss (4.8) and the new output
spacing increase discriminative performance robustly outperforming all competing models. Over-
all, (quantile) output node spacing can be used to boost both, calibration and discrimination
performance of DL-based, discrete time survival models.

DCS-quant reaches the best calibration performance for the analyzed discrete time models (DRSA
and KAM) for two of three datasets. While DCS-quant shows the best calibration for discrete
time models, it is worse than the calibration of the continuous time models (CoxPH, DeepSurv,
and CoxTime). Nonetheless, DCS-quant is not able to improve results regarding calibration
performance when compared to the continuous time models that were evaluated. A reason for
the good calibration of continuous time models, at the cost of inferior discrimination, might
be that the time-dependent baseline hazard already defines a reasonably calibrated population
wide survival estimate. This could suggest that those models might suffer from bad calibra-
tion if subsets with differing survival distributions exist. An explanation of poorer calibration
performance for the discrete models lies in the hyperparameter tuning setup. Since the two
parts of the overall objective function in eq. (4.9) are combined linearly by λ that is included in
hyperparameter tuning, it should not be optimized only on a single metric like CDAUC that
focuses on discriminative performance. The optimal value of λ may then neglect adverse effects
regarding calibration performance. This problem is addressed in the next chapter by introducing
a combined hyperparameter tuning objective metric (see sec. 5.2.5).

The results also indicate that the commonly used C-index-td might not be the best metric to
evaluate discriminative performance for survival prediction models with potentially crossing
survival curves. While the C-index-td for FLCHAIN yields nearly similar values for all the
inspected models, CDAUC shows clearer differences in model performance.

4.6 Conclusion
This chapter presented a novel DL-based survival model, called DCS, with SotA discrimination
and good calibration. It utilized ideas of previous approaches like non-linear feature depen-
dency [126], predicting on discrete timesteps [123,195], and allowing more complex input encoding
by multiple layers but disregarding positional encoding before the decoder structure. Two novel
features that are introduced in DCS seem to be primarily responsible for this performance increase.

Firstly, an extension of the Lkernel is introduced, which additionally includes event-to-censoring
(EC) pairs during training to boost discrimination. It is shown that LDCS

kernel (from eq. (4.8))
increases the number of performed comparisons for the analyzed datasets by a factor of approx-
imately 2 to 6 depending on the censoring rate of the dataset compared to the baseline from
eq. (4.7). It could be shown in sec. 4.2.3 that the number of comparisons can be improved
by a factor of 1/(1 − c) depending on the censoring rate c and assuming a uniform censoring
distribution. Comparing this estimate to the real world datasets shows that this number is
even higher in practice. These additional comparisons improve discriminative performance with
respect to C-index-td and CDAUC in the three analyzed datasets. This can also be observed in
the ablation study (see sec. 4.4.2) for the objective functions that allows a direct comparison
of the discriminative and calibration performance for the loss combinations. While LRPS alone
produces reasonable performance regarding CDAUC and DDC, combining it with LDCS

kernel boosts
the discriminative performance for all three datasets at the cost of lower calibration performance
that might be a trade-off worth taking in practice.
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4.6 Conclusion

Secondly, this thesis introduces three temporal output node spacing options (linear, logarithmic,
and quantile spacing) to increase the model discrimination and calibration. Overall, the quantile
approach provides the best discriminative performance on the three datasets investigated com-
pared to linear- and logarithmic spacing.

Nonetheless, the difference in calibration performance compared to CoxPH must be further
evaluated. The next chapter shows that a proper hyperparameter tuning that incorporates for
discriminative and calibration performance can improve the stability of calibration that can even
outperform the CoxPH approach.

Overall, DCS shows good discriminative and calibration performance for a DL-based survival
prediction model for tabular EHR datasets. The proposed method does not use any specific
adaptations for medical datasets indicating that it would also work outside the medical context
for other survival prediction problems like customer churning analysis or mechanical failure
prediction. The results of this chapter were published in [84] and a public repository is available.20

20https://github.com/imsb-uke/dcsurv
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5 Postoperative Relapse Prediction on
Electronic Health Records

5.1 Introduction
The previous chapter described the realization of a DL-based survival prediction model that
optimized the utilization of survival information from censored individuals, and additionally
allowing non-linear- and time-dependent feature interactions in contrast to the CoxPH model.
To date, multiple, continuously evolving tools to predict oncological and functional outcomes and
complications in PCa patients treated with RP have been established [125,220,242]. However,
the majority of widely used prediction tools are still based on classical statistics with restrictions
discussed in sec. 2.5.1.

Nonetheless, nomograms, as discussed in sec. 2.3 that estimate the likelihood of specific outcome,
which is intricately linked to treatment decisions or recommendations, are still used. While the
nomograms were carefully constructed, it is obvious that a larger number of features and varying
feature representations will eventually lead to more personalized and better predictions. Survival
nomograms are also based on the strong mathematical assumptions of the Cox Proportional
Hazard (CoxPH) [54] model presented in sec. 2.5.1. To recap, the model requires that survival
estimation for an individual can be attributed to a linear combination of input features, and
furthermore that any of these features have a constant effect over time on an individual’s risk
of having an event. Neither of these assumptions can be taken for granted, in particular with
the large and heterogeneous datasets that are available today. A meta-study on phase 3 clinical
trials in oncology revealed that 24 % of PH assumptions were violated [191]. Further limitations
are homogeneity and selection bias of the development cohort, lack of external validation and as
a result failing generalization. Since existing nomograms are limited to a predetermined set of
predictors, they potentially miss valuable information present in the data that was lost during
feature engineering. In addition, non-linear interactions between predictors are mostly ignored.
Finally, nomograms show little flexibility in including different data types or in choosing data
models beyond multivariate regression or survival models, which become accessible with modern
DL approaches accounting for multimodality.

This chapter evaluates the survival prediction model DCS that reaches state-of-the-art discrimi-
nation and calibration on the MK dataset that was introduced in sec. 3.1.4. The dataset with
16,953 PCa patients that received RP at the Martiniklinik contains a rich feature set of over 90
features and followup information of up to more than 20 years. The results regarding relapse
prediction are compared to the classical method for PCa relapse prediction, namely the CoxPH
model, that is the basis of PCa-related nomograms [125,220] (see sec. 2.2.1).

To determine the best possible set of features for the BCR relapse prediction task, the large
feature set is divided into semantically connected feature blocks. Within each of those blocks, the
best representation (e.g. GG represented as primary and secondary, as a sum or as percentage
of the total tumor) for the individual features is analyzed by choosing the best univariate
survival prediction model. After identifying the best representations based on univariate survival
models, the semantic blocks of features are combined into a multivariate model and evaluated
in terms of discriminative and calibration performance. Also, feature importance is analyzed
using a step-by-step inclusion of the previously defined feature blocks regarding discriminative
performance.

69



5 Postoperative Relapse Prediction on Electronic Health Records

Lastly, with the found DCS-based survival model that yields the best overall discrimination,
downstream analysis is performed to generate additional insights in the connections between
different features. Therefore, a clustering approach is introduced to obtain risk group estimations
based on the predicted survival curves.

5.2 Methods
The following section presents the necessary methods to build and evaluate the DCS survival
model for this dataset in additional detail. After the cohort selection is presented, the most
important features (including alternative encodings) for the task of relapse free survival after
RP are shown. The baseline models that DCS compares to are introduced as well. Further,
downstream analysis of the results is presented.

5.2.1 Cohort Selection
The analyzed dataset of this chapter was introduced in sec. 3.2.1. It provides a total of 16,953
PCa patients that were treated with RP in the Martiniklinik in Hamburg, Germany between
1992 and 2018. This chapter further focuses on the sub-cohort of patients who received RP
between 2008 and 2018, had no missing values in relevant fields, and participated in the yearly
follow-up questionnaires. The detailed selection criteria with the filtering steps are presented in
fig. 5.1a, resulting in a final cohort of 9,767 patients.

(a) Filtering steps for proper evaluation of BCR
relapse prediction. Created with BioRen-
der.com

MK dataset
#Patients 9,767
#BCR 2526
Censoring rate 74%
Median time-to-BCR 19 months
Median FU time 61 months

(b) Basic characteristics of the filtered dataset.

Fig. 5.1: MK dataset filtering steps for the final dataset and basic characteristics shown in (b).
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Endpoint

Moreover, the follow-up data of these patients was observed for more than 10 years for the
following endpoints: biochemical recurrence (measured as PSA level at routine follow-up), lost
to follow-up (FU, patients received yearly questionnaires; this endpoint may include lost to
follow-up caused by death), metastases, death by PCa, additional therapy.

Fig. 5.1b depicts basic parameters of the extracted MK dataset. It shows a high censoring rate
of 74 % which is even higher than the other tabular datasets previously discussed with 72 % for
FLCHAIN (see sec. 3.1). This further motivates the usage of a survival model like DCS that
extracts as much information of the censored cases as possible. It has a median time-to-event
(BCR) of 19 months, a median FU time of 61 months and 2,526 patients experienced BCR that
is the event-of-interest of this chapter. A detailed table of patient characteristics in the dataset
can be found in tab. A6.

The day of RP was chosen as day 0 for all patients. For further analysis, patients who did not
experience any of the other events were characterized as lost to follow-up (FU) and are considered
censored individuals. A histogram and KM-curve of the event distribution for the extracted
dataset is illustrated in fig. 5.2.
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Fig. 5.2: Endpoint distribution of the filtered MK dataset. Histogram of event types (either BCR
or FU) over time (left) and KM-curve (right).

5.2.2 Feature Selection
The most important features in terms of postoperative relapse prediction of previous models
[123, 220] include preoperative PSA-level, pathological GG in RP specimen, seminal vesicle
invasion (SVI), capsular extension, lymph node invasion (LNI) and positive resection margin
that are further illustrated in fig. 5.3. This work utilizes these features for the development of
the relapse risk prediction models.

5.2.3 Analysis Pipeline
The following section presents detailed information about the data preprocessing pipeline as well
as the used survival models for this chapter.

Feature Representation

Since the MK dataset contains numerical and categorical features, they can be preprocessed in
different ways before a survival model utilizes their information. This thesis analyzes different
strategies to find the best representation of selected features for the aforementioned relapse
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Fig. 5.3: Schematic visualization of relevant predictors in the nomograms: Seminal vesicle invasion
(SVI), lymph node invasion (LNI), extracapsular extension, preoperative PSA level,
positive resection margin and pathological GG.

Fig. 5.4: Possible feature encodings shown for a numerical and a categorical feature vector. The
numerical data is either used unchanged (raw) or log transformed. For categorical data,
either a numeric, one-hot or ordinal representation is used. Created with BioRender.com

prediction task that are shown in fig. 5.4. Numerical features are usually not preprocessed, thus
passed along raw into the survival model. An exception is the PSA value of the patient that
is usually left skewed and therefore commonly log transformed [25, 240]. Further, categorical
features such as T-stage (path) or different variations of Gleason grading need to be preprocessed.
Different representations for this data are possible depending on their inherent information.

Firstly, a one-hot encoding where the individual representation of a categorical feature xraw ∈
{c0, c1, . . . , cM−1} with M distinct categories ck is converted into M binary feature vectors per
individual as

one-hot: xOHk
= 1ck=xraw for k ∈ {0, 1, . . . ,M − 1}. (5.1)

This way, all classes ck are represented independently of each other. A common problem that
occurs with this notation is low variance within the least frequent classes that might lead to
instable or even non-converging training of the CoxPH model. A suggested countermeasure [60]
is to drop those columns from the analysis even though they may contain useful information for
the prediction.
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Secondly, if an ordering exists such that the classes can be interpreted as c0 < c1 < . . . < cM−1,
a numerical or ordinal encoding might be preferred to additionally encode the dependency of the
feature. For a numerical encoding, the ordered list of classes ck is assigned the value k in the
processed feature vector. This work calls this transformation numeric:

numeric: xnumk
= k for k ∈ {0, 1, . . . ,M − 1}. (5.2)

A downside of this approach is that the differences between each categorical value are equidistant.
This property might be preferred for example in t-shirt sizes where the distance between S and
M might be the same as the distance between L and XL, but not in T-stage (path) where the
distance between T1a and T1b is smaller by definition than the distance from T1c to T2a even
though both are only one category below the other. This problem can be addressed by using
ordinal encoding. For this, the raw categorical vector is transformed into

ordinal: xordk
= xraw ≤ k for k ∈ {0, 1, . . . ,M − 1}. (5.3)

This way each individual gets assigned M binary indicators xordk
indicating if at least category

k is present in the individual.

These alternatives are investigated in more detail for different features in sec. 5.3. To sum up,
the following categorical approaches with the corresponding number of extracted features per
individual in parentheses are analyzed:

one-hot (M) + Does not assume equal spacing between the feature values since all are
encoded individually.

- Sparse vectors might lead to stability problems
- No interaction between the categories

numeric (1) Choose ascending integers for the categories in order.
+ Only one column to present the data
- Assumes equal spacing between categories that is sometimes unreasonable

ordinal (M) For all M classes that are present, create ordinal features that show if the
individual’s category is at least k.

+ Ordering is kept
+ Distance between categories can vary
- Sparse vectors might lead to stability problems

5.2.4 Risk Stratification
After generating discriminative individual survival curves for all individuals, it is useful to
generate clinically interpretable categories. These extracted risk groups can help to compare
an individual to a subpopulation with equal risk. To stratify the individual discrete survival
curves Ŝ(t|x) into i risk groups, this work utilizes the individual survival curve predictions for an
individual

[Ŝ(t0|x), Ŝ(t1|x), . . . , Ŝ(tL|x)]T ∈ RL
+ (5.4)

are interpreted as an L-dimensional vector for a clustering algorithm with parameters θCluster.
The clustering algorithm can then be used to label N individuals into one of K specific risk
groups as c ∈ {0, 1, . . . ,K}N where the i-th entry of c corresponds to the risk group of individual
i. The clustering algorithm that is used in this work is K-means clustering [154].

To evaluate if the risk stratification that divides the individuals into disjoint groups have
statistically significantly different survival times, a modified log-rank test with Fleming-Harrington
weights (p = 1, q = 0) is used as encouraged in [144]. The test compares the KM-curves of the
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subpopulations that belong to the same risk group for all pairs of risk groups for statistically
significant differences. If all pairwise tests succeed, the number of risk groups is incremented by
one and the procedure is repeated. This procedure continues with a growing number of disjoint
groups in the clustering algorithm until the log-rank test fails for at least one pairwise comparison.
The pseudocode of the procedure is shown in alg. 4. To avoid leakage, the clustering algorithm is
performed on a training subset while the log-rank evaluation uses a distinct validation set.

Algorithm 3: Log-rank test-based maximum number of risk groups.

Input: Discrete predictions Ŝ(t|x) ∈ RN×L for x in Xtrain ∪Xval, zval and dval,
Confidence level α

1 success ← True;
2 k ← 2;
3 while success do
4 Train θCluster on Ŝ(t|x) to get ctrain ∈ {0, 1, . . . , k − 1}Ntrain ;
5 Infer cval ∈ {0, 1, . . . , k − 1}Nval from θCluster;
6 pairwise_logrank ← Logrankp=1,q=0(cval, zval,dval);
7 if all(pairwise_logrank < α) then
8 Infer ctrain ∈ {0, 1, . . . , k − 1}Ntrain from θCluster ;
9 ctrainmax ← ctrain;

10 cvalmax ← cval;
11 kmax ← k;
12 k ← k + 1
13 else
14 success ← False

15 if k = 2 then
16 raise("No distinction possible!")

Output: Vectors ctrainmax and cvalmax with kmax different risk groups.

5.2.5 Experimental Setup

This section utilizes the same implementation details as presented in sec. 4.3. Similar to sec. 4.3.3,
the MK dataset features are imputed where required. Numerical features are standardized to a
mean of zero and a standard deviation of one. Missing values are median imputed for numerical
and most frequent imputed for categorical features.

Discrimination and Calibration in Hyperparameter Tuning

For hyperparameter tuning, this chapter aims to find the best model regarding discrimination
while also taking calibration performance into account. Since sec. 4.2.3 is a linear combination
of a discrimination and a calibration focused loss part, the weighting parameter λ plays an
important role in the model’s weighting of discriminative and calibration focus. If CDAUC is
used as the only hyperparameter tuning objective, the value of λ will be larger to put more
emphasis on the discrimination part of the loss described in sec. 4.2.3. To avoid such a behavior,
a custom scoring function is introduced from the harmonic mean of CDAUC and DDC as

DCSscore = 2
CDAUC−1 + DDC−1 . (5.5)
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This score combines CDAUC and DDC to account for discrimination and calibration at the same
time. It includes the log-transformed DDC as

DDC = log10(DDC)
log10(1e− 6) (5.6)

since resulting scores may be in the order of multiple magnitudes. It normalizes the log-
transformed DDC between 0 and 1 for DDC ∈ [10−6, 1] where a transformed score of 1 represents
the best score. The resulting scoring function in relation to CDAUC and DDC is illustrated in
fig. 5.5.
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Fig. 5.5: DCS score for hyperparameter tuning based on CDAUC and the log-transformed DDC.

Training Parameters

For DCS, a fixed batch size of 50 is used. All models are trained for 100 epochs. To avoid
overfitting during training, early stopping is added with patience of 10 epochs as well as a 20%
dropout rate. Also, the CoxPH model is tuned regarding step size and L1 regularization but
did not show any model improvement. For hyperparameter tuning and performance evaluation
the data is split into 80% training and 20% test data, respectively. The test data was only used
during the final evaluation of the models. A Bayesian Hyperparameter Search was performed on
the training set using 5-fold cross-validation (CV) with a total of 100 iterations. A composition
of CDAUC and DDC as described in sec. 5.2.5 was chosen as the optimization criterion since it
yielded reasonable results regarding discrimination while also taking calibration into account.
The best model was then retrained on the complete training dataset with the previously found
best hyperparameters.

5.3 Results
This section deals with the results that were generated for the MK dataset. Firstly, the patient
feature characteristics are discussed before individual feature encodings are analyzed for the most
important features using univariate CoxPH and DCS survival models. Further, a multivariate
model is trained based on the best found feature representations. Also, the importance of
semantically connected features, i.e. feature blocks are presented. The importance is estimated
by cumulative inclusion of the feature block that produces the best discriminative performance
regarding CDAUC along with previously included feature blocks. Afterwards, downstream
analysis is performed on the model predictions that yielded the best discriminative performance
by generating risk groups from the predicted survival curves.

Patient Overview

For the filtered dataset that was included in the final analysis, a censoring rate of 78.4 % was
observed meaning that 2,526 patients suffered from BCR at some point after RP. Furthermore,
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7 features or 21.8 % of the analyzed features violate the PH assumption as shown in appendix D.2.

The median age, preoperative PSA level and prostate volume were 65 years (IQR 59-69),
7.33 ng/mL (IQR 5.2-11) and 25 mL (IQR 20-36) respectively. Furthermore, most patients
were diagnosed with a pathological GG of 3+4 (70.1 %), 4+4 (21.9 %) and 4+5 (5.4 %). The
observed T-stage (path) of the cohort analyzed for pT2, pT3 and pT4 was 62 %, 37 % and 0.2 %
respectively. Furthermore, capsular invasion was observed in 36 %, lymph node invasion in 10 %,
lymph vessel invasion in 15 %, positive resection margin in 16 % and seminal vesicle invasion
in 14 % of the dataset. A fully detailed table of the PCa-related patient characteristics can be
found in tab. A7.

Number of Comparisons

As described in sec. 4.2.3, the number of possible comparisons of individuals within the dataset
impacts a survival prediction model’s discriminative performance. The DCS model includes
more comparisons by including censored individuals which is especially useful for datasets with
high censoring rates. For this specific dataset with a censoring rate of 74 %, the ratio of only
uncensored (EE) comparisons (n=3.19× 106) over all possible comparisons (n=4.76× 107) is
6.7 % while including the EC cases (n=1.84 × 107) boosts this number to 38.6 %. This again
emphasizes that the number of comparisons can be increased significantly by including EC cases
utilizing 5.8 times more comparisons than the other approaches that only take EE comparisons
into account.

5.3.1 Feature Encoding
This section investigates the most important features of the dataset for relapse prediction in
additional detail to find the feature representations for a multivariate survival prediction model.
Different feature representations are analyzed by univariate CoxPH and DCS models to estimate
the predictive value for each representation. Only the best feature representation is used for
subsequent analyses.

The MK dataset contains a large variety of PCa related features with multiple representations
along with the endpoint definition that are described in more detail in sec. 3.1.4. Since different
representations of the same data exist, the best representation for the relapse prediction task
of this chapter needs to be found. Therefore, univariate models are trained on the alternative
representations. The model and training parameters that were used to find the best representation
per feature can be found in tab. A8. Afterwards the feature representation with the highest
discriminative score when performing 5-fold CV is selected for further analysis. This section shows
and discusses the results of this process for the most interesting features and their representations
that are illustrated in fig. 5.6.

