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ABSTRACT 

Detecting head and neck cancer (HNC) from medical images is a challenging 
problem due to the complex anatomy of the region and the heterogeneity of the 
disease. Traditional imaging techniques struggle to differentiate inflammation and 
scar tissue from tumours, especially with recurrent disease. Hybrid imaging 
(PET/CT and PET/MRI) utilises metabolic information to distinguish these and is 
routinely used. PET/MRI has gained popularity due to its improved soft-tissue 
contrast compared to PET/CT. Moreover, human interpretation of the images is 
complicated by inter- and intra-observer variability. Recently, deep learning (DL) 
has been proposed to mitigate these issues. DL has been shown to identify 
malignancies accurately in various medical imaging tasks using features learned 
from large annotated datasets. However, its usability in HNC diagnostics from 18F-
FDG PET/MRI images has not been thoroughly investigated.  

This thesis investigated the applicability of DL in HNC 18F-FDG PET/MRI 
diagnostics. First, a 2D (two-dimensional) segmentation model was evaluated in a 
small cohort of 44 patients containing positive and negative samples, yielding a Dice 
score of 0.84 ± 0.14 per slice for correctly detected lesions. However, the overall 
accuracy in detecting such lesions was 71%. Next, a 2D PET-only binary classifier 
was assessed with a cohort of 200 patients (50:50 positive/negative), achieving 
78.6% accuracy and an AUC (area under the curve) of 85.1%. The study also 
indicated that certain subgroups of HNC were more likely to be classified correctly, 
depending on how frequently they appear in the training data. In addition, models 
trained with squamous cell carcinoma data only, were able to classify other HNCs 
accurately as well. A 3D (three-dimensional) classifier trained on the same cohort 
achieved an accuracy of 90% on a separate test set of 20 patients, compared with a 
radiologist who reached 100%. The interpretability of the model was examined using 
gradient-weighted class activation mapping. This method was found to provide 
useful insights into model decisions. Overall, DL shows promise in HNC PET/MRI 
analysis, though larger datasets and refined models are required for clinical use.  

KEYWORDS: Deep Learning, PET/MRI, Head and Neck Cancer, Interpretable AI   
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TIIVISTELMÄ 

Pään ja kaulan alueen syövän (HNC) tunnistaminen kuvantamisella on haastavaa 
alueen monimutkaisen anatomian ja vaihtelevan taudinkuvan vuoksi. Tulehduksen 
tai arpikudoksen erottaminen pahanlaatuisesta muutoksesta on toisinaan vaikeaa 
tavanomaisilla kuvantamismenetelmillä. Fuusiokuvantaminen (PET/TT ja 
PET/MRI) hyödyntää metabolista informaatiota ja helpottaa näiden hyvänlaatuisten 
muutosten erottelua pahanlaatuisista. PET/MRI:n suosio on ollut kasvussa viime 
aikoina verrattuna PET-TT:hen johtuen sen paremmasta pehmytkudosten 
erottelukyvystä. Kuvantamismenetelmien tulkintaa vaikeuttavat tulkitsijoiden 
väliset erot ja heikko toistettavuus. Syväoppimisella (DL) on saavutettu hyviä 
tuloksia syöpäkuvantamisen eri osa-alueilla hyödyntämällä ennalta opittua 
hahmontunnistusta laajoista koulutusaineistoista. Tutkimustieto sen käytöstä pään ja 
kaulan alueen syöpien 18F-FDG PET/MRI kuviin on kuitenkin puutteellista.  

Tämän väitöskirjan tavoitteena oli tutkia DL:n käyttöä HNC:n 18F-FDG 
PET/MRI diagnostiikassa. Segmentoiva 2D-malli koulutettiin ja arvioitiin 
hyödyntäen 44 potilaan aineistoa, joka sisälsi sekä positiivisia, että negatiivisia 
kuvauslöydöksiä. Malli ylsi 0,84 ± 0,14 Dice-pisteisiin oikein tunnistettujen 
tuumoreiden osalta. Kokonaistarkkuus tuumoreiden tunnistuksessa oli 71 %. 
Luokitteleva 2D-malli koulutettiin käyttäen 200 potilaan aineistoa (50:50 
positiivisia/negatiivisia). Paras malli saavutti 78,6 % tarkkuuden ja 85,1 % AUC:n.  
Tämä tutkimus osoitti myös, että tietyt HNC:n alatyypit luokitellaan sitä 
todennäköisimmin oikein, mitä useammin ne esiintyvät koulutusaineistossa. 
Toisaalta vain levyepiteelisyövillä koulutettu malli kykeni tunnistamaan tarkasti 
myös muita syöpiä pään ja kaulan alueelta. Samalla aineistolla koulutettu 3D-
luokittelija saavutti 90 % tarkkuuden erillisellä 20 potilaan testijoukolla, jolla 
radiologi saavutti 100 %. Tämän mallin läpinäkyvyyttä pyrittiin tutkimaan 
hyödyntämällä Grad-CAM-tekniikkaa, joka antoi hyödyllistä tietoa mallin 
päätöksenteon taustoista. DL vaikuttaa lupaavalta menetelmältä HNC:n PET/MRI 
tulkinnan työkaluna, mutta suurempia koulutusaineistoja ja kehittyneempiä malleja 
vaaditaan ennen rutiininomaista kliinistä käyttöä.  

AVAINSANAT: Syväoppiminen, PET/MRI, Pään ja kaulan alueen syöpä, 
Tulkittava AI  
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1 Introduction 

Globally, head and neck cancer (HNC) is common with nearly 900 000 new cases in 
2020 (Cancer (IARC), n.d.). These cancers can occur in various locations within the 
otorhinolaryngeal region, including the nasal cavity, sinuses, oral cavity, 
oropharynx, larynx, and salivary glands. Of these cancers, head and neck squamous 
cell carcinoma (HNSCC) constitutes the vast majority (Gormley et al. 2022). In 
addition to squamous cell carcinoma, other cancer types such as adenocarcinomas, 
lymphomas, blastomas, sarcomas and neuroendocrine tumours also occur in the head 
and neck region.  

Due to the complex anatomy of the head and neck region, diagnosis is often 
difficult and time consuming. As Early-stage diseases are associated with higher 
survival rates, accurate and fast diagnosis is essential (Chow 2020). Yet it is not 
uncommon, that upon diagnosis the disease is already at an advanced stage and the 
treatment options are limited which impacts on poorer prognosis (Chow 2020). 
Similarly, any recurrences after treatment are challenging to diagnose due to possible 
fibrosis and inflammation (Specenier and Vermorken 2008). Traditional imaging 
methods like CT and MRI often struggle in differentiating between fibrosis, 
inflammation, and recurrences. However, 18F- fluorodeoxyglucose (FDG) positron 
emission tomography (PET) combined with CT (PET/CT) has been found to be a 
reliable method for detecting recurrent disease, with improved fidelity in 
distinguishing fibrosis, inflammation, and cancer compared to traditional imaging 
methods (Kao et al. 2009). PET/MRI has also been suggested as an alternative to 
PET-CT due to its superior ability to visualise soft tissue and the absence of artifacts 
caused by metallic dental implants (Loeffelbein et al. 2012). 

The anatomical information of CT or MRI is combined with the metabolic 
information of PET. The PET data is analysed visually and semi-quantitatively 
assessing the standardised uptake value (SUV) of specific regions or lesions. The 
SUV indicates the tissues propensity to intake the radiotracer used for the imaging, 
most commonly FDG. An elevated SUV is commonly seen with malignant 
processes. However, FDG-uptake is regularly observed also in the case of 
inflammation and benign tumours. There is no clear cut-off point to differentiate 
malignant processes from the benign. Therefore, the manual analysis of the images 
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is prone to inter-observer variability and low reproducibility which have negative 
implications on patient safety when planning treatment (Riegel et al. 2006). Thus, 
the need for an accurate and reproducible automatic method of assisting in this 
analysis is evident.  

