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  “As you set out for Ithaca 
hope your road is a long one, 
full of adventure, full of discovery. 
Laistrygonians, Cyclops, 
angry Poseidon—don’t be afraid of them: 
you’ll never find things like that on your way 
as long as you keep your thoughts raised high, 
as long as a rare excitement 
stirs your spirit and your body. 
Laistrygonians, Cyclops, 
wild Poseidon—you won’t encounter them 
unless you bring them along inside your soul, 
unless your soul sets them up in front of you. 

Keep Ithaka always in your mind. 
Arriving there is what you’re destined for. 
But don’t hurry the journey at all. 
Better if it lasts for years, 
so you’re old by the time you reach the island, 
wealthy with all you’ve gained on the way, 
not expecting Ithaka to make you rich. 

Ithaka gave you the marvellous journey. 
Without her you wouldn’t have set out. 
She has nothing left to give you now. 

And if you find her poor, Ithaca won’t have fooled you. 
Wise as you will have become, so full of experience, 
you’ll have understood by then what these Ithacas mean.” 

“Ithaca” by C. P. Cavafy 

 

   

 To my beloved family 
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ABSTRACT 
Aim: This thesis aimed to evaluate the prognostic and clinical significance of 
artificial intelligence (AI)-based segmentation and quantification of the 
prostate, the prostate tumour and the surrounding risk organs (OARs), i.e., 
urinary bladder and rectum on positron-emission tomography/computed 
tomography (PET/CT) images, and pre-treatment CT scans of prostate cancer 
patients (PCa).   
Material and methods: In Paper I, 100 CT scans were used as a training set, 
regarding prostate segmentation. A separate set of 45 PET/CT scans of PCa 
patients was used as a test set, regarding both the volume of the prostate and 
the prostate tumour.  AI-based and manual measurements were compared 
using the Dice similarity coefficient (DSC) and Bland-Altman analysis. In 
Paper II, all scans from Paper I were used as a training set, while a separate 
cohort of 304 PET/CT scans of PCa patients comprised the test set, for AI-
based quantification of the prostate gland and the tumour, which were 
associated with survival using Cox proportional hazards regression and 
survival analysis (Papers I and II). Another AI model was trained to segment 
the prostate and OARs using 1070 pre-treatment CT scans, while its 
performance was tested on additional 348 scans. DSC, Hausdorff distance 
(HD) and mean surface distance (MSD) were performed to compare the AI-
based segmentations with the corresponding manual delineations (Paper III). 
In Paper IV, 120 AI-based organ segmentations from the test set of Paper III, 
along with their corresponding manual delineations were evaluated by three 
radiation oncologists, regarding their clinical applicability, using Visual 
grading characteristics analysis.   
Results: The agreement between AI-based and manual prostate volume 
measurements was good with DSC > 0.7 for most cases (Paper I). The AI-
based PET/CT measurements were significantly associated with patient 
survival (Papers I and II). Most of the AI-based organ segmentations showed 
good agreement with the corresponding manual delineations (DSC > 0.7, HD 
3-162 mm, MSD 0.5-8 mm) (Paper III) and were assessed as needing no or 
minor changes to be clinically acceptable (Paper IV).   
Conclusion:  AI models could offer significant potential for improving patient 
stratification and treatment planning of PCa patients. However, human 
intervention remains essential to reach clinical acceptability with the AI model 
in Papers III and IV.  
Keywords: Artificial intelligence, tumour quantification, PET/CT, patient 
survival, AI-based organ segmentation, prostate cancer.  
ISBN 978-91-8069-941-9 (PRINT)  
ISBN 978-91-8069-942-6 (PDF)  http://hdl.handle.net/2077/84690  
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SAMMANFATTNING PÅ SVENSKA 
 

Bakgrund: Artificiell intelligens (AI)-baserad kvantitativ analys av 
prostatakörteln och dess tumör på positronemissionstomografi/datortomografi 
(PET/DT) bilder, som återspeglar tumörinfiltration av prostatakörteln, och 
dess kliniska signifikans har inte studerats fullständigt.  AI-baserad 
segmentering av prostata och kringliggande riskorgan, urinblåsa och rektum, 
på DT-bilder inför strålplanering kan minska inter- och intraobserver 
variabilitet. Studier om automatiserad AI-segmentering av prostata samt 
kringliggande organ på DT, för dosplanering inför strålbehandling av 
prostatacancer (PCa) och dess kliniska användbarhet är begränsade.  

Syfte: Att utvärdera den kliniska och prognostiska signifikansen av AI-baserad 
automatisk utlinjering och kvantifiering av prostata, tumörvävnad i prostata 
samt närliggande riskorgan på bildmaterial från PET/DT, samt DT inför 
strålbehandling av patienter med PCa.  

Metoder: I Studie I har 100 DT undersökningar använts som träningsmaterial 
till en AI modell för segmentering av prostatavolym.  AI-baserad utlinjering 
och kvantifiering av prostatakörteln och dess tumör utfördes på en separat 
patientgrupp med 45 PET/DT undersökningar   av PCa patienter. Dessa AI-
baserade mätningar jämfördes med motsvarande manuella med hjälp av Dice 
similarity coefficient (DSC) och Bland-Altman analys. I Studie II användes 
alla 143 PET/DT från studie I som träningsmaterial och en separat patientgrupp 
med 304 PET/DT utgjorde testmaterial, för AI-baserad segmentering och 
kvantifiering av prostata och dess tumör. Sambandet mellan AI-baserade 
mätningar och patientöverlevnad studerades med Cox proportional hazards 
regression och överlevnadsanalys (Studie I och II). I Studie III tränades en 
annan AI-modell på 1070 DT undersökningar inför strålplanering, med 
manuella utlinjeringar av prostata, urinblåsa och rektum, gjorda av 
strålonkologer. AI-baserade organsegmenteringar skapades på en separat 
testgrupp med 348 DT undersökningar inför strålplanering. Geometriska mått 
(DSC, Hausdorff distance och mean surface distance) utfördes för jämförelse 
mellan AI-baserade organsegmenteringar och dess motsvarande manuella  
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SAMMANFATTNING PÅ SVENSKA 
 

utlinjeringar. I Studie IV granskade tre strålonkologer 120 AI-baserade 
organsegmenteringar och motsvarande manuella utlinjeringar från studie III, i 
slumpmässig ordning.  Därefter utvärderades AI-segmenteringarnas kliniska 
nytta med hjälp av visual grading characteristics (VGC) analysis. 

Resultat: DSC var över 0.7 i majoriteten av PET/DT mätningarna, vilket visar 
bra överensstämmelse mellan AI-baserade och manuella mätningar (Studie I). 
De AI-baserade biomarkörerna hade ett signifikant samband med 
patientöverlevnad (Studie I och II). AI modellen lyckades skapa automatiska 
organsegmenteringar, med bra överenskommelse med motsvarande manuella 
utlinjeringar (DSC> 0.7, HD 3–162 mm, MSD 0.5–8 mm) (Studie III). De 
flesta AI-baserade organsegmenteringarna bedömdes som kliniskt acceptabla 
utan eller med mindre manuella korrigeringar, för att kunna appliceras i 
kliniken inför strålbehandling (Studie IV).    

Konklusion: AI-baserade PET/DT organ- och tumörsegmenteringar kan 
fungera som prognostiska biomarkörer. AI-modeller kan förbättra 
patientstratifiering och behandlingsplanering av prostatacancerpatienter. I 
kombination med manuella korrigeringar skulle AI-modeller kunna användas 
kliniskt.
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ABBREVIATIONS 

AI Artificial intelligence 

ANN/CNN Artificial neural networks / Convolutional neural networks 

AUC Area under the curve 

CECT Contrast-enhanced computed tomography 

CI Confidence interval 

CT Computed tomography 

DSC Dice similarity coefficient 

DL Deep learning 

EBRT External beam radiation therapy 

FDG Fluorodeoxyglucose  

FCH Fluorocholine 

GS Gleason score 

HD Hausdorff distance 

HR Hazard ratio 

IQR Interquartile range 

LOA Limits of agreement 

ML Machine learning 
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MRI Magnetic resonance imaging 

MSD Mean surface distance 

NPCR National prostate cancer registry in Sweden 

OAR Organs at risk 

PET/CT Positron emission tomography / Computed tomography 

PCa Prostate cancer 

PSA Prostate specific antigen 

PSAD Prostate specific antigen density 

PSMA Prostate-specific membrane antigen 

SD Standard deviation 

SUV Standardised uptake value 

TRUS Transrectal ultrasound 

TLU Total lesion uptake 

VGC Visual grading characteristics 

VMAT Volumetric modulated arc therapy  

2-D Two-dimensional 

3-D Three-dimensional 
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DEFINITIONS IN SHORT 

Artificial intelligence Computer systems capable of self-performing 
advanced tasks inspired by human 
intelligence 

Machine learning A subcategory of artificial intelligence, where 
machines become capable of automatically 
completing advanced tasks, that are usually 
performed by humans.  

Artificial neural network AI models composed of multiple layers, that 
mimic the function of a human neural cell. 

Convolutional neural 
network 

A subtype of artificial neural networks 
designed to analyse images.  

Deep learning A subset of machine learning using neural 
networks that contain multiple hidden layers.  

Input data A set of data that are presented to a model for 
training. 

Output data The resulting data from an AI model 

Training The procedure through which the model 
learns to predict the input data. 

Validation The continuous evaluation of an AI model 
while still in training phase.  

Testing The final evaluation of the model´s 
performance.  

Delineation/segmentation The outlining of a structure. 

Ground truth The information or the data that is regarded 
as true. 

Imaging biomarker Image characteristic reflecting biological 
processes related to a disease. 
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 PROLOGUE 
The word “automation” has its origin in the Greek word “αὐτόματον” 
(automaton, auto + matos), which means “self-acting”, i.e., the ability of 
something to act by itself without human help1. The term was first used in the 
epic “The Iliad” of the Greek poet Homer in the 8th century B.C.2, followed by 
several other references in Greek Mythology. “Talos” is one of the oldest 
known automatons of ancient times3. However, these automatons were only 
myths.  

Automatons and robotics became a reality in antiquity, inspired by theories on 
mechanics and mathematics by ancient Greek scientists3,4. From Yan Shi in 
ancient China to Greek scientists during the three centuries of the Hellenistic 
period (323 B.C. until 31 B.C.) and to Heron of Alexandria, technological 
innovations began to take form. Since then, science and technology have 
greatly evolved through the centuries4. In the modern era of the 20th century, 
technology has gradually made enormous progress, eventually leading to a new 
major chapter in the history of science: artificial intelligence (AI). 
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 BACKGROUND 
2.1 ARTIFICIAL INTELLIGENCE (AI) – A NEW ERA 
The terms “automation” and “AI” are often used synonymously. However, the 
concepts of the two terms are slightly different. While automation refers to a 
machine performing repeatedly the same type of function, AI involves a 
machine performing advanced and complicated tasks, which are usually done 
by a human. Yet, both terms define the ability of a machine to act without 
human intervention5.  

2.1.1 What is AI? 
AI is the development of computer programs that imitate human capabilities. 
It is a branch of computer science that combines different scientific fields, such 
as mathematics and engineering, to develop intelligent machines resembling 
human intelligence6. AI is now used in almost every branch of daily life, such 
as industry, engineering, and science, including medicine.   

Under the wide umbrella of AI, there are several branches, one of which is, 
machine learning (ML). Machine learning is defined as the process by which 
machines are trained on analysed data to perform specific tasks automatically7. 
The initial definition of ML was created by Arthur Samuel in 1959 as the “field 
of study that gives computers the ability to learn without being explicitly 
programmed”8. Some ML-based applications include computer vision, spam 
filters and search functions. In ML, several models, are used, that are trained 
on analysed data. Based on the provided and final data, the training of the 
models is further categorised into subgroups, among which supervised learning 
is the most common type. In supervised learning, AI models are trained on 
structured labelled training data as input, and the output is already known. 
Some of the AI models in this subgroup belong to “Artificial Neural Networks” 
(ANNs)9.  
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ANN architecture 

The fundamental idea of ANNs has been inspired by the anatomy and 
physiology of the human nerve cell. The biological neuron receives signals 
from other nerve cells through dendrites and transmits these signals along the 
axon to the axon terminals and the surrounding nerve cells. Similarly, in an 
artificial neuron, data information, or the input signal, is collected and 
transmitted along the model to produce so-called output data9. ANNs consist 
of multiple hidden layers, other than the input and output layers, which are 
interconnected in a way that resembles the physiology of the human brain10 
(Figure 1). Each neuron receives multiple signals from other neurons in a 
manner where the output of one layer becomes the input for the next one. The 
connections between the artificial neurons resemble synapses between human 
neurons. A fundamental parameter in the ANN training process is the so called 
“weights”. These parameters can be adjusted to make the model recognise 
patterns within the input data. They can also minimise the error, i.e., the 
difference between the model´s output, and the desired output from the labels 
of the training data10. The weights are multiplied with input features before 
summation. The summation is then processed by the so called “activation 
function”, which is another important component of ANNs, and the output of 
the neuron is produced.    

 

Figure 1. Schematic explanation of ANN's basic principle: from the biological to artificial 
neuron. W weights. Created by:Melina Tsikandylaki. 
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Convolutional neural networks 

The convolutional layer is the most essential element of a model.  It gives its 
name to the convolutional neural network (CNN), which is a subgroup of 
ANN. Through a procedure called “convolution”, this layer uses a filter, or 
kernel, to identify specific patterns in the input data, such as edges or colours, 
and create feature maps11. A different type of layer, called the “pooling layer”, 
is used to reduce the size of feature maps, by summarising the features in a 
section of feature maps, while still keeping important information. The max 
pooling layer chooses the most dominant features of a region in a feature 
map11. Additionally, max pooling aims to speed up data processing by the 
algorithm and, at the same time, preserve important features of the input.  
 
Deep learning 

The number of layers within a model is referred to as the depth of the model. 
Models that have more than three hidden layers are referred to as “deep neural 
networks”.  “Deep learning” (DL), a sub-group of ML, uses deep neural 
networks10,12,13. DL models, just like all ML models, are designed to produce a 
final output, which matches the manual annotation for each given input as 
much as possible. This is done through three steps: training, validation, and 
testing.  
 
Preparation of the input data 

The quality and amount of training data are two of the most important factors 
influencing this procedure. The input data commonly consist of manual 
delineations of the region of interest, which is used as the ground truth.   
Another crucial factor is the correct labelling of the input data before training 
the models. This is referred to as supervised learning.   