PSA level

The preoperative PSA level is one of the most important factors in relapse prediction (see
sec. 2.1.4) for RP patients. Since BCR is a recurring rise in this level after RP as described in as
described in sec. 2.1.4, the preoperative value contains predictive value [149]. This thesis analyzes
three alternative encodings for the preoperative PSA level, namely using the raw feature, using a
logarithmic PSA level or calculating the PSA density that relates the PSA level to the prostate
volume [211] (with the number of resulting features in parentheses):

raw (1) The PSA level is provided unchanged in ng/mL

logarithmic (1) As shown in [25, 240], it may be feasible to log-transform the PSA level at least for
the CoxPH model

density (1) Normalizing PSA level by the total prostate volume to calculate the PSA density
[210,211]
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Fig. 5.6a illustrates the predictive performance of only using one of the above alternative en-
codings for the PSA level. It can be observed that a raw or logarithmic encoding performs best
for the MK dataset. Also note that there is a significant difference in performance between the
analyzed models when evaluating the resulting model’s CDAUC compared to equal performance
regarding C-index-td. It is also evident that log-transforming does not significantly alter the
performance of the DCS model, but has a positive effect for the CoxPH approach regarding
CDAUC.

Since the best performance regarding CDAUC is used as the decision criterion, the chosen feature
encoding for the preoperative PSA level is using the raw values for the DCS model which achieves
a median CDAUC of 0.69.
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Fig. 5.6: Results regarding 5-fold CV C-index (left) and CDAUC (right) for univariate CoxPH
(blue) and DCS (orange) models for the different features and feature encodings.
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Gleason Grading

The next important factor that is analyzed regarding feature encoding is the Gleason grading
described in sec. 2.1.2 for biopsies (clinical GG) and TMAs of the RP patients. It is expected
that higher predictive value is found in the pathological GG since it is obtained from the whole
prostate instead of only a (potentially non-representative) needle biopsy.

(a) Length-based clinical quantitative GG (b) Volume-based pathological quantitative GG

Fig. 5.7: Visualization of how GG ratios are obtained for the clinical (a) and pathological (b)
GG. Created with BioRender.com

Biopsy-based Gleason grading Several encoding strategies with different levels of granularity
exist for clinical GG. The obtained grades were documented from the patient’s last biopsy prior
to RP. In this case, the length (in mm) of the biopsy is used for the quantitative estimates of
the different GG encodings (with the number of features in parentheses):

prim+sec (2) Use the primary and secondary GG, namely GGcp and GGcs as two independent
categorical features. For biopsies, this corresponds to the most and worst GG that
was found within the biopsy.

sum (1) The primary and secondary GG are combined into a sum GGcΣ = GGcp + GGcs

ranging from 6 (3+3) to 10 (5+5).

isup (1) Combine the primary and secondary GGc into the ISUP grading system that was
described in sec. 2.1.2 leading to five values ISUP1-5. Further, ISUP0 is additionally
defined if no GG3 or above was found.

length (3) The absolute lengths GGc3len, GGc4len, GGc5len in mm.

percent (3) Define GGci% as the length based ratio of one GG to all others as

GGci% = GGcilen
5∑

j=3
GGcjlen

(5.7)

iq (1) From GGc4% and GGc5%, calculate GIQ (see sec. 2.1.2) as

GIQ = GGc4% + GGc5% + 0.1 · 1GGc5%>0% + 0.075 · 1GGc5%>20% (5.8)

Fig. 5.6b illustrates the results of the univariate survival models. It can be observed that primary
and secondary GG are sufficient to obtain the best discriminative scores regarding relapse
prediction for both models along with ISUP encoding. Both approaches yield median scores of
0.68 - 0.70 for both models regarding C-index-td and CDAUC. It is worth noting that the more
complex and fine-grained biopsy encodings, namely the length of the different GG inside the
biopsy, the transformed percentages, or GIQ showed worse results than both aforementioned
approaches with a difference in CDAUC of approximately 8-10 percentage points (pp) with a
score of 0.58 - 0.61.
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Pathological Gleason grading The MK dataset provides multiple representations of the
Gleason grading that originates from the evaluation of a patient’s TMA spot by dedicated
genitourinary pathologists at the department of pathology of the UKE. Quantitative Gleason
grading was performed as initially described in sec. 2.1.2 based on the found volume (in mL) for
GG3-5. A visual representation of how GGi% and GGit% are obtained can be found in fig. 5.7b.
This work compares the following alternative representations with the number of features in
parentheses:

prim+sec (2) Use the primary and secondary GG, namely GGp and GGs as two independent
categorical features. For TMAs, this corresponds to the most and second most GG
that was found in the TMA spot.

prim+sec+tert (3) Combine the previously mentioned approach with the tertiary GG.

sum (1) The primary and secondary GG are combined into a sum GGΣ = GGp + GGs

ranging from 6 (3+3) to 10 (5+5).

isup (1) Combine the primary and secondary GGc into the ISUP grading system that was
described in sec. 2.1.2 leading to five values ISUP1-5. Further, ISUP0 is additionally
defined if no GG3 or above was found.

volume (3) The absolute volumes GG3vol, GG4vol, GG5vol in mL.

percent (3) Define GGi% as the volume based ratio of one GG to all others as

GGi% = GGivol
5∑

i=3
GGivol

(5.9)

total percent (3) Define GGit% as the ratio of one GG over the total volume of the removed prostate
Vprostate (in mL) as

GGit% = GGivol

Vprostate
(5.10)

iq (1) From GG4% and GG5%, calculate the GIQ as described in sec. 2.1.2 as

GIQ = GG4% + GG5% + 0.1 · 1GG5%>0% + 0.075 · 1GG5%>20% (5.11)

As shown in fig. 5.6c, the more complex quantitative representations, namely volume, percent,
total percent and GIQ yield the best results for the pathological GG. It can also be observed that
the CoxPH model performs worse than the DCS model throughout all representations regarding
median CDAUC and especially with the raw tumor volume representation where it lacks 7 pp
behind the DCS model. This gap is reduced to 3 pp when the percent encoding is used. This
result shows that the non-proportional and dependent features like percentage values can provide
more information regarding relapse prediction even though the CoxPH assumptions are not met.
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Staging Information

TNM-staging as introduced in sec. 2.1.1 provides a categorical classification of an individual’s
cancer severity. For the MK dataset, the pathological T-staging contains patients with 6 of a
total of 14 different levels, namely pT2c, pT3a, pT3b, pT2a, pT4 and pT2b in descending order
of occurrence. This categorical data can be represented in different ways. The following were
analyzed with results shown in sec. 5.3.1:

one-hot (13) A patient with T-stage T1b would be assigned the vector [0, 1, 0, . . . , 0] for
the corresponding ordered stages.

ordinal (13) Instead of converting a categorical feature into many unrelated binary indica-
tors, ordinal encoding preserved the ordering. This is achieved by encoding
the same number of features by asking "is the current T-stage at least" the
corresponding group. This way, feature vectors in the form [1, 1, . . . , 0] are
created for each individual that start with ones on the left as long as the
individual’s T-stage is at least as bad as the comparing group.

numeric (1) Numeric encoding also preserves the ordering of the groups, but only uses a
scalar per individual. This implies that the difference of two adjacent groups
is the same throughout the encoded categories.

It can be observed that the encoding of T-stage (path) does not influence the discriminative
performance, but that the DCS model outperforms that CoxPH approach regarding CDAUC
where a median of 0.77 is achieved for all encodings outperforming the CoxPH approach by 3 pp.
Also, it is worth noting that this difference does not show in the C-index-td metric.
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Fig. 5.8: Univariate 5-fold CV results for different predictors shown on C-index and CDAUC
performance.

Other Parameters

Other parameters, namely the patient’s age, resection status, lymph node invasion, seminal vesicle
invasion and capsular invasion are provided to the network as numerical or binary indicators.
The individual performances for those features can be found in sec. 5.3.1. It can be observed
that capsular invasion shows the highest individual performance also with the largest difference
in CDAUC (0.72 for DCS, 0.68 for CoxPH) when comparing the medians the two models.

Summary

The previous section analyzed the individual predictive performance of feature encodings for
several parameters that are known to be informative to predict relapse free survival after RP. The
chosen features with corresponding encodings are the preoperative PSA level (as a raw feature),
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path. GG (with the more complex percentage encoding since it yielded the best median score
for both models combined), CI, LNI, positive resection margin and SVI as additional, binary
predictors. All other features were discarded from the following evaluation. Specifically the
T-stage (path) was excluded since the attributes that define it are already included as individual
features (e.g. capsular extension or lymph node invasion) as described in tab. 2.1.

5.3.2 Quantitative Comparison
A quantitative evaluation is performed for the best found features with corresponding encodings.
For this, a multivariate DCS and CoxPH model is retrained on the training set and evaluated
on the previously unseen test set. To estimate performance variance on the test set, it is boot-
strapped 20 times with the same size as the original test dataset. The results are reported as
mean ± standard deviation in tab. 5.1.

Tab. 5.1: Performance evaluation of CoxPH vs. DCS regarding discrimination and calibration
metrics. (↑) indicates that higher values are better, (↓) that lower values are better.

CoxPH DCS
C-index-td (↑) 0.810 ± 0.010 0.817 ± 0.009
CDAUC (↑) 0.846 ± 0.009 0.864 ± 0.011
IBrS (↓) 0.127 ± 0.005 0.120 ± 0.006
DDC (↓) 0.006 ± 0.002 0.004 ± 0.001

Regarding C-index-td, DCS outperforms CoxPH slightly (0.817 vs. 0.810). When comparing
CDAUC, DCS shows higher discriminative performance (0.864) than CoxPH (0.846). Notably,
DCS also scores higher regarding calibration performance. Specifically, a higher performance
could be observed in IBrS (DCS 0.120 vs. CoxPH 0.127) and DDC (DCS 0.006 vs. CoxPH
0.004). Note that, for IBrS and DDC, lower values are better. In general, the DCS model is able
to outperform the CoxPH model.

5.3.3 Block-level Feature importance

Algorithm 4: Feature block importance algorithm.

Input: Set of feature blocks that contain 1 to n features,
1 metric to evaluate survival model performance
2 remaining_blocks ← all_blocks;
3 used_blocks ← ∅ ;
4 all_scores ← ∅ ;
5 while remaining_blocks ̸= ∅ do
6 iteration_scores = [];
7 for block in remaining_blocks do
8 tmp_features ← used_blocks combined with block;
9 tmp_performance ← CV metric trained with tmp_features;

10 Append tmp_performance to iteration_scores;
11 Set block_best as the block with best performance in iteration_scores;
12 Append block_best to used_blocks and remove it from remaining_blocks;
13 Append iteration_scores to all_scores;

Output: all_scores: CV scores for cumulatively included blocks

As an additional analysis, the selected features are further analyzed in terms of feature importance
by feature block. A feature block is a collection of features that semantically belong together.
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This means that for example the pathological GGs are not analyzed separately, but together. This
analysis also includes additional feature blocks like total prostate and cancer volume, operation
parameters (that includes blood loss) or additional demographic information.

In the approach depicted in alg. 3, a survival prediction model for all feature blocks is trained
and choose the one with the best discriminative performance. Then subsequently add the feature
block that achieves the best discriminative performance together with the previously found
features. This process is illustrated for the DCS model in fig. 5.9. It can be observed that the
pathological GG already leads to a C-index-td of over 0.8. The next added feature blocks are
preoperative PSA level, seminal vesicle invasion and lymph node invasion before the score is
saturated.
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Fig. 5.9: Block-wise feature importance for the MK dataset. For every iteration, take the previous
best feature blocks and calculate a new multivariate DCS model regarding relapse
prediction evaluated on five folds for all remaining features. Include the additional
feature of the best multivariate model in the subsequent iterations. The dashed line is
on the height and in the color of the winning feature block for this iteration.
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5.3.4 Risk Stratification
The found DCS model and the resulting individual relapse risk predictions can also be used
for risk stratification. To obtain distinct risk groups, the patient’s predictions are stratified as
discussed in sec. 5.2.4 using K-means clustering. Out-of-training patients can then be labeled
based on the closest cluster center to their individual survival curve prediction. This method
of retrieving risk groups from the predictions enables the usage of a flexible number of risk
groups K that can be used as an input for the K-means-clustering algorithm. The first approach
is to separate the individuals into a low and a high risk group with K = 2 as illustrated in
fig. 5.10. When comparing DCS risk groups to CoxPH risk groups that were obtained from
the individual hazard rates, one can see that DCS is able to identify approximately double the
number of patients in the high risk group while having a more optimistic KM-curve for the low
risk sub-cohort. Furthermore, the high risk KM curve of DCS shows a tighter 95 % confidence
interval throughout the observed time frame.

DCS identifies 685 of 1905 patients in the high risk group. This includes all 359 patients that were
also identified by the CoxPH model thus containing 326 additional patients. Fig. 5.10 illustrates
that the overall survival prediction of the DCS high risk group is higher than the corresponding
prediction from CoxPH. The same holds true for both low risk groups. However, investigating
e.g. the 6 month mark after RP, the identified low risk group experienced an observed 6-month
relapse rate of 0.66 % (compared to 1.68 % for CoxPH) whereas 18.7 % (30.64 % for CoxPH) of
the high isk sub-cohort suffered BCR in the first six months. This means that the observed
relative frequency of BCR in the high risk sub-cohort was approximately 28 times higher (18
times with CoxPH) than in the low risk cohort for the DCS model.

Fig. 5.10: KM curve of the first 2 years after RP for previously unseen test set patients stratified
by DCS and CoxPH risk groups and the 6-month mark after RP (left) and the
corresponding feature plot (right) that shows the median quantile per feature for the
respective model and risk group.

When comparing the features within the risk groups, the following can be observed: DCS high
risk patients show higher values for GG5%, LNI and SVI while the percentile in the low risk
group for GG4%, PSA, capsular invasion is also different from 0 for the low risk group. This
demonstrates that even though a patient has a relatively high GG4%, high PSA level or capsular
invasion, he might still not have an elevated risk of relapse regarding the aforementioned analysis.

Maximium Risk Groups

Using the ideas presented in sec. 5.2.4, the number K of distinct risk groups can be increased as
long as a difference in survival regarding relapse is still present within the observation window of
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the individuals. Following the aforementioned approach of increasing the number of risk groups,
KM-curves can be observed for a separate validation set, a maximum of K = 7 distinct risk
groups can be separated with the survival curves that were predicted by the DCS model. The
resulting p-values of K = 7 groups for all pairwise log-rank tests are shown in fig. 5.11. It can be
observed that p-values of adjacent groups show the highest values.
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Fig. 5.11: Pairwise log-rank test p-value results for the maximum number of statistically signifi-
cantly different risk groups obtained from the DCS predictions.

The resulting risk groups of this algorithm on the MK dataset are visualized in fig. 5.12 using
the survival information of the unseen (for the risk and clustering algorithm) test set. Further,
the risk groups can be analyzed in terms of feature composition. For each of the risk groups,
the average values of selected features are visualized in fig. 5.13. It can be observed that certain
factors like LNI or pathological GG5 are only present in the three most severe risk groups.
Additionally, there is only a small difference in the preoperative PSA level between risk groups
0-3 and slowly increasing mean PSA levels from group 4-6. Furthermore, SVI and LNI are not
present in risk groups 0-3 while there are patients, especially in groups 1-3 with positive resection
margin status and extracapsular extension. It can be observed that the mean of GG3% gradually
decreases with the risk group while GG4% and GG5% increase. Also, GG5% is only significantly
present in risk groups 4 and above.
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Fig. 5.12: KM-curves of the 7 obtained risk groups for the previously unseen test set patients of
the MK dataset.

Fig. 5.13: Feature composition after risk grouping the MK dataset showing the mean and standard
deviation of the selected features.
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5.4 Discussion
This chapter analyzed how the DCS model can help in survival prediction for PCa patients that
were treated with RP in terms of BCR prediction. In the dataset, 7 of the 32 features violate the
PH assumption and a high censoring rate of 78.4 % is observed.

As shown in the previous chapter, DCS utilizes as much information as possible from the cen-
sored cases and does not constrain usage of features that violate the PH assumption allowing
time-variant and non-linear interactions. Since censored individuals are fully utilized, the total
number of comparisons could be raised by a factor of 5.8 (6.7 % for only EE comparisons to
38.6 % for DCS that includes EC comparisons) for the given dataset.

The results for relapse prediction based on univariate survival models of CoxPH and DCS indicate
that some features can better be utilized by the more complex DCS model. For example, this
behavior can be observed when only the PSA value is used for relapse prediction. The univariate
DCS models showed better median performance with a difference of up to 7 pp regarding CDAUC
for the raw PSA value. This difference could not be observed for the biopsy-based Gleason
grade encodings where almost identical performance was achieved for the two models on all
encodings. However, for the pathological Gleason grade, the more complex encodings lead to
better performance in the DCS model with up to 7 pp difference regarding CDAUC when the
volume of the different GGs were used. One reason for this behavior could be that the clinical GG
are obtained for the individuals outside the Martiniklinik and thus show high variability in terms
of quality. This may lead to the loss of additional information in terms of relapse prediction from
quantitative Gleason evaluations to noise in the input annotations. Pathological GG annotations
are exclusively obtained by the department of pathology of the UKE that provides a high quality
standard with less variation.

Moreover, since DCS allows for crossing survival curves, the more complex metrics C-index-td and
CDAUC had to be used to measure discriminative performance instead of the C-index. In general,
differences for the two models can better be observed for CDAUC then C-index-td throughout
the analysis. This can for example be observed for the T-stage (path) where a univariate analysis
yields the same discriminative performance regarding C-index-td but a difference of 3 pp when
CDAUC is compared.

A better result for DCS over CoxPH can also be observed for the multivariate models that combine
the best individual feature representations. In terms of discrimination, DCS slightly outperformed
CoxPH on C-index-td (0.817 vs. 0.810) and CDAUC (0.864 vs. 0.846). This also holds true for
calibration that was measured with IBrS (0.120 vs. 0.127) and DDC (0.004 vs. 0.006). This
result differs from the previous chapter where DCS lacked behind the performance of CoxPH in
terms of calibration. It can be explained by the altered hyperparameter tuning that was used. In
contrast to the previous chapter, DCS was not only optimized towards CDAUC, but DDC was
additionally taken into account with the introduction of the DCS score (see sec. 5.2.5). This way
the hyperparameter tuning was able to find a combination of parameters that shows the best
performance regarding both metrics. The block-wise feature importance algorithm showed that
only using the path. GG already led to good discriminative performance of above 0.8. Additional
inclusion of PSA, SVI, and LNI can lead to minor improvements, but quickly leads to a saturation
at 0.817 for C-index-td. This further shows the importance of proper pathological Gleason grading.

It would additionally be expected that CoxPH performs worse than DCS on features that violate
the PH assumption. This is in general not the case for independent features since for example the
univariate survival models for LNI (that fails the PH test) yield almost identical discriminative
performance for both models (C-index-td of 0.62 for both, CDAUC is 0.62 for CoxPH, 0.63 for
DCS). The same can be observed for resection margin status that also violates the PH assumption
where CoxPH (0.59) even slightly outperforms DCS (0.58) regarding CDAUC. On the other
hand, capsular invasion shows a difference in CDAUC of 4 pp between CoxPH (0.68) and DCS
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(0.72) even though it passes the PH test with a p-value of 0.373 that lies comfortably above the
threshold that was used in this work of 0.05.

The downstream analysis, dividing the individuals into a low and a high risk group yielded
additional inclusion of 326 patients into the high risk groups when DCS was used over CoxPH.
This way the survival of the low risk group could further be improved where only 0.66 % of
individuals experience a relapse after six months. This further shows the discriminative abilities
of DCS that finds additional patients at higher risk inside the low risk cohort that was identified
by the CoxPH model. When this approach was used to find the maximum number of statistically
significantly distinguishable sub-cohorts, a total of 7 groups could be obtained. This further
generated insights on the distribution of feature characteristics throughout the groups. Features
like GG5%, LNI or SVI are almost exclusively found in groups 4-6 indicating that their presence
yields to a significantly lower chance of relapse-free survival.

5.5 Conclusion
This chapter analyzed BCR relapse prediction after RP based on the Martiniklinik dataset for the
containing 9,767 PCa patients that received RP between 2008 and 2018 using the DCS model in
terms of relapse prediction. DCS can boost discriminative and calibration performance compared
to CoxPH that is commonly used in clinical practice on the given dataset. Optimal feature
representations for the most commonly used factors that contain information towards relapse
prediction were obtained and combined for multivariate survival models. For the univariate
analysis, Gleason grading showed the highest results regarding discriminative power. While the
best performance for the biopsy-based GG was achieved with primary and secondary GG, it was
shown that a more complex pathological GG that additionally includes quantitative information
increased the discriminative ability. When combining the best found feature representations
into a multivariate model, DCS outperformed CoxPH. Further, it could be shown that the
quantitative encoding for the path. GG as an individual feature already reaches nearly the same
discriminative performance as a model that includes PSA value, tumor characteristics and other
characteristics. The discriminative performance of DCS was further verified by constructing 7
statistically significantly distinguishable risk groups that show good separation regarding patient
survival using the pairwise log-rank test.