With increased computational capacity and data availability, deep learning (DL) 
has become a key approach in medical image analysis. Convolutional neural 
networks (CNNs) are a class of DL algorithms that learn hierarchical image 
representations and have played a major role in automated biomedical image 
segmentation (Krizhevsky et al. 2012; Ronneberger et al. 2015). CNN-based 
methods have also demonstrated expert-level performance in several medical 
imaging recognition tasks (Esteva et al. 2017; Kermany et al. 2018; Hwang et al. 
2019). This study investigates CNN-based DL methods for automatic cancer 
detection and segmentation from PET/MRI images of the head and neck area. 
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2 Review of the Literature 

2.1 Characteristics of head and neck cancer (HNC) 
This chapter gives an overview of HNC: how HNC is defined, diagnosed, and treated, 
to contextualise the imaging pathways and clinical decision points that motivate the 
PET/MRI-based detection and segmentation tasks addressed in this thesis.  

2.1.1 Definition, aetiology, incidence and risk factors 
Head and neck cancer (HNC) encompasses a broad range of malignant tumours in a 
variety of areas within the head and neck region. These areas include the paranasal 
sinuses, nasal cavity, nasopharynx, oral cavity, oropharynx, hypopharynx, larynx, 
salivary glands, thyroid and the parathyroids. However, not all clinical definitions, 
such as the one by International Agency for Research on Cancer, include thyroid 
cancers (Gormley et al. 2022). In addition to the affected area, the histology varies 
greatly. While approximately 90% of HNCs are squamous cell carcinomas 
(HNSCC) arising from the mucosal epithelium of the oral cavity, pharynx and 
larynx, other types of histology are observed as well. These include adenocarcinoma, 
mucoepidermoid carcinoma, and adenoid cystic carcinoma which often stem from 
the salivary glands. In addition, lymphoma can originate from the lymph nodes of 
the head and neck region. While thyroid cancers are not always grouped with HNCs, 
they are common and include several subtypes such as papillary, follicular, 
medullary, and anaplastic thyroid cancer. In this thesis, thyroid malignancies were 
included in the study dataset and were analysed alongside other head and neck 
cancers. Due to the diverse nature of HNCs, they are typically categorised based on 
their anatomical location using the International Classification of Diseases (ICD-10) 
by the World Health Organisation (WHO) (Gormley et al. 2022).  

In 2020, there were more than 930 000 new HNCs excluding thyroid cancers. 
With over 1.5 million cases combined, HNC ranks as the seventh or third most 
common cancer globally, depending on the definition (Sung et al. 2021). The 
incidence of HNC has been on the rise and is expected to increase by 30% by the 
end of the decade (Johnson et al. 2020), thus making it a significant concern for 
public health.  
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As HNSCC constitutes the vast majority of the cases, understanding risk factors 
associated with it is key. Alcohol and tobacco consumption are considered as the 
primary factors responsible for the onset of HNSCC, with an added multiplicative 
risk when used in combination. Recently, infections with oncogenic Human 
Papilloma Virus (HPV) strains, HPV-16 in particular, have been recognised as an 
additional major risk factors for HNSCC of the oropharynx. Epstein-Barr Virus 
(EBV) infection is also recognised as a specific risk factor for nasopharyngeal 
carcinoma. Certain occupations, such as cooks, cleaners, and painters, carry a 
slightly elevated risk of HNSCC in the nasal cavity and paranasal sinuses due to 
exposure to harmful chemicals like paint fumes, asbestos, and nickel. Furthermore, 
gastroesophageal reflux disease is associated with a moderate increase in risk for 
squamous cell carcinoma of the larynx. It is noteworthy that alcohol and tobacco 
remain by far the most important risk factors, with HPV-16 being an additional major 
risk factor for oropharyngeal HNSCC (Gormley et al. 2022; Johnson et al. 2020; 
Anis et al. 2018). The key risk factors for the cancers of the salivary glands are 
alcohol and tobacco consumption, exposure to radiation and nickel alloys and 
employment in the rubber industry (Horn-Ross et al. 1997). For thyroid cancers 
exposure to radiation is the most important risk factor (Pellegriti et al. 2013). Major 
risk factors for parathyroid cancer are familial hyperparathyroidism, multiple 
endocrine neoplasia type 1 and irradiation to the head and neck area (Koea and Shaw 
1999). The different HNC types are summarised in Table 1.  

Table 1. Summary of different HNCs. Abbreviations: EBV (Epstein-Barr Virus); GERD 
(gastroesophageal reflux disease); LPR (laryngopharyngeal reflux disease) 

Location Histology Risk factors 

Nasal cavity and the 
paranasal sinuses 

Squamous cell carcinoma Tobacco, alcohol, occupational 
chemical exposure 

Nasopharynx Squamous cell carcinoma, non-
keratinising carcinoma 
(differentiated or undifferentiated) 
and basaloid squamous cell 
carcinoma 

EBV infection, alcohol, 
tobacco 

Oral cavity and the 
oropharynx 

Squamous cell carcinoma Tobacco, alcohol, HPV 
infection 

Hypopharynx and larynx Squamous cell carcinoma Tobacco and alcohol use, 
GERD and LPR 

Salivary glands Adenoid Cystic Carcinoma, 
Mucoepidermoid Carcinoma, 
Acinic cell carcinoma 
Adenocarcinoma 

Alcohol, tobacco, occupational 
radiation exposure 

Thyroid and the 
parathyroids 

Papillary, Follicular, Medullary, 
Anaplastic Carcinoma 

Radiation exposure 
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2.1.2 Clinical Presentation 
HNSCC is by far the most common subtype of HNC, and it can be further divided 
into subgroups based on viral aetiology.  These groups are HPV-negative and HPV-
positive HNSCC. Median age at diagnosis for HPV-positive patients is 
approximately 53 years and 66 years for HPV-negative patients, with men having 
higher risk for both subgroups. The presenting symptoms vary greatly and are 
dependent on the anatomical location and aetiology of the tumour (Johnson et al. 
2020).  

HPV-negative HNSCC of the hypopharynx and oropharynx usually lead to 
symptoms at a later stage due to their obscure location. The patients might exhibit 
dysphagia, odynophagia or otalgia. Patients with HPV-negative pharyngeal tumours 
frequently have a history of tobacco and alcohol use. While the decrease in smoking 
in has had a positive effect on the incidence of HPV-negative HNSCC, it remains a 
substantial problem worldwide. Moreover, the incidence of HPV-positive HNSCC 
of the oropharynx has surged in recent years accounting for many new HNSCC 
cases, especially in North America and Western Europe (Chaturvedi et al. 2011). 
Compared to the HPV-negative disease, the HPV-positive patients have generally 
milder symptoms or are even asymptomatic. HPV-positive HNSCC is associated 
with a better prognosis and the primary risk factors are male sex and multiple sexual 
partners (Marur et al. 2010).  

Patients with tumours of the larynx often present with voice changes or 
hoarseness, which might lead to an earlier diagnosis. Symptoms in later stages 
include dyspnoea and airway obstructions. Laryngeal HNSCC is heavily associated 
with tobacco and alcohol consumption. Patients with HNSCC of the oral cavity often 
present with a persistent mouth sore or an ulcer that causes pain while speaking and 
eating. These tumours are commonly associated with smoking, alcohol consumption 
and poor dental care. Nasopharyngeal HNSCC is often associated with EBV 
infection (Tsao et al. 2017). These patients typically present with frequent epistaxis 
and unilateral nasal obstruction.  