Training and validation of the model 

During this first step, the model learns from the training or input data. The 
model makes a prediction that is as close as possible to the ground truth pattern. 
Then, the network creates a resulting number, representing the degree of 
agreement between the predicted output and the ground truth patterns, where 
0 depicts perfect agreement. This is called “loss function”. Thereafter, the 
parameters of the model, including the weights, are adjusted to minimise the 
loss function as much as possible. This procedure, called optimisation, using 
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backward propagation, among others, is repeated multiple times until the 
model reaches a state where it can no longer be optimally trained10,11,13.  

Validation is a process in the model formation and aims to fine-tune the 
model´s hyperparameters, i.e., the structure of a model, while it is still in the 
training phase13. This involves applying the model to a separate dataset, usually 
comprising a subset of the training data, called the “validation set”. This is 
done to evaluate the model’s performance and, consequently, select the 
optimal model11. This procedure helps to avoid overfitting, which is a 
condition where the model lacks generalisability to other datasets13. The 
training and validation are repeated multiple times before this first step is 
completed10,11.  

Testing the model 

The last step in the evaluation of the model is testing its performance. Unused 
data are introduced to evaluate the model´s accuracy and generalisability, a so-
called “test set”11. The test set is used only once, when the model training and 
validation are complete. After this procedure, the final model is ready. Along 
with testing, geometrical measurements, such as the Dice similarity coefficient 
(DSC) are usually analysed, to calculate the agreement between the model´s 
final prediction and the ground truth.   

2.1.2 Timeline of AI development 
Although there were several technological milestones during the early history 
of humankind, AI only began to emerge in the middle of the 20th century14. 
“The Turing game”, originally called “the imitation game”, described by 
computer scientist Alan Turing, was the beginning of AI´s modern history15. 
This concept was based on the idea that a machine can be developed to reach 
the same or even superior intelligence level as that of a human. The term 
“artificial intelligence” was officially established by Mc Carthy at the 
Dartmouth Conference some years later16. During the next two decades, 
computer science and AI dramatically evolved, and the first robots appeared in 
the industrial world. The world’s first chatbot, known as “Eliza”, was, in fact, 
developed in the 1960s. However, technical evolution also encountered a 
challenging period. The following decades, from 1970 to 2000, were 
characterised by a marked decline in technological development in the field of 
AI, mainly due to economic reasons. These years were known as the “AI 
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winter”14. From the early 2000s, the AI renaissance began and continued until 
the present years. Since then, AI has undergone enormous development, and 
new technological advancements have been used in different fields, including 
medicine.  

2.1.3 AI in biomedical imaging 

CNNs are powerful tools capable of processing large and complicated 2-D or 
3-D datasets. Therefore, they are enormously used in medical imaging7,17. 
While CNNs have existed for many years, a major innovation took place only 
recently when Krizhevsky et al. used graphics processing units (GPUs) and 
initialisation techniques to train such networks on large datasets18. Since then, 
several DL-based models have been introduced, offering new opportunities in 
different fields of radiology, particularly oncological imaging19-21. 
 

2.1.3.1 IMAGING BIOMARKERS  

Multimodal medical imaging provides valuable information on biological and 
pathophysiological processes in various organ systems of the human body by 
specific image features called imaging biomarkers. A biological marker, i.e., a 
biomarker, is a biological characteristic that can be objectively measured, 
reflecting normal biological processes, pathological conditions, or responses 
to therapeutic procedures22. This wide category includes different 
characteristics, such as molecular, histologic and radiographic or imaging 
indicators23. Imaging biomarkers express measurements that can be extracted 
from medical images and classed into quantitative and qualitative categories24. 
These can be further classified into diagnostic, prognostic, and therapeutic 
indicators. The Maximum Standardized Uptake Value (SUVmax) and the 
different Reporting and Data Systems (RADS) are some examples25-27. In 
2015, the Food and Drug Administration Working Group (FDA) and the 
National Institutes of Health (NIH) worked together and developed the BEST 
Resource (Biomarkers, EndpointS, and other Tools) for better comprehension 
and clarification of these terms23. 
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Segmentation 

Image segmentation is one of the fundamental aspects of medical image 
analysis. This procedure divides a medical image into smaller parts or 
segments and classifies the pixels or voxels of the image, giving them different 
labels11. The resulting output is called a “segmentation mask”.  

There are various image segmentation techniques. Due to technological 
evolution over the past years, AI models have become a helping tool in 
segmentation of regions of interest in medical images. The resulting AI-based 
segmentations can be categorised as semiautomatic or fully automatic, 
depending on whether manual interactions are needed. Manual delineations 
have traditionally been done by experts in the corresponding field by outlining 
the regions or volumes of interest (ROI or VOI) and are commonly used as 
reference or ground truth11. Although all radiological modalities can be 
considered as a source of imaging data for the segmentation of different tissues, 
computed tomography (CT) and magnetic resonance imaging (MRI) have been 
the foremost modalities used, followed by positron emission tomography 
(PET)13.  
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2.2 CANCER 
According to the latest estimates from Global Cancer Observatory database 
(GLOBOCAN) produced by the International Agency for Research on Cancer 
(IARC) in 2022, cancer is among the three leading causes of death worldwide, 
accounting for about 9.7 million deaths28. Specifically, for males, lung cancer 
is the leading cause of cancer death, followed by gastrointestinal cancers and 
prostate cancer (PCa). Cancer is defined as an abnormal change in the human 
genome leading to abnormal and uncontrolled cell proliferation that can spread 
to different organs, as the meaning of the name “neoplasia” implies in Greek. 
This disease has been present since ancient times, but only a few historical 
cases have been documented, with the earliest ones in Egyptian mummies29. 
The word “cancer” was first described by Hippocrates in Ancient Greece in 
reference to tumorous lesions that resembled a moving crayfish based on their 
macroscopic appearance30. In recent decades, newly diagnosed cancer cases 
have been increasing, mainly due to early diagnosis achieved by various 
screening methods, including the advancing use of radiological modalities31-33.   

2.2.1 Imaging in oncology 
Biomedical imaging plays a crucial role in all phases of cancer care, from 
screening to long-term follow-up34. Several modalities are available for 
oncological imaging and radiation therapy, depending on the type of cancer.  

X-rays – A scientific breakthrough 

In 1895, the German physicist Wilhelm Conrad Roentgen discovered a new 
type of radiation, which soon became the cornerstone of radiology35. This type 
of high-energy electromagnetic radiation could penetrate most solid objects, 
producing 2-D images on the other side, representing shadows of the objects. 
Roentgen soon discovered that even other tissues, except the bones, could be 
imaged that way. This novel technique was named “X-ray”, emphasising the 
unknown and was awarded the first Nobel Prize in Physics in 190135. 

Some months after the discovery of X-rays, the French physicist Henry 
Becquerel discovered natural radioactivity, while in 1898, Pierre and Marie 
Curie discovered radium, for which they all received and shared the Nobel 
Prize in Physics in 190336,37. Soon enough, the therapeutic effects of these 
novel scientific discoveries were explored and rapidly improved. The physical 
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properties of electromagnetic energy and radioactive isotopes have been 
fundamental for radiation oncology, giving rise to a new era in medical science, 
i.e., clinical radiation therapy35,38.  

Computed Tomography (CT) 

In the early 1970s, Godfray Hounsfield and his team took a step further by 
introducing CT, the first cross-sectional imaging technique, which was based 
on Allan M. Cormack´s theories39. The basic concept of this method was to 
create separately displayed image slices of a 3-D object using mathematical, 
physical, and technological advancements40. This invention surpassed the 
major limitation of conventional radiography, which is the superimposition of 
2-D imaged structures.  

The new method proposed that multiple exposures of X-ray beams coming 
from different angles around 3-D objects could be mathematically 
reconstructed into a cross-sectional image. Moreover, the attenuation of the 
exposed structures could be measured based on their densities. These 
measurements are known as Hounsfield units39,41. Each image slice consists of 
multiple picture elements called pixels. The 3-D equivalent of a pixel is called 
a voxel, which represents the volume element of an object. 

In the following years, there have been significant advancements in 
technology, resulting in further development of CT techniques, including 
reduced scan times, as well as improved image quality and anatomical 
information through multi-planar imaging41. Technological evolution has also 
included the continuous development of CT scans, from conventional CT to 
the latest technical advances, multidetector helical CT and photon counting 
CT42.  

CT Image Quality 

CT image quality depends on several technical, physical and clinical 
parameters, such as spatial resolution, patient position and organ movement, 
that can cause various forms of artefacts, including image noise, and metal 
artefacts. Some of them are directly, and some are inversely proportional to the 
radiation dose43. To achieve a satisfactory diagnostic image quality whilst 
simultaneously maintaining low radiation risk for patients, the International 
Commission on Radiologic Protection (ICRP) introduced the “As Low As 
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Reasonably Achievable” (ALARA) principle in 1977. Both diagnostic and 
therapeutic medical imaging require acceptable image quality.   

CT artefacts  

Despite the technological advances during the last decades, CT artefacts still 
occur, interfering with image quality and diagnostic accuracy. There are 
several types of CT artefacts, and each of these depends on different 
unavoidable factors44.  

Quantum mottle 

Quantum mottle, or noise, is one of the most common forms of CT artefacts. 
According to Poisson´s equation, noise is inversely proportional to the square 
root of the number of photons reaching the detector, which means that low 
radiation doses result in noisy images44,45. Another factor influencing noise is 
slice thickness, which varies the number of photons penetrating the scanned 
object in a linearly proportional manner45, with the drawback that thicker slices 
may result in lower spatial resolution.  

Beam hardening and metal artefacts 

The presence of metal artefacts in medical images is an immense concern as 
metal implants are increasingly used in the human body. Metal artefacts appear 
as dark streaks arising from objects with high attenuation, which is more 
evident with denser materials, such as iron or platinum implants. Several 
factors contribute to this type of artefact, such as beam hardening, noise, or 
photon starvation44. Beam hardening is the result of the detection of many 
photons with different energy levels. Photon starvation occurs when high-
density objects, like metals, are scanned, causing fewer photons to reach the 
detector. Currently, there are several metal artefact reduction reconstruction 
algorithms available to cope with this effect46.   

Motion artefacts 

Motion artefacts occur due to either patient movement or physiological 
motility of internal organs, such as bowel, heart or lung44. There are several 
strategies to cope with this issue, depending on the condition under 
consideration.  
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Contrast media 

Over the past decades, the availability and use of the latest imaging techniques 
have grown significantly in developed countries47. The administration of 
contrast media has also gained ground and has become an integral part of 
medical imaging. Contrast media are chemical substances administered during 
a radiological examination to better visualise and characterise the imaged 
tissues48. Depending on imaging modality there are different types of contrast 
media available48. Contrast media introduced for contrast-enhanced CT 
(CECT) examinations are iodine-based and are administered intravenously48. 
The advantages of CECT are many, such as better tissue differentiation leading 
to higher diagnostic accuracy and easier differentiation between pathologies, 
especially in anatomical regions with diagnostic difficulties48.  

Molecular imaging  

Cancer cell microbiology and proliferation are complicated in terms of 
imaging49. Diverse morphological changes of some cancer cells make common 
anatomical images unsuitable for cancer imaging50. Therefore, molecular 
imaging has emerged as the technique of choice, with the advantage of 
identifying, visualising and quantifying biologic and cellular processes in 
living organisms51. This is possible by administration of imaging agents, most 
commonly intravenously, which bind to targeted sites. Molecular imaging has, 
thus, become integral to cancer diagnosis, treatment response evaluation, and 
follow-up assessment34. Several imaging modalities are included in this broad 
concept51. MRI, magnetic resonance spectroscopy, and PET and their 
combination are the most common modalities used for oncological 
imaging52,53. 

PET/CT  

The combination of CT with the PET technique (PET/CT) has been a major 
evolution in medical imaging and medicine in general since the early 
2000s53,54. The functional and metabolic information collected from PET 
complements the anatomical localisation obtained from CT. The concept 
behind the PET technique is based on the use of radioactive substances called 
radioisotopes, or radionuclides. These are unstable forms of chemical 
elements, which contain excess energy in the form of an uneven number of 
protons and electrons in their nuclei. The radioisotopes used in nuclear 
medicine are artificially produced, something that was first observed by Irène 
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and Frédéric Joliot-Curie in 1934, when they discovered Phosphorus-30 
(30P)55. Commonly used radioisotopes are 18F, 13N, 15O and 11C, among which 
18F is the most widely used, primarily due to the relatively long half-life of that 
isotope56. These elements regain their stability by emitting positrons, which are 
positively charged particles that gradually lose their kinetic energy until they 
combine with an electron54. The product of this combination results in a 
“positronion”. The total energy loss of a positronion results in the emission or 
the creation of radiation in the form of two photons, which are then detected 
by PET detectors. This process is called “radioactive decay”53,56.  

Radioisotopes can be combined with various organic substances and produce 
radiolabelled pharmaceuticals, or radiotracers, which are targeted to specific 
metabolic processes of the human body53. The most widely used PET 
radiotracer is the glucose analogue fluorodeoxyglucose (FDG). It is used 
primarily in cancer diagnosis but also in other medical conditions where 
glucose demand and consumption are high57. The rationale behind the use of 
FDG is that the glycolysis grade of cancer or inflammatory cells is 
considerably greater compared to that of normal tissues34. However, a major 
disadvantage of FDG is that it is a non-specific tracer, as it can also show high 
uptake in other sites or conditions with high glucose metabolism58,59. These 
could be either physiologic, such as heart or brain activity, FDG accumulation 
in the urinary bladder, and FDG excretion through the urinary tract, or due to 
other low-glucose consuming cancerous conditions, such as hepatic or 
prostatic tumours or low-grade sarcomas. Additionally, benign diseases may 
also imitate malignancy; such as infections, lung sarcoidosis, or high 
inflammatory activity are some examples60. Since the first PET examinations 
with FDG, there has been an enormous development in the field of nuclear 
medicine that has led to the introduction of new target-specific radiotracers, 
such as Choline, or prostate-specific membrane antigen (PSMA)61,62.  