For future work, the presented approach can be evaluated in a prospective study to further
ensure the validity of the approach. The tool can further be integrated in the clinical workflow to
improve the communication between the practitioner and patient. Especially the predicted risk
groups with corresponding survival curves can be used to inform the patient about his status
by assigning him one of the predicted risk groups based on his current parameters. Since the
model is well calibrated and would predict on the same patient cohort in the same center, it is
unexpected to observe significant patient bias for future predictions. This way the well calibrated
survival probabilities can also be used in patient communication the same way that nomograms
offer. A sentence like "If we had 100 patients exactly like you, we would expect X of them to
remain relapse free after 10 years" could be formulated to further inform the patient about his
current status. The value for X can be found using the KM estimation of the corresponding risk
group of similar patients. The additional confidence interval that is provided by this estimation
can further be used to communicate lower and upper boundaries for the relapse free survival
probability to improve trust of the patient in the decisions that were made with the practitioner.

Moreover, the risk groups may also be useful for the practitioner in terms of follow-up examination
planning. It could be used to shorten or prolong intervals between follow-up examinations. Since
the identified low risk sub-cohort shows nearly no relapse, the interval can be prolonged for those
patients while high risk patients would benefit from smaller intervals and resulting earlier relapse
detection.
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6.1 Introduction
The next two chapters shift the focus towards Gleason grading itself without taking any other
modalities into account. GG estimates the cancer severity from H&E stained histopathological
images of the prostate. In contrast to Gleason grading where a pathologist inspects the tissue,
this and the following chapter automate this process.

Firstly, this chapter presents the development of the CI model that is able to classify sections, or
patches, of biopsy images as cancerous or healthy tissue. The main purpose of the CI model
is to function as a patch selector for PCAI described in chapter 7 to identify the most relevant
(or cancerous) regions of biopsy samples for risk assessment from up to tens of thousands of
patches per biopsy WSI. For model development, PCa biopsy slides and segmentation masks
from the PANDA dataset as described in sec. 3.2.3 are used. For this work, the GG-specific GT
segmentation masks of this dataset are used to generate a single mask representing cancerous
area of the tissue for all patches as a basis for the binary cancer classification label.

Since most other related work focuses on predicting GG or ISUP on WSIs as presented in
sec. 2.5.3, publications that predict patch-wise cancer classification independent of Gleason
grading are rare. However, a similar algorithmic approach can be found in [200] that developed
a patch-wise classification model called HistoCAE for WSIs of liver tissue. Detailed segmentation
masks of pathologists are then used to extract patch-wise labels based on the cancerous area
inside each given patch. Additionally, this chapter also builds upon ideas published by colleagues
in [245] that utilize a patch preselection model for PCa risk estimation.

6.1.1 This work
This work builds the CI to predict a patch-wise PCa-cancer label on WSIs that can afterwards be
used as a coarse segmentation mask. It utilizes an Efficientnet-b0 backbone to encode 256x256
pixel sized patches combined with a binary classification head that utilizes a weighted binary
cross-entropy (BCE) loss. In total, the CI model is trained and evaluated on over 5.5 million
extracted and labeled patches from 10,616 WSIs split on slide level into 8,492 (80 %) training-,
1,062 (10 %) validation- and 1,062 (10 %) test WSIs. As a result, the model achieves an overall
patch-based AUROC of 0.94 on the unseen test set biopsy WSIs.
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6.2 Methods
The following section describes the methods that were used to create the CI model starting with
the data derived from the PANDA dataset (see sec. 3.2.3) including preprocessing to extract
patch-wise labels, explaining the model architecture and objective function as well as the final
experimental setup.

6.2.1 Dataset

The PANDA dataset (as introduced in detail in sec. 3.2.3) contains 10,616 WSI biopsy slides
from 2,113 patients along with corresponding segmentation masks. The masks differ by the
providing medical centers. On the one hand, the Karolinska Institute (KAR) in Stockholm,
Sweden provides human-annotated, individual masks of the background, tissue and cancerous
areas. On the other hand, Radboud (RAD) University Medical Center in Nijmengen, Netherlands
contributes additional, more fine-grained segmentation masks that were generated by an AI
model [36] with individual masks for GG3-5. Regarding metadata of this dataset, no further
information about the relapse of those patients is given.

6.2.2 Preprocessing

This work extracts individual foreground patches from the provided slides based on two ground-
truth masks that are used to firstly select each individual patch based on the amount of tissue
that is present on the patch and secondly assign a label derived from the relative amount of
cancerous area that is present on each individual patch. This way, the patches of a WSI that
do not contain enough tissue are discarded and not used during training and evaluation. The
selected patches further receive a label indicating if the patch shows healthy or cancerous tissue.
This approach is described in more detail in the following.

Patch Selection

Since the biopsy WSIs of the PANDA dataset vary in size from approximately 10 million to
3 bilion pixels, they are not processed as a whole. Patches are extracted from each slide and
afterwards individually processed. To generate equally sized patches, the images are cut into
corresponding patches with a side length of ps pixels starting in the top left corner of the slide.
Further, the bottom and right part of the image are truncated so that the image width wi and
height hi are a multiple of the patch size ps. The developed CI model of this thesis uses a fixed
patch size of ps = 256 pixels.

Formally, for all n slides of a dataset {Si | i ∈ {0, 1, . . . , n − 1}}, the i-th slide Si ∈ Rhi×wi×3
+

with individual side width wi ∈ N+, height hi ∈ N+ and 3 red, green and blue (RGB) color
channels is cut into patches P(i,m,n) ∈ Rps×ps×3

+ with constant square patch width and height
ps ∈ N+. Here, P(i,m,n) denotes a patch of slide Si in the m-th row and the n-th column of
a grid with a horizontal and vertical distance ps. For each slide Si, a total of ⌊wi/ps⌋ times
⌊hi/ps⌋ patches can be extracted.

In the next step, patches that do not contain a minimum amount of tissue are discarded based on
the corresponding tissue mask for each slide. Note that the original GT masks are downsampled
by a factor of 16 compared to the WSI. This is why the tissue and cancer masks are upsampled by
nearest neighbor interpolation to generate masks of the same size as the provided actual biopsy
slides. Formally, let a patch P(i,m,n) of the i-th slide in the m-th row and the n-th column be
selected according to the corresponding tissue segmentation mask Ti ∈ {0, 1}hi×wi that contains
a 1 for a pixel inside the tissue mask and 0 otherwise. Further, let T(i,m,n) ∈ {0, 1}ps×ps be the
corresponding tissue mask patch that corresponds to P(i,m,n). A patch is selected if the covered
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tissue area of the whole patch is greater than a threshold as
|T(i,m,n)|

p2
s

≥ Tth (6.1)

where Tth ∈ [0, 1] and |M| denotes the number of non-zero entries in M. In this thesis, Tth = 0.1
is used. This means that at least 10 % of pixels per patch must contain tissue to be selected as a
foreground patch.

The selected patches contain enough information to be processed further, and are called foreground
patches as shown for two examples in fig. 6.1. It can be observed that the presented slides
have different sizes and a large amount of patches only contain background that are therefore
discarded. Moreover, a distribution of how much foreground patches remain per biopsy slide in
the PANDA dataset can be found in fig. 6.2. For the whole dataset, the maximum number of
extracted foreground patches is 2844 and the mean is at approximately 466 patches per slide.

(a) RAD (b) KAR

Fig. 6.1: Exemplary WSIs of the PANDA dataset from RAD (left) and KAR (right) with a patch
grid of 256 pixels side length and the corresponding patch row and column coordinates.
The WSIs vary in overall size leading to different amounts of patches that can be
extracted per image. Foreground patches according to the GT segmentation masks are
highlighted with a blue overlay.

Cancer Mask Preprocessing

Along with the tissue mask that is provided for each slide, the cancer indication mask is utilized
to provide patch-level label definitions. However, the cancer masks of the two centers KAR and
RAD differ in granularity and therefore require a preprocessing step. While WSIs from RAD
contain detailed, pixel-level segmentation masks of the different GGs, KAR offers coarser outlines
of cancerous or healthy regions mostly for whole pieces of tissue. To unify those two centers in
terms of mask granularity, the different GG of the RAD slides are combined to represent a single
cancer segmentation mask. However, the cancer mask granularity still differs significantly as
illustrated in fig. 6.3. Following preliminary work from [245], the RAD masks are processed such
that they look more like those from KAR as shown in fig. 6.3c using morphological opening and
closing.
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Fig. 6.2: Distribution of the extracted number foreground patches with a side length of 256 pixels
per slide in the PANDA dataset.

(a) GT human-annotated mask
provided from KAR where
the whole tissue parts are
annotated.

(b) AI-generated mask from
RAD showing pixel-level
cancer annotation.

(c) Preprocessed mask based
on (b) with adapted
granularity.

Fig. 6.3: Exemplary GT masks for the two centers of the PANDA dataset. Tissue that was
annotated as healthy is shown in green, cancerous tissue in red, and background in
white.
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Label Generation

After the preprocessing step for the cancer masks of RAD, the resulting cancer masks can be
utilized to define a patch-based label for each selected patch of the dataset.

Let the cancer segmentation mask Ci ∈ {0, 1}hi×wi contain a 1 for the regions with cancerous, and
a 0 for healthy tissue area. Moreover, let C(i,m,n) ∈ {0, 1}ps×ps denote the corresponding cancer
mask for patch P(i,m,n). This work assigns the binary cancer indication label y(i,m,n) ∈ {0, 1}
based on the thresholded area of the cancerous region in C(i,m,n) normalized by the tissue region
T(i,m,n) of a specific patch as

y(i,m,n) =
{

1 if |C(i,m,n)|
|T(i,m,n)| > Cth

0 otherwise
(6.2)

where Cth ∈ [0, 1] defines the threshold for the patch to obtain an assigned label of 1. By
normalizing on the amount of tissue on a patch |T(i,m,n)| instead of the total patch area, it is
ensured that the cancer label is relative to the amount of tissue that is actually shown in a
patch. This proposed definition ensures that only regions that actually show tissue are relevant
for the label generation process. For illustration, fig. 6.5 and fig. 6.6 show two exemplary slides
of the two providing centers. It is noticeable that the mask provided by KAR misses parts of the
tissue area leading to wrongly rejected patches while the preprocessed masks from RAD shows
extension of the tissue mask into the background.
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(b) Quantile plot of the observed cancerous fractions per patch.
Patches up to a quantile of 0.6 contain no cancerous area
while mixed fraction are found up to a quantile of 0.85.

Fig. 6.4: Distribution of the observed cancerous fraction per patch. The chosen label threshold
of Cth = 0.9 is indicated with the dashed black line and defines the coloring of the bars
according to the assigned healthy (green, y = 0) or cancerous (red, y = 1) label.

The distribution of the fraction |C(i,m,n)|/|T(i,m,n)| is illustrated in fig. 6.4. In total, approxi-
mately 4 million patches contain a pure label of y = 0 and 1 million the label y = 1. This leaves
approximately 0.9 million patches (20 %) with mixed areas of healthy and cancerous tissue.
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Fig. 6.5: WSI with overlapping cancer and tissue mask from RAD. Patches (a) and (g) only
contain cancerous and healthy tissue respectively. The segmentation masks show non-
zero fractions in (b), (c), and (d) where all three contain enough cancerous area for an
overall label of y = 1. Patches (e) and (f) contain both foreground and background,
with patch (f) lacking enough foreground to be selected. Additionally, the foreground
segmentation masks for these patches extend into the white background. Patch (h)
contains no tissue at all and is therefore rejected.
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Fig. 6.6: WSI from KAR where the annotated cancer and healthy tissue areas do not overlap.
Note that the tissue mask misses a significant part of the visible tissue, leading to the
rejection of patches (a) and (e).
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6.2.3 Model
This section describes the building blocks of the CI model in additional detail. The DL model
combines a CNN-based encoder network with a classification head that can then be trained for
patch-wise classification of the labels that were presented in the previous section.

Architecture

The architecture of the CI model consists of a CNN-based image encoding network and a pre-
diction part. The patches of an image are processed individually meaning all information of
neighboring patches is discarded for the patch-level label prediction of cancerous vs. healthy
tissue. This is why this section ignores the slide origin and coordinate information of all nP

patches Pi where i ∈ {0, 1, . . . , nP − 1}.

For the encoder, this thesis chooses the CNN-based EfficientNet-b0 architecture (see sec. 2.5.3)
and combines it with a dense layer to generate two output nodes to predict the probability
of the patch showing cancerous or healthy tissue. The encoder part of the network achieved
good performance on histopathological images [83, 122,169] and showed promising initial results
in this work’s setting compared to ResNet [102] and InceptionV3 [224]. The selected encoder
architecture comprises a total of approximately 6.5 million trainable parameters.

An extracted patch P ∈ Rps×ps×3
+ is passed to the encoder that transforms the input patch with

e = emb(P) (6.3)

where emb : Rps×ps×3
+ → R

demb defines the function that transforms an input patch P to a latent
representation vector e ∈ Rdemb . Afterwards, the classification head of the architecture is used
to transform the latent representation e to a two-dimensional output vector

ŷ = softmax (We + b) (6.4)

where W ∈ R2×demb , b ∈ R2 are learnable parameters and softmax is defined element-wise as

ŷj = softmax(oj) = exp (oj)
exp (o0) + exp (o1) (6.5)

where o = We + b is the output of the dense layer with o ∈ R2 and j is either 0 or 1 for healthy
or cancerous tissue respectively. ŷ ∈ R2 generates the final output of the network architecture
with the respective predicted probabilities that the input patch contains healthy (ŷ0) or cancerous
(ŷ1) tissue.

Objective Function

To train the CI model, the objective function is defined as a weighted BCE loss as

LWBCE = −1
w0 + w1

[
w0 (y log(ŷ1) + (1− y) log(1− ŷ1)) +

w1 ((1− y) log(ŷ0) + y log(1− ŷ0))
] (6.6)

where y corresponds to the true generated label of each patch that was defined in sec. 6.2.2 and
w0 ∈ N+, w1 ∈ N+ are the number of negatively and positively labeled samples in the training
dataset, respectively.
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6.3 Experimental Setup
For training, the PANDA dataset was split into training, validation, and test sets with 80 %
(8,492 slides), 10 % (1,062 slides) and 10 % (1,062 slides) of the total of 10,616 slides respectively.
By splitting on slide-level instead of patch-level, leakage between the different data splits is
ensured.

The highest available magnification level of 20x (with a resolution of 0.486 µm/pixel) with a
patch size ps = 256 pixels was used. These parameters resulted in an extraction of 3,949,222
training, 510,452 validation, and 504,027 test patches respectively. This thesis uses a tissue
threshold Tth = 0.1 and a label threshold of Cth = 0.9 meaning that the final CI model was
trained on patches where the tissue covers at least 10 % of the overall patch with at least 90 %
of cancerous tissue. As previously discussed, approximately 0.9 million patches contain mixed
cancerous and healthy tissue areas that were excluded to ensure model training on patches with
pure labels.

For the encoder part of the network, ImageNet pre-trained weights were used for weight initial-
ization that generates a latent embedding size demb = 1280.

Extensive Hyperparameter tuning with over 4 million training patches was performed. The
parameters of the best found model can be found in appendix E.1. It uses an Adam optimizer
with added weight decay with a factor of 6.8× 10−4, a learning rate of 5.17× 10−4, 50 % dropout
in the classification layer, and a batch size of 256.

6.4 Results
6.4.1 Patch-level
To evaluate the model’s patch-wise predictions, classification metrics indicating the correct output
labeling regarding cancerous or healthy tissue of each patch are analyzed on the previously unseen
test dataset (see sec. 6.3). Note that classification labels that are used for the evaluation are
based on the GT segmentation masks, but depend on other factors like the patch size ps, the
minimum amount of tissue Tth, and the amount of cancerous area Cth within a patch meaning
that the results may change for variations in those settings.

Furthermore, the resulting patch classifications can also be used to produce a cancer heatmap
for whole biopsy slides. For a comparison to the original GT segmentation mask and the cancer
heatmap, segmentation metrics are additionally presented.

Fig. 6.7: Number of extracted patches per slide-level primary Gleason grade.
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6 Patch-based Cancer Classification on Whole Slide Images

Label Distribution

The distribution of the assigned cancerous and healthy labeled patches is analyzed regarding
Gleason scores on slide level. Fig. 6.7 depicts the number of patches over the primary GG for all
extracted patches. It shows that most patches originate from a slide-level Gleason score of 0+0
(1.594 million), 3+3 (1.16 million), and 3+4 (599 thousand) while the least samples are provided
for Gleason scores 5+5 (49 thousand), 3+5 (37 thousand), 5+3 (17 thousand).

Moreover, it can be observed that the ratio of patches for positive and negative labels is not
constant over the different Gleason scores. Fig. 6.8 shows that a Gleason score of 0+0 contains
no cancerous patches while the remaining ratios vary between 0.26 for Gleason score 3+3 and
0.49 for Gleason score 4+5.
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Gleason Score
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Fig. 6.8: Relative label ratio per Gleason Score. The red part of each bar represents the ratio of
patches with cancerous areas, green stands for healthy tissue patches per Gleason Score.
The balanced ratio of 0.5 is depicted by the dashed line.
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Fig. 6.9: Patch-level prediction examples of the CI model for KAR (left) and RAD (right) with
increasing predictions from top to bottom. The outline color of each patch indicates the
prediction type (TP in red, TN in green, FP in blue, and FN in orange for thresholded
predictions at 0.5).
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6 Patch-based Cancer Classification on Whole Slide Images

Classification Performance

Since the CI model is trained on patch-wise cancer classification, it is evaluated on the prediction
of the extracted individual patch labels as shown in fig. 6.9 for visual inspection. The CI model
achieves an AUROC of 0.938 and a AUPRC of 0.890 on the 504,027 patches of 1,062 test set
WSIs. The corresponding ROC and Precision-Recall Curve (PRC) for the training and test
splits are shown in fig. 6.10. Note that random performance for PRC takes the class imbalance
into account (number of positives over all samples). Further, it can be observed that training
performance is slightly higher (0.7 pp for AUROC and 1.1 pp for AUPRC).
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Fig. 6.10: Patch-wise ROC and PRC evaluation for the final CI model for the train and test split.

Performance per Gleason Score To generate additional insights on how the CI model
performs, the previous ROC and PRC curves were additionally calculated for each Gleason
score separately for the test set. Note that Gleason score 0+0 had to be excluded from this
analysis since no positive labels are present. The resulting curves are presented in fig. 6.11. A
performance difference can be observed ranging from an AUROC of 0.869 (3+3) to 0.977 (5+4)
compared to the AUROC over all samples of 0.938.

Segmentation Mask Quality Furthermore, there are limitations in the provided segmentation
masks that this work uses to identify foreground patches and assign the patch-wise labels as
described in sec. 6.2.2.

Firstly, the tissue masks of this work are inaccurate, as stated by the authors of the PANDA
challenge [35]. This can be observed, for example, in fig. 6.5 where parts of the background
are included in the GT tissue mask. To estimate the quality of the provided tissue masks, the
GT mask is compared to a brightness-based filtering approach for foreground patches. The
brightness based filter removes all patches with an average brightness above 0.92 or 235/255
which is only expected if no tissue is present in the individual patch. This way, 31,722 patches
or 6.2 % of the test set were removed indicating that a significant fraction of the tissue mask is
inaccurate. It is worth noting that the majority of the identified patches originate from RAD
(92 %) where a median of 13.8 % of patches were removed from each individual slide as depicted
in fig. 6.12b. Reevaluating on the remaining 478,730 patches improves the performance of the
model only marginally by 0.2 percentage points to 0.940 as shown in fig. 6.12a. Nonetheless, it
can be observed that the AUROC performance drops significantly when it is evaluated on the
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Fig. 6.11: Patch-wise test set ROC by Gleason score.

filtered patches to 0.816 indicating that the information within those patches contains less useful
information for the cancer indication task.

Performance per Center Moreover, another difference can be observed when comparing the
CI model performance per center as depicted in fig. 6.13. It can be observed that the model’s
performance is higher for biopsies from RAD compared to KAR. While the combined AUROC
for all biopsies from the RAD dataset reaches 0.978, biopsies from KAR lack behind by 13.3 pp
and only show an AUROC of 0.845. An additional analysis of the individual performance for the
two centers by Gleason score is illustrated in fig. A1 where for RAD, AUROCs of up to 0.994 are
reached.
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6 Patch-based Cancer Classification on Whole Slide Images

(a) ROC for brightness-based filtering subsets. (b) Fraction of patches per slide that were
removed by the brightness filter.

Fig. 6.12: Dataset cleaning results when removing wrongly labeled foreground patches by a
brightness filter. After cleaning of the 504,027 patches in the test set (All), 478,730
patches remain (Cleaned) and 31,722 (Removed) were removed.

Fig. 6.13: AUROC per data center on the test dataset.
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6.4.2 Slide-level Segmentation
To further visualize the predictive performance of the CI model, this section shows WSI pre-
dictions that were obtained by stitching the individual patch predictions of the CI model to
generate cancer heatmaps. The individual patch predictions were not further processed to take
the predictions of neighboring patches into account (e.g. by averaging across multiple adjacent
patches). This enables the comparison of the patch-wise predictions to the generated labels on
full WSIs.

Firstly, fig. 6.14 shows two heatmaps with high prediction errors. The first slide contains some
high errors in the cancerous area with low predictions on some patches as well as some errors in
the area at the top that is annotated as healthy. For the second slide, almost the entire region is
predicted to have a cancerous area, while the GT labels only show two smaller and distinct regions.