2.1.3 Diagnosis 
A thorough patient interview and a physical examination conducted by a qualified 
physician are the cornerstones of HNC diagnosis. Patients deemed at risk for 
malignancy, should undergo contrast-enhanced computed tomography (CT) or 
magnetic resonance imaging (MRI) to differentiate benign masses from malign. In 
addition, imaging aids in the planning of fine needle aspiration (FNA) or biopsy 
procedures, facilitates staging, uncovers hidden disease, and informs treatment 
decision-making. Upon suspicion of HNC, the diagnosis must be confirmed with a 
biopsy of the primary tumour or neck mass. If a primary tumour is present, the biopsy 
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is typically obtained with cup forceps, incisional or excisional biopsy. However, 
FNA is recommended for patients with suspected malignant neck mass, as open 
biopsy risks tumour seeding and locoregional recurrence (LR) (Pynnonen et al. 
2017).  

After obtaining the diagnosis, the disease is staged using the tumour–node–
metastasis (TNM) system (Amin et al. 2017). The system was revised in 2017 to 
include depth of invasion to tumour staging for cancers of the oral cavity, 
extracapsular nodal extension to nodal staging in non-viral HNSCC and codification 
of a novel staging system for HPV-positive HNSCC. Nasopharyngolaryngoscopy, 
CT and MRI are typically used to determine the extent of the disease and stage. In 
addition, positron emission tomography (PET) is used for staging due to its increased 
sensitivity in detecting disease that is not palpable or detectable through direct 
visualisation (Laubenbacher et al. 1995). Moreover, PET is valuable in the 
management of unknown primary carcinoma of the head and neck region (Miller et 
al. 2005). In contemporary medical practice, it is common to combine anatomical 
imaging modalities, such as CT or MRI, with PET scanning to enhance the accuracy 
of disease staging (Szyszko and Cook 2018). With the recently revised staging 
system, HPV testing is an essential part of staging for HNSCC tumours, as it affects 
prognosis significantly (Chaturvedi et al. 2011; Marur et al. 2010).  

2.1.4 Treatment 
Choice of treatment depends on anatomical location, stage, disease characteristics 
and functional considerations. Surgery, radiation and chemotherapy are the main 
curative options for locoregionally confined HNSCC. Single modality treatment is 
typically sufficient for early-stage diseases and leads to high cure rates. Tumours of 
the oral cavity are often treated with surgery, whereas pharyngeal and laryngeal 
disease are usually treated with radiation. HNSCC patients with more advanced 
tumour or nodal stage often benefit from postoperative radiation or chemoradiation, 
especially if any pathological risk factors are present. These high-risk features 
include extra-nodal extension, close or involved resection margins, or perineural 
invasion indicates an increased risk of recurrence. When these factors are present, 
the patient will benefit from chemotherapy administered concurrently with radiation 
(Cooper et al. 2004). Definitive chemoradiation therapy is commonly recommended 
as a non-surgical alternative for patients with advanced tumour stages (≥T3) or 
multiple involved nodes (>N1) and cases where function preservation is essential. 
Some patients with recurrent or metastatic HNSCC can be treated with salvage 
surgery, re-irradiation and metastasectomy. Immunotherapy, such as 
pembrolizumab, is considered for the remaining patients.  
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2.2 PET/MRI in HNC 
This section discusses the operating principles of PET/MRI and how it is currently 
utilised in HNC diagnostics.  

2.2.1 Principles of PET/MRI 

2.2.1.1 PET 

PET scans rely on the use of radioactive tracers to provide functional information 
about the imaging subject. These tracers may include metabolic molecules such as 
glucose or amino acids, or cell surface receptor-targeted ligands such as the prostate 
specific membrane antigen and somatostatin receptors (Dota -peptides), all labelled 
with a positron-emitting isotope (Rong et al. 2023). The 18F labelled glucose 
analogue FDG is the most used tracer. The tracer is injected into a peripheral vein 
and as the tracer decays, it emits positrons that annihilate with electrons producing 
photons travelling to opposite directions. These photons are then detected by the 
scanner to produce a 3D image of the tracer distribution in the subject.  

The tracer molecule is chosen based on the function wanted to examine. The 
molecule should exhibit elevated uptake levels of the tracer compared to the 
surrounding tissues, thereby providing adequate contrast for the analysis. FDG is 
commonly used as the tracer to differentiate between benign and malignant tissues 
in cancer patients. Malignant tumours metabolise glucose at a faster rate than benign 
tumours, thus having increased uptake levels of FDG, which are then reflected as 
areas of high contrast in the PET scan. These uptake levels are often correlated with 
the aggressiveness of the tumour that can be quantified with the Ki67-index, which 
is based on the nuclear protein Ki-67 commonly used as a marker for cell 
proliferation (Scholzen and Gerdes 2000). To achieve sufficient contrasts PET scans 
leverage the process of metabolic trapping, where the composition of the FDG 
molecule prevents it from undergoing normal glucose metabolism and causes it to 
get trapped within the cell (Gallagher et al. 1978). This process is compounded by 
the Warburg effect present in most malignant tumours, where the cells have high 
glucose uptake and prefer to metabolise it through aerobic glycolysis instead of the 
citric acid cycle (Vander Heiden et al. 2009). 

Due to its ability to accurately depict metabolic activity and differentiate benign 
and malign tissues, PET is commonly used in oncology to identify and characterise 
tumours, disease staging and monitoring treatment response. PET scans provide 
semi-quantitative and quantitative measurement of the metabolic activity. The SUV 
is typically used as a semi-quantitative measure of the tissue’s propensity to the 
radiotracer. It represents the proportion between the radioactivity concentration in 
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the tissue at a given moment and the amount of radioactivity injected, adjusted for 
the patient’s body weight (Thie 2004). For quantitative measurements, dynamic 
imaging and tissue specific time-activity curves are required. In practice, diagnostic 
images are usually static images obtained at a predetermined time post-radiotracer 
injection. The time varies based on the tracer used. For instance, FDG images are 
taken approximately 50 minutes after injection. The basic operating principle of PET 
imaging is shown in Figure 1 (Rong et al. 2023).  

 
Figure 1. Principle of positron emission tomography (PET) imaging. Reproduced from Rong et al. 

2023, under the terms of the Creative Commons Attribution 4.0 International License 
(http://creativecommons.org/licenses/by/4.0/) (Rong et al. 2023). No changes were 
made. Abbreviations: High-Pressure Liquid Chromatography (HPLC), Quality control 
(QC).  

2.2.1.2 MRI 

MRI utilises the principle of nuclear magnetic resonance to obtain high resolution 
anatomical images. A strong magnetic field is used to align hydrogen nuclei 
(protons) with that field after which, a radiofrequency current is directed through the 
patient causing the protons to deviate from the equilibrium. The energy released by 
the protons realigning with the magnetic field can then be detected, after the pulse 
of radiofrequency has been turned off. Different tissues have different molecular 
compositions, hence varying in the time and energy it takes to realign with the 
magnetic field. These differences are then used to discern between different tissues 
(Vlaardingerbroek and Boer 2013).  
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MRI offers some distinct advantages over traditional X-rays and CT. First, its 
working principle does not rely on ionising radiation. Secondly, as hydrogen atoms 
are abundant in the body in the form of water, the soft tissue contrast of MRI is 
superior. In recent years, these factors have contributed to its popularity in HNC 
diagnostics and monitoring treatment response. Its use in hybrid imaging in 
conjunction with PET has also been proven beneficial compared to PET-CT imaging 
(Szyszko and Cook 2018; Murtojärvi et al. 2022). However, this does come with the 
price of being significantly slower than CT. 