Lesion quantification and imaging biomarkers 

One significant advantage of PET is the ability to obtain quantitative 
measurements of tracer uptake. Quantification in PET images can be used for 
the identification and characterisation of lesions of interest, measurement of 
intra-tumoral burden, evaluation of treatment response, and association with 
prognosis63. This procedure can result in the objective measurement of image 
characteristics, called quantitative imaging biomarkers24. Standardized uptake 
value (SUV) is the most widely used semi-quantitative imaging biomarker 
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obtained from PET, mainly due to its high reproducibility27. SUV is defined as 
the proportion of the metabolic activity of a region of interest in an image and 
the radioactivity concentration injected into the whole body. It is commonly 
used with 18F-FDG and reflects the hypermetabolism of a pathologic process 
in a tissue, such as malignancy or inflammation27,64; it can also be used with 
other tracers. Overall, an SUV that is higher than 2.5 is indicative of a 
pathological process, which might be either due to a malignancy or increased 
inflammatory activity. Still, not every malignancy conforms to this rule, as 
small lesions that cannot be measured due to the partial volume effect might 
exhibit an SUV below this proposed cut-off65. Moreover, several biological, 
technical and physical factors influence this measurement, such as blood 
glucose levels, patient size or injection-to-scan time27.  

 

2.2.2 Radiation therapy in Cancer Treatment 
Radiation therapy, or radiotherapy, is one of the mainstays of cancer treatment. 
Radiation therapy has dramatically improved owing to major technological 
advances in the last decades, resulting in increasingly promising outcomes for 
various tumour forms66. Since the discovery of X-rays, there has been a major 
evolution regarding their medical use, particularly in oncology, not only in 
diagnostics but also in the treatment of various tumours67,68. 

Almost all modern imaging modalities are used in the radiotherapy process. 
Due to the physical characteristics of X-rays, CT is still one of the primary 
modalities used for therapeutic dose calculation and optimisation66. However, 
the key disadvantage of CT regarding low tissue contrast, mainly between the 
tumour and the surrounding normal tissues, has necessitated other imaging 
modalities for treatment planning. After the invention of MRI in the 1970s and 
the clinical use of PET some years later, pre-treatment imaging took a new 
direction by using CT in parallel with MRI and PET, with each technique 
offering its own advantages66,69. 

Depending on the type and stage of the disease, radiotherapy can also be 
combined with surgery and/or chemotherapy and can be used in every step of 
the therapeutic process. The main goal of radiotherapy is the eradication of 
cancerous DNA by high-dose radiation delivery to the tumour, the “target” 
cells, with simultaneous protection of the surrounding normal tissues, referred 
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to as “organs at risk” (OARs)67. This process can be challenging, depending 
on the purpose of radiotherapy and the treatment phase. 

There are two main types of radiation therapy. Teletherapy, also known as 
external beam radiation therapy (EBRT), is derived from the Greek word 
“tele”, meaning long distance. This type of therapy delivers low- or high-
energy radiation, with the source being away from the target70. The second type 
is brachytherapy, or internal radiotherapy, which is derived from the Greek 
word “brachy”, meaning short distance. In this case, the radiation source is 
delivered from inside the body by placing the radioactive source in the form of 
a natural implant as close to the target as possible71. Brachytherapy is mostly 
used in the treatment of gynaecological cancers, prostate cancer (PCa) and 
breast cancer.  

Target delineation 

One of the fundamental steps in radiotherapy planning is the delineation of the 
target lesion. This entails detailed tumour volume contouring to deliver 
therapeutically high doses to the target site while protecting the surrounding 
normal tissues. Since its introduction, CT has been the backbone of 
radiotherapy planning for the anatomic localisation of the organs of interest. 
The combination of CT with MRI, and later with PET, has improved the 
process by offering better tissue contrast72,73. Combined nuclear imaging of 
PET with CT and MRI, wherever available, has proven to be more beneficial 
in the delineation process than using morphological modalities alone74. This is 
mainly because PET may detect tumours that are difficult to see with CT or 
MRI alone while also helping identify normal tissues. Additionally, PET can 
identify distant metastases or malignant lymph nodes that need to be included 
in radiotherapy planning75,76.  

Tumour delineation has historically been done manually by radiation 
oncologists based on individual visual assessments of CT and MRI images. 
However, observer-related factors are common drawbacks that hamper the 
accuracy of tumour contouring77-79. Thus, several automated techniques have 
been increasingly used as a helping tool for the delineation of the organs of 
interest in every modality17.  
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2.3 THE PROSTATE  
The prostate gland is one of the organs of the male reproductive system, that 
is located in the pelvis, beneath the urinary bladder and in front of the rectum. 
Its anatomic position is probably the basis of its nomenclature, which means 
“positioned in front of and protecting” in ancient Greek80. The prostate is the 
size of a chestnut and the shape of an inverted pyramid, thus having the base 
located on its upper side and the apex on its lower side. It also consists of an 
anterior, a posterior and two lateral surfaces (Figure 2).    

2.3.1 Prostate cancer 
Prostate carcinoma (PCa) has a long history dating back to prehistorical times. 
Paleo-pathological examinations in skeletal remnants and mummies showed 
early on the presence of the disease81. Most cases were found among middle-
aged European individuals. The first histologically confirmed case of PCa was 
reported in the London Hospital in 185382. Since then, PCa has become a major 
global health issue. This is mainly due to longer human life expectancy, as well 
as the increasing possibilities of diagnostic and screening tools in medicine, 
resulting in earlier diagnosis and more effective cancer treatment and follow-
up.    

Figure 2. CT images of the male pelvis showing the relation of the prostate (P) to 
the urinary bladder (UB) and the rectum (R). Picture A is a trans-axial view, while 
picture B is a sagittal view.    
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2.3.1.1 EPIDEMIOLOGY 

PCa is the second most frequently diagnosed cancer in men worldwide and the 
fourth most commonly occurring cancer overall28. Incidence and mortality 
rates of PCa are highly variable around the world. By the end of 2022, around 
1.4 million new cases were reported worldwide, with the highest rates in North 
America and China83. According to the latest Swedish cancer statistics, in 
2023, PCa accounted for around 11,000 new cases84. The National Prostate 
Cancer Registry of Sweden reports approximately 10,000 new cases of PCa 
every year. There has been a dramatic increase in the incidence of PCa between 
1990-2004, although numbers have remained stable since 201484. This is likely 
due to improved healthcare services, including the widespread availability of 
screening methods, such as serological biomarkers, in terms of prostate 
specific antigen (PSA) and various diagnostic examinations. Additionally, 
progress in national registries worldwide has contributed to continuous 
registration and updating of disease-specific information. The COVID-19 
pandemic in 2020 caused a remarkable decrease in the PCa incidence rate. 
However, it soon bounced back in 2022 with an even higher number of new 
PCa cases than before the pandemic because of compensatory screening and 
diagnostic activity84.  

Prostate malignancy is the fifth leading cause of cancer death in men, with the 
highest number of deaths occurring in China28,83. The latest world statistics 
reported approximately 400,000 deaths by the end of 202283. In Sweden, 
approximately 2,500 PCa deaths are reported annually, according to the 
National Prostate Cancer Registry of Sweden84.  

Several risk factors contribute to cancer, and PCa is no exception. Lifestyle 
and other environmental factors, together with older age and congenital 
factors, are some examples83. However, over the last 15 years, there has been 
a decrease in age-specific PCa deaths for men under 85 years of age85. This is 
mainly due to advanced therapeutic procedures and increased life expectancy 
over the last decades. 
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2.3.1.2 FROM SCREENING TO DIAGNOSIS 

Serology and histopathology 

Prostate-specific antigen (PSA)  

Blood levels of prostate-specific antigen (PSA) and histopathological analysis 
of systematic needle biopsies under transrectal ultrasound guidance (TRUS) 
have long been standard methods for PCa investigation, staging and 
prognosis86. Depending on national recommendations, PSA levels are used for 
screening, decision-making and follow-up after treatment87. Specifically, the 
Swedish National Prostate Cancer Guidelines have recently been revised, 
adding new recommendations for PSA, including age-dependent cut-off 
values84.  

Although PSA and digital rectal examination are standard diagnostic 
approaches for PCa diagnosis, the role of PSA in PCa screening remains 
controversial. Overdiagnosis of insignificant PCa leading to unnecessary 
treatment and treatment-related side effects has been a major drawback88.  
Additionally, PSA is a non-specific marker and can be elevated in other benign 
conditions, such as benign prostatic hyperplasia, trauma or inflammation89. 
Further, a lower PSA cut-off has been challenging, as variations in sensitivity 
and specificity of PCa diagnosis still exist90. A European (ERSPC) study have 
shown that screening with PSA and subsequent systematic needle biopsies can 
reduce PCa-specific mortality91. Still, the Swedish National Board of Health 
and Welfare emphasises the unclear beneficial role of screening with PSA over 
its negative effects on a population level92. Further, the economic healthcare 
burden due to PSA testing and overtreatment is significant93.  

Other serum markers have been available as additional screening tools, such 
as PSA Density (PSAD), which has proved to be more PCa-specific at certain 
cut-off values than PSA alone94. PSAD is calculated from the PSA value 
(ng/mL) in relation to the prostate volume (mL). Still, as a PSA-derivative, 
PSAD is also elevated in other benign conditions95. Additionally, PSAD 
depends on the prostate volume. Thus, as prostate volume is traditionally 
measured using TRUS or MRI, it is also highly operator- and experience-
dependent96. The Swedish PCa Guidelines have announced individual-based 
and age-dependent PCa screening84 recommendations. However, PSAD is not 
routinely used in the guidelines .Although the role of PSA in PCa screening 
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remains controversial, its utility in detecting biochemical recurrence and 
disease follow-up is indisputable95.  

Gleason 

The Gleason grading system was originally defined by the American 
pathologist Donald Gleason back in 1966 and has been revised in recent years. 
It is based on five histological patterns of prostate adenocarcinoma and is the 
most widely used grading system to define PCa aggressiveness97. The Gleason 
architectural patterns range from grade 1 to 5, where grade 5 represents the 
least differentiated and most aggressive form of PCa. The histopathological 
report is then comprised of the summation of two patterns called the Gleason 
Score (GS). At first, the score consisted of the two most common biopsy 
patterns: GS ranges between 2 and 10. However, in practice, PCa is represented 
by GS ≥ 6. In 2005, the International Society of Urological Pathology (ISUP) 
Consensus Conference updated the GS to the sum of the most poorly 
differentiated and the most dominant pattern. This was further updated in 2014 
and modified in 201998-100.  

Treatment decisions and prognosis determination in PCa are difficult to make 
clinically. Therefore, in 1998, D´Amico et al. categorised patients with 
localised PCa into three groups with risk for biochemical recurrence based on 
the GS, PSA level, and clinical tumour stage (Table 1)101. In Sweden, low-risk 
and high-risk groups are further categorised into very low-risk and very high-
risk subgroups, respectively84.  

Table 1. Prostate cancer risk groups. 

Risk classification T stage Gleason Score PSA (µg/l) 

Low risk cT1 – cT2a < 7 < 10 

Intermediate risk cT2b – cT2c    7    10 ‒ 19 

High-risk cT3 – cT4 or  

MRI-based extra-
prostatic growth 

> 8 > 20 
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Diagnostic imaging 

Ultrasound and MRI 

Tumour detection and, subsequently, biopsy sampling under the so-called 
transrectal ultrasound (TRUS) guided biopsy has for many years been the 
standard first-line method for PCa diagnosis in patients with an elevated PSA 
value and suspected findings at digital rectal examination84. Due to the frequent 
complications of transrectal biopsies, the trans-perineal technique has been 
introduced and established as a routine procedure in the European Association 
of Urology (EAU) Guidelines in 2022102,103. This technique can also be useful 
in the identification of ventral lesions104. The recommended sample number is 
3-4 and 10-12 cores for targeted biopsy and systematic biopsy, respectively, 
for both transrectal biopsies and the trans-perineal technique. However, 
complications with TRUS still exist 102.  

Subsequently, the evolution of medical imaging has given rise to 
multiparametric imaging and updated guidelines for PCa care33,105. One of the 
recent proposals introduced in the European and Swedish PCa guidelines was 
the combination of MRI with TRUS and subsequent targeted biopsies in men 
with clinically suspected cancer33,84,103.  Still, PCa guidelines vary across 
countries103,106.  

Targeted prostate biopsies and imaging 

There are limitations in determining the exact location of PCa in situ, 
particularly in small, multifocal or in the approximately 20% of the prostate 
tumours located anteriorly107, as well as the site of possible extra-prostatic 
extension108. This is mainly due to the heterogeneity of lesions, with a 
relatively high incidence of non-palpable iso-echoic prostate tumours, whereas 
targeted biopsies home in on ultrasonographically hypoechoic lesions or to 
areas of palpable abnormality.  

The ability of multi-parametric MRI to identify large and high-grade tumours 
remains high, leading to increased detection of clinically significant lesions 
and fewer subsequent biopsies109,110. However, these tumours can often go 
undetected due to MRI´s limitation to detect small and multifocal lesions111.  
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Molecular imaging - PET/CT and PET/MRI 

While CT and MRI offer different benefits in the standard pathway for PCa 
diagnosis and treatment, molecular imaging, PET/CT and PET/MRI, has 
shown its superiority over conventional imaging, particularly in the detection 
of low-grade tumours or PCa recurrence and in PCa staging112. The most 
common PET radiotracer, 18F-FDG, appears to be of limited value in the 
imaging of PCa due to the low glycolytic metabolism of many prostate 
adenocarcinomas113. Studies have shown its value in imaging advanced and 
metastatic stages of the disease, although this may not always be the case114. 
Thus, newer PCa-specific radiotracers have been introduced, such as 18F-
fluorocholine, 11C-choline, and 68Ga and 18F-PSMA61,113,115. Moreover, the 
recent development of various radiopharmaceuticals enables additional 
analyses of cancer characteristics with PET/CT and PET/MRI116,117. 

Choline is one of the precursors of phospholipid metabolism; phospholipids 
are essential components of cell membranes. Thus, radiolabelled choline has 
become a commonly used PET radiopharmaceutical for identifying various 
tumour cells, including primary and metastatic PCa113. The role of choline PET 
in detecting primary PCa has been controversial. A well-known limitation of 
PET/CT is its dependency on the size of the lesion of interest, and PET with 
choline derivatives is no exception118. Although choline cannot distinguish 
between malignancy and benign prostatic hyperplasia or other inflammatory 
conditions in the central nervous system34, there is a difference in the SUVmax 
between benign and malignant prostate diseases119. Choline can also detect 
primary PCa lesions with a size greater than 5mm118. Thus, choline is useful 
for diagnosing primary intermediate and high-risk PCa patients120,121.  