Moreover, fig. 6.15 shows two examples where the predicted heatmaps show almost no error in
the predictions. The CI predictions in Fig. 6.15a closely match the GT area. In fig. 6.15b, only a
single patch does not match the GT annotation that did not see any cancerous tissue on the
biopsy slide.

Comparing to Segmentation Masks

The generated cancer heatmap does not provide the same level of resolution as the original GT
masks, especially for the fine-grained masks from RAD. This makes an evaluation of segmentation
metrics infeasible. However, fig. 6.16 shows the patch-wise cancer heatmap compared to an
original fine-grained segmentation mask. It can be observed that the correct regions are identified.
Mainly false positive regions exist since the GT cancer labels are small. Further, the CI can be
evaluated using the segmentation masks on the unseen test data for all slides that contain cancer
(i.e., excluding all 0+0 cases on slide-level). A mean dice score of 0.54 with a standard deviation
of 0.24 could be achieved. Note that the performance differs for the two centers since the GT
masks are provided in different granularity. On the coarser segmentation masks provided by
KAR, a higher mean dice score of 0.65± 0.23 was achieved, while the finer segmentation masks
of RAD lead to a mean dice score of 0.43± 0.19.
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(a) High prediction error in parts of the annotated cancerous area.
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(b) High prediction error in the non-cancerous area at the top.

Fig. 6.14: Example WSIs with high mean prediction error when compared to the extracted label.
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(a) Only some patches show a prediction error in the lower and upper region of the
biopsy.
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(b) Almost no prediction error except for a single patch in the middle of the tissue.

Fig. 6.15: Example WSIs with low mean prediction error when compared to the extracted label.
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Fig. 6.16: Exemplary GT segmentation mask (top), stitched patch-wise predictions of the CI
model (middle) and the pixel-wise prediction type overlay (bottom).
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Prediction and Cancer Severity

Fig. 6.17: Mean patch-level CI prediction of cancerous regions per slide split by data center and
slide-level ISUP grade.

To analyze if the cancer severity increases along with the CI model predictions is shown in
fig. 6.17. For this analysis, ISUP is used as an indicator of cancer severity. To compare the
CI predictions to slide-level ISUP, the mean prediction for all cancerous patches per slide is
calculated. These are compared to the corresponding ISUP grade and separated by the two
centers. For KAR, the median of the extracted mean prediction per biopsy slide rises from
ISUP1 (0.60) to ISUP3 (0.80) before being approximately constant for ISUP groups 4 (0.79) and
5 (0.79). For RAD, the median prediction slightly increases with ISUP grade from ISUP1 (0.87)
to ISUP5 (0.93).

Furthermore, it can be observed that the mean prediction per biopsy for the KAR center is
constantly higher than the mean slide prediction of the RAD center. This shift from one center
to the other is caused by the coarseness of the segmentation mask. Since the mean predictions
of cancerous areas are used, the human-annotated masks from KAR additionally include more
healthy tissue that decreases the mean prediction for those biopsy slides.

Nonetheless, it can be observed that the mean predicted CI value per cancerous area of the
individual slides increases from lower ISUP to higher ISUP grades hinting that a higher prediction
of the CI model corresponds to higher cancer aggressiveness.

Background Prediction

Lastly, since the CI model is trained only on patches that contain at least 10 % tissue, it shows
undefined behavior on patches that do not contain any tissue. Fig. 6.18 shows qualitative
examples for the external MMX dataset where two other scanner vendors, namely HAM and
VEN, were used. It can be observed that the background regions of the WSIs that were scanned
with VEN show significantly higher values for background patches compared to the slides that
were scanned with the HAM scanner. This shows that the CI that was trained for this chapter
should only be used on patches that contain at least 10 % of tissue.
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Fig. 6.18: Qualitative examples of WSIs from the MMX dataset with CI prediction overlay
showing high predictions in background areas for the VEN scanner (bottom) compared
to HAM (top).

108



6.5 Discussion

6.5 Discussion
This chapter showed that the CI model is able to detect PCa on WSIs using individual patches
with a test set AUROC of 0.938 proving the general applicability. A drawback of the segmentation
mask-based label generation approach of this work lies in the tissue masks themselves since the
authors state that the mask definitions may be imperfect [35]. To analyze the mask quality,
an analysis that excluded all patches based on the average brightness revealed that over 6 %
of patches that only show background were incorrectly included in the tissue mask although
a minimum of 10 % of each patch should have been covered by tissue according to the tissue
annotation mask. Nonetheless, the model’s overall classification performance is high enough to
provide a basis for selecting patches from cancerous regions of a biopsy WSI. Differences in pre-
dictive performance could be observed for different Gleason scores where the lowest performance
of the CI model was achieved for the 3+3 group. This shows that the CI model struggles the
most when distinguishing healthy from cancerous patches because Gleason score 3+3 shows the
least difference from healthy tissue among the Gleason scores analyzed in the dataset.

This information can be combined with the finding that biopsy slides with higher slide-level
ISUP grades also show a higher slide-level CI prediction by averaging the over the cancerous
area per slide. It is an indication that a higher prediction of the CI model is also associated with
cancer severity.

It is also worth noting that mean patch-wise prediction per biopsy slide differs for the two
centers indicating that some kind of bias exists. The overall AUROC for the two centers shows
differences with an overall test set AUROC of 0.978 for RAD and 0.845 for KAR. This difference
can most likely be explained by the origin of the segmentation mask that was used to generate
the patch-level GT labels of this work. While expert (uro-) pathologists provided rather coarse
segmentation masks for KAR, more fine-grained AI-generated masks were used for the RAD
dataset. This model’s prediction combines the two annotation approaches to produce predictions
where the granularity is between the two approaches provided, namely on patch-level.

6.6 Conclusion
This chapter presented the cancer indicator or CI model. A DL-based approach to detect cancer
from a single patch of H&E stained prostate biopsy tissue. The model architecture was kept
simple and contained a CNN-based image encoder, namely EfficientNet-b0, and a classification
head with two output nodes for the binary classification problem of healthy vs. cancerous tissue
that was trained using a binary cross-entropy loss for the two classes. Model training utilized
data from the PANDA challenge described in sec. 3.2.3. 10,616 biopsies were provided and split
into a training, validation and a test set with 8,492 (80 %), 1,062 (10 %), 1,062 (10 %) slides
respectively. Afterwards, all WSIs were cut into individual patches where only those that show
at least 10 % of foreground tissue were selected. Afterwards, based on the provided GT masks
of expert (uro-) pathologists, the amount of cancerous area within the tissue was the basis to
define a binary label for each patch if it contains at least 90 % cancerous tissue (y = 1) or
not (y = 0). This definition led to a total extraction of 4,963,701 individual patches with a
corresponding label indicating if it shows either healthy or cancerous tissue. For training, around
20 % that contained healthy and cancerous areas were excluded to ensure label purity. This
filtering was not applied on the test dataset. Regarding quantitative test set performance, the
final CI model achieves a patch-level classification AUROC of 0.938 and a AUPRC of 0.890. More-
over, the patch-wise predictions for a whole biopsy image were combined to produce heatmaps
indicating cancer location for whole images. Qualitative analysis of the heatmaps shows, that
a large overlap with the corresponding GT masks exists up to the granularity of individual patches.

It was shown that the tissue selection and cancer annotation masks did contain a significant
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amount of errors for both centers. These factors motivate the usage of a more homogeneous
source of segmentation masks to enable the creation of a more accurate model. Nonetheless,
the large number of 10,616 WSIs could then be included for pre-training of the network. Since
another drawback of the presented approach is missing external validation, a new version should
consider adding additional data sources. This can also increase the model’s generalizability
and robustness towards biopsy slides from unknown sources or also the undefined behavior for
predictions on background patches. This way the clinical applicability of such a network would be
greatly enhanced since the performance would not depend on the exact protocols of a particular
pathology institute, but redirect the network’s attention towards the biologically influenced
morphologies that are visible on the tissue.

Further, this chapter did not analyze how different magnification levels of the images and patches
might be utilized. Since different biological structures can be observed in different magnification
levels, a more complex approach would consider multiple magnification levels and aggregate this
information before the prediction step as presented in [200].

Future work could also extend the model’s capabilities to not only distinguish between healthy
and cancerous tissue, but take additional classes like cell types into account. The chapter showed
in sec. 6.4.2 that CI predictions may get unreliable when it is used to infer on out of training
data that include areas of background. It was emphasized that the current model should only be
used on patches that contain at least 10 % of tissue. To avoid this problem, the CI model could
be extended to not only predict on a binary cancer vs. healthy tissue endpoint, but on multiple
classes. Those multiple classes could include the background itself as an additional target class
which would get rid of the undefined behavior when these parts of the biopsy image are actively
learned. Furthermore, tissue types could also be used as additional classes for prediction such as
epithelium and stroma to further classify a patch on a more fine-granular level. The generated
information could then also be used and be compared to the GG definition presented in sec. 2.1.2
that might lead to additional biological insights.

The creation of cancer heatmaps for the whole biopsy slide from independent patch predictions
is suboptimal. Adding information of neighboring patches in the aggregation step should be
done to improve slide-level heatmaps. A straightforward approach could for example use a
moving window and calculate averages for each patch and adjacent neighbors, effectively blurring
the resulting heatmap. Another idea would be to overlap the predicted patches to avoid the
independence between neighboring patches. These simple ideas could be extended to any degree
to produce more reliable slide-level heatmaps that reflect reality better than independent patch
predictions.

Nonetheless, the model that was developed is able to reliably predict cancerous tissue on patch
selections from biopsies. A public repository of the code that was used for this chapter was
published in a public repository21. The final CI model is a valuable source to estimate patch
importance for biopsy slides which is demonstrated in the following chapter.

21https://github.com/imsb-uke/pcai
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7 Cancer Risk Estimation from TMA
Spots and Biopsies

7.1 Introduction
This thesis showed in chapter 5 that pathological Gleason grading with more detailed information,
namely quantitative Gleason grading yielded the best discriminative performance for an individual
feature analysis regarding relapse prediction of the MK cohort of PCa patients after RP. It
is worth taking a deeper look into Gleason grading itself since it suffers from high inter- and
intra-observer variability that may lead to wrongful treatment decisions for the individual patient.
Advancements in the field of digital pathology [156] lead to a growing number of digitized slides
that open up the possibility to replace the human-guided, subjective annotation by a more
objective approach like a DL-based model that requires sufficiently large datasets for reliable
predictions.

This chapter presents the Prostate Cancer Aggressiveness Index (PCAI), a CNN-based approach
to automatically derive relapse risk from histopathology images of prostate tissue. More specifi-
cally, the proposed model is trained end-to-end on TMA spots from the UKE dataset provided by
the Institute of Pathology at the UKE to extract morphological features of the tissue structure
related to relapse risk of the patient at the time of RP. To improve model robustness, it is trained
on TMA spots with differences in acquisition protocols that include variations in staining time,
slicing or the used scanner. Further, it is shown that this approach also can be applied beyond
the domain of TMA spots into estimating the cancer aggressiveness of histopathological images
of whole biopsy slides. These have greater importance for the urologist and open the potential
for clinical application e.g. in terms of initial therapy decision. However, the biopsy images are
much larger than individual TMAs. Biopsies are obtained at an earlier stage in the lifecycle of a
PCa patient as discussed in sec. 2.1.1. This motivates the use of the previously presented CI
model (see chapter 6) to select relevant parts of biopsy images that are afterwards used in the
risk estimation process of PCAI.

The chapter is divided into the following parts. After presenting how this thesis contributes
to the model development, the methods section describes how the PCa related datasets were
utilized from the sources that were introduced in chapter 3. Further, the DL-based model
architecture and strategies regarding model robustness and generalizability are presented. To
show the validity of the robustness extensions, the results section compares the developed model
to a baseline (BASE) that does not take these extensions into account. Further, the PCAI is
compared to ISUP grading of human annotators on TMA spot and biopsy images in terms of
cancer aggressiveness. Note that some datasets only provide a patient-level annotation that
may be aggregated from multiple images. Nonetheless, three of the presented datasets, namely
UKE.sealed, UPP, and MMX, provide individual slide-level annotations that are used for a
fairer comparison. Qualitative results show ideas on how the DL model can aid the urologist in
the decision-making progress that mainly involves the initial treatment planning after diagnosis
from the biopsy. It is presented how the derived model can further be used to visualize relevant
cancer locations on biopsies to guide manual inspection, derive risk groups from the PCAI
prediction, and provide a credibility score for a presented sample based on the model’s training
data distribution to enhance the trustworthiness of the AI model towards the urologist.

In contrast to the DCS model development in chapter 4 that predicts individual survival curves
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based on multiple input features, this chapter focuses on an individual scalar risk prediction
that is generated exclusively from individual images. This allows for a better comparison to
pathological GG or ISUP grades for a fairer comparison. Also, the resulting predictions of the
model can afterwards be combined with other patient features and be interpreted as a digital
biomarker in a joint survival model (as shown in chapter 5) of tabular- and image-based features
of each individual patient.

7.1.1 Contribution
This chapter is based on preliminary work of the colleagues Esther Dietrich [64,65] and Peter
Walhagen [245] that analyzed DL-based risk prediction approaches for PCa from TMA spots
and biopsies. This chapter was developed in collaboration with Fabian Westhaeusser.

7.2 Methods
The aim of this chapter is to develop a DL-based model that can predict cancer severity of
histopathology images, namely TMAs and biopsies by taking robustness into account. The
developed PCAI model utilizes TMA spot data of different qualities and staining protocols to
train a robust CNN encoder-based model that estimates five-year cancer relapse after RP on
TMAs. After training, the model is extended to the related, and clinically more relevant use case
of biopsy risk prediction.

Fig. 7.1: Overview of the metadata and image-based quality control filtering steps to obtain
the filtered datasets that are used for development and evaluation of the PCAI model.
Created with BioRender.com

7.2.1 Dataset Preparation and Selection
This chapter utilizes the PCa datasets that contain TMAs or biopsies introduced in sec. 3.2. The
images originate from five different clinics and contain up to eight different images for a single
patient. The clinics from three different countries that are involved in this work are the UKE
(Hamburg, Germany), NYU (New York City, USA), JHU (Baltimore, USA), UPP (Uppsala,
Sweden) and MMX (Malmö, Sweden). A total of 10,412 patients and 37,675 TMA and biopsy
images were analyzed. The following section describes how the datasets that were used in this
work to train and evaluate the PCAI model are derived based on their metadata and image
quality as shown in fig. 7.1.

Firstly, patients with insufficient endpoint information are filtered. To compare to patient-level
ISUP grading, only patients that provide this feature are kept for all datasets. Further, individu-
als that received adjuvant treatment are removed from further analysis. For all datasets, it is
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7.2 Methods

documented if the patients developed BCR, metastasis, had an additional, unplanned therapy, or
are lost to FU. Patients that are lost to FU are considered censored at that time while all other
events are considered as an event leading to an event indicator of di = 1 with the corresponding
duration zi from either the RP (for TMA datasets) or the date of biopsy taken (for biopsy
datasets) until the event-of-interest. In addition, patients who have a censoring time less than
6 months are excluded in this chapter. Pathological GG were obtained from the whole prostate
after RP.

Moreover, this work utilizes a binary five-year survival indicator (similarly to the calculation of
an AUROC for a single point in time, see sec. 2.4.4). For training, the indicator is introduced
based on the event time zi and indicator di for each individual as

yi =


0 if zi ≥ 5 years
1 if zi < 5 years and di = 1
undefined otherwise

. (7.1)

This step cannot provide a valid label for censored individuals with less than 5 years of follow-up
information that can therefore not be used during training, thus are filtered out.

Further, all images with insufficient quality are removed. This includes the exclusion of all images
that do not show tissue in at least 10 % of the presented area. Since no tissue masks exist for
the datasets, a brightness filter is used where images that show a lightness value of more than
0.92 (or 235/255) in over 90 % of the total area are removed. This automated approach was not
feasible for biopsies that may show even higher fractions of non-tissue area, but still contain
valuable information. Instead, images were manually analyzed and removed if they did not show
enough tissue, were blurred or had pen marks on relevant parts of the slide.

The results part of this chapter will compare model predictions of DL-based models to human
annotated ISUP grades that are present for each image. Some datasets only provide an ISUP
grade that was assigned on patient-level by combining information that may have been obtained
from multiple images. This makes a comparison to the predictions that were made on individual
images hard to compare. To overcome this problem, three datasets are included that also provide
image-level ISUP grading for a fairer comparison.

The slide-level human annotations and the developed DL-based algorithm predictions are then
aggregated to patient level by using the worst prediction per patient among the images. This
way the resulting predictions can be evaluated and compared to the patient’s actual survival
information.

Training Data

For model training, only TMAs from the UKE are used that show single TMAs of RP patients.
Since this dataset is the only source of training data for the model of this chapter, it is explained
in additional detail. In total, 39 blocks with 69,251 of 17,700 patients were collected and observed
for over 20 years after RP offering a high quality dataset regarding PCa relapse prediction after RP.

For research, the TMAs obtained from those patients were digitized using variations in the
acquisition protocol by the department of pathology of the UKE (see sec. 2.1.2). In total, 8,157
patients with 28,236 images that are divided into sub-datasets categorized by variations in the
staining protocol as described in sec. 3.2.1 are used for model development and evaluation. The
sub-datasets that were analyzed in this work are visualized in fig. 7.2 and briefly explained below.
In the following, the set of these sub-datasets is called UKEhv. This figure also includes the data
that was used to train the BASE and final PCAI model that are described in sec. 7.2.3.

The first sub-dataset is called UKE.first and contains 8,123 TMAs that were most representative
for the individuals. They were cut at 2.5 µm and stained with hematoxylin for four minutes
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Fig. 7.2: Image distribution of UKEhv sub-datasets that originate from two cores. Additionally,
the training data for BASE (gray) and PCAI (blue) are shown.

and with eosin for 1 minute and 20 seconds respectively. Afterwards, the TMA blocks were
scanned with an Aperio (APE) scanner. Further, UKE.second uses the same staining protocol,
but with a secondary TMA spot that was obtained from a different core of the cancerous region
leading to 7,156 extracted TMA images. Moreover, UKE.scanner contains the same TMAs as
UKE.first that were scanned with a different scanner vendor (3DH) at a higher magnification of
80x (0.125 µm/pixel) instead leading to 8,114 extracted TMAs.

Additionally, three smaller datasets with variations in TMA thickness and staining time are
included. UKE.thin contributes 1,602 TMAs that were cut at a thinner thickness of 1 µm whereas
UKE.thick provides 1,574 images of TMAs that were cut at 10 µm. Lastly, UKE.long contains
1,667 TMAs that were stained for an almost ten times longer staining time of 40 minutes for
hematoxylin and 10 minutes eosin.

Lastly, additional TMAs were provided without any corresponding metadata information which
that is only used for a final evaluation of the algorithm by the department of pathology of the
UKE. This thesis calls this sub-dataset UKE.sealed that provides 4,097 TMAs with hidden
patient information. This is the only sub-dataset of the UKE that contains multiple images per
patient and provides an image-level annotation of ISUP as well as GIQ grades that are used in
the evaluation.

External Evaluation Data

Additional datasets are included for external model evaluation. This includes data as described
in sec. 3.2 from NYU, JHU, UPP and MMX. For those datasets, the same filtering steps as
explained above are applied to ensure the same dataset quality. While NYU and JHU are used
to evaluate the robustness extensions of the developed model, UKE.sealed, UPP and MMX
provide image-level annotations for a final model evaluation compared to image-based human
ISUP grading.

The main characteristics of the resulting datasets are visualized in tab. 7.1 (additional information
can be found in appendix F.2). Note that only 18 % of patients from the UPP dataset could be
included mostly due to lack of sufficient followup information. Also, all patients that received
multiple therapies are excluded. In total, the filtered datasets that are used in this work contain
36,414 TMAs and 1,261 biopsies from 10,412 patients. Fig. 7.3 shows the fraction of patients
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per dataset that were included in this study meaning that more than 5 years of FU information
was present for censored individuals, ISUP grading was provided, no adjuvant treatment was
performed, and the image quality was sufficient.

Tab. 7.1: Basic characteristics of the datasets that are used for the development and evaluation
of PCAI. Type differentiates between TMAs and biopsies, annotation level between patient- and
image-level ISUP annotation.

UKEhv NYU JHU UKE.sealed UPP MMX
Type TMA TMA TMA TMA Biopsy Biopsy
Annotation level Patient Patient Patient Image Image Image
#Patients 8,157 158 879 826 123 269
#Images 28,236 506 3,575 4,097 683 578
Scanner APE, 3DH APE HAM, VEN APE HAM, VEN HAM
Thickness [µm] 1, 2.5, 10 5 4 2.5 unknown 4-5

Fig. 7.3: Fraction of included patients for the analyzed datasets.

7.2.2 Image preprocessing
Magnification Level For the integration of the datasets, several preprocessing steps are
necessary. Firstly, the highest shared magnification level among all datasets of 20x (0.5 µm/pixel)
is used prior to patch extraction to ensure the same level of detail among all datasets. For TMAs,
this leads to images with a side length of approximately 1,800 pixels.