Two primary MRI sequences are used in HNC imaging, The T1-weighted 
imaging (T1WI) and the T2-weighted imaging (T2WI). T1WI is based on the T1 
relaxation time, which is the time it takes for the protons to realign with the magnetic 
field after the perturbation caused by the radiofrequency current. In T1WI, tissues 
with short T1 times appear brighter and those with longer T1 times appear darker. 
For instance, fat appears bright in T1WI, and water appears dark. T1WI offers 
excellent anatomical detail and is useful for delineating tumours when used in 
conjunction with a contrast agent such as gadolinium. Contrarily, T2WI is based on 
the T2 relaxation time, which is the time it takes for the protons to lose their coherent 
phase, or the transverse component of the net magnetisation vector, induced by the 
radiofrequency pulse. Tissues with longer T2 times appear brighter in T2WI than 
those with shorter T2 times. For example, water has a long T2 time and appears 
bright in T2WI, thereby making T2WI especially suitable for evaluating conditions 
with increased water presence, a common feature in inflammation and malignant 
tumours. Thus, T2WI is often useful in visualising HNC and evaluating peritumoral 
oedema and inflammation.  

An additional MRI technique, called diffusion weighted imaging (DWI), is often 
used to complement the forementioned sequences. DWI is based on measuring the 
random motion of water protons to produce images. Water molecule diffusion is 
affected by its surroundings such as cellular membranes, macromolecules and 
cytoplasm. The differences in the way these factors influence the diffusion can then 
be quantified with apparent diffusion coefficient (ADC) maps (Bammer 2003). In 
HNC, DWI can be used to differentiate benign from malign tissue as cancerous tissue 
typically shows high signal intensity and associated low ADC values because of their 
hypercellular nature. Similarly, it can also be used to differentiate necrotic tumours 
from abscesses and inflammatory nodes from metastatic ones. In addition, DWI is 
utilised for post-treatment response assessment by differentiating treatment related 
changes such as fibrosis from recurrent or residual disease. Moreover, pretreatment 
ADC values can predict the likelihood of treatment response (Connolly and 
Srinivasan 2018).  
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2.2.1.3 PET/MRI 

PET/MRI can provide complementary metabolic and high–soft-tissue-contrast 
anatomical information by combining PET with MRI, and integrated systems enable 
simultaneous acquisition of both datasets (Judenhofer et al. 2008; Musafargani et al. 
2018). Simultaneous acquisition supports accurate spatial alignment between 
modalities and, in integrated systems, has demonstrated low registration variance 
(Judenhofer et al. 2008). This combination can improve lesion characterisation and 
may increase diagnostic confidence in selected applications (Musafargani et al. 
2018). Compared with PET/CT, PET/MRI avoids CT-related ionising radiation, 
which can reduce overall examination radiation burden.  

The acquisition of PET/MRI can be achieved with either sequential systems or 
integrated systems (Musafargani et al. 2018). Sequential systems utilise separate 
scanners located in proximity, typically in the same room. Because of the sequential 
design, there is no need to address the issue of mutual interference between the 
modalities, therefore making these systems far less complex than the integrated 
systems and thus more economical (Musafargani et al. 2018). However, the temporal 
and spatial correlation between the PET and MRI data suffers when acquired 
sequentially. The integrated PET/MRI systems are capable of simultaneous 
acquisition of PET/MRI data, thus reducing this issue (Judenhofer et al. 2008; 
Musafargani et al. 2018). The drawback to these systems is the need to address the 
problem of mutual interference between the modalities, making them technically 
significantly more complex (Judenhofer et al. 2008; Musafargani et al. 2018).  

2.2.2 Applications of PET/MRI in HNC  
Due to its excellent soft tissue contrast and valuable molecular level metabolic 
information, PET/MRI has a multitude of applications in HNC diagnostics. Its value 
in initial diagnosis and staging was shown by Samolyk-Kogaczewska et al. who 
compared FDG-PET/MRI with CT on 21 HNC patients that received surgical 
treatment. The authors declared that the outcomes obtained using FDG-PET/MRI 
where more consistent with the histopathology results than those of the CT images 
(Samolyk-Kogaczewska et al. 2020). Similar promise in initial staging of HNC with 
PET/MRI was found by Lee et al. in a cohort of 10 histologically proven HNCs (Lee 
et al. 2014). FDG-PET/MRI was found to be on par with FDG-PET/CT in more 
heterogeneous cohorts involving both initial staging and re-staging as well (Szyszko 
and Cook 2018; Felix P. Kuhn et al. 2014; Kubiessa et al. 2014). S. Partorvi et. al 
compared FDG-PET/MRI with FDG-PET/CT in terms of lymph node and distant 
metastasis detection in a similar patient cohort with staging and re-staging scans. 
They found that FDG-PET/MRI and FDG-PET/CT provide comparable results 
(Partovi et al. 2014). A retrospective PET/MRI image fusion in a group of HNC 
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patients, who underwent preoperative MRI and PET/CT for staging, was compared 
to single modality PET and MRI by Loeffelbein et al. who found that a retrospective 
fusion was only beneficial in individual recurrent cases (Loeffelbein et al. 2014).  

The value of FDG-PET/MRI has been studied for re-staging purposes only in a 
handful of articles. In a study conducted by Queiroz and colleagues, PET/MRI and 
contrast-enhanced PET/CT were compared in 87 patients with suspected recurrent 
head and neck cancer. Although PET/MRI didn't demonstrate superior accuracy, it 
aided in identifying tumour recurrence, specifying unclear FDG uptake related to 
possible tumour recurrence (Queiroz et al. 2014). Varoquaux et al. compared the re-
staging performance of a sequential PET/MRI with a PET/CT scan in a group of 32 
HNC patients (Varoquaux et al. 2014). PET/MRI achieved equivalent performance 
with PET/CT in terms of qualitative results. However, the authors state that 
PET/MRI tended to underestimate SUVs in comparison with PET/CT. SUV 
discrepancy was associated with tumour size, with larger, higher-uptake tumours 
showing greater PET/MR underestimation. This was attributed in part to technical 
differences in attenuation correction. Schaarschmidt et al. investigated the accuracy 
of an integrated PET/MRI for locoregional HNC evaluation compared to PET/CT 
and MRI. The cohort consisted of 25 HNSCC patients, of which 13 had suspected 
recurrence and underwent re-staging. No significant differences were found between 
the modalities (Schaarschmidt et al. 2016). Becker et al. assessed the diagnostic 
value of PET/MRI with diffusion weighted imaging (PET-DWIMRI) in a 
prospective group of 74 HNSCC patients with suspected recurrence after 
(chemo)radiotherapy. The diagnosis was confirmed with either histology in 46 
patients, or a mean follow-up of 34 ± 8 months for 28 patients. The authors conclude 
that PET-DWIMRI yields excellent results in detecting HNSCC recurrence (Becker 
et al. 2018). Murtojärvi et al. investigated the potential benefits of PET/MRI vs. 
PET/CT in chemoradiotherapy follow-up imaging. The study cohort consisted of 
104 HNSCC patients all of whom had received chemoradiotherapy and underwent 
either PET/MRI (n=52) or PET/CT (n=52). The results indicated that PET/MRI 
demonstrated higher sensitivity and superior negative predictive value in detecting 
LR. PET/CT produced both false-negative and false-positive findings, particularly 
in advanced disease stages, where PET/MRI showed significantly better 
performance. Furthermore, PET/CT had false negative findings in the 
oropharyngeal, laryngeal and nasopharyngeal regions, whereas PET/MRI made no 
false negative interpretations in these areas. Thus, the authors summarise that 
PET/MRI might be considered as the modality of choice in HNSCC re-staging, 
particularly in more advanced disease stages of the oral cavity, larynx and 
nasopharynx (Murtojärvi et al. 2022).  
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2.3 Artificial intelligence (AI) 
This chapter briefly outlines the basics of AI and deep learning with convolutional 
neural networks.  