Although the potential of choline PET/CT in identifying extra-prostatic 
extension is limited compared to MRI118, its superiority has been demonstrated 
in the detection of metastatic lymph nodes over MRI alone122. Therefore, 
PET/MRI has emerged as an alternative, offering the advantages of hybrid 
imaging with the combination of metabolic information from molecular 
imaging and morphologic information with high tissue contrast from MRI123. 
Studies have shown the superiority of PET/MRI over PET/CT in primary PCa 
diagnosis and detection of PCa relapse, particularly with the use of 
radiolabelled ligands targeting PSMA115,124,125. Further, 18F-choline PET/MRI 
has improved diagnostic performance in PCa than MRI alone126.  
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The use of choline PET in patients with suspected recurrent PCa has been 
promising120. PET positivity using choline is directly influenced by hormone 
androgen therapy, offering predictive value in restaging PCa patients with 
suspected recurrent disease using this radiotracer120. Further, the detection rate 
of 18F-choline for PCa in patients with biochemical relapse appears to be 
directly proportional to increasing PSA values, resulting in a higher detection 
rate of PCa recurrence127-129. In a recent study, both 11C- and 18F-choline 
showed comparable results for the detection of PCa recurrence and PSA levels 
between 1-10 ng/mL, regardless of the protocols used130. The accuracy of 18F-
choline (like 11C-choline) for detection of PCa relapse at PSA values < 1 ng/mL 
has been controversial, leading to a recommendation for a PSA cut-off value 
of 1.74 ng/mL128,131. However, 11C-choline has recently been proven useful in 
the identification of PCa recurrence, even at PSA values as low as < 1 
ng/mL132. 

Meanwhile, radiolabelled ligands targeting PSMA, a transmembrane protein, 
have gradually gained ground for the diagnosis of primary PCa. As PSMA 
levels are dependent on the degree of prostatic malignancy, it can also be used 
to differentiate between malignant and benign prostatic disease133. Thus, 
PSMA PET is highly specific for detecting high-risk PCa, for identifying PCa 
recurrence, as well as in metastatic disease, outperforming other conventional 
modalities and radiotracers115,134,135.  

2.3.1.3 TREATMENT – THE THREE PILLARS 

The treatment choice for PCa patients is not always straightforward. Individual 
factors are usually taken into consideration before decision-making, such as 
the patient´s age, risk group, life expectancy and other health issues84. Patients 
with no evidence of metastatic disease can be candidates for curative treatment 
with the following options: 

1 Radical prostatectomy  
2 Hormonal therapy and 
3 Radiation therapy 

a. EBRT 
b. Brachytherapy 
c. Systemic radiation therapy 
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EBRT is one of the standard options available for curative treatment of 
localised PCa according to evidence-based national care programs84,136. It can 
be delivered either as a single dose or divided into smaller doses, so-called 
fractionation. The appropriate type of radiotherapy and radiation dose 
fractionation depends on the patient´s risk classification and different staging 
according to nodal/distant metastasis (N/M)84,103. Today, EBRT is 
predominantly delivered as volumetric modulated arc therapy (VMAT). 
VMAT can deliver a high radiation dose to the prostate while, at the same time, 
minimising irradiation of the surrounding radiation-sensitive OARs. This new 
technique has the additional advantage of shortened radiation time in favour of 
organ motion errors137.  

Patient preparation for radiation treatment planning  

Thorough treatment planning is important for accurate radiation delivery. One 
of the first steps for patient preparation is the insertion of gold markers into the 
prostate gland. This is done to achieve an accurate anatomic location of the 
prostate and avoid delineation and dose delivery errors due to mismatch138. 
Subsequent pre-treatment imaging with CT and MRI examinations are 
performed some days later; the former modality is the physical cornerstone for 
dose calculation, while the latter is a complement for better soft tissue 
discrimination and more accurate organ delineation139. Appropriate 
preparation of the rectum and bladder is needed before imaging. The bladder 
should be “comfortably filled”, whereas the rectum should be as empty as 
possible. The patient’s position should be kept as identical as humanly possible 
in the CT and MRI examinations to avoid mismatch errors. One way to achieve 
this is through the visualisation of the gold markers or, in some cases, by the 
identification of the urinary bladder and rectum using a cone beam CT 
(CBCT).  

Organ delineations  

The target organ, i.e., the prostate, and the OARs are delineated manually by a 
radiation oncologist using both CT and MRI images. The resulting prostate 
delineation is called the clinical target volume (CTV) and represents the organ 
in which the tumour is located. Furthermore, an additional delineation around 
the CTV is defined to include possible movement errors between treatment 
sessions. This is called the planning target volume (PTV). The goal of 
treatment is to deliver approximately 95% of the radiation dose to the whole 
PTV. The seminal vesicles are included depending on the patient´s risk 
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stratification. According to recent guidelines, the delineation margins for the 
rectum are at the rectosigmoid junction cranially and at the level of ischial 
tuberosities caudally140. However, anatomical organ variations, different local 
guidelines or the radiation oncologist’s experience are some contributing 
factors to variable organ delineations.  

 

2.4 RATIONALE, KNOWLEDGE GAPS AND FIELDS 
THAT NEED FURTHER INVESTIGATION  

Reaching consensus among clinicians regarding the diagnosis and 
management of PCa is challenging and not always clinically possible103,141. 
Despite frequent international meetings on Gleason grading99, the 
classification remains subjective, with relatively low or moderate interobserver 
agreement among pathologists. This is mainly due to indistinct Gleason 
patterns, particularly in low-grade lesions. Additionally, PSA is a nonspecific 
marker that cannot differentiate between benign and malignant disease89. 
Further, systematic biopsies don´t include the whole prostate, and the anterior 
part of the prostate is routinely not included in the biopsy program, resulting 
in ventral tumours being missed107. Despite the increased use of the modern 
transperineal approach and its superiority over transrectal biopsy regarding 
tumour sampling from the anterior portion of the gland, this technique also has 
drawbacks, as it is an invasive procedure142. These issues have led to the 
combination of needle biopsies and MRI-targeted biopsies33, although 
quantitative objective markers of the whole tumour are still needed. 

Meanwhile, semi-quantitative measurements, such as SUVmax, exhibit 
limitations since they may be influenced by several biological or technical 
factors despite various correction attempts 27. Additionally, they are highly 
observer-dependent and indicate only a part of a lesion, depending on the size 
of the region of interest (ROI) measured, making the interpretation of tumour 
burden suboptimal. This may be particularly important when it comes to the 
evaluation of tumour response. In past years, volumetric measurements 
reflecting the total tumour volume have been established, and their role as 
prognosticators has been promising143. However, they are mainly performed 
manually and are, thus, time-consuming and operator-dependent.    
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In oncological imaging, objectivity and reproducibility are especially 
important, and AI-based volumetric measurements could address these issues. 
Until now, AI models have been almost exclusively applied in lung, breast, 
and head and neck carcinomas19-21. In prostatic malignancies, however, these 
have been mainly focused on MRI for cancer detection and staging. Automated 
PET/CT biomarkers reflecting total tumour infiltration of the prostate are not 
yet established and, thus, require further investigation144. According to the 
literature, the prognostic significance of automated PET/CT imaging 
biomarkers of PCa is also undefined and calls for further investigation.  

Visual estimation remains a subjective and observer-dependent method, which 
can lead to variability in medical imaging results. Manual organ delineation 
for radiation planning is a very resource-intensive and time-consuming 
procedure, which is plagued by high interobserver variability. Moreover, 
delineated organ volumes among different imaging modalities, such as CT and 
MRI, appear to differ. Further, it has been reported that protocol deviations for 
radiation therapy are associated with worse outcomes145. Automated organ 
segmentation would require less manual input and time and could lead to a 
more standardised template for radiation therapy. It has been estimated that up 
to 40 minutes of segmentation time per patient could be saved with an 
automated system. Still, further investigation is needed on the subjective 
evaluation of AI-based organ segmentations before their clinical application.  

While geometric indices are commonly reported in the literature, providing an 
accurate, measurable comparison between different organ contours, these 
metrics alone do not reflect all aspects of the human performance. There is 
substantial variation between clinicians in the assessment of accuracy and 
clinical acceptance of organ auto-segmentations146. A correlation between 
quantitative and qualitative assessments of AI-based and manual organ 
segmentations would provide a better understanding of how AI-based tools 
could be implemented in clinical practice to achieve accurate and efficient 
radiation treatment planning. 
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 AIMS 
The overall aim of this thesis was to evaluate the feasibility of a fully 
automated AI-based quantification of the prostate, prostate tumour burden and 
OARs on PET/CT and pre-treatment CT scans of PCa patients. 

Specific study aims 

Paper I  

I. To compare the AI-based PET/CT biomarkers of the prostate and the 
prostate tumour to corresponding manual measurements in patients 
with high-risk PCa.  

II. To evaluate the prognostic significance of these AI-based PET/CT 
biomarkers.  
 

Paper II 

I. To further improve the performance of the AI model from Paper I and 
apply it to PET/CT images of a larger set of patients with high-risk 
PCa. 

II. To estimate the prognostic role of automated AI-based imaging 
biomarkers of prostate tumours compared to other conventional 
measurements, using disease-specific survival as outcome. 

Paper III 

To analyse the agreement between AI-based segmentations of the prostate and 
the surrounding OARs with corresponding manual organ delineations, after 
training of the AI model on pre-treatment CT scans in a larger set of PCa 
patients.  

Paper IV  

To evaluate the clinical acceptability of the AI-based organ segmentations 
resulting from Paper III compared with corresponding manual delineations on 
CT scans before radiation treatment planning.
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 MATERIALS AND METHODS 

4.1 AI MODEL 
All patient information and PET/CT images were pseudonymised with a study 
code before the studies began. Thereafter, all available image data in all Papers 
were uploaded to a cloud-based research platform (www.recomia.org)147.  

The model used in all Papers was CNN-based12,148. The model input consisted 
of the images included in each Paper. The ground truth consisted of the manual 
delineation of the prostate gland and OARs, which was performed on the CT 
images only. In Paper I, manual delineation of the prostate tumour was also 
performed using the PET images of the PET/CT scans. 

The AI model is voxel-based147. The model then used the voxels of each image 
to create an output by estimating the probability that a voxel belongs to 
prostatic gland or OARs. This process aimed to achieve a model output that 
was as similar as possible to the manually performed delineations used as a 
training set12.  

Misalignment 

A common problem of PET/CT is the misalignment between the two integrated 
modalities, causing misclassification of voxels, leading to discrepancies in the 
ground truth and, in turn, incorrect organ auto-segmentation. Misalignment can 
occur due to patient positioning during scanning or physiological movements 
of the inner organs. This is mainly obvious over the thorax, but peristaltic 
movements of the intestines are also a common issue. To address this matter, 
the AI model was trained to consider both modalities in the segmentation 
process by learning to estimate the relative displacement of the prostate 
between the PET and CT images. The approximate position of the gland was 
calculated using simple segmentations on the CT images. During the first step 
of this procedure, sub-patches from the PET and CT images, predominantly 
focused on the prostate, were separately obtained to compute a rigid 
transformation, a method inspired by Jaderberg et al.149; this is called the 
“alignment module”. The resulting transformation was then applied to the PET 
image, and a CT-aligned PET image was produced. The latter image with the 
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initial CT image was used as an input for the next step, the “segmentation 
module”148. This process was done in Paper II only. 

 

4.2 PATIENT AND IMAGE MATERIAL 
This thesis includes patients with PCa who were examined with PET/CT for 
primary staging (Papers I and II), and pre-treatment CT scans for organ 
delineation before radiation treatment planning (Papers III and IV). Patients 
with other malignancies were also included in Papers I and II. 

Papers I and II were designed as multi-centre, retrospective observational 
studies in collaboration with the University Hospitals of Sahlgrenska, 
Gothenburg (Sweden), Odense (Denmark) and Malmö/Lund (Sweden). The 
PET/CT examinations in Gothenburg were performed between 2008 – 2010, 
while those in Odense and Malmö/Lund during 2009 – 2012 and 2008 – 2015, 
respectively.  

Papers III and IV were retrospective single-centre studies. All CT scans of the 
patient cohort included in the studies were performed at the Oncological 
Department at Sahlgrenska University Hospital, Gothenburg, Sweden, during 
2006 - 2018. Paper III was designed as an exploratory study, and Paper IV was 
designed as a visual grading study. 

The patient images were collected from the corresponding clinics. An 
overview of the patient cohorts included in all Papers of this thesis is provided 
in Table 2.   
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Table 2. Study design of the Papers included in the thesis. 

 PAPER I 

AI-based imaging 
biomarkers and 
overall survival 

PAPER II 

AI-based imaging 
biomarkers and 
disease-specific 

survival 

PAPER III 

Agreement 
between AI and 

manual 
segmentations 

PAPER IV 

Clinical 
acceptability of 

AI 
segmentations 

STUDY DESIGN Retrospective 
observational 
study 

Retrospective 
observational 
study 

Retrospective 
exploratory study 

Human 
observer study 

POPULATION n = 143 
Training/validation 
set: 100 
Test set: 43 

n = 447 
Training/validation 
set: 143* 
Test set: 304 

n = 1530 
Training set: 722 
Validation set: 
348 
Test set: 348 

n = 240** 

MODALITY PET/CT PET/CT Pre-treatment CT 
scans 

Pre-treatment 
CT scans 

IMAGING 
PERIOD 

2008 – 2012 2008 – 2015 2006 – 2018 2006 – 2018 

STATISTICAL 
METHODS 

DSC 
Bland Altman 
Cox proportional 
hazards model 

Cox proportional 
hazards model 
Kaplan-Meier 
 

DSC 
HD 
MSD 

VGC analysis 

OUTCOMES AI-based 
segmentations 
Overall survival 

Prostate cancer-
specific survival 

AI-based organ 
segmentations 
Agreement 

Visual grading 
of clinical 
acceptability 

* Cohort from Paper I; **AI organ segmentations derived from the study material of paper III
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PAPERS I AND II 

The patient cohort of Paper I consisted of 150 patients. The cohort was divided 
into two sets: a training set, composed of 100 patients from Gothenburg and a 
validation set of 50 patients from Denmark. Out of these 50 patients, four 
missed PET/CT examinations because of 18F-choline production failure, and 
one had undergone prostatectomy. These patients were, thus, excluded  
(Figure 3).   

 

Figure 3. Flow chart of the patient cohort in Paper I. 