Masking The resulting images in the final datasets may contain arbitrary shapes and sizes
especially for the provided biopsy slides. To ensure that consistently sized images can be provided
to the model, the same patching strategy that was also used for the CI model is used as presented
in chapter 6. This means that the images are cut into equally sized patches that were processed
individually. This chapter uses a similar approach, but keeps the individual patches of a specific
slide inside a bag since only a slide-level label exist.

To select the relevant patches of the images, several masks are generated:

Tissue Mask The tissue mask distinguishes between foreground and background of each image.
It is generated by using Otsu’s thresholding [176]. The main idea of this approach is to
find a dynamic threshold that minimizes the sum of weighted within-class variance in the
histogram for each individual image.

115



7 Cancer Risk Estimation from TMA Spots and Biopsies

Anomaly Mask Some selected images might contain pen markers, blood stains, or other impuri-
ties that do not show actual tissue. To detect and remove those, the HSV representation
of an image calculates the median intensities H̄, S̄ and V̄ of the foreground pixels for
each channel (using the aforementioned tissue mask). Afterwards, all pixels that deviate
more than empirically determined values of (−60,+60) from H̄, (−30,+70) from S̄, and
(−60,+60) from V̄ , are considered anomalies. Note that the total ranges of the HSV space
in this work are defined as H ∈ [0, 360], S ∈ [0, 255], V ∈ [0, 255]. Final morphological
opening and closing remove small regions from the image to obtain the final anomaly mask.

Filtered Tissue Mask Since the anomaly mask may remove foreground and background regions,
the first tissue mask is regenerated without the anomalies to provide the final tissue mask
Ti for each individual image.

Patch Selection Based on the definitions from sec. 6.2.2 and the aforementioned mask
definitions, individual patches P(i,m,n) ∈ Rps×ps×3

+ of the i-th image in the m-th row and n-th
column with a patch size of ps that contain at least 10 % of filtered tissue are obtained from each
individual image. All patches from a single image are contained in the corresponding bag

Bi =
{

P(i,m,n)

∣∣∣∣∣ |T(i,m,n)|
p2

s

> 0.1
}
. (7.2)

where |T(i,m,n)| defines the number of non-zero entries of the corresponding filtered tissue mask
of the i-th image in the m-th row and the n-th column.

Finally, combining the binary five-year relapse indicator yi from eq. (7.1), the final dataset of nimg
individual images that is used for model training can now be defined as tuples of the individual
bag and the five-year relapse indicator as {(Bi, yi) | i ∈ {0, 1, . . . , nimg}.

7.2.3 Model Architecture
The following section explains the different parts of the PCAI model in more detail. It provides
the foundations of BASE before the extensions of PCAI are introduced. The main idea of
this chapter is to develop an end-to-end risk assessment model for histopathological images of
cancerous prostate tissue. The goal is to compare the predictive performance of the model to
ISUP grading based on human annotations that is known to face challenges like a high inter
observer variability as discussed in sec. 2.1.2. Unlike other models, this work does not try to
emulate the Gleason grading itself, but provide an alternative risk estimation for the individual
images. To achieve this, these human annotations are not used during model training. The model
rather utilizes objective information, namely if the patient survived at least five years after RP
without any form of cancer relapse after RP. During inference, the predicted value of the model
can be interpreted as the probability of cancer relapse after RP within the first five years for a
given TMA. This defines the idea of the BASE model as depicted in fig. 7.4 that is described in
additional detail below. Note that layer biases were omitted to simplify some equations.
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Fig. 7.4: Overview of the BASE model architecture. After n patches of the i-th image are selected
and preprocessed, the encoder transforms the bag of patches B into the embedding
matrix E by concatenating of the individually encoded patch embedding vectors. The
SA layer creates the context-aware embedding matrix C that is aggregated via attention-
based MIL to the bag embedding vector b before the classification layers produce the
final prediction vector ŷ. Created with BioRender.com

Patch-Level Encoder

The first building block of PCAI is the image encoding network that transforms all npatches
patches of an input image into a patch-level latent representation.

Using the embedding function
emb: Rps×ps×3 → R

demb , (7.3)
every patch Pn of the bag B is passed to the encoder independently which transforms Pn into
a latent vector en ∈ Rdemb with the embedding size demb. This creates the set of all patch
embedding vectors for one image

E = {emb(Pn) | Pn ∈ B} (7.4)

that are further concatenated as row vectors in the embedding matrix

E =
[
e0, e1, . . . , e

npatches−1]T . (7.5)

Following the same approach that was chosen for the CI model (see sec. 6.2.3), this chapter also
utilizes the CNN-based EfficientNet-b0 [226] as introduced in additional detail in sec. 2.5.3
for patch-wise image embedding.

Patch-Level Self-Attention

Next, a self-attention (SA) layer following [193,202] is used that introduces interdependencies
between a bag’s individual patch embeddings. For the i-th individual patch embedding vector
ei ∈ E, a key vector ki = Wkei, query vector qi = Wqei, and value vector vi = Wvei are
defined to obtain the self-attention weights

anm =
exp

(
qn

T km

)
npatches∑

o=0
exp (qn

T ko)
(7.6)

in the n-th row and m-th column of the self-attention matrix ASA ∈ Rnpatches×npatches . The
output of context-aware embeddings cn of the SA layer for all patch-level embeddings en can
then be obtained by

cn =
npatches−1∑

m=0
anmvm + en (7.7)

117

https://www.biorender.com/


7 Cancer Risk Estimation from TMA Spots and Biopsies

where the weight matrices Wk and Wq ∈ Rdemb×dSA along with Wv ∈ RdSA×dSA are learnable
parameters of the model and dSA refers to the size of the self-attention embedding.

Bag-Level Attention-Based Multiple Instance Learning

It follows an attention-based MIL layer [114] that aggregates all context-aware patch embeddings
of an input image into a one-dimensional feature vector. The context-aware patch embeddings
are transformed by the attention-weighted sum as

b =
npatches−1∑

k=0
akck (7.8)

with individual attention weights

ak =
g(ck)

npatches−1∑
m=0

g(cm)
(7.9)

and g(c) defined as
g(c) = exp

(
wT tanh

(
VcT

))
. (7.10)

Moreover, w ∈ RdMIL and V ∈ RdMIL×demb are learnable weights of the model architecture.
To sum up, this process generates an attention-weighted sum of the individual context aware
embeddings c for the vector b ∈ Rdemb that now contains a bag-level representation of all provided
patches for one image.

Target Prediction Head

As the last step in the model pipeline, an MLP is used to further process the bag-level latent
representation to two output neurons. The bag-level representation b is transformed to the final
prediction of the model with the two fully connected layers as

ŷ = softmax
(

Y(2)ReLU(Y(1)b)
)

(7.11)

where ReLU is defined as the rectified linear unit ReLU(x) = max(0, x) and the learnable weight
matrices are defined as Y(1) ∈ Rdhid×demb and Y(2) ∈ R2×dhid . The MLP maps the bag-level
latent representation b to the binary prediction vector ŷ ∈ [0, 1]2 that estimates the probability
of having a relapse before five years or not.

7.2.4 Objective Function
For the output of the network, the objective function is based on ŷ ∈ [0, 1]2 with two probabilities
that estimate the probability of a certain input image if a relapse will occur within the first five
years ŷ1 or not ŷ0. Note that the two events are the only possibilities for each patient leading to
ŷ0 + ŷ1 = 1. For training, a weighted two-class cross-entropy loss

Ly = −
1∑

i=0
wi

[
yi log(ŷi) + (1− yi) log(1− ŷi)

]
(7.12)

(7.13)

is used where the one-hot encoded vector y indicates an individual’s five-year relapse (y = [0, 1]T )
or not (y = [1, 0]T ) and ŷ ∈ [0, 1]2 is the two-dimensional vector of the two corresponding
predicted probabilities. To ensure that the two possibly imbalanced classes are equally weighted
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during training, the number of positive samples n1 and the number of negative samples n0 is
used to calculate the respective loss weights

wi = ntotal

ni
(7.14)

based on the inversely proportional absolute frequencies ni for the two classes and ntotal = n0 +n1
as the total number of training samples.

Fig. 7.5: The final PCAI architecture with the added robustness extensions of an additional
domain adversarial head and credibility estimation-based color adaptation. Created
with BioRender.com

7.2.5 Improving Model Robustness
The aforementioned model trained on TMAs from the UKE dataset can already produce good
discriminative performance on the internal dataset as long as the model is used to predict on
images from the same sub-dataset. When samples with higher variations are presented, the
performance drops significantly impeding the model’s usability for a clinical setting. The next
section describes the strategies that were taken to overcome the aforementioned robustness
problems. Therefore, the PCAI model utilizes additional training data from two more sub-
datasets, that extends the diversity of images for the model during training, also introducing a
second domain-adversarial (DA) head. In addition, credibility estimation (CE) is introduced
that identifies images that are too far away from the training distribution based on the bag-level
latent representation b. Furthermore, histogram matching-based color adaptation (CA) aims
to push those samples closer to the training data distribution. Fig. 7.5 shows these extensions
schematically that are explained in additional detail below.

Domain Adversarial Training

As one extension towards better model robustness, a domain adversarial head is added to the
model network during training. This adds another classification task to the network that distin-
guishes between multiple input domains of the training data.

Following [85,254], a gradient reversal layer is introduced before the domain classification head
that, during backpropagation, reverses the gradient of the learned domain distinction. The goal
of this method is to merge the latent representations of those different domains that are used in
training in the shared encoder part of the network.

Similarly to the target prediction head, the additional domain classification head consists of two
dense layers that estimate to which domain an individual bag-level representation b belongs as

d̂ = softmax
(

D(2)ReLU
(

D(1)b
))

(7.15)
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where D(1) ∈ Rddom×demb and D(2) ∈ Rndomains×ddom are learnable parameters of the network
architecture with the number of dimensions ddom and the number of target domains ndomains.
Also, this domain head is trained using a BCE-based loss as

Ld =
nd−1∑
i=0

wi

[
di log(d̂i) + (1− di) log(1− d̂i)

]
(7.16)

where wi = ndomains/ni are the inversely proportional weights of the different training domains
based on the absolute frequencies ni for each one-hot encoded target domain vector d where
i ∈ {0, . . . , ndomains−1}. This loss is then added to eq. (7.13) to produce the new overall objective
function of the model

Ltotal = Ly + λLd (7.17)

that is used to train both heads in parallel to produce less domain-specific latent representations
of the bag embeddings b.

Fig. 7.6: Example of Mahalanobis distances for a closer and a further sample regarding a reference
distribution with the same euclidean distance of 1 to the distribution’s center in two
dimensions

Credibility Estimation

With credibility estimation (CE), this work introduces a latent-space-based measurement to
determine how close a new input image’s latent representation is to the training distribution
following [141,173,244]. This work uses the measure on the latent distance of an image’s bag
representation b from the bag-level latent representations of all training samples. As a distance
measure, the Mahalanobis distance is used that measures the distance in standard deviations
from the mean of the training distribution [186]. An example of the Mahalanobis distance is
shown in fig. 7.6 for a 2-dimensional distribution that compares a euclidean distance of 1 for the
center of a distribution to the Mahalanobis distance. The image shows why this metric is better
suited to estimate the distance from a distribution compared to the Euclidean distance indicated
by the circle since the two points with equal euclidean distance from the distribution’s center
should be treated differently regarding in-domain classification.
The Mahalanobis distance is defined as

∥b∥M =
√

(b− µ)T Σ−1(b− µ) (7.18)
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where µ = [µ0, µ1, . . . , µdemb ]T is the vector of mean values per individual dimension and
Σ ∈ Rdemb×demb is the covariance matrix of a reference distribution. For this chapter, this
distribution is the training dataset’s bag-level representations.

To derive the credibility of a sample bj , a calibration set of bag-level representations is defined
following [230] as the label-dependent bag-level representation subsets

Bk =
{

bi

∣∣ yi = k, i ∈ {0, 1, . . . , npatches}
}

(7.19)

for k ∈ {0, 1}. The Mahalanobis distance is applied to each predicted sample in the label specific
subsets to obtain

Mk =
{
∥b∥M

∣∣ b ∈ Bk

}
. (7.20)

This further allows the derivation of the credibility as

cred(bj) = max
k

(∣∣{m ∈Mk, m ≥ ∥bj∥M}
∣∣

|Mk|

)
(7.21)

where | · | denotes the cardinality of a set. This calculates the fraction of samples with greater
Mahalanobis distance regarding the label-separated calibration subsets Bk. For the credibility
measure, the maximum fraction of the calibration samples b that are farther away from the
training center compared to the current sample’s distance ∥bj∥M of the two target class labels is
provided as a sample’s credibility in this thesis. This way, the output prediction of the model gets
an additional measure of trustworthiness that is useful in a clinical context for the interaction
with the clinicians. A credibility close to 1 now indicates a sample that is close to the training
distribution while a low credibility indicates that no comparable sample was seen during model
training according to the latent representation.

Color Adaptation

Since samples that are far from the training distribution can now be identified using CE from
above, it is desirable to alter those samples in a way that brings their bag-level latent representa-
tion closer to the training distribution to ensure a more credible representation. One strategy
that proved successful is to introduce color adaptation on those samples with histogram matching
to the closest training histogram cluster in the HSV space as explained below.

For all training images, the set of all HSV histograms is divided into k clusters by performing
a k-means clustering based on the channel-wise Wasserstein distance [201]. The Wasserstein
distance measures the cost of transforming one distribution (here a histogram) into another.
For the found clusters, a mean histogram is calculated that represents the k-th cluster of im-
ages of the training data. For a new source image, the HSV histogram of the k calculated
mean histograms with minimal Wasserstein distance to the source histogram is then used as
a reference. Histogram matching is then performed on the source’s three independent channel
histograms to transform them to the reference histogram. The matching uses the cumulative dis-
tribution function of the channel-wise histograms to match the source to the reference distribution.

For the final PCAI model, this method of CA is only used for samples that are considered
non-credible by the first pass through the network as shown in fig. 7.5. If a non-credible sample
is identified, one additional pass through the network using the CA altered image is performed
to determine the output prediction.

7.2.6 Experimental Setup
Data Splitting

The three largest datasets of UKEhv, namely UKE.first, UKE.second and UKE.scanner are
split stratified by the event indicator into 70 % training, 15 % validation, and 15 % test data on
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patient-level to avoid leakage of patient information into multiple splits. This also defines the
three domains that are used for the DA task of the network. For the actual training, samples
from UKE.first are weighted twice since they are supposed to be most characteristic for the
individual patient.

Moreover, the three smaller datasets, namely UKE.thin, UKE.thick, and UKE.long are not used
for training, but are considered during validation. These datasets are split (again stratified by
the event indicator) into 50 % validation and 50 % test data. All other datasets are used for
model evaluation only thus belonging exclusively to the test dataset.

Patch selection

Since this model should also be used for predictions on biopsies, the preprocessing for those
images adds an additional step of patch-selection due to the size of the biopsies which might
contain up to 10 thousand patches instead of 100 for the TMA datasets. In the training step on
TMAs, 100 over- or under-sampled patches of a single image are selected. To keep this consistent
for inference, the same number of patches is preselected. Here, the 100 patches with the highest
prediction by the CI model are used as an additional preselection step. This way the PCAI model
is extended to not only work on TMAs, but also on the much larger scale of biopsy images.

Model Training

For the training and validation process of the models, all TMAs of the UKE sub-datasets are pre-
processed as follows. With a fixed patch size of ps = 128 pixels, a fixed number of npatches = 100
patches is selected from all available patches per TMA. While some TMAs are oversampled
if less than 100 patches are present, TMAs with more than 100 potential patches are undersampled.

Furthermore, the number of internal dimensions to generate the attention-based bag-level repre-
sentation for b is set to dMIL = 128. The patches are augmented using AugMix augmentation [105]
to obtain the final input images for the training procedure. Further, the EfficientNet-b0 model
is initialized with ImageNet pre-trained weights. Also, the patches are normalized such that they
show the same mean and standard deviation that was found in ImageNet pre-training.

During training, an Adam optimizer is used with a batch size of 16, a learning rate of 2.75e− 06
and a maximum of 200 epochs, but including early stopping based on the mean validation
five-year relapse prediction AUROC. Further, dropout is used as an additional regularization
strategy at a value of 0.34.

Robustness Extensions

For the PCAI model, the training splits of the three biggest sub-datasets, namely UKE.first,
UKE.second and UKE.scanner, were included in the DA training providing nd = 3 domains.
During training, a custom training dataset is created that contains UKE.first twice and the other
two only once to emphasize the most important sub-dataset that follows the default protocol for
digitization of TMAs without any alterations.

For CA, this thesis defines a sample as an outlier if its credibility lies below 0.75. For color
adaptation (CA), k = 8 clusters are used. These parameters were optimized by the mean five-year
AUROC of the six validation sub-datasets.
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7.3 Results
The PCAI model that was presented in the previous section is evaluated regarding several
quantitative and qualitative measures. Results of BASE without the robustness approaches are
shown for a comparison on all extracted datasets. A detailed table of the patient characteristics
for the extracted datasets is depicted in tab. A10.

Firstly, this chapter deals with the influence of input data variation for the BASE and PCAI
model to analyze where the robustness extensions of the model lead to better performance.
This is mainly performed on the different sub-datasets of UKEhv as well as the NYU and JHU
datasets. Afterwards, this analysis is extended to the datasets where image-level human ISUP
annotations are given. The discriminative model performance of BASE and PCAI is compared
to one or multiple human annotators based on individual images.

7.3.1 Effect of Input Data Variation
Variations in the input images can significantly reduce the performance of DL-based algorithms
compared to the influence on humans [11,30]. The sub-datasets in UKEhv show variations in the
histopathological images that originate from differences in formalin fixation, paraffin embedding,
sectioning staining, and the digitization process. The first comparison is done on a subset of the
UKEhv dataset where only patients are included that provide TMA images in all six sub-datasets
leading to a total of 1,537 patients to analyze the robustness extensions that were described in
sec. 7.2.5. For a comparison, exemplary TMAs of the UKEhv sub-datasets excluding UKE.sealed
are illustrated in fig. 7.7a with visible differences in image brightness and saturation.

Fig. 7.7b shows the prediction distributions for BASE and PCAI on each sub-dataset in UKEhv.
It can be observed that the BASE and PCAI prediction distribution for UKE.first look similar.
BASE shows a larger difference compared to the UKE.first distribution than the PCAI model.
The largest median prediction difference with 31 pp of the BASE model is found in the UKE.thin
sub-dataset with a median prediction of 0.77 compared to 0.46 in UKE.first. In contrast, the
PCAI prediction distributions differ less from the UKE.first predictions with a maximum me-
dian difference of 6 pp in the UKE.long sub-dataset with 0.40 compared to a median of 0.46 in
UKE.first. These findings show that the robustness extensions help to keep the prediction distribu-
tion of the model more consistent with the varying input image attributes for overlapping patients.

In terms of discriminative performance on the internal UKEhv sub-datasets as shown in fig. 7.7c,
it can be observed that the performance of BASE drops significantly for the five out-of-training
datasets, even though this model is already trained on 8,123 images and patients. The perfor-
mance regarding the C-index drop significantly from 0.645 for UKE.first by 5 pp (UKE.scanner)
and 8.6 pp (UKE.thin). Similar results can be observed for the 3-, 5-, 7-, and 10 year AUROC.
This finding demonstrates the difficulty of the BASE model to deal with previously unseen
dataset variations in the TMA images.
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(a) Exemplary TMA samples.

(b) Prediction distributions for the overlapping patients.

(c) Relative C-index for BASE (gray) and PCAI (blue) compared to BASE C-index on UKE.first.

Fig. 7.7: Comparison of BASE and PCAI on UKEhv sub-datasets. Variations in spot appearance
(a), the resulting prediction distribution (b) and the C-index difference compared BASE
on UKE.first for all UKEhv sub-datasets excluding UKE.sealed with 1,537 patients that
provide images in each sub-dataset to visualize influence of data variation on BASE
and PCAI model predictions.
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This drop in performance motivates the robustness extensions from sec. 7.2.5 for the PCAI model.
Note that PCAI was not only trained on UKE.first, but also included training samples from
UKE.second and UKE.scanner. Fig. 7.7c and fig. 7.8 show that the discriminative performance
of the BASE model can be improved by the PCAI model throughout the UKE sub-datasets.
A detailed table with the obtained scores can be found in tab. A11. This also holds true for
the external TMA datasets NYU and JHU (see fig. 7.9). Regarding C-index, the performance
could even be raised by 2.2 pp on UKE.first which is the only dataset that is used in training
for the BASE model. Further, C-index was enhanced across all sub-datasets from 3.5 pp on
UKE.thick (0.573 to 0.609) to 6.2 pp on UKE.second (0.602 to 0.661). The same behavior can
be observed for the yearly AUROCs except for years 8-10 in UKE.scanner depicted in fig. 7.8.
Additionally, an improvement regarding all metrics shown can also be observed for NYU and
JHU e.g. regarding C-index with 5.3 pp (0.641 vs. 0.694) and 1.0 pp (0.577 vs. 0.587) respectively.
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Fig. 7.8: Discriminative performance of BASE (gray) and PCAI (blue) regarding C-index and
AUROC over time for the sub-datasets in UKEhv excluding UKE.sealed.
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Fig. 7.9: Discriminative performance of BASE (gray) and PCAI (blue) regarding C-index and
AUROC over time for the external TMA datasets NYU and JHU.
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Ablation: Robustness Extensions

The robustness extensions of PCAI that consists of including two additional sub-datasets into
the training, domain-adversarial training and (CE-guided) color adaptation are evaluated in an
ablation study. Since the extensions aim to make the model more robust on external data, the
individual influence towards performance on the external datasets is shown. Note that the CI
model was used to preselect the 100 patches with the highest cancer prediction for the biopsy
datasets UPP and MMX. The models presented are the 9 combinations (with the number of
choices in parentheses) of:

Training domains (2) The model is either trained on images from UKE.first (5,710 images)
exclusively or additionally includes UKE.second and UKE.scanner (5,700
and 4,968 images respectively), but weights images from UKE.first twice.