2.3.1 AI and machine learning (ML) 
Artificial intelligence (AI) can be broadly defined as any machine process, especially 
computer systems, capable of performing tasks that would normally require human 
intelligence. AI is often categorised into two subtypes based on its range of 
capabilities. These subtypes are narrow and general AI. Narrow AI is a system 
designed to do a specific task, such as image segmentation, and is considered 
“intelligent” only in this limited context. Contrarily, general AI, or artificial general 
intelligence (AGI), is a system capable of performing any task a human being would. 
These systems can learn, adapt and apply knowledge in a wide variety of tasks. 
Currently, AGI systems do not exist.  

Machine learning (ML) is a subset of narrow AI that involves finding patterns 
from data and making predictions based on these patterns. ML algorithms leverage 
data to automate analytical model building. These algorithms are fed training data 
from which they extract patterns that can then be used to give predictions on unseen 
data sets. In contrast to traditional computer programming, the key characteristic of 
this approach is the algorithm’s ability to make predictions without being explicitly 
programmed to give them.  With ML algorithms, data is used to minimise the amount 
of human intervention required in the process (Bi et al. 2019). ML can be further 
subcategorised based on the learning method used. These methods include 
supervised, unsupervised and reinforcement learning.  

In supervised learning the algorithm is fed labelled training data that includes 
both the data and their labels, which depict the desired output pattern(s) the algorithm 
is intended to learn. The labels are usually given by human experts and the goal of 
the algorithm training process is to map the inputs to the outputs (Bi et al. 2019).  
Supervised learning is further divided into regression and classification algorithms, 
the difference being the output distribution, where regression is continuous and 
classification is discrete (Bi et al. 2019). Common supervised learning algorithms 
include Linear Regression, Decision Trees, Support Vector Machines, and Neural 
Networks. 

Unsupervised learning differs from supervised learning in that no labels are 
included with the training data. Rather, the algorithm tries to find underlying patterns 
and structures in the data (Bi et al. 2019). Examples of unsupervised learning 
algorithms include K-Means Clustering, Hierarchical Clustering, and Principal 
Component Analysis. 
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In reinforcement learning the algorithm includes an agent interacting with its 
environment. The agent is the rewarded for correct decision making and penalised 
for incorrect decisions. The rewards and penalties then guide the learning process of 
the algorithm (Bi et al. 2019).  

2.3.2 Deep learning (DL) 
Deep learning (DL) is a subset of ML that centres around the utilisation of deep 
neural networks. They exhibit an expanded scale characterised by the presence of 
multiple hidden layers and associated optimisable parameters. This increased 
structural complexity allows them to capture increasingly abstract representations of 
the input data. Consequently, DL facilitates representational learning, wherein the 
algorithms autonomously extract meaningful patterns without the need for manual 
feature extraction as was customary in conventional ML approaches (LeCun et al. 
2015). 

2.3.2.1 Neural networks (NNs) 

Neural networks (NNs) are a type of machine learning algorithm inspired by the 
structure and function of the human brain. These networks consist of interconnected 
neurons or nodes. A neuron takes in an arbitrary number of inputs and produces an 
output. The connected neurons form structures called layers. NNs include an input 
layer, an output layer and between them an arbitrary number of hidden layers. The 
term hidden stems from the fact that the values and computation performed in the 
neurons of these layers are not directly observable in the output, nor are they directly 
affected by the input. These layers handle the bulk of the computation contributing 
to the final output (Bi et al. 2019). A schematic representation of a NN is depicted 
in Figure 2.  
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Figure 2. Schematic representation of a neural network. 

The connections between the neurons are represented with the terms weight and 
bias, which are adjusted during training to fit the data. Each connection between two 
neurons has its own weight and bias. For an arbitrary neuron these terms can be 
represented as a mathematical formula in the following way:  

𝑦𝑦 = �(𝑊𝑊𝑖𝑖𝑋𝑋𝑖𝑖� + 𝑏𝑏
𝑛𝑛

𝑖𝑖=1

 

Where W depicts the weights from the connecting neurons of the previous layer 
and X the inputs. The bias term is represented as b.  The output y is then processed 
by an activation function that determines whether the neuron is activated or not 
(Krogh 2008). Typical activation functions used in NNs are for instance sigmoid, 
ReLU and softmax functions. The computation of a single neuron is depicted in 
Figure 3.  
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Figure 3. The computation of a single neuron in a neural network.  

The training process of a NN involves updating the weight and bias parameters 
of the neurons iteratively by exposing the NN to the training data. This data consists 
of the inputs and corresponding desired outputs often called labels, or masks in the 
case of image segmentation. The goal of this process is to minimise the difference 
between the desired output and the predicted output. The difference is quantified 
with a loss function, which acts as measure of the NNs performance. The process 
involves four steps that can be defined as follows (Krogh 2008; LeCun et al. 2015; 
Goodfellow et al. 2016):  

 
1. Forward Propagation: The NN is given an input, which is processed by 

each layer of neurons to produce an output. Each neuron takes a weighted 
sum of its inputs, adds a bias, and applies an activation function to produce 
its output. Each layer’s output functions then as the subsequent layer’s input 
until the output layer is reached.  

2. Loss Calculation: The difference between the NNs output and the desired 
output is then measured using the loss function. The result quantifies how 
well the network's predictions match the desired outputs. 

3. Backpropagation: The loss is then propagated back through the network. 
This involves calculating the gradient of the loss function with respect to 
each weight and bias in the network. This is achieved by calculating the 
derivative of the loss function in terms of the layer’s outputs and the weights 
and biases, which is then propagated to the previous layers using the chain 
rule of calculus.  

4. Weight and Bias Update: The weights and biases of the neurons are 
adjusted to minimise the loss. This is commonly done using an optimisation 
algorithm such as gradient descent. The extent by which the weights and 
biases are adjusted each time is controlled with the learning rate, a parameter 
that determines how quickly the network learns. 
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Upon completion of the training phase, the performance of the neural network is 
typically assessed with cross-validation utilising a distinct dataset, commonly 
referred to as the validation set, which was not employed during training. It is critical 
during this evaluation phase to identify potential instances of overfitting or 
underfitting. Overfitting occurs when the network models the training data 
excessively well, to the point that it fails to generalise to new, unseen datasets. 
Conversely, underfitting is a condition in which the network demonstrates an 
insufficient capacity to learn from the training data. 

In cross-validation, the dataset is separated randomly into training and validation 
sets with the aim of using the majority of the data for the training while still yielding 
a validation set that adequately represents the whole dataset. With small sample sizes 
this becomes an issue, as a single random holdout might lead to a distribution of data 
that causes the model either to overfit or underfit. To prevent this, k-fold cross-
validation is often used to account for the randomness. In k-fold cross-validation the 
holdout is repeated k times ensuring each subset of the data serves as the test set once 
yielding a more robust estimate of the performance (Goodfellow et al. 2016).  