 

Training set  

A radiologist manually segmented the prostate glands of 100 consecutive 
patients, using only the CT images of their 18F-FDG-PET/CT examinations. 
This material was used for training of the AI model. The PET/CT examinations 
were performed during October 2008 and December 2010 on the indication of 
non-prostatic malignancies, i.e., colorectal cancer (n=22), lung cancer (n=17), 
lymphoma (n=15), head and neck cancer (n=14) or other tumours (n=32) and, 
thus, comprised training material with normal and tumour-free prostate glands. 
The seminal vesicles were not included in the training process.  
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Test set 

The test set consisted of biopsy-proven hormone-naïve PCa patients who had 
undergone 18F-choline-PET/CT, 18F-NaF-PET/CT and MRI as part of a 
previous study comparing whole-body bone scans150. In the majority of the 
patients, the Gleason score was > 7. Of the 45 patients, 33 died during follow-
up, having a median survival time of 2.5 years (range 0.3 – 7.6). The median 
survival time of the remaining 12 patients was 7.8 years (range 6.1 – 8.8). The 
follow-up time was registered as the time between the date of the PET/CT 
examination and the date of death or last follow-up, which was in March 2018. 
The clinical characteristics of the patients are shown in Table 3.  

Table 3. Patient characteristics of the test set included in Paper I. 

CLINICAL DATA (n = 45) 

Age, yrs 
Median, (IQR)a 

73 (68 – 79) 

Gleason score, No (%)   

2-6 6 (13%) 

7 17 (38%) 

8-10 21 (47%) 

PSAb, ng/ml 
Median, (IQR)a 

83 (31 – 412) 

Follow-up time, yrs (all patients) 
Median, (IQR)a 

3.5  (1.9 – 6.2) 

Survival time, median years (IQR)a  
Prostate cancer death (33 patients) 

  

2.5 (0.3 – 7.6) 

Surviving patients (n = 12) 7.8 (6.1 – 8.8) 

Number of prostate cancer deaths, No (%) 33* (73%) 

aInterquartile range; bProstate specific antigen. 
*Including the two patients with hip prosthesis. 
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Segmentation and quantification process 

A radiologist and a nuclear medicine specialist performed manual delineation 
of the prostate tumours on the PET images of the PET/CT examinations in the 
test set. Further, manual delineations of the whole prostate gland were 
performed by two radiologists using only the CT images from the test set. The 
voxels corresponding to the prostate tumour with SUV > 2.65 were 
automatically categorised as pathological, and SUVmax and SUVmean were 
based on this cut-off value119. Consequently, the AI model automatically 
segmented the entire prostate gland and prostate tumour in the PET/CT images 
of the patients in the test set, according to the cut-off value. Volumetric AI-
based PET measurements were calculated, representing the prostate´s total 
volume and tumour infiltration of the gland (Table 4). 

Table 4.  Description of the AI-derived PET measurements in the validation/test set in Papers 
I and II. 

PET-MEASUREMENTS DEFINITION 

VOLUME (mL) The volume of prostate tumour with SUV > 2.65 

FRACTION VOLUME in relation to the whole prostate volume 

TLU (Total lesion uptake) SUVmean x VOLUME 

 

Thereafter, the manual and AI-based measurements were compared to each 
other to evaluate the agreement between them. Further, the association 
between AI-based PET measurements of PCa burden, as well as other 
clinical parameters and overall survival, was investigated.  

In Paper II, the cohort consisted of a larger training set of patients to improve 
the performance of the AI model and the accuracy of the automated 
measurements. The two sets in Paper I were combined to create the “larger 
training and validation set” comprising 143 patients. Further, a separate set of 
304 patients from another institution (Malmö/Lund) was included and 
comprised the “test set” (Figure 4).  
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Figure 4. Flow chart showing the selection of patients for Paper II. 

The test set were diagnosed with high-risk PCa and had normal or inconclusive 
bone scintigraphy. The majority of these patients had a Gleason score of > 8 
and a T-stage of T3. Of these patients, 23 died of PCa, with a median follow-
up time of 5 years (range 4.4 – 5.7). Of these patients, 18 received palliative 
treatment, having a median follow-up time of 4.5 years (range 3.5 – 6). Patients 
with PSA ≥ 150 ng/ml or those who had received hormonal therapy before the 
PET/CT examination were not included. The clinical characteristics of the 
patients in the test set are shown in Table 5. 
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Table 5. Patient characteristics of the test set included in Paper II. 

 All 
patients 
(n=285) 

 Palliative 
treatment 
(n=66) 

Curative 
treatment 
(n=219) 

Age, yrs 
Median, (IQR)a 

 
69 

 
(65– 72) 

 
70 

 
(67 – 73) 

 
68  

 
(64 – 72) 

Gleason scale,  
No (%) 

      

≤ 6 11 (4%) 1   (2%) 10 (5%) 

3+4 45 (16%) 5   (8%) 40 (18%) 

4+3 38 (13%) 7 (11%) 31 (14%) 

8 69 (24%) 16 (24%) 53 (24%) 

9-10 122 (43%) 37 (56%) 85 (39%) 

PSAb, ng/ml 
Median, (IQR)a 

 
21 

 
(10 – 36) 

 
29 

 
(13 – 56) 

 
19 

 
(9 – 32) 

T-stage, No (%)       

T1 49 (17%) 6   (9%) 43  (20%) 

T2 104 (36%) 16 (24%) 88  (40%) 

T3 129 (45%) 41 (62%) 88  (40%) 

T4 3 (1%) 3   (5%) 0  (0%) 

N1-stage, No (%) 41 (14%) 29 (44%) 12 (5%) 

M-stage, No (%)       

M1a 11 (4%) 11 (17%) 0 (0%) 

M1b 10 (3%) 9 (14%) 1 (0.5%) 

Follow-up time, yrs 
Median, (IQR)a 

 
5 

 
(4.4 – 5.7) 

 
4.5 

 
(3.5 – 6) 

 
5 

 
(4.6 – 5.7) 

Number of prostate 
cancer deaths,  
No (%) 

23 (8%) 18 (27%) 5 (2%) 

aInterquartile range; bProstate specific antigen. 
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Manual delineations were not performed in this study. After training and 
validation, the AI model was applied to the “test set” of patients. As in Paper 
I, automated volumetric measurements of both the prostate volume and 
cancer burden were obtained from the PET/CT images based on the same 
cut-off SUV value > 2.65119 (Table 4). Thereafter, a visual assessment of the 
results was made by a radiologist without manual corrections. In this Paper, 
disease-specific survival was used as the outcome, which was calculated from 
the date of PET/CT examination to the date of PCa death or last follow-up, 
which was in April 2019. Moreover, bivariate analysis adjusted for treatment 
(curative or palliative) was performed. 

 

PAPERS III AND IV 

Paper III comprised 1530 PCa patients. Predefined acceptance criteria defined 
the segmentation of the whole organ of interest, i.e., the prostate and the OARs, 
that would respect the borders of the surrounding organs. Scans that did not 
comply with the predefined acceptance criteria and scans with metal artefacts 
due to hip prostheses were excluded. The remaining 1479 patients were 
included in the analysis. The patient cohort was divided into three subsets. 
About half of the cohort comprised the training set, with manual delineations 
as the ground truth, while the other half was subdivided into the internal 
validation and the test set (Figure 5). The test set was only used for the 
application of the AI model and creation of the automated delineations of the 
prostate, urinary bladder and rectum151.  

International guidelines have been the basis of the manual delineations by 
radiation oncologists140. However, the CT examinations were performed over 
a long period, during which different guidelines were applied. This was mainly 
reflected by the heterogeneity of the rectal delineations. For that reason, only 
scans with an upper limit at the rectosigmoid junction were used for training 
the AI model. AI-derived volumetric measurements for all organs were then 
performed.  

Paper IV comprised 240 organ segmentations, which were part of Paper III. 
These included 120 CT scans with AI-based segmentations of the prostate, 
urinary bladder and rectum and their corresponding manual delineations, 
which were used as the ground truth. The cohort of this study was a 
representative collection of AI-based organ segmentations from the test set of 
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Paper III, which were randomly obtained based on the DSC values in that 
study151. Four DSC-based categories of the AI-derived segmentations were 
created: < 0.7, 0.7 – 0.79, 0.8 – 0.89, > 0.9. The cohort included 40 AI-based 
segmentations of each organ and the corresponding manual delineations 
(Figure 5).  

Three radiation oncologists with clinical experience ranging from 12 to 20 
years were recruited to visually assess the delineations of the target organ and 
the OARs. After multidisciplinary meetings before the start of the study, 
specific instructions were given to the observers to achieve the most conformal 
visual assessment of the organ segmentations possible. The consensus defined 
that organ segmentations would be assessed according to the European 
SocieTy for Radiotherapy and Oncology (ESTRO) guidelines140.  

The images were assessed in random order and were performed on the platform 
www.recomia.org. All information regarding the patients and the organ 
segmentations was blinded. During this process, ratings according to a 4-grade 
Likert scale were performed based on the observer´s confidence level 
regarding the quality of the organ delineations. The 4-grade scale was devised 
through the Delphi procedure and included four statements, one for each 
category, rated from 1 to 4, where 1 represented acceptance, and 4 represented 
non-acceptance of the delineation for clinical radiotherapy planning, while 2 
and 3 represented clinical acceptability with minor and major changes 
respectively. The acceptance criteria and the rating questions for each 
segmentation were pre-determined in separate multi-disciplinary consensus 
meetings before the start of the visual grading process.  
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4.3 STATISTICAL ANALYSES 
For the statistical analyses in all Papers, the R statistical computing 
environment (RC, 2014) and the SPSS statistics (version 25) were used. For 
the visual grading characteristics (VGC) analysis of Paper IV, the tool VGC 
Analyzer was used.  

The level of statistical significance was set to 5% (p < 0.05, or results outside 
the range of the 95% confidence interval). 

The following statistical analyses were performed: 

Geometric measurements 

The Sørensen-Dice index (SDI) or Dice Similarity Coefficient (DSC)  

The Sørensen–Dice index (SDI), or the Dice coefficient (DSC), is a similarity 
metric commonly used in medical image segmentation to assess the agreement 
between two segmented volumes152. The DSC is defined as the ratio of twice 
the number of common voxels, that have been similarly classified, to the total 
number of these common voxels in both sets. It ranges between 0 and 1, where 
1 indicates perfect agreement152. The DSC was used in Papers I and III to 
evaluate the agreement, or the overlap between AI-based segmentation and 
manual delineation.  

Hausdorff distance and mean surface distance 

Hausdorff Distance (HD) refers to the maximum distance between the two 
measurements (mm)146,153, while the mean surface distance (MSD) is the 
average distance between two measurements (mm). Of the two, the most 
advantageous metric is the HD, as it represents the largest segmentation error. 
The best achievable AI-based segmentation is represented by the lowest 
distance to the ground truth possible, where 0 indicates no difference between 
the measurements. In Paper III, the analyses showed the actual geometric 
measures, indicating the real distance between the manual and the AI-based 
organ segmentations. 
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The Bland-Altman analysis 

In the late 80s, Bland and Altman described a statistical method to compare 
two measurements of the same variable and define agreement between them 
154. They described the now well-known “Bland-Altman plot”, in which the 
difference between two observations is plotted against their mean. The 
percentage of certainty of the true value lies within the 95% confidence interval 
of the mean of the difference, which is just an estimation of the true value. Any 
possible systematic errors lie outside that interval. Further, 95% of all 
observations are expected to be found within ± 1.96 standard deviations (SD) 
of the mean of the differences. These two limits represent the degree of 
agreement between the two observations (95% LOA). This method was used 
in Paper I to evaluate the agreement between the AI model and the physicians.  

Linear regression analysis 

Linear regression is a statistical model used to analyse the relationship between 
two quantitative variables, a dependent and an explanatory (independent) 
variable. Linear regression analysis was performed in Paper I to estimate the 
relationship between the automated and manual measurements155. 

Survival analysis and hazard ratio 

The Cox proportional hazards model is a statistical tool used to study the period 
for an event to occur and relate it to one or more covariates that may be 
associated with that period156. To ensure that the model provides valid results, 
several assumptions must be satisfied. The fundamental assumption of the Cox 
model is the proportional hazards assumption, which means that the hazard 
ratios associated with the covariates are constant over time. To check if this 
assumption is violated, other statistical tests, such as Schoenfeld Residuals or 
assessment of log-minus-log test of Kaplan-Meier curves, can be used. 
Another assumption is independence between variables, which can be checked 
by using correlation statistical measures. The linearity assumption and non-
informative censoring are also important and must be ruled out before running 
the Cox model157.  

The hazard ratio (HR) represents the ratio of the risk of an outcome in one 
group to the risk of the outcome in another group occurring at a given interval 
of time156. In Cox proportional hazards models, a covariate with HR > 1 



  Materials and Methods 

 42 

indicates an increased risk for the outcome and, consequently, a shortened 
survival period.  

Survival analysis was performed in Papers I and II. Overall and PCa-specific 
survival were used as endpoints in Papers I and II, respectively. The Cox 
proportional hazards model was used to estimate the association between the 
AI-based imaging biomarkers and other clinical parameters and survival. The 
results were plotted on a Kaplan-Meier curve, showing the association between 
the parameters and the survival time158. In Paper II, the variables for the 
survival analysis were also adjusted for treatment. Independency between the 
variables was checked using Spearman´s correlation (rho coefficient) analysis.  

Visual Grading Characteristics (VGC) Analysis 

VGC analysis is a non-parametric method using ordinal data from two paired 
observations, such as rating scores. The ratings from the test material are then 
plotted against the comparable data from the observation of the reference 
material, or ground truth, resulting in a VGC curve and an area under the VGC 
curve (AUCVGC), which indicates the difference between the two observations 
and ranges between 0 and 1, where 0.5 represents equality. The analysis is 
based on the trapezoidal rule for curve fitting, which makes it slightly more 
difficult to show statistically significant differences between the two methods 
compared to the use of the binormal curve fitting method. If the AUCVGC is < 
0.5, the reference is rated higher than the test and vice versa159,160. VGC 
analysis was performed in Paper IV to study the difference between the visual 
assessments of the manual and automated organ delineations. 
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 RESULTS 
5.1 PAPER I 
Two patients with bilateral hip prostheses were not included due to metal 
artefacts in the pelvic region. The AI model performed automated 
measurements of the prostate gland and the intraprostatic lesion in a total of 43 
patients (Figure 3).  

Analytical outcome 

The analysis for the agreement between the AI-based and the two manual 
measurements of prostate volume showed a median DSC value of 0.83 and 
0.80, respectively. The median DSC between the radiologists was 0.86. The 
linear regression analysis showed a statistically significant correlation between 
the mean difference and mean prostate volume of the AI-based and manual 
measurements. The results are presented in detail in Polymeri et al.161.  

The AI-based calculation of prostate volume was within the manually obtained 
measurements in 14 of 43 (33%) patients (Figure 6).  
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Figure 6. The volume measurements of the prostate gland by the AI model and the two 
radiologists in the test set of 43 patients. The minimum, maximum and median prostate 
volume was 8.6, 175.6 and 80 mL, 9.4, 184.1 and 65 mL, 17, 117.9 and 71 mL for 
Radiologist A, Radiologist B and AI respectively.  Sorted by mean of prostate volume 
between Radiologist A and Radiologist B. 