DA (2) Whether domain-adversarial training was used as described in sec. 7.2.5
or all samples were used without further domain knowledge. Note that
DA can only be used in combination with the larger training dataset
(sec. 7.2.5).

CA (3) If color adaptation was used on either none, all or CE-guided samples
(sec. 7.2.5).

Tab. 7.2 shows the mean and standard deviation of the C-index and AUROC for the external
datasets on 9 combinations of the robustness extensions that were independently trained and
hyperparameter tuned on the UKEhv sub-datasets. It can be observed that the more robust-
ness measures are taken, the better the mean discriminative model performance becomes on
the external datasets regarding C-index and five-year AUROC. The biggest performance gain
compared to the first row that represents BASE is observed by adding the two largest additional
sub-datasets UKE.second and UKE.scanner (approximately tripling the available training data)
joined by minor performance boosts when DA and selective CA based on CE are added. However,
adding the robustness extensions separately might lead to a drop in performance when using DA
training and no CA.

To sum up, adding the additional training data already gives a significant performance on the
external datasets without introducing more complexity in the model. However, this removes
the credibility score (as part of the CE module) that makes the model more interpretable by
providing an additional score during inference showing how close the new image is to the training
data distribution.

Tab. 7.2: PCAI ablation study results are presented with the best performance highlighted in
bold. The mean C-index and 5-year AUROC on all external datasets (NYU, JHU, UPP, MMX)
is used to evaluate the robustness of the extensions (if included, indicated by •. CE means
selective CA based on CE results) of the PCAI model.

training (sub-)domains DA CA C-index AUROC5

UKE.first
0.642 ± 0.095 0.667 ± 0.114

• 0.614 ± 0.101 0.637 ± 0.102
CE 0.614 ± 0.101 0.637 ± 0.102

0.665 ± 0.076 0.686 ± 0.091
UKE.first • 0.674 ± 0.124 0.686 ± 0.130

UKE.second CE 0.667 ± 0.131 0.678 ± 0.145
UKE.scanner

•
0.655 ± 0.071 0.682 ± 0.083

• 0.674 ± 0.134 0.694 ± 0.136
CE 0.688 ± 0.126 0.703 ± 0.133

126



7.3 Results

7.3.2 PCAI vs. Image-Level Annotations
UKE.sealed (TMA dataset)

This section evaluates BASE and PCAI predictions to individual image-level human annotated
TMAs from the UKE.sealed dataset. This dataset does not only contain image-level ISUP anno-
tations from the department of pathology of the UKE, but also GIQ annotations as presented in
sec. 2.1.2 which is considered the best performing grading system in PCa histopathology [207].
Note that the evaluation of this dataset was performed externally after model development to
avoid leakage into the training and development process of the PCAI model.

To evaluate image-level annotations and compare them to patient-level survival information, the
existing annotations are aggregated as follows. For ISUP grading, the maximum image-level
annotation among all images for a single patient is used. For GIQ, BASE and PCAI, the mean
and max of the image-wise predictions for each individual patient are considered. The results in
fig. 7.10 (with detailed numbers provided in tab. A12) show that PCAI outperforms BASE on
all presented metrics significantly, for example the C-index by 3.2 pp and 3.9 pp for mean and
max aggregation respectively. Similarly, expert ISUP annotations are outperformed by the max
aggregated PCAI across all presented metrics, with 2.6 pp regarding C-index (0.713 vs. 0.739).
When comparing PCAI to GIQ, mean aggregation shows similar discriminative performance
regarding C-index (0.744 vs. 0.743). For AUROC, the performance of GIQ is mostly better
before dropping below PCAI at 8 years. Most notably, for max aggregation, PCAI performs
slightly better than GIQ in all presented metrics by 1 pp (C-index), 0.7 pp (3 year AUROC),
1.1 pp (5- and 7- year AUROC) and 2.6 pp for 10-year AUROC. In general, GIQ and ISUP
show a drop in performance over time while PCAI remains more stable. Overall, slightly higher
scores are achieved across the presented metrics when mean aggregation is used for GIQ and PCAI.

UPP and MMX (Biopsy datasets)

The clinically relevant evaluation of the algorithm is performed on the biopsy datasets that may
help the urologist regarding risk prediction and treatment planning. This thesis evaluates the
performance of PCAI on UPP and MMX that were described in detail in sec. 3.2.3. As discussed
in sec. 7.1, biopsies are significantly larger and may contain over 10000 valid patches. This
thesis only uses the 100 most relevant patches according to the patch-based CI prediction from
the previous chapter were used for this analysis. Similar to sec. 7.3.2, these datasets provide
image-level ISUP annotations that are aggregated (by using the worst annotation) to patient-level
to compare it to the patient’s actual survival information that is shown in fig. 7.11 (an additional
table for the obtained results is provided in tab. A13).

For UPP, PCAI scores a C-index of 0.604 which is slightly above the ISUP annotation (0.597).
Further, BASE only reaches a C-index of 0.581. Regarding yearly AUROC, PCAI achieves better
performance than ISUP after year 2 with a five-year AUROC of 0.672 vs. 0.659. Moreover, the
MMX dataset shows the same trend. PCAI achieves the best C-index of 0.864 while the BASE
model only scores 0.779. Further, PCAI scores higher than all human annotators for C-index
(0.864 for PCAI, 0.838, 0.834 and 0.641 for A1, A2, and A3 respectively). The same results can
be observed throughout the yearly AUROC for example at year 5 where PCAI shows the highest
AUROC of 0.868 compared to the human annotation with 0.819, 0.817, and 0.657 for A1, A2,
and A3 respectively. The maximum AUROC of PCAI is achieved for 10 years with a value of
0.890.
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7 Cancer Risk Estimation from TMA Spots and Biopsies

(a) Max aggregation

(b) Mean aggregation

Fig. 7.10: Discriminative performance of ISUP (orange), GIQ (purple), BASE (gray) and PCAI
(blue) with max (a) and mean (b) aggregation regarding C-index (left) and 2-10-year
AUROC (right) for UKE.sealed.
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(a) UPP dataset

(b) MMX dataset

Fig. 7.11: Discriminative performance of human ISUP annotations (orange shades), BASE (gray)
and PCAI (blue) regarding C-index and 2-10-year AUROC for UPP (a) and MMX (b).
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7.3.3 Risk Stratification
Another step towards clinical applicability of PCAI’s predictions lies in risk stratification based
on the continuous prediction similar to the risk group assessment described in sec. 5.2.4 for
discrete output survival curves. Firstly, a median-based comparison of low vs. high risk is
conducted, followed by an analysis of the maximum number of risk groups that can be generated
for the UKEhv dataset. It is shown that this method creates up to seven statistically significantly
different risk groups.

Median-based Stratification

A simple approach that allows stratification into low and high risk groups is comparing the
patient-level PCAI predictions to the median of each individual dataset. This creates a risk
stratification into a low and a high risk group as visualized in fig. 7.12. It can be observed that
this method allows a simple stratification of the datasets into a low and a high risk group that is
statistically significant (with all p-values being below 5 %).

However, it can be observed that the value of the median differs significantly for the TMA datasets
in fig. 7.12a and the biopsy datasets in fig. 7.12b. This indicates that the risk predictions of
individual images is not independent of the dataset and has to be considered for an interpretation
of the derived risk groups. However, when comparing the median prediction for the TMA datasets
in fig. 7.12a, the order of medians (0.79 for JHU, 0.45 for UKE.first, and 0.33 for NYU) indicates
that the patient’s with the worst expected survival can be found in the JHU dataset which
can also be observed in the corresponding survival curves that show only a 10 % survival rate
at 100 months for the high risk group compared to corresponding values of 45 % for UKE and
70 % for NYU. However, this behavior does not extend to the biopsy datasets in fig. 7.12b that
show even higher median values (0.95 for UPP, 0.78 for MMX), but also relatively high survival
predictions for the high risk group at 100 months of 65 % and over 75 % for UPP and MMX
respectively.

Maximum Risk Stratification

To achieve the maximum number of risk groups for the UKEhv dataset, alg. 3 is reused based on
the scalar output predictions of the PCAI model. A maximum number of statistically significantly
different risk groups can be obtained in the same manner. The algorithm is used on the estimated
risk scores for the UKE training and validation dataset of PCAI. The images of UKE.first,
UKE.second and UKE.scanner are used for the approach that is then evaluated by the log-rank
test on the validation sets of the six sub-datasets. The results of how the predictions translate
into the different risk groups, the KM curves of the observed patient survival, and the pairwise
comparisons of the log-rank test for a maximum of 7 obtained risk groups are shown in fig. 7.13.
As expected, more adjacent groups show less statistically significant stratification quantified in
fig. 7.13b. Additionally, the distribution of all PCAI predictions for the validation sets is shown
in fig. 7.13a. In summary, this approach enables a direct risk group prediction from 1 to 7 based
on the PCAI risk prediction for an individual image which can be useful for clinical application
of the approach. This is shown in fig. 7.14 for the test set of UKE.first that was not part of
the training or validation of the aforementioned algorithm. It can be observed that the risk
groups stratify well for the observed survival visualized in the KM-curves regarding relapse after
RP. However, as shown in sec. 7.3.3, those risk groups cannot be extended to other datasets
or domains without proper recalibration. This is why this section only shows the risk group
estimation for the training data domain.
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(a) TMA datasets

(b) Biopsy datasets

Fig. 7.12: KM-curves of TMA and biopsy datasets split at patient-level median prediction for the
low and high risk group. Also shown is the p-value of the log-rank test the indicates
statistically significant differences in the two respective groups.
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(a) PCAI risk distribution and assigned risk groups from 1 (left, green) to 7 (right, red).

(b) Pairwise risk group log-rank test p-values.

Fig. 7.13: Distributions with corresponding risk group selection and log-rank test results for
predictions obtained from UKEhv for the 7 obtained risk groups defined by PCAI for
the validation data that was used to determine the maximum number of risk groups.

Fig. 7.14: KM-curves of the observed survival for the unseen UKE.first test dataset patients
showing good separation among the obtained risk groups.
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Comparing PCAI groups to ISUP

To better understand the relationship between the two grading systems in additional detail, this
section compares the derived PCAI risk groups of the UKE.first images to the corresponding
patient-level ISUP groups of the dataset.

Fig. 7.15 shows how the newly derived PCAI risk groups are composed of the different ISUP
grades. On the left and right, the patients of UKE.first are analyzed in terms of five year relapse
ratio per ISUP and PCAI risk group. The red part of each bar represents the ratio of patients
that experienced a relapse within 5 years after RP while the green fraction of each bar represents
relapse-free patients. A good risk score would show an increasing ratio for higher risk groups.
It can be observed that this is violated for ISUP with a slightly worse percentage for ISUP1
compared to ISUP0 and a higher relapse percentage for ISUP3 compared to ISUP4. This may
be caused by variance due to only 24 patients within the ISUP4 group in the whole UKE dataset
compared to 602 patients in the ISUP2 group. For PCAI, the relapse ratio corresponds well to
the obtained risk groups showing higher relapse ratios for higher risk groups.

The middle part of the image shows the flow from ISUP grade to PCAI risk group. It can be
observed that the highest risk group of PCAI, namely PCAI7, is mainly composed of ISUP grade
3, 4 and 5 while the lower ISUP groups of ISUP0, ISUP1 and ISUP2 are the main contributors
to the lowest risk group PCAI1. However, a few patients show conflicting results since there
exists for example a flow from ISUP5 to the lowest risk group PCAI1 or from ISUP0 to PCAI7.
This may be explained by the difference in annotation level of the two grading systems. While
the shown PCAI risk groups originate exclusively from the individual images, ISUP is taken from
the EHR on patient level. This means that the image that was used for PCAI may not contain
the information that led to the specific ISUP grading.
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Fig. 7.15: Comparison of ISUP grade to PCAI risk group for UKE.first. (a) and (c) show the
relapse ratios as horizontal bars per ISUP and PCAI risk group respectively. The red
part of each bar represents the ratio of patients that experience a relapse within the
first five years. Additionally, the absolute number of cases with and without relapse are
shown. Also, (b) illustrates the flow from the patient’s ISUP grade to each PCAI risk
group, where the size of each flow represents the corresponding number of patients.
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7.3.4 PCAI Biomarker on UKE.first
As a proof of concept, the prediction of the PCAI algorithm can also be used as an independent
biomarker together with other covariates of the individual patient’s EHR. This way the same
kind of analyses that were presented in chapter 5 can be performed using the survival estimation
models CoxPH and DCS. One dataset where this can be shown is the UKE.first dataset since it
provides some additional patient information along with the individual TMAs. In detail, this
dataset provides the characteristics age, positive resection status, LNI, and PSA level at RP.

For this analysis, the patient-level PCAI risk prediction is added as an additional input and
interpreted as a digital biomarker for training the two survival models regarding cancer relapse
after RP. This leads to the scores presented in fig. 7.16. The univariate models using PCAI both
score a C-index of 0.695. This discriminative performance can be improved by approximately 2
pp when PCAI is combined with one of the additional features PSA level, positive resection status
(margin status), or LNI. This boost can be observed for the three additional patient-level features
in the DCS model. For CoxPH, only a combination with positive resection status increases the
score to approximately the same value. Combining more than two features leads to additional
boosts in performance up to 0.745 for DCS when all four features are combined. Also, DCS
outperforms CoxPH in every case and performs on par when only PCAI is used.

PCAI • • • • • • • •
psa level • • • •

margin status • • • •
lymph node invasion • • • •
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Fig. 7.16: Combining PCAI with additional patient information from UKE.first for multivariate
DCS and CoxPH models.
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7.4 Discussion

This chapter described the development of a DL-based end-to-end cancer risk prediction model,
called PCAI, for PCa images from TMAs or biopsies that is trained using a variety of TMAs
from the department of pathology of the UKE that provided one of the largest TMA datasets
with detailed FU information in the world. Model performance, robustness, trustworthiness, and
interpretability are improved by adding additional input data variety and adapting the model
architecture. The approach is trained using objective survival information to avoid human-based
Gleason annotations.

In general, PCAI generalizes better than the BASE implementation on unseen TMA datasets
from the same center in UKEhv and on external data from NYU and JHU. The robustness
extensions, namely including additional TMAs with variations in the acquisition protocol, DA
training and CE-based CA improve overall results regarding discriminative performance.

When comparing PCAI to human annotators, individual, image-based annotations are used for a
fair comparison. Firstly, PCAI shows better performance in terms of C-index and yearly AUROC
than individual, image-based ISUP grades on UKE.sealed. Further, PCAI performs on par with
the more complex GIQ that takes the individual percentages of GG3-5 into account.

Additionally, it is analyzed if the model also produces reasonable results for biopsy images. As an
additional preprocessing step, the CI model from chapter 6 is utilized to select the most cancerous
patches of each biopsy. With this adaptation, PCAI outperforms for the two external biopsy
datasets with one ISUP annotation for UPP and three ISUP annotations for MMX. Overall,
PCAI yields the best discriminative performance regarding C-index and shows the best results
regarding yearly AUROC except for years 2 and 3 in the UPP dataset. The maximum AUROC
for PCAI is achieved for a ten-year prediction with a value of 0.89.

The derived risk groups based on UKE.first, UKE.second, and UKE.scanner show high discrimina-
tion on the corresponding validation set such that a total of 7 distinguishable risk groups could be
derived. This risk group can further be used in clinical reports and provides easier interpretability
than the continuous score. However, it was also shown that the absolute predictions show bias
when other datasets are analyzed. The median prediction for each dataset varies from 0.33
(NYU) to 0.95 (UPP). This shows that further adaptations or calibration need to be made if
the provided risk groups with fixed intervals should be utilized further. However, the finding
that a model that is trained exclusively on TMAs also performs well in terms of discriminative
performance when it is applied to biopsy datasets proves the validity of the presented approach.

Furthermore, the CE itself can also be reported and thus provide a measure of credibility for the
model’s prediction. A high credibility indicates that similar samples were observed during model
training while samples with low credibility might contain unseen cases that could be passed to a
human pathologist for another opinion. This further can further improve the interpretability and
trustworthiness. However, such a measure is not provided for ISUP grades that is currently used
in clinical practice. A report for the practitioner could additionally contain cancer heatmaps for
the individual biopsy slides to further improve interpretability and trustworthiness not only in
PCAI predictions but the overall pipeline.

As a proof of concept, PCAI can also be utilized as an independent biomarker together with
other clinical factors. This approach can be useful when additional information that is not
present in the images is provided like the PSA level, knowledge about metastatic spread, LNI,
or a positive resection margin. For UKE.first, this approach can be tested since some of those
features are present. The combination of these factors yields better results when the DL-based
survival prediction model DCS from chapter 4 is utilized compared to CoxPH. This combination
of input features further improves the results in discriminative performance.
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7.5 Conclusion
This chapter showed the development of the image-based PCa relapse risk prediction model
PCAI. The scalar prediction endpoint based on five year survival that was used during training
proved feasible and extended to external TMA datasets and to biopsy images.

The robustness extensions of the model, namely the inclusion of datasets with variations in
sample preparation, DA training and CE guided CA improved overall discriminative performance
compared to the BASE model. PCAI proved more robust than the baseline implementation
throughout multiple internal datasets with variations in sample preparation, e.g. staining protocol,
slice thickness or the scanner vendor that was used for digitization. Further, it could be observed
that the discriminative performance regarding C-index for the internal UKEhv sub-datasets
was significantly reduced for the BASE dataset up to 8.6 pp (UKE.thin) when different sample
acquisition protocols were used. For PCAI, this drop could be reduced to a maximum of 3.7 pp
(UKE.thick). The results were further confirmed by an ablation study that showed that adding
additional training data from other sample acquisition protocols improves model performance
the most, domain adversarial training has a minor influence and CE-guided color adaptation
brings another small boost in mean C-index for the four external datasets.

For a comparison to the gold standard of Gleason grading, three datasets with image-level
annotations were integrated with one (UKE.sealed, UPP) or even three (MMX) annotations
for each individual image. To enable the model to predict on much larger biopsy images, patch
selection was performed using the CI model that was presented in chapter 6. The CI model
identified the most cancerous areas of each biopsy that were afterwards used in the PCAI risk
prediction. It was further shown that PCAI is able to outperform the human annotators regarding
ISUP annotation (2.6 pp vs. the best annotation) on MMX, be slightly better on UPP (0.7 pp)
and score at least on par with the more complex GIQ grading on UKE.sealed (0.1 pp for mean, 1
pp for maximum aggregation respectively). Similar results can be observed when yearly AUROC
performance is analyzed.

Moreover, the results showed that PCAI risk predictions can be used to stratify the cohorts that
were analyzed in this dataset. A stratification in low and high risk groups can be achieved by
median splitting of the predicted patient-level risks for the individual datasets. The resulting
stratified KM curves show good separation which is additionally quantified by the pairwise
log-rank test that yields values below 5 % for all five analyzed datasets. However, the different
median values for the datasets hint that further recalibration of the model output is necessary
to obtain a more universal risk stratification for individual domains. Nonetheless, this thesis
optimized the risk stratification for the internal UKEhv dataset. Similar to the analysis in
sec. 5.3.4, a maximum number of seven risk groups could be found that still yield statistically
significant differences in the observed survival curves of those patients.

It could be shown that a risk interpretation of the PCAI prediction can be used together with
additional patient variables to improve overall relapse risk prediction on the UKE.first dataset.
Discriminative performance could further be improved when it is combined with the DCS survival
prediction model that was introduced in chapter 4.

Lastly, the PCAI model is available in a public repository.22

7.5.1 Future Work
However,several drawbacks of the presented approach can be addressed. Firstly, the model archi-
tecture might be reviewed. One idea would be to change the endpoint of the network to directly
22https://github.com/imsb-uke/pcai
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predict a risk rather than using the five-year endpoint as demonstrated in [88]. This approach
would be closely related to the actual training of the CoxPH model and could be achieved by
emphasizing a comparing loss like the kernel loss that was used in the development of this work’s
DCS survival model. Further, the integration of cell type (e.g. glandular cells or stroma) and
nuclei density information might be beneficial for model development and interpretability. As an
example, an approach for pancreatic cancer showed the influence of desmoplastic stromal tissue
areas on patient outcome [157]. While this approach might need higher magnification levels as
the 20x magnification that was used in this work, it can lead to the integration of previously
hidden information that can be useful for risk prediction. A similar approach can be found in [5]
that derives biologically meaningful classifications of tissue regions from hand-crafted, biologically
relevant features based on cell- and nuclei- segmentation masks. Due to the human intervention in
feature derivation, the interpretability of the resulting model can be improved. This information
can further be used in a graph neural network as presented in [223] to capture the underlying
spatial structure of the tissue. Also, more complex transformer architectures [112,251] might be
able to boost the patch-based encodings themselves compared to the CNN-based approach that
was used in this work. These architectures might provide better latent representations of the
images, given that enough training data is accessible. Other architectures like hierarchical vision
transformers [256,263] might also be a reasonable alternative to the attention-based MIL that
was used in this work.