2.3.2.1.1 Convolutional neural networks (CNNs) 

Convolutional neural networks (CNNs) are a class of DL algorithms characterised 
by their ability to efficiently process data in array form, which makes them highly 
suitable for image classification, object detection and image segmentation, since 
these are represented as 2D (or 3D for volumetric images) arrays of pixel intensities 
(Krizhevsky et al. 2012; Simonyan and Zisserman 2014; LeCun et al. 2015; Long et 
al. 2015). CNNs typically consist of convolutional, pooling, dropout and fully 
connected layers. 

CNNs are motivated by two key properties of visual data: local correlation, 
meaning neighbouring pixels tend to have related values, and translation invariance, 
which means a feature can appear anywhere in an image (LeCun et al. 2015). 
Convolutional layers, as the name suggests, apply convolutional operations to the 
input. This operation is the fundamental building block of CNNs that enables them 
to efficiently extract image features. The operation involves moving a kernel, which 
is matrix of weights, over a portion of the original input matrix while producing a 
dot product between these matrices. The product is then placed in a new matrix often 
called the feature or activation map that forms the response of the kernel at each 
spatial position of the original input matrix. The process is repeated for every 
position of the input matrix resulting in a full feature map that forms the 
convolution’s output. The number of pixels the kernel moves at a time is determined 
by the parameter called stride, which affects the size of the output feature map. After 
a convolutional operation, non-linearity is introduced in the form of an activation 
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function. This function is commonly the Rectified Linear Unit (ReLU) (LeCun et al. 
2015; Goodfellow et al. 2016). 

 Pooling layers are implemented to merge semantically similar features, thus 
reducing the spatial size of the feature maps and reducing the computational 
overhead. In addition, they help reduce overfitting. The pooling kernel is moved 
across the feature map to produce a summary of the portion of feature map being 
inspected. This procedure extracts the dominant features within each kernel region, 
contributing to the spatial invariance of the network. Max pooling, which simply 
chooses the maximum value of the feature map within the pooling kernel region, is 
a commonly used type of pooling (LeCun et al. 2015; Goodfellow et al. 2016). 

Fully connected layers are typically utilised at the end of a CNN, after the feature 
extraction and summarisation has been done by the convolutional and pooling layers 
respectively (LeCun et al. 2015). Fully connected layers function in a similar manor 
as the traditional NNs described before. Dropout layers are used to prevent 
overfitting. They operate by setting a fraction of input units to zero randomly (LeCun 
et al. 2015; Goodfellow et al. 2016). The training process of a CNN is similar to a 
NNs, where backpropagation and a gradient descent optimisation algorithm are 
utilised (LeCun et al. 2015). The final output of a CNN classifier is a one-
dimensional probability vector describing the input arrays probability of belonging 
to each category. For instance, Krizhevsky et al. described an architecture with a 
1000-way softmax activation since the data set they used included images from a 
1000 different categories (Krizhevsky et al. 2012). In image segmentation, the output 
is a pixel-wise probability map with the same spatial dimensions as the input, as 
discussed in the next chapter.  

2.3.2.1.2 CNNs in image segmentation 

Several CNN architectures have been proposed to tackle the difficult problem of 
medical image segmentation. As described before, typical CNNs are built in a way 
that outputs a one-dimensional probability array after the fully connected layers and 
the activation function, giving the probability of an image belonging to a given 
category.  Clearly then, this is a problem for the task of image segmentation, where 
an output of 2D or 3D arrays is desired.  

Long et al. introduced the fully convolutional network to solve this problem 
(Long et al. 2015). Their key innovation was to replace the fully connected layers 
with convolutional layers, which allows arbitrary size inputs and pixelwise 
predictions. In addition, they introduced upsampling layers using transposed 
convolution that are used to restore the spatial dimensions of the feature maps after 
downsampling. This allows obtaining outputs in the same dimensions as the input.  
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Inspired by the fully convolutional network, Ronneberger et al. proposed an 
architecture called U-Net intended for biomedical image segmentation (Ronneberger 
et al. 2015). It achieved excellent segmentation performance on relatively small data 
sets with the help of data augmentation and has since been widely used in image 
segmentation tasks, especially in the medical field. As the name implies, the 
architecture has a distinctive U-shape consisting of the downsampling and 
upsampling paths, often also called the encoder and the decoder respectively. The 
encoder follows the typical structure of a CNN as described before, while the 
decoder includes upsampling layers followed by convolutional layers. The U-Net 
also includes skip connections between the corresponding layers of the encoder and 
decoder paths. This provides the upsampling process important information that 
helps localise the output. In addition, they utilise a weighted loss function to handle 
the class imbalance between the foreground and background, often present in 
medical images. The key to U-Net’s success lies in its ability to simultaneously 
extract high-level features and combine them with low-level spatial information.  

Due to its success, several variations of the U-Net have been proposed. Çiçek et 
al. suggested a 3D U-Net with the aim of producing dense segmentations of sparsely 
annotated volumetric data (Çiçek et al. 2016). Milletari et al. introduced an 
alternative U-Net inspired approach, specifically with medical volumetric 
segmentation in mind, called the V-Net (Milletari et al. 2016). Their approach differs 
from the original U-Net in a few important ways. First, V-Net is designed 
specifically for volumetric data, whereas U-Net was designed for two-dimensional 
data. Second, a novel objective function based on the maximisation of the Dice 
coefficient was introduced. This is especially suitable for situations where there is a 
strong imbalance between the background and foreground voxels, which is often the 
case with medical imaging. Third, V-Net uses convolutional operations for 
downsampling instead of traditional pooling. The authors state that this leads to a 
smaller memory footprint and enhances the interpretability of the network.  

Due to the high computational demands of 3D convolutions and the inability to 
use spatial information of 2D U-Net’s, Li et al. proposed a densely connected 
architecture combining a 2D U-Net for extracting intra-slice features with a 3D U-
Net for aggregating volumetric context (Li et al. 2018). With this architecture, the 
authors achieved excellent results in liver tumour segmentation. Oktay et al. 
introduced a U-Net with an attention mechanism guiding the algorithm to focus on 
target features, while implicitly learning to disregard irrelevant areas (Oktay et al. 
2018). The authors found consistent improvements in U-Net segmentation 
performance across datasets.  To further improve on the concept of attention, Wang 
et al. suggest a U-Net model that leverages self-attention, referred to as non-local U-
Nets (Wang et al. 2020). The authors describe a novel method for up- and 
downsampling, called the global aggregation block, which incorporates self-
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attention with the up- and downsampling processes. This method enables each 
position of the output feature maps to depend on all positions of the input feature 
maps. This approach is opposite to local operations like convolutions and 
deconvolutions, where each output location has a local receptive field on the input.  
The authors state that this method generates a more precise segmentation image 
while simultaneously reducing the number of parameters.  

Finally, it is important to note that architectural modifications should be 
interpreted relative to strong, well-configured baselines. In particular, nnU-Net (“no-
new-Net”) demonstrated that state-of-the-art biomedical segmentation performance 
can be achieved across diverse datasets using standard U-Net variants when the 
overall workflow is systematically adapted to the task, without introducing novel 
architectural components (Isensee et al. 2021).  

2.4 DL in HNC fusion imaging 
This section provides an overview of the DL applications in fusion imaging from 
recent literature. A tabular summary of the most relevant parts of this literature for 
this thesis is provided in Table 2.  