The level of agreement between the AI model and the two radiologists seemed 
to depend on the gland size. The AI model showed a tendency to slightly 
miscalculate the size of the gland, particularly concerning both ends of the 
prostate size range161.  

The calculation of the AI-based lesion uptake was within the manual 
measurements in nearly half the patients (44%)161. The AI-derived 
measurement of the lesion uptake (TLU) was comparable to the one made 
by the nuclear medicine specialist (Figure 7). In general, the manual 
measurements by the radiologist overestimated the lesion uptake compared 
to the AI model and the nuclear medicine specialist161.  

 

AI               Radiologist A              Radiologist B 
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Figure 7. The measurements of the total lesion uptake (TLU) by the AI model, the nuclear 
medicine specialist and the radiologist in the test set of 43 patients. The minimum, maximum 
and median values were 1.3, 620.2 and 126.4 mL, 0, 572.2 and 62 mL, 0, 421 and 104.6 
mL for the Radiologist, nuclear medicine specialist and AI respectively. Sorted by mean of 
TLU value between nuclear medicine specialist and Radiologist.  

Clinical outcome 

Three AI-derived PET measurements reflecting tumour uptake in relation to 
the prostate volume (VOLUME, FRACTION, TLU), all manual PET 
measurements by the nuclear medicine specialist and two volumetric PET 
measurements by the radiologist (VOLUME, TLU) were significantly 
associated with overall survival. The remaining measured PET/CT and clinical 
parameters (PSA, age and Gleason score) were not prognostically 
significant161. 

  

AI               Nuclear medicine specialist             Radiologist  
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5.2 PAPER II 
The AI model performed automated measurements of the prostate volume and 
the tumour uptake in 290 patients (95%). An example of an AI-based 
segmentation of the prostate gland and the  prostate  tumour  is shown in 
Figure 8.   

The remaining 5% corresponded to patients with hip prostheses (9 patients) or 
contrast in the bowel or high tracer uptake in the bladder (5 patients), resulting 
in artefacts and, thus, failed AI-based segmentations (Figure 4). Five patients 
were not included in the statistical analysis because of missing follow-up. The 
median survival time of the 23 patients who died of PCa was 3.8 years (IQR 
2.8 – 4.8).  

 

 

Figure 8. One of the patients with AI-based segmentation of the prostate gland (shown 
in pink) and prostate tumour (shown in blue). 

 

The univariate Cox proportional hazards analysis of the 285 patients showed 
that three automated volumetric measurements, reflecting tumour burden and 
age, were prognostically significant in patients who were under palliative 
treatment and in all patients after adjusting for treatment. Further, patients with 
metastases had a higher risk of poorer survival. Contrarily, curative treatment 
did not seem to affect prognosis in this patient set (Table 6).   



  Results 

 49 

 

 
  

Ta
bl

e 
6.

 T
he

 C
ox

 p
ro

po
rt

io
na

l h
az

ar
ds

 a
na

lys
is 

fo
r t

he
 A

I-b
as

ed
 se

gm
en

ta
tio

ns
 a

nd
 th

e 
cli

ni
ca

l p
ar

am
et

er
s. 

Va
ria

bl
es

 
Ad

ju
st

ed
 fo

r t
re

at
m

en
t 

(n
=2

85
) 

 

Pa
lli

at
iv

e 
tr

ea
tm

en
t 

(n
=6

6)
 

 

Cu
ra

tiv
e 

tr
ea

tm
en

t 

(n
=2

19
) 

 

 
HR

d  (β
) 

p 
HR

 (β
) 

p 
HR

 (β
) 

p 

Le
sio

n 
VO

LU
M

Ea 
1.

03
 

0.
00

8 
 

1.
03

  
0.

00
8 

1.
01

 
0.

7 

TL
Ub 

1.
6 

0.
02

 
1.

7 
0.

03
 

1.
3 

0.
5 

FR
AC

TI
ON

c  (%
) 

1.
03

 
0.

00
5 

1.
04

 
0.

00
7 

1.
02

 
0.

4 

Cl
in

ica
l d

at
a 

  
  

 
 

 

Ag
e 

0.
9 

0.
01

 
0.

9 
0.

00
5 

1.
0 

0.
5 

M
et

as
ta

tic
 d

ise
as

e 
2.

2 
0.

1 
1.

6 
0.

4 
10

.4
 

0.
01

 
a v

ol
um

e 
of

 p
ro

st
at

e g
la

nd
 vo

xe
ls 

w
ith

 SU
V 

> 
2.

65
; b p

ro
du

ct
 SU

V m
ea

n x
 V

OL
UM

E r
ef

le
ct

in
g t

he
 to

ta
l le

sio
n 

up
ta

ke
; c fr

ac
tio

n 
of

 V
OL

UM
E 

re
la

te
d 

to
 th

e 
w

ho
le

 vo
lu

m
e 

of
 th

e 
pr

os
ta

te
 g

la
nd

; d 
Ha

za
rd

 ra
tio

  
  



  Results 

 50 

The prognostic significance of the Gleason score was similar for patients with 
GS ≤ 7 and GS > 7 (Figure 9). Patients with log-PSA values above the median 
seemed to have a worse prognosis, although this was not statistically 
significant. The survival time was similar in patients with SUVmax above and 
below the median. However, after 6 years of follow-up, patients with higher 
SUVmax than the median had a worse prognosis. The tumour infiltration of the 
gland appeared to be a crucial factor for PCa-specific survival during the entire 
follow-up, resulting in a substantially worse prognosis for patients with high 
tumour burden.  

 

Figure 9. Kaplan-Meier survival plots of the patients in the test set. The upper curves 
represent the proportion of patients with variable values ≤ median or Gleason score 

≤ 7, whereas the lower curves represent the proportion of patients with variable 
values > median or Gleason score > 7. 

© 2021 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis 
Group. Open Access article under the terms of CC BY-NC-ND License. 
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5.3 PAPER III 
Of the 329 prostate cases, 56% consisted of prostate segmentations only, while 
the remaining 44% consisted of segmentations including the prostate and the 
seminal vesicles. Of the 335 urinary bladder scans, 52% were performed with 
contrast media and 48% without. The 175 rectum cases included manual 
segmentations up to the rectosigmoid junction only. An example of an AI-
based segmentation of the prostate and the OARs is shown in Figure 10. 

 

 

Figure 10. Fully automated delineations of the prostate (pink), urinary bladder 
(yellow) and rectum (orange). 

The analysis for the agreement between the automated and manual prostate 
segmentations showed a median DSC of 0.82 and 0.83 with and without the 
seminal vesicles, respectively. The corresponding geometric measurements of 
the prostate delineations showed a median MSD of 1.7 mm for the prostate 
only and 1.6 mm for the prostate with the seminal vesicles, while the median 
HD was 9.2 mm and 11.4 mm, respectively. 

The median DSC for the urinary bladder was almost identical, at 0.95 and 0.94 
in cases with and without contrast, respectively. The median MSD was the 
same for the cases with and without contrast (0.7 mm), while the median HD 
showed a minimal difference, 6.9 mm and 6.6 mm, respectively.  
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The median DSC, MSD and HD measurements for the rectum cases were 0.88, 
1.1 mm and 13.5 mm, respectively. The results are presented in detail in Paper 
III151. 

 

5.4 PAPER IV 
The three observers provided a total of 720 ratings regarding the AI-based 
segmentations and the corresponding manual delineations of all organs.  

Most AI-based segmentations were rated as clinically acceptable with no or 
minor changes. The corresponding ratings for the manual delineations applied 
to the majority of the delineations. Major changes were necessary for 
approximately ¼ of the AI-based segmentations and less than 20% of the 
manual delineations. Only a small proportion of AI-based segmentations and 
manual delineations for all organs were not considered acceptable for clinical 
use, where the AI-based segmentations were twice as many compared to the 
manual delineations. 

Half of the manual segmentations of the bladder and rectum and approximately 
1/3 of the manual segmentations of the prostate were assessed as acceptable 
without any changes. The corresponding automated organ segmentations were 
acceptable with no changes in ¼, less than 20% and less than 10%, respectively 
(Figure 11).  
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Figure 11. Example of CT images of patients with acceptable AI-based organ 
segmentations (A) and their corresponding manual delineations (B). The 

segmentations of the prostate, urinary bladder and rectum are shown in green, 
yellow and orange respectively.  

Minor changes were needed in approximately 1/3 of the manual delineations 
of all organs, compared to approximately half of the AI-based segmentations. 
The proportion of the delineations that acquired major changes varied for both 
the manual and AI-based segmentations. Only a small proportion of the manual 
delineations of the prostate and urinary bladder were rated as not acceptable. 
There was no manual delineation of the rectum that was rated as not acceptable. 
Less than 10% of the AI-based segmentations were considered as not 
acceptable (Figure 12).  
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Figure 12. Example of CT images of patients with non-acceptable AI-segmentations 
(A) and their corresponding manual delineations (B). The segmentations of the 
prostate, urinary bladder and rectum are shown in green, yellow and orange 

respectively.  

All of the organ delineations showed an AUCVGC < 0.5, indicating a significant 
difference between the observations in favour of the ground truth (p < 0.05), 
although a considerable discrepancy was observed between the observers’ 
ratings. The statistical analysis using Spearman´s coefficient showed that the 
ratings and the DSC were not correlated with each other.  

In general, the observers gave higher ratings to the manual delineations than 
the AI-based segmentations. Discrete hints regarding the AI-based 
segmentations that could potentially lead to the identification of the origin of 
the segmentation were observed. These included incomplete organ 
segmentations, irregular segmentation edges or fine lines outside the region of 
interest (Figure 13).  

The results of the study are described in detail in Paper IV.  
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Figure 13. Example of a pre-treatment CT scan of one of the PCa patients in Paper 
IV. (A) illustrates an AI-based segmentation of the bladder, which was rated as not 
acceptable for clinical use. (B) illustrates the corresponding manual delineation in the 
same patient, which was rated as acceptable with no changes.  
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 DISCUSSION 
In recent years, several AI models have been extensively trained to 
automatically create accurate organ segmentations in medical images, 
processing large volumes of data within seconds17,162. More specifically, in 
urology, AI has almost exclusively been used in staging, prognosis 
determination and survival prediction in patients with PCa163.   

6.1  CHALLENGES WITH AI IN RADIOLOGY  
The integration of AI into various aspects of our lives, including health care, 
has been beneficial in many ways. However, its application in real-world 
clinical settings may be somewhat challenging.  

Data 

One of the most important challenges in the implementation of AI is the quality 
of the data164. While data collection and pre-processing for research projects 
are usually done very carefully and through multiple steps, these procedures 
are not uniform in clinical reality, where anatomical, physiological, and 
technical variations are common drawbacks. High-quality and high-volume 
data are prerequisites for the accuracy of AI-based segmentations. Therefore, 
data selection and uploading were done very carefully in the present studies, 
considering each category's advantages and disadvantages. Also, the number 
of patients included gradually increased with each study, contributing to the 
improved training of the AI models.  

Overfitting and generalisability 

Another challenge with AI models is also one of their main goals, which is 
generalisability to real-life, large and unseen datasets11. Individualised patient 
cases, different imaging acquisition techniques, and varied existing local 
workflows are only some of the factors that complicate human-AI interaction 
in the real world. On the other hand, the selected samples for research are more 
controlled and static. One consequence of this is the so-called “overfitting”, 
which refers to a condition where the model memorises the input´s features, 
including image noise, resulting in the network´s failure to fit into new datasets 
and, thus, its lack of generalisability11. This could be secondary to small and 
repetitive datasets. Subsequently, having a larger volume of data is one of the 
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most important solutions to these issues. There are several solutions to reduce 
overfitting. In the present studies, this was addressed in three ways. First, the 
number of included patients was increased in each study. Second, the cohort 
was divided into different sets, creating a training and a separate validation set. 
During training, the model´s performance is evaluated on the validation set and 
training is stopped if this performance is starting to deteriorate, since this could 
be a sign of overfitting11. Finally, “data augmentation” was applied165.  

Automation bias and algorithmic aversion 

The increasing use of AI in everyday life is perceived as controversial. On the 
one hand, there is acceptance of machines and their functions that can lead to 
machine-related satisfaction and complete trust, i.e., the so-called “automation 
bias”. On the other hand, there is the so-called “algorithmic aversion”, which 
implies the negative reactions to AI166. Both situations are challenging. The 
first reflects humans´ high expectations towards machines, which may result 
in objectivity in favour of AI-derived products and reduced human capabilities 
by blindly relying on AI-generated results167. A recent article has pointed out 
the potential risk of reduced human competence with the increased use of AI, 
which may be in line with high human expectations for AI products168. This is 
a particular concern in fields that are in continuous evolution. Contrarily, 
“algorithmic aversion” may lead to a lack of impartiality towards AI-generated 
products166. 

Another challenge with AI is observer vigilance and the risk for potential 
identification of the AI-based segmentations. As described in a recent study by 
Ivarsson et al.169, there is a human tendency to adjust their assessment 
regarding the source of a product to the individual´s personal beliefs, 
regardless of whether the product is AI-derived or not. Consequently, 
individuals tend to search for identification cues on the origin of the 
products169. A recent study analysed the ability of clinicians to identify AI-
based segmentations162 and showed that they could distinguish between 
manual and AI-derived organ segmentations in approximately 30% of the 
cases, highlighting the difficulty and uncertainty of this challenge.  
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6.2 PAPERS I AND II 
The studies showed that an AI model could create fully automated 
measurements of the prostate and prostate tumours using PET/CT scans. 

In Paper I, fully automated AI-based measurements of the prostate volume and 
prostate tumour lesions showed good agreement with corresponding manual 
delineations performed by experienced physicians. Further, the survival 
analysis showed a statistically significant association between the AI-derived 
measurements and overall survival.  

Paper II showed that the AI model could perform fully automated 
segmentations of prostate tumours in the vast majority of the patients included 
in the study. Further, automatically derived AI-based biomarkers, reflecting 
the prostate tumour burden, were prognostically significant for patients 
receiving palliative treatment.  

The agreement between the model and the radiologists was good, as shown by 
the DSC values. The agreement between the radiologists was slightly better 
than the agreement between the model and the radiologists. This reflects the 
influence of the training material on the model. As the AI model was trained 
on anatomically normal prostate glands, performing AI-based segmentation on 
another set containing larger and irregular glands was more challenging for the 
AI model. This was also reflected in the tendency of the model to miscalculate 
the prostate volume, resulting in lower measurements for larger glands and 
vice versa. Training on a larger dataset with anatomical variability of the organ 
of interest was the next step for better training of the model (Papers II and III).  