Since the robustness extensions that were implemented in this work proved successful, it is worth
investigating them further. The presented approach boosts model performance when compared
to the baseline implementation. This indicates that the strategies to improve robustness might
be worth exploring in additional detail. For PCAI, one measure is the credibility-guided color
adaptation where the original image, the corresponding latent representation and a reference
histogram based on the closest HSV cluster of the training is used to alter the histogram of
the original image. Other approaches might be able to perform these adaptations in a less
complex manner. One approach, among others, would be to allow a manipulation of the latent
representation itself which would require a continuous latent space. This would simplify the
steps that need to be taken to push one sample closer to the training distribution. Regarding
DA training, this work used the differences in the sample acquisition protocol from the three
largest sub-datasets as targets on the bag level representations for the TMAs. This approach
might be worth revisiting since differences in color might be more consistent among the 39
blocks that could also be used in a more complex DA approach. As an alternative, unsupervised
learning approaches can be considered to ensure better image representations by contrastive
predictive coding [175]. Also, augmentation techniques were not the focus of this work even
though especially color augmentation proved feasible to reduce a model’s generalization error in
histopathology [227]. Stronger augmentation might improve the robustness and generalizability
of the presented approach with or without the DA strategy.

To provide patient-level predictions, this chapter usually used the maximum prediction that was
found on the image-level to represent the risk for an individual. For the UKE.sealed dataset
it was shown that mean aggregation led to improved discriminative performance which is a
non-intuitive result. However, this finding might hint that more complex aggregation methods
are feasible to determine a patient-level aggregation of the image-level predicted risks. One
approach would be to feed all images at once to the PCAI model to avoid the post-processing
step of aggregating image-level predictions.

In general, this work integrated a large variety of TMAs and biopsy images that were used for
model training as well as internal and external validation. The TMAs that were provided from
the department of pathology of the UKE provide a high quality basis for model development.
However, the external datasets that were analyzed vary in quality. While the JHU dataset
contains high quality FU data and up to eight TMAs for a single patient, the biopsy datasets
do not provide this level of detail. The data integration part showed that around 82 % of the
patients in the UPP dataset had to be removed due to insufficient FU information. Optimally, a

137



7 Cancer Risk Estimation from TMA Spots and Biopsies

biopsy dataset with high quality images and long FU data would improve at least the model
evaluation. Such a dataset could also be used directly in training as described above.

Moreover, the patch selection for biopsies could be revisited. For now, only the patches that
produce the highest cancer predictions based on the CI model are used. Various other approaches
exist, like educated cluster-based sampling [190] or the removal of confident true negative in-
stances [189,190]. The latent representation of individual patches could also be used for increased
model interpretability as demonstrated in [184] that derive tissue concepts based on a clustering
approach based on this latent representations that is further correlated in terms of cancer severity.
Also, alternatives to the used attention-based MIL approach might be worth revisiting like
CNN-based feature maps [1] or hierarchical transformer architectures [43] might produce better
bag-level representations for an individual slide.

It could be shown that the model that is exclusively trained on TMAs can also be used for whole
biopsy slides. This opens the path to possible clinical applications since the cancer severity esti-
mate for biopsies might be used in the decision process for a urologist regarding initial treatment
decision. However, if such a prediction were used in clinical practice, further development of
the current model would become necessary. Since biopsy datasets with long follow-up times
are rare and often rather small compared to the used TMA dataset from the UKE, a possible
approach could be a retraining of the present PCAI model directly on biopsy images. A dataset
that was not used in this work but might be beneficial in this regard is the PLCO dataset as
mentioned in appendix A. This would lead to better calibrated predictions for the target domain.
These calibrated predictions could also be used for a biopsy-based risk stratification similar
to the approach presented in this thesis. With such a well calibrated model, the next steps
towards clinical applicability can be taken. For the integration of the PCAI system into clinical
workflow, the predictions could be used as an additional measure for initial treatment decisions
for urologists. It should be analyzed if such a system can improve initial treatment decisions
when a biopsy shows an ISUP grading of 2 or 3, which is between a passive approach like AS
and a radical treatment like RP.

Lastly, dataset cleaning could be improved by the CI model for TMAs. The main use case would
be the removal of TMAs with high patient-level ISUP annotations that do not show any cancerous
regions according to the CI model. This combination is likely to show at least non-representative
TMAs for the documented ISUP grading. This can be observed in fig. A3, where the different
TMA blocks that were used for model training show different behavior regarding the maximum
CI prediction that is present for individual TMAs. Patients that already show cancerous spread
as metastases, capsular extension, or seminal vesicle invasion could either be removed from the
image-based learning process or this additional information could be embedded into the model
itself since those factors highly influence patient survival but cannot be learned from individual
images. If the aim of such a network is the development of a purely image-based prediction of
cancer aggressiveness, the former should be preferred.
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8 Overall Summary and Conclusion

8.1 Summary
This thesis contributes to state-of-the-art survival analysis and risk prediction in PCa risk
assessment. First, the discrete calibrated survival model DCS [84] was presented that is able
to boost discriminative and calibration performance compared to similar DL-based approaches.
This model was then used on MK, a tabular EHR dataset containing information of 16,953
patients that received RP at the Martiniklinik. It was shown that the developed model can
improve discriminative and calibration performance regarding survival prediction compared to
the CoxPH model that is usually used for this task. The most important factors for PCa relapse
prediction were further analyzed in terms of feature encoding by developing univariate models
to compare their predictive performance. It was shown that the more granular quantitative
Gleason grading is beneficial for pathologic grading after RP, but does not improve predictive
performance compared to Gleason or ISUP grading of biopsies. The pathological Gleason grading
is known to be one of the most predictive factors for PCa relapse [125,207,220] which was also
shown in this work. The feature importance analysis showed that Gleason Grading alone already
nearly meets the predictive performance of a model where additional information of the patient
is added. The second half of this thesis therefore took a deeper look into the Grading process
from histopathological images themselves. Firstly, the CI network was developed that serves as
a patch-level predictor for healthy vs. cancerous tissue that utilizes AI generated and human
annotations of the prostate regarding cancerous and healthy tissue that was provided in the
PANDA dataset [35]. It is used in the development of PCAI to preselect the most important
patches of biopsy images. PCAI is DL-based risk prediction model for histopathological images.
It was shown that the discriminative performance regarding PCa relapse prediction outperforms
image-level ISUP grading for TMAs and biopsies. Further it was shown that the model performs
equally well as quantitative GG, namely GIQ scores. It is worth noting that the PCAI model
was developed on TMAs of a single center, namely the UKE, while predictions on external
TMA datasets and biopsies were evaluated. The performance of PCAI can be credited at least
partly to the robustness extensions that were introduced to ensure the model’s performance on
previously unseen datasets. Mainly domain adversarial training and sample credibility-guided
color adaptation of the input images lead to a discriminative performance boost compared to a
baseline model.

8.2 Research Questions
RQ1: How can DL models be utilized in survival prediction to generate better
performance in terms of discrimination and calibration compared to classical ap-
proaches?
The developed DCS model from chapter 4 shows that DL-techniques can be utilized in the context
of survival prediction for multiple tabular datasets. On the one hand, calibration performance
could be improved among the DL-based algorithms, but did not reach the performance of the
CoxPH model. On the other hand, discriminative performance that exceeded comparable DL
models as well as the approach that is most frequently used, namely the CoxPH model, could
be generated. This was shown with the aid of a modified loss part that boosts the number
of comparisons based on the censoring rate of the dataset (see sec. 4.2.3). This idea of using
EC comparisons along the EE comparisons was recently also analyzed regarding the C-index
itself [3]. The ablation study in sec. 4.4.2 that analyzes the different loss parts of the model
revealed, that even though the discrimination and calibration focus of different losses might lead
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to conflicting optimization results, a combination of both can lead to better overall performance.
This proofed especially helpful for datasets of this work with high censoring rates. Chapter 5
analyzed the tabular MK EHR dataset that showed that DCS outperforms CoxPH regarding all
discriminative and calibration metrics. The additional performance boost in calibration compared
to the aforementioned datasets can be contributed to proper weighting of discriminative and
calibration loss during hyperparameter tuning (see sec. 5.2.5).

RQ2: Can these DL-based survival prediction models provide additional insights
and a better understanding of feature importance?
To analyze this question, chapter 5 presented a detailed analysis of the MK dataset. Since
DCS only allows non-linear dependencies that might involve multiple covariates, the contri-
bution of individual factors is a more challenging task compared to the CoxPH model where
only the linear, independent contribution of each covariate is measured by the hazard ratios.
Consistent with the literature, this thesis showed that the PH assumption is violated for the
given tabular datasets for 25 % to 79 % of features. As an example, the individual contribution
of quantitative Gleason grades 3-5 is not meaningful since those features are codependent by
design. This is why this work combined those features into semantically connected feature
blocks. As an alternative way to measure feature importance, the cumulative contribution
to discriminative performance of those feature blocks was analyzed in sec. 5.3.3, where itera-
tively added feature blocks with the highest discriminative score were added to produce a ranking.

Another step towards explainability was achieved by generating risk groups based on the pre-
dicted discrete survival curves as explained in sec. 5.3.4. Since the presented clustering approach
is based on the predicted potentially crossing survival curves, more fine-grained sub-cohorts
might be identified that show different behaviors regarding early and late relapse. For the
MK data, a total of 7 statistically significantly distinct risk groups could be identified. To-
gether with the feature distributions of those sub-cohorts, additional insights were generated that
enable the analysis of the trajectory from a representative low risk patient to a high risk individual.

However, those analyses only provide different angles for a task where the interaction between
covariates might not be as easily explainable as it is often done using CoxPH models. It remains
a challenging task to adequately represent the complex feature interactions such that they can
be better understood by physicians and patients. Other methods exist that analyze the local
linear influence around individual predictions to estimate feature importance [132]. Another
approach that might be worth exploring further lies in allowing more complex feature interactions
as demonstrated in [4] that can also be extended to include time-dependency [134].

RQ3: What patient features and corresponding representations are most relevant in
PCa relapse prediction after RP in the given tabular data?
The univariate feature encoding analysis in sec. 5.3.1 revealed that for CoxPH and DCS, the
encoding of input features played an important role regarding discriminative performance of the
model. Firstly, the PSA level performed better when used without taking the prostate volume
into account for PSA density. Further, Gleason scores that were obtained from biopsies did
not gain predictive power when more fine-grained, quantitative information was added for the
individuals. Primary and secondary GG as well as ISUP provided the best possible feature
representation. For pathological GG that were obtained after RP, it could be shown that the more
complex quantitative information significantly improves the predictive performance regarding
relapse prediction by approximately 6 pp for the CoxPH and the DCS model. Individual analysis
of binary variables showed that capsular invasion yields the best results followed by seminal
vesicle invasion. The trajectory of the most important features from the obtained lowest to
highest identified risk group further reveals that LNI is almost exclusively present in the worst
three identified risk groups while other factors like capsular invasion can already be found in the
second-lowest risk group.
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RQ4: How does the knowledge derived from morphological properties of RP TMA
spot images from the UKE translate to other external centers? What adaptations
can be applied to improve model generalizability?
Findings of the unique and high quality dataset with 69,251 TMAs from 17,700 patients can
be translated to a digital risk biomarker that is also applicable for external datasets if model
generalizability and robustness as introduced in sec. 7.2.5 are taken into account. The extensions
made the model more robust for out-of-training data and boosted discriminative performance
for external TMA datasets and also proved beneficial for the internal datasets (sec. 7.3.1). The
main contributions to boost model robustness are provided by a domain adversarial training
method with the aim to merge samples of different acquisition protocols in the bag-level latent
representation, and a credibility-guided color adaptation approach for samples that are far from
the training distribution. These extensions were necessary since the model was only trained on
TMAs of a single center, namely the UKE. Without taking model robustness into account, it
was shown that the discriminative performance does not translate even to other internal TMA
datasets with differences in the acquisition protocol. The resulting model is even able to perform
at least as well as the SotA method of GIQ when image-level annotations are compared as shown
in sec. 7.3.2.

RQ5: Do those findings of a digital risk biomarker for TMAs translate to biopsy
images?
With the given measures for model robustness, the learned morphological features that were
picked up by the model also translate to biopsy images. With the guidance to cancerous regions
of biopsies that are preselected by the CI model that was presented in chapter 6, the resulting
pipeline outperforms expert ISUP grading for image-based annotations on two biopsy datasets.

RQ6: How can the complex findings regarding tabular and image-based risk esti-
mations be presented in an interpretable way as an additional step towards clinical
applicability?
After proving the discriminative performance of the tabular risk prediction model DCS as well as
the cancer severity biomarker PCAI, both predictions were used to generate additional insights
regarding risk stratification by grouping the adjacent risk predictions. For the tabular model, it
could then be explored which features contribute to what extent for the different risk groups.

RQ7: How can model uncertainty be quantified and used to boost the model’s
trustworthiness in a clinical setting?
The complex feature interdependency for the DCS model turns feature importance into a chal-
lenging task. This work tried to assign feature importance based on discriminative performance
or additional information regarding relapse prediction with the feature block importance algo-
rithm. To enhance the trustworthiness in the application, further steps need to be taken to
improve interpretability of the risk prediction network. The same can be said for the image-based
relapse risk prediction network PCAI. While the CI generates heatmaps that are used for the
predictions of PCAI, further analysis needs to be performed. One further approach would be to
find representative types of patches in the latent space of the model that could be ordered by
cancer severity. These patches could further be analyzed in collaboration with a pathologist to
derive biological attributes of the identified subcategories of patches or tissue.

8.3 Future Work
This thesis provides a first step towards automated risk assessment of PCa patients regarding
tabular parameters as well as risk prediction directly on images. A DL-based survival prediction
model was developed that demonstrates the predictive power of the approach in the field of
survival prediction in general and specifically for PCa datasets. Further, a proof-of-concept
for biopsy cancer risk prediction model was presented that could be used in a clinical setting
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as a part of a clinical decision support system with the main aim to help the urologist in the
initial treatment decision for an individual patient. While individual discussions and outlooks of
the developed approaches were presented in sec. 4.5, sec. 5.4, sec. 6.5 and sec. 7.5, this section
discusses the next research directions from a broader point of view.

Towards Clinical Applicability

This thesis focused on developed survival and risk prediction models that proved successful in
the context of PCa patients. However, to integrate such a CDSS into clinical practice, additional
steps need to be taken. A first application could be made for the initial treatment decision
for PCa patient based on automatic PCAI-based biopsy grading that may be combined with a
DCS-based risk prediction network for cancer severity from information that is available at point
of biopsy. Such a system would require external evaluation which is crucial for the success of
such a system. While PCAI already proved abilities towards generalizability, the same approach
needs to be taken for DCS that was trained only on the internal MK dataset. Furthermore,
model explanations like cancer heatmaps that were provided by the CI model play an important
role in the acceptance of such a system [159]. Additional steps need to be taken that provide
better explanations of the complex risk prediction that is performed by the models.

Survival Prediction Model Equivalently to the PCAI model, it would be beneficial if a
survival prediction model provides estimation certainty along with the prediction. While a latent-
based credibility approach as presented in sec. 7.2.5 would work to identify input samples that
were unseen during model training, another approach could be a Bayesian survival model which
includes uncertainty prediction in the model itself [18, 111,179]. Similar to the credibility estima-
tion, such an additional output of the network would lead to more trustworthiness in the model’s
prediction while samples that could not be predicted with a minimum certainty could be discarded
or analyzed in collaboration with a urologist to identify conflicting documentations within a EHR.

Furthermore, the developed model could be improved in terms of model interpretability. Several
tools exist that can be applied to any survival prediction model. Some examples are Shapley value-
based [213] approaches like SurvShap [4], a time-dependent extension called SurvSHAP(t) [134],
or SurvLIME-Inf [235] might provide additional details to the model predictions or on the feature
importance by analyzing the local neighborhood of an individual prediction.

Individual Treatment Estimation A possible step for further development would be the
integration of competing risks as demonstrated in [140, 141]. This would allow the model to
integrate multiple possible event types in the predicted survival curves. A related topic would
be the exploration of treatment options within the survival prediction model as additional
parameters to explore the effectiveness for the individual. This treatment recommendation would
enable the exploration of treatment alternatives and relate them with success for each individual
patient as shown in [126, 142,171], leading to better clinical decision support. Developing such a
system generates an additional level of complexity that only one treatment per individual can be
performed and documented and thus utilized for subsequent analysis. While some approaches
analyze treatment effectiveness in terms of side effects [229], others try to emulate human decision
itself [97].

None of the aforementioned methods would allow a reliable comparison of treatment effectiveness
for an individual. To achieve this, different treatment effects are emulated for the same individual
while keeping the selection bias of the treatment options into account. Developing such a system
may involve statistical methods like propensity score matching [12,109,115,166] or counterfactual
inference approaches [41]. As an alternative, the effect of treatment information can also be
effectively ignored or unlearned in the data representation as shown in [118,260]. One of these
approaches [28] utilizes treatment information adversarially to generate treatment invariant latent
representations for each individual similarly to the DA approach that was used to build better
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robustness in the PCAI model that was presented in this thesis. Further, exemplary publications
in the context of PCa exist for example by comparing radical prostatectomy to external beam
radiation therapy approaches in terms of patient survival [72] or a comparison of treatment
options for benign prostatic hypertrophy in terms of surgical outcome [14].

Multimodal Risk Prediction Moreover, the aforementioned systems could also take the
image-based risk predictions as presented in chapter 7 into account. This objective evaluation of
images might include information that is relevant for diagnosis or treatment decision especially
for biopsy images. Even though intermediate results like risk predictions on those individual
images do not yield treatment recommendations, they would help to build trust in the complex
overall model structure by providing interpretable risks. This step away from the black box
nature of end-to-end AI models can boost the trustworthiness of such a system.

Lastly, additional modalities could also be included in such a risk prediction model. A candidate
for biopsy diagnosis and treatment suggestion would be genetic profiling. Genetic markers show
predictive capabilities in the context of PCa [48,56,139]. These genetic biomarkers might contain
useful information that extend visible information in images and the tabular data that is present
for an individual at risk of PCa that can be integrated using DL-based approaches as shown for
example in [250].
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Appendix

A Additional Datasets
This section provides a list of related EHR and PCa related datasets that were considered in
this thesis, but did not meet the requirements for this thesis like insufficient follow-up durations.
Other datasets could be a good source for similar analyses on different organs.

PLCO The Prostate, Lung, Colorectal and Ovarian (PLCO) Cancer Screening Trial [90] is a
collection of approximately 148,000 participants aged 55-74 at 10 centers in the United
States that determines the effect of screening on cancer-related mortality in a randomized
study. Regarding PCa, the dataset contains approximately 15,600 diagnostic procedures
for PCa, 8,800 patients with diagnosed PCa and treatment information. Additionally, data
from 3,200 RPs including complications are documented.

CAMELYON The CAMELYON dataset [151] contains 1,399 H&E-stained WSI images of lymph
node sections related to breast cancer patients. It can be used for the detection and
classification of breast cancer metastases.

PAIP2019 The PAIP challenge [128] dealt with liver cancer segmentation and risk estimation on
50 samples showing tumor lesions in H&E stained WSIs along with additional metadata.

PIONEER The European Network of Excellence for Big Data in Prostate Cancer [174] provides
a large collection for PCa related data in Europe.

PRIAS The PRIAS (Prostate Cancer Research International: Active Surveillance) dataset [27]
provides information of approximately 10,000 early-stage PCa patients under AS.

SEER The Surveillance, Epidemiology, and End Results (SEER) Program [155] contains detailed,
cancer-related tabular data of US citizens.

PcBaSe The dataset [21] provides information of the National Prostate Cancer Register of
Sweden and contains 110,000 cases with detailed tumor and treatment information.

MIMIC-III The Medical Information Mart for Intensive Care dataset [119] contains information
on 112,000 clinical records diagnoses and corresponding procedures performed along with
additional patient information like demographics, vital signs or survival information.

TCGA The Cancer Genome Atlas (TCGA) [253] is a public dataset that is frequently used in
survival analysis mainly regarding genetic markers of over 20,000 primary cancer sampled
for 33 different cancer types with additional survival information and additional patient
information. For example, the dataset provides 592 patients with 12 features regarding
glioblastoma, 170 patients with 18 features regarding rectal adenocarcinoma and 1,095
patients with 61 features in the context of breast invasive carcinoma.
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B Tabular EHR Datasets

Tab. A1: Sample patients and features of the SUPPORT dataset containing age, sex and race,
resp: respiratory rate, temp: body temperature as well as sodium- and creatinine level.

zi [days] di age sex race resp temp . . . sodium creatinine
30 1 83 1 2 16 38.2 19.0 1.1

1527 0 80 1 0 16 38.0 10.0 0.9
96 1 23 1 2 45 37.3 5.2 1.2

892 0 53 1 4 18 36.0 8.7 0.8
. . .