2.4.1 Radiation therapy (RT) 
DL techniques, deep CNNs in particular, exhibit great potential in augmenting and 
facilitating more efficient radiation therapy (RT) protocols in terms of fusion 
imaging. Their ability to assimilate imaging modalities can for instance be used to 
generate synthetic CT images for RT planning, as Olin et al. suggested. They 
investigated the feasibility of using DL generated synthetic CT for PET/MRI-based 
RT-planning of HNC patients. For this purpose, a 3D U-Net inspired CNN 
architecture was developed and trained with PET/MRI data from 8 HNC patients 
referred to RT. Data augmentation and transfer learning were used to compensate 
for the small sample size. In addition, 3 pilot patients were used to develop a suitable 
scanning protocol. The resulting synthetic CTs were then compared with routine 
planning PET/CT’s the patients underwent prior to the PET/MRI scans. Synthetic 
CT-based dose plans deviated by no more than ±1% from CT-based dose plans. For 
PET, the mean difference was 0.4 ± 1.2% for SUVmean and –0.5 ± 1.0% for 
SUVmax. The authors concluded that the synthetic CT’s generated with the DL-
based approach were suitable for clinical use (Olin et al. 2020).  

In a subsequent study, the authors proceeded to evaluate the performance of this 
approach on two separate datasets, one external and one internal with 6 and 17 HNC 
patients referred for RT respectively. In addition, each patient underwent either a 
planning CT or a planning PET/CT, which then served as reference to the synthetic 
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CTs. The mean absolute errors were 78 ± 13 and 76 ± 12 Hounsfield Units for the 
external and local cohorts respectively. In the external cohort, absorbed dose 
differences in target volumes were within ± 2.3% and within ± 1% in 95% of cases, 
with organ-at-risk differences remaining below 2%. Similar outcomes were observed 
for the local cohort. The DL-based method was found to be robust, producing similar 
dose calculations for both synthetic CT’s and traditional CT’s (Olin et al. 2021).  

Moreover, DL models have major implications for patient safety when used to 
aid in RT planning.  They can be used in predicting radiosensitivity, facilitating dose 
escalation or de-escalation strategies. This enhances treatment efficacy while 
minimising radiation-induced toxicity. For instance, Olin et al. studied the possibility 
of using a DL-based approach to attenuation correction for PET/MRI. The authors 
compared the performance of a 3D U-Net inspired deep NN to an atlas-based method 
provided by the PET/MRI vendor using a CT-based attenuation map as a reference. 
The average PET voxel error was 0.0 ± 11.4% for the NN and −1.3 ± 21.8% for the 
atlas-method. The NN exhibited lower mean uptake errors in bone/air (−4%/12%) 
compared to the atlas-method (−15%/84%) and showed a faster error reduction with 
distance, limited to areas within 1 cm of bone/air. They concluded that the DL-based 
attenuation maps were superior to the atlas-based maps (Olin et al. 2022). 

2.4.2 Classification 
Deep CNN-based approaches have also been adopted for classification tasks in HNC 
fusion imaging. The inherent advantages of using automated methods for image 
classification include the lack of inter-observer variability and faster analysis.  

Chen et al. proposed an DL-based approach for detecting and classifying lymph 
node metastasis of HNC patients in PET/CT images. They describe a method that 
combines traditional handcrafted radiomics with a modern 3D CNN that classifies 
lymph nodes of the head and neck region into three categories: normal, suspicious 
and involved. The study included PET/CT images of 59 patients referred for RT due 
HNSCC. Their method achieved an accuracy of 0.88 and an multiclass area under 
the curve (AUC) of 0.95 in lymph node classification outperforming radiomics or 
DL approaches alone (Chen et al. 2019).  

Dohopolski et al. Suggested a DL-based binary classification method for 
predicting lymph node metastasis in PET/CT images of patients with oropharyngeal 
squamous cell carcinoma. The authors built a 3D CNN inspired by the AlexNet 
architecture and achieved high classification performance using a dataset consisting 
of 129 patients who underwent pre-operative PET/CT. The lymph nodes were 
labelled either malignant or benign based on the pathology reports from the neck 
dissections and subsequently contoured under PET guidance. These contours were 
then used to extract image patches of the respective lymph nodes and their 
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surrounding voxels that were used as inputs for the DL model. In addition, the 
authors used epistemic and aleatoric uncertainty to quantify the reliability of the 
predictions. The model achieved an AUC of 0.99 on the test dataset, with sensitivity 
and specificity of 0.94 and 0.90, respectively. Epistemic and aleatoric uncertainty 
were significantly higher for false negatives and false positives compared to true 
negatives and true positives (p < 0.001) (Dohopolski et al. 2020). The authors found 
that measures of uncertainty are useful in quantifying the reliability of the 
classifications.  

The previously described dataset is also used in a study conducted by Chen et al. 
investigating the feasibility of an attention guided CNN in binary lymph node 
classification of HNC patients. The proposed model takes a region of interest (ROI) 
containing the lymph node and surrounding tissues as input. The CNN identifies the 
discriminative region within the ROI, generating an activation map where voxel 
values represent their relevance for malignancy prediction. This activation map is 
multiplied with the ROI to produce the input for the classifier, which outputs the 
node’s malignancy probability. The model achieved sensitivity, specificity, 
accuracy, and AUC values of 0.91, 0.93, 0.92, and 0.98, respectively. The authors 
found that using an attention guided training process increased the models 
classification accuracy when compared to traditional radiomics and CNNs (Chen et 
al. 2021).  

2.4.3 Outcome prediction 
Lately, the feasibility of DL algorithms in outcome prediction of HNC patients has 
been investigated. Deep CNNs can capture intricate imaging biomarkers that might 
carry prognostic value, especially when combined with other relevant patient 
characteristics.  

Han et al. investigated the possibility of using DL in the binary prediction of 
locoregional recurrence (LR) of HNSCC. However, no timeframe is explicitly 
defined for LR.  The authors trained 3D CNNs utilising PET/CT, RT planning CT 
data and baseline clinical characteristics (such as sex, age, tumour stages, and 
primary disease site) of 157 (out of 298 in total) HNSCC patients available in the 
public TCIA dataset (Vallières et al. 2017). Several different input combinations 
were used for training, with the model incorporating CT, PET, dose distributions and 
clinical characteristics achieving the highest AUC of 0.89 ± 0.07. The authors 
conclude that the addition of dose distribution and clinical information improves the 
predictive capabilities of the DL model (Han et al. 2022).  

Wang et al. describe the use of multi-modality and multi-view feature extension 
method (MMFE) with a 2D CNN for LR prediction utilising the PET/CT images and 
clinical characteristics of 206 HNSCC patients (49 with LR and 157 with no LR). 
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The median follow-up was 37 months and patients with less than 12 months of 
follow-up were excluded. The goal of MMFE is to preserve the volumetric 
information that traditional 3D CNNs benefit from, while reducing model 
complexity. Similar to Han et al., the highest AUC of 0.81 was obtained using all 
modalities, thus indicating the added benefit of incorporating clinical characteristics 
in outcome prediction with DL models. Furthermore, the MMFE outperformed 
traditional 2D and 3D DL-based methods (Wang et al. 2022).  

Le et al. proposed a pseudo-volumetric CNN with a deep preprocessor module 
and self-attention for predicting distant metastasis, LR and overall survival 
occurrence probabilities within the 10-year follow-up time. The previously described 
TCIA dataset was utilised in this study. In addition, an internal dataset of 371 
HNSCC patients undergoing RT was used for validation. Ablation experiments were 
conducted to evaluate the model's key features, yielding AUCs of 0.80, 0.80, and 
0.82 for distant metastasis, LR, and overall survival, respectively, on the TCIA 
dataset. The additional validation achieved comparable AUCs of 0.69 across all 
outcomes. The authors state that the proposed model is effective in HNSCC outcome 
prediction when combining multi-modal volumetric data and clinical patient 
information (Le et al. 2022).   