The measurement of the tumour volume by the physicians varied moderately 
(Paper I). The volumes measured by the radiologist tended to be larger 
compared to those of the nuclear medicine physician and the model. That was 
particularly evident in one patient with a small prostate gland, in which there 
was a substantial difference between the physicians’ measurements. However, 
the model managed to create an automated segmentation, which was in 
between the physicians’ measurements. Moreover, the AI model did not 
manage to produce any measurements in two patients with SUVmax < 2.65, 
where there was a good agreement between the measurements of the 
physicians.    
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The prognostic significance of the quantitative PET biomarkers, in contrast to 
other clinical parameters, was shown in both Papers I and II, indicating the 
importance of the association between tumour volume and survival. The 
automated biomarkers, reflecting the total tumour infiltration of the prostate, 
were more prognostically significant than traditional PET/CT semi-
quantitative measurements, i.e., SUVmax and SUVpeak. This could be because 
the latter measurements represent only voxels with the highest tracer uptake. 
Moreover, SUVmax has, so far, been established in clinical routine, probably 
due to the widespread availability of this measurement. In Paper II, treatment 
was also taken into account and was added to the survival analysis, showing, 
as presumed, a worse prognosis for the patients who received palliative 
treatment. Metastatic disease was also considered an important variable for the 
analysis and seemed to play a negative role in survival, as expected (Paper II).   

 

METHOLOGICAL CONSIDERATIONS 
The patient cohort in Paper I comprised two sets, one for training and one for 
validating the AI model. The test set consisted of patients with poor prognoses, 
mainly due to the presence of distant metastases. Additionally, a small number 
of patients was included. The limitations of Paper I were taken into 
consideration while establishing the methodology of Paper II. Since the 
model´s performance is highly data-dependent, the number of patients for the 
training set was increased in Paper II, and a separate, unseen and also larger 
patient set comprised the test set for the final testing of the model. Further, the 
dataset of Paper II included patients with better prognosis.  

Another difference between the patient cohorts in Papers I and II was the 
quality of the training material. While the training set of Paper I consisted only 
of those with anatomically normal prostate glands, the corresponding material 
of Paper II comprised a combination of both normal and tumour-infiltrated 
glands. This was reflected in the tendency of the model to miscalculate the 
glands of the test set in Paper I. 

Another important difference between the studies was the endpoint in survival 
analyses. Overall survival was the outcome of the statistical analysis in Paper 
I. However, it was soon realised that a more specific endpoint would be more 
clinically relevant. Therefore, the association of the measurements with PCa-
specific survival was analysed in Paper II.  
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Automated PET measurements of tumour volume were not performed in two 
patients in Paper II due to a low SUVmax value. This reflected the model´s 
accuracy, as its measurements followed the pre-determined threshold of > 2.65. 
However, this also shows the direct relationship between tumour burden and 
radiotracer quantity and, consequently, the association of volumetric PET 
measurements with survival, depending on the radiotracer used.   

The PET/CT scans in both Paper I and Paper II were performed using 18F-FCH, 
mainly due to the availability of this radiotracer at the time of the study start. 
The use of 18F-FCH in PCa has been controversial62,170,171, and some studies 
have described that 18F-FCH -PET/CT is unreliable for diagnosing 
malignancy172,173. While 18F-FCH has shown variable sensitivity and 
specificity in differentiating malignancy from benign prostatic disease172,174,175, 
its use in some PCa patients can be beneficial, such as those with distant 
metastases173. Kjölhede et al. described the potential of 18F-FCH in staging 
high-risk PCa patients by detecting bone metastases in patients with negative 
bone scintigraphy and, thereby, changing the treatment plan176. As 18F-FCH 
can also be positive in non-prostate manifestations, such as lymphoma or 
inflammatory conditions of the lymph nodes177, its performance in N-staging 
is suboptimal, particularly in small lymph node metastases (<5 mm), mainly 
due to the low spatial resolution of PET62,178,179. However, it could be beneficial 
for M-staging150 and for identifying local recurrent disease cases where PSA > 
2 mg/l178. A recent study has shown the prognostic role of 18F-FCH even at 
PSA levels of < 1 ng/ml132. Beheshti et al. also demonstrated the role of 18F-
FCH in pre-operative clinical estimation of PCa patients with extra-prostatic 
extension and decision-making in 20% of the included PCa patients, by 
showing a direct relationship between 18F-FCH uptake and the tumour in 
biopsy specimens121. Moreover, Kwee et al. showed a direct relationship 
between the value of 18F-FCH uptake and the tumour volume in 
histopathological specimens175. Additionally, 18F-FCH PET/CT could be a 
valuable technique in biopsy-guided diagnosis, particularly in localising PCa 
in TRUS-negative biopsies of high-risk PCa patients172.  

In Papers I and II, quantitative AI-based PET/CT measurements with a high 
prognostic role were created, even with the use of 18F-FCH PET/CT scans.  

Strengths 

There is quite strong evidence that qualitative and quantitative PET/CT 
evaluation is important for cancer diagnosis, as well as treatment choice and 
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response monitoring180,181. Until now, volumetric PET measurements have 
mainly focused on SUVmax or SUVmean, and previous studies have 
demonstrated their clinical and prognostic significance180,182. However, these 
semi-quantitative measurements do not describe the whole tumour, and indeed, 
other studies have shown that the total tumour burden better reflects the extent 
of the disease144,180,183,184. The AI-derived biomarkers investigated in the 
present studies express the total prostate tumour burden and represent the 
metabolically active tumour cells of the gland, in contrast to SUVmax or 
SUVmean, which represent only part of the tumour. This was made possible by 
using a method based on a 3-D analysis of PET/CT images. Thus, the 
measurement of the entire volume of cancer and its metabolic activity, 
compared to metabolic activity measurement in a single or a few voxels of a 
part of the tumour, takes into account the heterogeneity of cancer cells and 
gives a more truthful evaluation of PCa. Moreover, SUVmax may be 
influenced by biological or technical factors despite various correction 
attempts27,64. The prognostic significance of volumetric metabolic biomarkers, 
similar to those described in this thesis, has also been described with 11C-
choline PET/MRI185. 

Several studies have shown the association between clinical factors and 
prognosis in PCa patients, including GS86. However, GS is highly subjective, 
with high inter-observer variability186. Moreover, it is based on biopsy 
specimens obtained using TRUS. This modality has limitations in representing 
the whole tumour volume, and it is highly examiner-dependent107,187. 
Additionally, PCa screening and the subsequent diagnostic pathway with 
TRUS have managed to decrease the prevalence of advanced-stage disease at 
diagnosis, as well as the mortality rates, but overdiagnosis and overtreatment 
of low-risk patients are undesirable drawbacks188. Further, needle biopsies are 
uncomfortable and inconvenient, with frequent complications189,190. In 
contrast, non-invasive volumetric PET biomarkers obtained in the present 
studies reflect the whole tumour144. Further, even if not specifically studied in 
this thesis, it has been shown that AI-based volumetric measurements can be 
objectively derived and can be performed much faster than a manual 
procedure162,191. 

The present AI-based method used PET/CT scans from different hospitals 
obtained with different types of PET/CT scanners. The AI-based volumetric 
measurements in both Paper I and Paper II indicated that automated 
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quantification can be applied in settings other than where the model was trained 
and, thus, affirms its generalisability.  

Limitations and challenges 

In Paper I, the performance of the model was negatively affected by the 
relatively small amount of training data that only included normal prostate 
anatomy. This was reflected by suboptimal segmentations by the AI model in 
cases with different prostate anatomy in the test set of Paper I, compared to the 
training set. 

In Paper I, the CT scans were obtained without IV contrast. Non-contrast CT 
examinations are time-efficient and have fewer contraindications, such as the 
absence of adverse reactions for the patients or associated technical difficulties. 
On the other hand, contrast-enhanced examinations have higher soft tissue 
contrast40, which improves image quality. This might have affected the 
performance of the AI model, although it was not a specific focus of the study.  

Prognosis determination in Paper II was affected by the clinical parameters of 
the patients in the test set. The follow-up time was relatively short, during 
which few PCa-specific deaths occurred. Further, the test set was quite 
heterogeneous, comprising patients with different T-stages and types of 
treatments, and the inclusion of high-risk patients affected prognosis.  

In the past few years, 68Ga- and 18F-PSMA, a prostate-specific radiotracer, has 
emerged as a radiotracer of choice for the diagnosis and assessment of PCa. 
Some recent studies highlight the advances of 68Ga-PSMA in the imaging of 
both primary and recurrent PCa192. Another study showed 11C-choline´s 
prognostic significance in patients with PSA < 1 ng/ml132. However, studies I 
and II included datasets of 18F-FCH-PET examinations based on the 
availability of the radiotracer at the time of study conduct. Despite the well-
known limitations of this radiotracer for PCa examinations, the present studies 
showed good results regarding prognosis in this patient set. Some studies have 
shown a similar positive detection rate between 11C-choline and 18F-FCH-PET, 
particularly regarding recurrent disease193. Furthermore, the promising role of 
AI in the prediction of PCa recurrence using 18F-FCH-PET/CT was shown by 
a recent study194. Additionally, the widespread use of 18F-FCH-PET over the 
years allows a longer follow-up period for PCa patients, whereas this ability is 
limited in the case of the recently introduced 68Ga-PSMA.  
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6.3 PAPERS III AND IV 
Paper III showed that the present AI model could perform fully automated 
segmentations of all organs of interest on pre-treatment CT scans. 
Additionally, the AI-based segmentations showed good agreement with the 
corresponding manual delineations in all organs despite the absence of MRI as 
a helpful anatomical tool152. The model performed better with the automated 
segmentation of the urinary bladder, whereas the quality of the prostate and 
rectum segmentations was more varied.  

In Paper IV, the observers´ visual assessment showed that no or minor 
modifications were needed in an abundance of AI-based organ segmentations 
and most of the corresponding manual delineations, indicating, overall, for a 
slight superiority of the manual delineations. The visual estimations made by 
the observers showed substantial variation, particularly in the assessment of 
the prostate, highlighting the challenges in manual delineation despite 
following guidelines and pre-determined consensus.  

The AI model performed better in the segmentation of the urinary bladder. A 
near-perfect agreement with the corresponding manual delineations was found, 
where the vast majority of cases had a DSC of > 0.9 and minimal segmentation 
differences were seen between the cases with or without contrast media. 
Despite the use of CT scans only, the results of the study confirmed that the 
urinary bladder´s distinct boundaries had a positive effect on the model´s 
training and performance. 

The agreement between the AI-based and manual delineations of the prostate 
and rectum was also good, although slightly worse than the bladder´s, 
reflecting the effect of various anatomical variations, intestinal motility, and 
different delineation guidelines over the years. Heterogeneity was seen among 
delineations of ground truth, depending on the clinician´s experience or the 
specific guidelines that were followed, resulting in slightly worse geometric 
measurements of the rectum and prostate in the AI-based segmentations. 
Further, the difficulty delineating the apex and the base of the prostate due to 
the low contrast of that region on CT scans has been highlighted in the 
literature, which affected both the manual delineations and automated 
segmentations195,196. However, subjective variability of prostate delineations in 
this region has also been reported in MRI197.  
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The difference between ratings highlighted the diversity across the 
segmentations. The study was planned with the variations in the large patient 
cohort of Paper III in mind. Moreover, the lower ratings observers assigned to 
automated segmentations of all organs indicated the dependency of the AI 
model on anatomical and technical factors. 

 

METHOLOGICAL CONSIDERATIONS 
The patient cohort in Paper III was even larger than in the previous Papers to 
facilitate better AI training. A major difference from Papers I and II was that 
in Papers III and IV, OARs were also included. The ground truth consisted of 
manual organ delineations performed by various radiation oncologists over a 
long period, resulting in a heterogeneous set of materials. Additionally, some 
images had all organs manually delineated, while others had manual 
delineations of only one organ.  

The methodology for AI-based segmentation was identical in both Papers. The 
only difference was how the AI-based organ labelling was presented to the 
observers in Paper IV. The AI model was assigned to label each organ with 
separate masks, including the seminal vesicles. Since the separate labelling of 
these structures by the AI model would lead to undesired identification bias, a 
common label for both prostate and seminal vesicles was used.   

During the selection process for the included material in Paper III, a crucial 
decision-making question arose as to whether the best possible cases should be 
used as a training set. This solution would have brought the advantage of 
obtaining an ideal DSC, but at the same time, it would have incurred the risk 
of selection bias. Since the goal of the study was to improve the existing AI 
model and its subsequent potential for application in a real-life cohort, the 
decision was straightforward. Thus, the training material consisted of many, 
though heterogeneous, cases.  

Accurate organ delineations are essential for radiotherapy treatment planning. 
Also, the dependency of AI on training material is critical. To create training 
material with as precise manual organ segmentations as possible, the entire 
initial cohort was evaluated before training the AI model. During this 
procedure, incomplete manual delineations were recognised as a main source 
of error. These were missing delineations in either some slices or a part of one 
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or more organs. More specifically, for the prostate, the delineation of the apex 
and the anterior part of the gland was partly missing, while incomplete 
segmentations of the bladder or the rectum were noted. Poor tissue 
differentiation between the prostate and the vesicles or the urinary bladder on 
CT scans may cause difficulties in delineating the apex and the base of the 
prostate, which is a common drawback in clinical practice195,196, something that 
was also obvious in the manual organ delineations of the initial cohort. 

The heterogeneity of the manual prostate delineations was also noted. Since 
the delineation guidelines differed depending on the clinical stage of PCa, 
variation in prostate segmentations, including the seminal vesicles, caused 
extensive multidisciplinary discussion on whether the vesicles should be 
included as training material. To cope with this issue, two different subsets of 
the manual prostate segmentations were created for the training of the AI 
model. One set comprised segmentations with the prostate and the seminal 
vesicles as a common mask and another with the prostate segmentation only 
as a separate mask. Depending on the ground truth, the model would create 
automated segmentations as two separate masks to avoid any possible 
recognition bias198.   