10 1 75 0 2 30 36.2 15.4 0.9
879 0 40 1 3 24 38.0 20.4 1.3

Tab. A2: Sample patients of the METABRIC dataset. MKI67: proliferation marker, EGFR:
epidermal growth factor receptor, PGR: progesterone receptor protein, ERBB2: gene marker,
ER+: indicator for a cancer with estrogen receptor, HT: hormone therapy, RT: Radiation
Therapy, CT: Chemotherapy

zi [days] di MKI67 EGFR PGR ERBB2 ER+ HT RT CT age
2980 0 5.60 7.81 10.80 5.97 1 1 1 0 57
2872 1 5.28 9.58 10.20 5.66 1 1 0 0 86
4207 0 5.92 6.78 12.43 5.87 1 0 1 0 48
7179 0 6.65 5.34 8.65 5.66 0 0 0 0 67

. . .
5953 0 6.82 5.37 11.65 6.08 1 1 0 0 59
4223 0 5.73 5.45 9.68 6.60 0 1 1 0 61

C DCS
This chapter provides additional information to the DCS model introduced in chapter 4 .

C.1 Hyperparameter Tuning
Tab. A4 shows the best found hyperparameters per model for each dataset. For all discrete-time
models, the optimal network architectures tend to be rather shallow. In some cases, some parts
of the architecture, namely encoder or decoder parts are dismissed. Notice that DeepSurv and
CoxTime almost always have the best performance with shallow neural networks – usually with
one hidden layer, even though the search space included up to five. For the aggregation part
of the network, one fully connected layer is necessary to map the decoder’s output to a single
hazard rate hl. In our approach, we allow additional fully connected aggregation layers for a
deeper model architecture. We also analyzed the influence of the total number of output nodes L
in hyperparameter tuning. Here we can see incoherent results that might depend on the dataset
as well as the temporal spacing of output nodes. In some cases, increasing the number of output
nodes yields better results (DCS-linear, DCS-log on SUPPORT and METABRIC), in others
(DCS-quant on SUPPORT and METABRIC) less total output nodes were selected.
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Tab. A3: Sample patients of the FLCHAIN dataset. The features contain the demographic
information (age, sex, sampling year and group information), measurements include the serum
free light chain kappa and lambda portion, serum creatinine level and whether the patient was
diagnosed with monoclonal gammopathy (MGUS).

zi [days] di age sex group year kappa lambda creatinine mgus
85 1 97 1 10 1997 6 5 1.70 0

1281 1 92 1 1 2000 1 1 0.90 0
69 1 94 1 10 1997 4 4 1.40 0

115 1 92 1 9 1996 2 2 1.00 0
. . .

4982 0 53 1 9 1995 2 3 - 0
3995 0 50 1 4 1998 1 1 0.70 0

Tab. A4: Best hyperparameters for the analyzed datasets and models in chapter 4.

SUPPORT DeepSurv CoxTime DRSA KAM DCS-linear DCS-log DCS-quant
encoder_num_layers 1 1 0 0 1 2 2
encoder_nodes_per_layer 64 32 - - 32 128 64
decoder_num_layers 1 1 1 0 1
decoder_nodes_per_layer 128 32 32 - 64
decoder_bidirectional 0 - 1
decoder_use_lstm_skip 0 - 0
aggregation_num_layers 1 1 1 2
additional_aggregation_nodes_per_layer - - - 32
output_grid_num_nodes 280 67 140 140 35
α 0.36
λ 2.00 0.85 0.25 2.00
σ 1.08 1.55 2.00 1.00

METABRIC DeepSurv CoxTime DRSA KAM DCS-linear DCS-log DCS-quant
encoder_num_layers 1 1 0 0 2 1 0
encoder_nodes_per_layer 8 8 - - 128 64 -
decoder_num_layers 1 1 2 1 2
decoder_nodes_per_layer 128 64 64 64 32
decoder_bidirectional 0 1 0
decoder_use_lstm_skip 1 1 0
aggregation_num_layers 1 2 1 1
additional_aggregation_nodes_per_layer - 32 - -
output_grid_num_nodes 350 350 700 350 60
α 0.03
λ 1.94 1.19 1.08 0.25
σ 1.63 0.25 1.45 2.00

FLCHAIN DeepSurv CoxTime DRSA KAM DCS-linear DCS-log DCS-quant
encoder_num_layers 5 1 1 0 1 0 1
encoder_nodes_per_layer 64 8 64 - 64 - 64
decoder_num_layers 1 1 1 1 0
decoder_nodes_per_layer 16 32 64 128 -
decoder_bidirectional 1 1 -
decoder_use_lstm_skip 1 0 -
aggregation_num_layers 1 1 1 1
additional_aggregation_nodes_per_layer - - - -
output_grid_num_nodes 42 171 125 42 85
α 0.39
λ 1.34 2.00 0.67 1.13
σ 0.34 1.00 0.46 0.73
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C.2 Loss Ablation

Tab. A5: Performance results for the ablation loss combinations per dataset showing mean and
standard deviation of CDAUC and DDC.

dataset loss CDAUC DDC
Lall 0.650 ± 0.004 0.075 ± 0.019
Lkernel 0.646 ± 0.007 0.555 ± 0.170
LEE

kernel 0.558 ± 0.007 1.146 ± 0.127
SUPPORT

LRPS 0.640 ± 0.003 0.048 ± 0.008
Lall 0.740 ± 0.010 0.017 ± 0.007
Lkernel 0.675 ± 0.032 0.250 ± 0.126
LEE

kernel 0.678 ± 0.015 0.080 ± 0.064
METABRIC

LRPS 0.731 ± 0.010 0.010 ± 0.004
Lall 0.812 ± 0.003 0.077 ± 0.012
Lkernel 0.707 ± 0.045 1.165 ± 0.225
LEE

kernel 0.682 ± 0.014 1.430 ± 0.047
FLCHAIN

LRPS 0.791 ± 0.004 0.032 ± 0.006

D MK Dataset
D.1 Patient Characteristics
A detailed overview of the patient characteristics in MK is depicted in tab. A6.

D.2 Proportional Hazards Assumption
Since this chapter uses CoxPH estimations, it needs to be tested if the PH assumption holds true
for the individual features as described in sec. 2.5.1. For a feature to pass the assumption, no time-
varying effect should be observable. The test results can be found in tab. A7. Note that 7 features,
namely gleason\_path\_percent\_3, gleason\_path\_score\_sec, lymph\_node\_invasion,
margin\_status, op\_year, path\_m\_stage, prostate\_volume, and seminal\_vesicle\_invasion,
fail the proportionality test. Further, patient age and SVI are also close to a p-value of 0.05.

D.3 Feature Encoding Model
The training and model architecture parameters for the DCS model that was used for the feature
encoding analysis is depicted in tab. A8.
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Tab. A6: Patient characteristics of the analyzed MK dataset for all patients and for the patients
that experienced BCR. For age and prostate volume, median and IQR are shown.

Baseline variable bin Overall (n=9,767) With event (n=2,526)
Age, years 65 (59 - 69) 65 (60 - 70)
prostate volume, mL 25 (20 - 36) 28 (20 - 40)

<10 70.41% (n=6877) 54.39% (n=1374)
10 - 20 22.05% (n=2154) 30.48% (n=770)PSA intervals in ng/mL, % (n)

≥ 20 7.54% (n=736) 15.12% (n=382)
3+3 0.29% (n=28) 0.04% (n=1)
3+4 70.15% (n=6852) 39.83% (n=1006)
3+5 0.40% (n=39) 0.40% (n=10)
4+3 21.86% (n=2135) 39.94% (n=1009)
4+4 0.04% (n=4) 0.16% (n=4)
4+5 5.39% (n=526) 14.85% (n=375)
5+3 0.22% (n=21) 0.32% (n=8)
5+4 1.65% (n=161) 4.47% (n=113)

RP Gleason Score, % (n)

5+5 0.01% (n=1) 0.00% (n=0)
<25 14.53% (n=1419) 36.70% (n=927)

25 - 50 15.38% (n=1502) 24.35% (n=615)
50 - <75 17.35% (n=1695) 17.93% (n=453)

RP Gleason 3 percent, % (n)

≥ 75 52.74% (n=5151) 21.02% (n=531)
<25 55.74% (n=5444) 25.14% (n=635)

25 - 50 18.86% (n=1842) 23.36% (n=590)
50 - 75 18.73% (n=1829) 35.35% (n=893)

RP Gleason 4 percent, % (n)

≥ 75 6.68% (n=652) 16.15% (n=408)
<25 95.60% (n=9337) 88.99% (n=2248)

25 - 50 2.89% (n=282) 7.05% (n=178)
50 - 75 1.13% (n=110) 2.89% (n=73)

RP Gleason 5 percent, % (n)

≥ 75 0.39% (n=38) 1.07% (n=27)
≤ pT2 62.30% (n=6085) 34.05% (n=860)

pT3a 24.05% (n=2349) 31.91% (n=806)
pT3b 13.44% (n=1313) 33.49% (n=846)

Pathological tumor stage, % (n)

pT4 0.20% (n=20) 0.55% (n=14)
0 64.40% (n=6290) 38.20% (n=965)RP extracapsular extension, % (n)
1 35.60% (n=3477) 61.80% (n=1561)

R0 84.04% (n=8208) 72.33% (n=1827)RP residual tumor status, % (n)
R1 15.96% (n=1559) 27.67% (n=699)

0 86.38% (n=8437) 66.07% (n=1669)RP seminal vesicle invasion, % (n)
1 13.62% (n=1330) 33.93% (n=857)

N0 79.20% (n=7735) 67.81% (n=1713)
N1 10.29% (n=1005) 27.75% (n=701)RP nodal spread, % (n)
NX 10.51% (n=1027) 4.43% (n=112)

RP lymphatic invasion, % (n) L0 84.92% (n=8294) 67.06% (n=1694)
L1 15.08% (n=1473) 32.94% (n=832)

RP metastatic spread, % (n) M0 99.88% (n=9755) 99.64% (n=2517)
M1 0.12% (n=12) 0.36% (n=9)
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Tab. A7: Individual PH-test results for all analyzed features in the filtered MK dataset. The 7
features that failed the test (p-value below 0.05) are highlighted in bold. Note that patient age
and SVI are also close to a p-value of 0.05.

feature p_value
age_op 0.087
capsular_invasion 0.373
gleason_biop_length_3 0.259
gleason_biop_length_4 0.762
gleason_biop_length_5 0.456
gleason_biop_percent_3 0.796
gleason_biop_percent_4 0.680
gleason_biop_percent_5 0.909
gleason_biop_score_prim 0.566
gleason_biop_score_sec 0.393
gleason_biop_sum 0.857
gleason_path_percent_3 0.016
gleason_path_percent_4 0.256
gleason_path_percent_5 0.111
gleason_path_score_prim 0.125
gleason_path_score_sec 0.018

feature p_value
gleason_path_score_tert 0.514
gleason_path_sum 0.632
gleason_path_volume_3 0.321
gleason_path_volume_4 0.751
gleason_path_volume_5 0.522
lymph_node_invasion 0.007
lymph_vessel_invasion 0.414
margin_status 0.000
op_year 0.007
path_m_stage 0.038
path_n_stage 0.482
path_t_stage 0.171
prostate_volume 0.022
psa_level 0.745
seminal_vesicle_invasion 0.054
tumor_volume 0.336

Tab. A8: DCS model and training parameters that were used for the feature encoding analysis.

DCS
encoder_num_layers 1
encoder_nodes_per_layer 64
decoder_spacing quantile
decoder_num_layers 2
output_grid_num_nodes 120
decoder_nodes_per_layer 64
decoder_bidirectional 1
decoder_use_lstm_skip 1
aggregation_num_layers 2
additional_aggregation_nodes_per_layer 64
include_EE_comparisons 1
λ 1
σ 0.7
learning_rate 4.4 × 10−4

batch_size 50
weight_decay 3 × 10−5

dropout_rate 0.2
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E CI
E.1 Hyperparameter Tuning
The final parameters for the CI model were obtained using extensive hyperparameter and are
shown in tab. A9.

Tab. A9: Hyperparameters for the final CI model.

CI comment
ps 256 Patch size
Tth 0.1 Min tissue area
Cth 0.9 Min cancerous area in tissue region
max_epochs 100 Epochs to train
learning_rate 5.17 × 10−4 Learning rate
batch_size 256 Batch size
weight_decay 6.8 × 10−4 Weight decay
dropout_rate 0.5 Dropout rate
early_stopping_on val/auroc Metric to use early stopping on
early_stopping_patience 5 Min. number of epochs before metric increase before early stopping
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E.2 Performance per Center and Gleason Score
The results for the CI model regarding AUROC per center and split by Gleason score is depicted
in fig. A1.
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Fig. A1: AUROC performance per Gleason score compared individually for both centers.

174



PCAI

F PCAI
F.1 Experiment Design and Filtering
The experiment design of PCAI depicted in fig. A2 utilizes training data from UKE.first,
UKE.second, and UKE.scanner. For validation, the smaller sub-datasets of UKE.thin, UKE.thick,
and UKE.long are added. All external datasets are only evaluated in the test split. Not that
splitting was performed on patient level to avoid leakage between the splits.
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Fig. A2: Data splits for the datasets used for the development and evaluation of PCAI. UKE
sub-datasets are used for model training and validation while the external datasets,
namely NYU (TMA), JHU (TMA), UPP (biopsies) and MMX (biopsies) are used
exclusively for evaluation.

F.2 Patient Characteristics
The detailed PCa patient characteristics of the extracted datasets are depicted in tab. A10.
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Tab. A10: Patient characteristics of the extracted datasets showing the number of unique patients,
the image type, censoring rate in percent, age (with mean ± standard deviation), median
survival and follow-up time in years, the event type classification (BCR=biochemical recurrence,
META=metastasis, TRT=any additional treatment, FU=lost to follow-up, PCAD=PCa related
death), primary and secondary Gleason grade, ISUP, pathological (TMAs), and clinical (biopsy)
T-, N- and M-stage

UKE NYU JHU UPP MMX
patients 8157 158 879 123 269

image type TMA TMA TMA Biopsy Biopsy
censoring 61.4 70.3 0.3 83.7 88.5

age 63.5 ± 6.1 60.9 ± 7 59.2 ± 6.3 - 67.6 ± 8.9
median survival 1.6 3.9 2 2.1 4.3

median FU 8 17.8 16 7 9.1
0 410 (5.03%) - - - -
1 1806 (22.14%) 49 (31.01%) 133 (15.13%) 9 (7.32%) 15 (5.58%)

ISUP 2 4016 (49.23%) 67 (42.41%) 337 (38.34%) 66 (53.66%) 82 (30.48%)
3 1367 (16.76%) 16 (10.13%) 184 (20.93%) 27 (21.95%) 80 (29.74%)
4 109 (1.34%) 11 (6.96%) 123 (13.99%) 12 (9.76%) 36 (13.38%)
5 449 (5.50%) 15 (9.49%) 102 (11.60%) 9 (7.32%) 56 (20.82%)

≤ 3+3 2216 (27.17%) 49 (31.01%) 134 (15.28%) 9 (7.32%) 15 (5.58%)
3+4 4016 (49.23%) 67 (42.41%) 334 (38.08%) 66 (53.66%) 82 (30.48%)
3+5 37 (0.45%) 7 (4.43%) 28 (3.19%) 1 (0.81%) 10 (3.72%)

Gleason 4+3 1367 (16.76%) 16 (10.13%) 185 (21.09%) 27 (21.95%) 80 (29.74%)
Score 4+4 55 (0.67%) 3 (1.90%) 84 (9.58%) 11 (8.94%) 26 (9.67%)

4+5 366 (4.49%) 10 (6.33%) 85 (9.69%) 8 (6.50%) 46 (17.10%)
5+3 17 (0.21%) 1 (0.63%) 10 (1.14%) - -
5+4 82 (1.01%) 5 (3.16%) 15 (1.71%) 1 (0.81%) 8 (2.97%)
5+5 1 (0.01%) - 2 (0.23%) - 2 (0.74%)

BCR 3089 (37.87%) 43 (27.22%) 521 (59.27%) 18 (14.63%)
Event FU 5007 (61.38%) 111 (70.25%) 3 (0.34%) 103 (83.74%) 226 (84.01%)
Type META 61 (0.75%) - 142 (16.15%) 2 (1.63%) 42 (15.61%)

PCAD - 4 (2.53%) - - 1 (0.37%)
TRT - - 213 (24.23%) - -
≤ T1 2 (0.02%) - - 95 (78.51%) 122 (45.35%)

T-stage T2 4966 (60.88%) 104 (65.82%) 134 (15.42%) 26 (21.49%) 90 (33.46%)
T3 3128 (38.35%) 52 (32.91%) 735 (84.58%) - 54 (20.07%)
T4 61 (0.75%) 2 (1.27%) - - 3 (1.12%)
N0 4306 (86.41%) 56 (35.44%) 700 (80.18%) - -

N-stage N1 677 (13.59%) 1 (0.63%) 163 (18.67%) - -
N2 - - 2 (0.23%) - -
NX - 101 (63.92%) 8 (0.92%) - -
M0 6335 (78.47%) - 509 (60.89%) 7 (5.69%) 79 (29.48%)

M-stage M1 1738 (21.53%) - 327 (39.11%) 7 (5.69%) -
MX - - - 109 (88.62%) 189 (70.52%)
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F.3 Results
Comparing BASE to PCAI

The discriminative performance of BASE and PCAI is compared on all TMA datasets in tab. A11
and tab. A12. A similar evaluation is performed for the biopsy datasets in tab. A13.

Tab. A11: Discriminative performance of BASE and PCAI regarding C-index, 3-, 5-, and 7-year
AUROC for UKEhv, NYU and JHU.

model C-index AUROC3 AUROC5 AUROC7
UKE.first BASE 0.645 0.679 0.664 0.687

PCAI 0.667 0.699 0.678 0.707
UKE.second BASE 0.574 0.561 0.584 0.598

PCAI 0.636 0.654 0.661 0.665
UKE.scanner BASE 0.595 0.610 0.604 0.638

PCAI 0.645 0.685 0.661 0.677
UKE.thin BASE 0.560 0.587 0.576 0.568

PCAI 0.614 0.629 0.625 0.646
UKE.thick BASE 0.573 0.619 0.583 0.564

PCAI 0.608 0.649 0.620 0.615
UKE.long BASE 0.582 0.594 0.597 0.599

PCAI 0.624 0.649 0.642 0.644

NYU BASE 0.641 0.631 0.664 0.663
PCAI 0.694 0.745 0.744 0.742

JHU BASE 0.577 0.611 0.606 0.575
PCAI 0.587 0.617 0.638 0.624

Tab. A12: Discriminative performance of ISUP, GIQ, BASE and PCAI with mean and max
aggregation regarding C-index, 3-, 5-, 7-, and 10-year AUROC for the UKE.sealed dataset. The
best score per aggregation method for each metric is highlighted in bold.

aggregation annotation C-index AUROC3 AUROC5 AUROC7 AUROC10
ISUP 0.713 0.735 0.757 0.756 0.734
GIQ 0.729 0.756 0.770 0.777 0.753max

BASE 0.700 0.738 0.740 0.728 0.727
PCAI 0.739 0.763 0.781 0.788 0.779

GIQ 0.743 0.772 0.787 0.792 0.769
BASE 0.712 0.754 0.746 0.739 0.739mean
PCAI 0.744 0.778 0.780 0.783 0.780

F.4 Utilizing CI on TMAs from the UKE
The TMAs that were used for training PCAI are not scanned individually, but together on blocks
of up to several hundred TMAs. Using the predictions of the CI model it can be shown, that
some scanned blocks from the UKE datasets contain TMAs where no or less cancerous TMAs
were indicating wrongly labeled data. A next step would be to exclude the TMA spots that
received a cancer classification (ISUP1-5), but have a close to zero prediction of containing cancer
according to the CI model from the overall training process. The same can be done the other
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Tab. A13: Discriminative performance of human ISUP annotations (including A1-A3), BASE
and PCAI regarding C-index, 3-, 5-, 7-, and 10-year (only for MMX) AUROC for the UPP and
MMX datasets. The best score per dataset for each metric is highlighted in bold.

dataset annotation C-index AUROC3 AUROC5 AUROC7 AUROC10
ISUP 0.597 0.613 0.659 0.593 -
BASE 0.581 0.692 0.658 0.570 -UPP
PCAI 0.604 0.641 0.672 0.613 -

A1 0.838 0.819 0.827 0.857 0.870
A2 0.834 0.817 0.827 0.851 0.888
A3 0.641 0.654 0.657 0.652 0.507

BASE 0.779 0.830 0.832 0.802 0.782
MMX

PCAI 0.864 0.893 0.868 0.886 0.890

way around by removing all TMA spots with a high cancer predictions, but an assigned label of
ISUP0.
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Fig. A3: Maximum cancer prediction per TMA spot for each block in the UKE dataset that was
used for training the PCAI model. Where blocks that start with the same number (e.g.
10.1) are highlighted in the same color.
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