Another challenge was the presence of some cases with contrast media in the 
urinary bladder, causing minimal artefacts near the prostatic borders. However, 
IV contrast enables better tissue differentiation48. It was assumed that IV 
contrast would not cause much of an issue for AI-based segmentations. 
Moreover, since a more realistic patient representation was preferred, cases 
with contrast in the urinary bladder were not excluded. The hypothesis turned 
out to be correct, as the model could create fully automated segmentations of 
the bladder with DSC > 0.9, which is a near-perfect agreement with the manual 
segmentations151,152. Thus, the absence of contrast did not cause any hindrance, 
as shown by the results of the corresponding cases, reflecting the impact of the 
bladder´s distinct boundaries and the subsequent conformity with the manual 
segmentations.   

The manual rectum delineations were also heterogeneous. Since they were 
strongly dependent on the local and existing guidelines of the respective 
period, their upper limit varied substantially, resulting in three different groups 
of upper limits: below, at, and above the rectosigmoid junction. In order to 
have a clear and simple set for the model´s training, only the “at the 
rectosigmoid junction” segmentations were selected from the cohort.   
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Further, subtle hints were occasionally evident to the observers during the 
visual estimation of the organ segmentations, which raised suspicion about the 
origin of the delineations (Paper IV). These included the presence of distinct 
strikes adjacent to the organ contouring that would not have been accepted by 
a human, extra segmentation lines or areas into the bordering tissue or organ, 
or interpolation errors. Moreover, the occasional asymmetry and extra 
sharpness of AI-based contours were also present.  

Although not specifically studied, in Paper IV, the model automatically 
performed faster organ segmentations compared to the physicians’ manual 
delineations. To study the time needed for AI-based organ segmentations in 
the real world and possible manual modifications compared to manual organ 
delineations, a de novo study needs to be designed with this specific aim.  

Strengths 

In recent years, various AI tools have been used for the auto-segmentation of 
organs in the male pelvis, and the atlas-based model is among the most 
prevalent199,200. However, DL-derived auto-segmentations have demonstrated 
superiority over other methods201-203, which could be partly explained by the 
ability of DL to analyse complex imaging data204. In keeping with other 
studies, the AI model in Paper III also created organ auto-segmentations in 
only a few seconds, even if this the time parameter was not specifically 
studied162.  

Since the performance of AI models is influenced by the size of the dataset 
used for training, the large dataset in Paper III was definitively fundamental to 
the design of the study. The incorporation of a high volume of diverse patient 
material contributed to higher statistical power. Like in the present studies, 
other research groups have also evaluated AI models for organ auto-
segmentations over the years and showed promising results201,205-207. Still, the 
size of the present dataset was substantially greater than in previous 
publications. Jeong et al., Radici et al., and Urago et al. included data from 
only 18, 10 and 21 patients, respectively, although the AI methodology 
differed207-209. Likewise, Duan et al. included data for 84 and 23 patients as 
training and test material, respectively206. Larger datasets were used by Wen et 
al., which included 197 patients and Wong et al., which included 93 
patients210,211.  
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Apart from the quantity of the included CT scans, the quality of the data 
definitively strengthens the study design. The diversity of manual organ 
segmentations performed by clinicians for real-life clinical use, which were 
used as a training set and as the reference standard for the AI model, is a major 
strength of the studies, which improved the model´s accuracy, according to the 
literature212, although other methods, such as atlas-based organ segmentations, 
or CT-based synthetic MRI have also been reported to create accurate prostate 
volumes199,200,213,214. Numerous studies, including the present studies, have 
achieved significant results regarding organ auto-segmentations by using 
manual delineations as the ground truth, consistent with 
international151,205,208,209 guidelines.  

Another methodological strength was the study design of Paper IV, in which 
Dice values were taken into consideration and correlated with the visual 
estimations provided by the observers. The methodologies for assessing the 
accuracy of automatically generated organ contours vary considerably across 
studies146. Most recent studies have made geometric comparisons and objective 
visual assessments of organ segmentations separately, focusing mostly on 
prostate MRI, showing comparable results206,215-217. However, the present study 
provided deeper insight into the actual challenges that are usually encountered 
in clinical practice by reflecting on the association between quantitative and 
qualitative evaluations. The importance of taking both objective metrics and 
subjective evaluations into account has been highlighted in the literature over 
the years, confirming that quantitative measures provide an indication of 
accuracy, while subjective assessments offer valuable clinical perception217. In 
their recent exceptional study, Cha et al. correlated organ contouring metrics 
performed by an AI model on MRI with subjective evaluation by observers 
during their clinical work217. As expected, they showed a near-perfect 
agreement with the clinically used contours for all organs of interest, taking 
only DSC as a comparative metric, which can most likely be explained by the 
use of MRI, which enables better soft tissue differentiation in the pelvis. 
Further, they correlated their geometric results to the subjective assessments 
made by physicians and showed that minimal corrections were needed in most 
of the prostate cases, particularly at the apex and the anterior part of the gland, 
in keeping with the results of Paper IV.  

At this time, studies with auto-segmentations of all pelvic organs are limited. 
The present studies have focused on the AI-based segmentation of all organs 
in the male pelvis. In contrast, Hou et al. clinically evaluated DL-derived 
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prostate segmentations only, while Chen et al. used a DL model with a focus 
on the OARs only218,219, and Urago et al. evaluated auto-segmentations of the 
bladder and rectum209.   

Limitations and challenges 

Advances in technology have influenced radiation oncology, and studies on 
new hybrid MRI machines in the form of MR-Linac are ongoing220. Still, 
clinical pre-treatment imaging is predominantly performed with a combination 
of CT and MRI140. Several studies have shown the potential for AI-based 
prostate tumour segmentation on MR images217,221. The cohort in Papers III 
and IV included patients examined between 2006-2018, and only a fraction of 
the patients had also undergone MRI. Thus, for the sake of simplicity and due 
to the availability of training material, only CT scans were included, which 
resulted in auto-segmentations accompanied by good geometric 
measurements. Meanwhile, other studies have highlighted possible 
inconsistencies in organ segmentation between CT and MRI, mainly due to the 
difference in organ size observed across these modalities222. Although the 
differentiation of the prostate and the surrounding tissues is higher using MRI, 
there is a tendency to delineate a smaller volume of the prostate gland using 
MRI compared to CT222-224. In turn, this may contribute to lower toxicity rates 
to the OARs due to lower radiation doses delivered222,225. Meanwhile, MRI 
seems superior to CT in terms of the differentiation of the intraprostatic 
tumour, thus leading to more accurate tumour delineation221,222. Additionally, 
in a study by Rosewall et al., the presence of hip prostheses did not affect the 
organ contours when using MRI226. However, inter-observer variability in 
delineating the prostate tumour using MRI is no exception79,197,227.  

As previously mentioned, there is significant variation across studies regarding 
organ auto-segmentation techniques, modalities and metrics used, and 
guidelines followed for the manual organ delineations146,228. The combination 
of CT and MRI for radiation treatment planning has been well-established in 
oncological clinics for many years, including at the local oncological clinic, 
where MRI has been used in radiotherapy since 2014. While MRI significantly 
contributes to more accurate delineations of the prostate gland and the tumour, 
inter-observer variability remains a drawback despite international 
guidelines79,140,197,228. In their recent study, Montagne et al. described higher 
inter-observer variability at the apex and base of the prostate, despite the use 
of MRI for organ segmentation, although fewer segmentation variabilities 
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were seen for the whole prostate gland197. Inter-reader variation, due to 
inherent human bias, is an unavoidable limitation in interpreting medical 
images. In planning radiation treatment, several other conditions may 
contribute to inter-reader variation; hormone therapy, intraprostatic implants 
used for brachytherapy, normal physiological conditions in the prostate, 
bladder and rectum, or the use of endorectal coil are some examples. Still, it 
has been shown that supervised auto-segmentation models tend to follow 
human choices regarding organ or tumour contours222.  

Methods used for the quantitative evaluation of automated organ 
segmentations vary widely across published literature146,229. The vast majority 
of the studies use geometric measurements for the comparison of AI-generated 
contours with the ground truth, such as DSC, HD, and MSD146,229,230 and could 
be partly explained by the reasonable simplicity of this methodology for 
geometric comparisons. However, these metrics have their limitations, as they 
do not always reflect clinically relevant contours146. Further, they seem to be 
insufficient in identifying different types of errors, such as random errors or 
segmentation errors, despite their ability to precisely compare differences 
between contours230. Accordingly, the reference contour should be as accurate 
as possible to avoid dosimetry errors that arise from the gold standard used231. 
Yet, significant variance exists among the “ground truth” across studies; some 
studies use a group of experts to define a consensus reference standard, while 
others trust only one single physician229. Both options have their advantages 
and disadvantages. While the first approach is resource-demanding and is 
subject to high inter-observer variability, the second approach is highly 
observer-dependent. In recent years, international guidelines and multi-
modality imaging have contributed somewhat to the mitigation of inter-
observer variability, even if this is not always the case, showing the importance 
of clear guidelines definition232.  

Qualitative evaluation of AI-based contours is another method for auto-
contouring evaluation; although it is not as frequently used, it could be 
considered a supplementary method146,229. Additionally, this methodology is 
highly subjective and observer-dependent, something that was also observed 
in Paper IV, wherein this approach was used.  

The potential for source identification was another challenge faced in Paper 
IV, which the observers commented on after their visual estimations. Although 
the AI-generated organ segmentations had good agreement with the manual 
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delineations in the majority of the cases, as shown by the assessed metrics, in 
some cases, there were distinct hints that led to suspicion over the possible 
source of the delineation, mainly among the more experienced clinicians. This 
finding was in line with a recent study by Shanbhag et al.162, which highlighted 
this challenge.  

The aforementioned study also reported that the AI-based segmentation model 
required significantly less time to complete the segmentation than the 
corresponding manual delineation162. Another study has also estimated that up 
to 40 minutes of contouring time could be saved per patient by using an 
automated method191. Although the present studies have not estimated the time 
needed for a complete AI-based segmentation, it was assumed that the present 
AI model would produce a similar result. 
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 CONCLUSIONS 
Fully automated AI-based quantification of the volume of the prostate gland, 
prostate tumour and surrounding OARs was achievable by the present AI 
models.  

Specific study conclusions 

Paper I  

Quantitative AI-based PET/CT imaging biomarkers of the prostate gland and 
prostate tumour showed moderate to good agreement with the corresponding 
manual delineations in this patient cohort with high-risk PCa patients. Further, 
these AI-based biomarkers were significantly associated with overall survival.  

Paper II  

Fully-automated AI-based biomarkers of the prostate gland and prostate 
tumour were performed by the AI model and were significantly associated with 
disease-specific survival, contrary to other clinical measurements.  

Paper III  

Automated AI-based segmentations of the prostate and the surrounding OARs 
showed good agreement with the corresponding manual organ delineations.   

Paper IV  

Most of the AI-based organ segmentations were clinically acceptable with 
need for no or minor changes.  

General conclusions 

The AI models used in this thesis can be used to perform fully automated AI-
based organ and tumour quantification in PET/CT and pre-treatment CT scans. 
In combination with human experts, making changes where necessary, AI 
models can be clinically applicable for radiation treatment planning of PCa 
patients.



 

  

 

08 



  Future perspectives 

 75 

 FUTURE PERSPECTIVES 
In 2024, Geoffrey Hinton, one of the godfathers of AI, was awarded the Nobel 
Prize in Physics for his work on artificial neural networks. At the beginning of 
his work, Hinton had low expectations regarding the possibilities that AI could 
offer. Nevertheless, the dramatic development of AI over recent years has 
surpassed what he initially envisioned and made him express concerns about 
the potential future risks associated with advanced AI.  

In a world with rapid AI development in every aspect of life, the role of humans 
is being questioned and almost threatened, although, at present these concerns 
do not apply uniformly to all areas. In particular, in healthcare, AI is already 
established as a helping tool in both clinical practice and research, from 
diagnosis of pathology to outcome prediction and treatment optimisation. AI 
can improve workflow efficiency and cost-effectiveness in the clinical setting. 
Moreover, unsupervised learning is also gaining ground. Still, the growing 
niche for AI in healthcare is increasingly controversial. Careful consideration 
is crucial regarding the benefits and the potential risks with the increasing 
implementation of AI and the potential replacement of human roles in 
healthcare.  

Paper IV highlighted the superiority of the human factor for organ delineation 
before radiation treatment planning, reflecting the need of human supervision 
and even larger training cohorts to create more accurate AI models. The 
combination of AI technology and human cognition and expertise is necessary, 
as AI development depends on human input and could offer more efficient and 
advanced patient care.  
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 ETHICAL CONSIDERATIONS 

 

The four fundamental principles of bioethics comprise beneficence, non-
maleficence, autonomy and justice. Hippocrates described the first two back in 
the 4th century B.C., while the other two emerged in the 19th century233.  

Participation in the studies of this thesis did not offer any immediate benefit 
for the participants since they were all retrospective studies. Thus, the 
participants did not expose themselves to any risks other than integrity issues. 
The project used medical images from different datasets of variable sizes, 
which implied a violation of privacy. Moreover, the advances made in medical 
imaging in the last few years could potentially contribute to patient 
identification. To address this potential risk, patient data were pseudonymised 

Figure 14. “Ωφελέειν ή μὴ βλάπτειν” (“In illnesses one should keep two things 
in mind, to be useful rather than cause no harm”), Hippocrates. Created by 

Melina Tsikandylaki 
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with a study code before entering the research platform. The key to the codes 
could only be accessed by the responsible researchers. The research platform 
RECOMIA processes de-identified image data only. It offers secure data 
storage and compliance with the General Data Protection Regulation (GDPR) 
and the Health Insurance Portability and Accountability Act (HIPAA)147. In 
Papers III and IV, imaging of the pelvis/lower abdomen was used only, making 
the visual identification of the participants unfeasible.  

Additionally, potential radiation risks for the participants were not applicable 
in the current studies, as any additional diagnostic examinations, other than 
those already performed, were not planned. All examinations were performed 
based on the ALARA (As Low As Reasonably Achievable) principle. 

The AI tool is freely available for research purposes upon reasonable request 
at www.recomia.org.   

Ethical approvals 

The study protocols were conducted under the ethical principles of the 
Declaration of Helsinki.  

The following ethical approvals were obtained:  

Papers I and II: Research Ethical Review Board at the University of Lund 
(EPN LU 552/2007 and 2016/61) and the Regional Ethics Review Boards of 
Sweden (295-08 and 2016/103) and Denmark (3-3013-1692/1). 

Papers III and IV: Regional Ethics Review Board of Gothenburg (2019-
03205).  

All patients in Papers I and II gave oral and written informed consent.  

Since studies III and IV concerned register -based studies with pseudonymised 
data, minimal intrusion was ensured. Additionally, a large proportion of 
included participants were no longer alive during the conduct of the studies. 
Thus, the requirement for informed consent was waived for these studies. 
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