2.4.4 Segmentation 
Tumour and lymph node segmentation has been the prevalent research topic for 
HNC fusion imaging in recent years. The proposed solutions centre around the 
utilisation of U-Net-like deep CNN architectures both in 2D and 3D variations. 
Several mechanisms have been proposed to amend the standard U-Net architecture 
to address the dilemma of capturing the spatial context with 3D models, while 
maintaining the computational efficiency of the 2D approaches. With the launch of 
the head and neck tumour (HECKTOR) challenge in 2020, the number of potential 
solutions for this problem has increased substantially (Oreiller et al. 2022).  

Huang et al. studied the possibility of using a deep CNN for gross tumour volume 
(GTV) segmentation in HNC patients undergoing RT. They describe a 2D U-Net 
inspired architecture trained on PET/CT images of 22 newly diagnosed HNC patients 
from 2 separate centres. Data augmentation was used to increase the sample size. 
Manual delineations by an oncologist and a radiologist served as the gold standard 
GTV. Leave-one-out cross-validation was used to evaluate the results. The authors 
report an average Dice score (DSC) of 0.74 ± 0.11 between the gold standard and 
the automatic delineations and conclude that their method reached high accuracy and 
efficiency and might be of help to clinicians in HNC management (Huang et al. 
2018).  
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Zhao et al. introduced a similar 2D U-Net based DL model with auxiliary paths 
for the segmentation of nasopharyngeal carcinoma from PET/CT images. The study 
included 30 patients with nasopharyngeal carcinoma and utilised data augmentation 
to increase the size of the dataset. The ground truth was delineated manually by two 
radiologists on the PET/CT images. The authors reported a mean DSC of 0.88 from 
3-fold cross-validation, when compared to the ground truth, and conclude that their 
proposed method is robust and efficient (Zhao et al. 2019).  

Guo et al. proposed a 3D Dense-net for the GTV segmentation of HNSCC 
patients. PET/CT images of 250 HNSCC patients from the TCIA dataset were 
utilised in this study. The data was split into training (n=140), validation (n=35), and 
test sets (n=75). However, no cross-validation procedure is described. The Dense-
net approach outperformed the standard 3D U-Net and Dense-nets trained solely on 
PET or CT images, achieving a mean DSC of 0.71 ± 0.10 when compared to the gold 
standard set by manual delineations by radiation oncologists. The authors state that 
their method yields superior results in automatic HNC GTV segmentation while 
having less trainable parameters than the conventional 3D U-Net, thus indicating it 
could be successfully applied to RT planning (Guo et al. 2019).  

Andrearczyk et al. compared the segmentation performance of a 2D and 3D V-
Nets on PET/CT images of 202 HNSCC patients derived from the TCIA dataset. A 
4-fold cross-validation was used to evaluate the segmentation results, as the data 
consisted of scans from four separate institutions. The reported DSCs are an average 
over 10 cross-validation runs. The 2D V-Net slightly outperformed the 3D-
counterpart with DSC being 0.61 ± 0.02 and 0.60 ± 0.02 respectively. The authors 
also found that bimodal models performed better compared to the single modality 
models (Andrearczyk et al. 2020).  

Groendahl et al. investigated the segmentation capabilities of traditional PET 
thresholding methods, six classical ML algorithms and a 2D U-Net with RT planning 
PET/CT images of 197 HNSCC patients. The manual delineations that served as the 
gold standard were defined by a nuclear medicine physician based on the PET 
images and further refined by oncology residents based on the CT images and finally 
reviewed by a senior oncologist for quality control. A 5-fold cross-validation 
procedure was utilised on the training set (n=157) and the best model for further 
evaluation on the test set (n=40) was selected based on the DSC. The PET/CT-based 
2D U-Net outperformed the other alternatives with a DSC of 0.75 ± 0.09 on the test 
set (Groendahl et al. 2021).  

Moe et al. studied the applicability of 2D U-Net inspired CNNs in automatic 
primary tumour volume and malignant nodal volume segmentation utilising the same 
dataset as described by Groendahl et al. (Groendahl et al. 2021). The data was split 
into training (n=142), validation (n=15), and test sets (n=40). The best performing 
model was chosen based on the validation performance and further evaluated on the 
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test set. The authors compared the performance of models trained with single-
modalities (CT or PET) as well as multimodality images (PET/CT). In addition, they 
introduced a framework for structure-wise performance evaluation of multi-structure 
auto-delineations with the intention of providing additional information to quantify 
the similarity between the ground truth and the network predictions when more than 
one contoured structure is present in the ground truth. Qualitative assessment of 15 
randomly chosen auto-delineations was also conducted by an oncologist. The 
multimodality-based model performed best achieving a DSC of 0.71 ± 0.16. Out of 
the 15 total auto-delineations assessed in terms of their quality, 14 were determined 
to be of high quality. The study concluded that the multimodality-based CNN 
provides accurate auto-delineations for HNSCC patients (Moe et al. 2021).  

The only study that has included MRI as an anatomical imaging variant in HNC 
segmentation from fusion imaging was conducted by Ren et al. who described the 
use of a residual 3D U-Net utilising a dataset of 153 HNSCC patients. The data 
included RT planning CT, PET and MRI images with clinical delineations, by a team 
of oncologist, radiologist and a nuclear medicine physician, serving as ground truth. 
The data was split into training (n=92), validation (n=31), and test sets (n=30). Data 
augmentation was used to increase the sample size. The authors compared the 
segmentation performance of all possible bi-modality combinations along with one 
model trained with all three modalities (CT-PET/MRI). All combinations including 
PET images achieved similar mean DSC: PET/MRI 0.72 ± 0.15, PET/CT 
0.73 ± 0.13, CT/PET/MRI 0.74 ± 0.13. The CT/MRI combination provided inferior 
segmentation with a mean DSC of 0.58 ± 0.18. The CT/PET/MRI model showed 
improvements in other key metrics (Hausdorff Distance 95 percentile and Mean 
Surface Distance) compared to the bi-modality models alone. Ren et al. conclude 
that the inclusion of PET seems essential for the segmentation task, whereas adding 
a second anatomical imaging variant to either PET/CT or PET/MRI is of limited 
benefit (Ren et al. 2021).  

De Biase et al. introduced a 3D CNN for oropharyngeal tumour segmentation 
using an architecture that utilises attention mechanisms and bi-directional long short-
term memory to capture inter and intra-slice context. The dataset used in their study 
consisted of RT planning PET/CT images of 138 oropharyngeal cancer patients with 
manual primary tumour GTV delineations that were reviewed by a nuclear medicine 
physician and a radiologist in cases where MRI scan was available as well. The 
delineations were then approved with a consensus reading by radiation oncologists. 
Prior to training the model, a region of interest, namely the oral cavity, was 
automatically extracted from each scan. The described DL model accepts sequences 
of 3 consecutive 2D PET/CT slices as input.  The authors utilise a probability map-
based method for depicting the uncertainty of a given segmentation. Moreover, they 
use 3-fold cross-validation and multi-view (over the coronal, sagittal, and axial 
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planes) aggregates to produce ensemble models for prediction. They report the 
highest DSC of 0.81 ± 0.32 with a probability threshold of 0.90 for the multi-view 
model and conclude that this approach captures the model’s spatial uncertainty in 
auto-delineation and can be used in slice-by-slice adaptive GTV segmentation (De 
Biase et al. 2023).  

Nikulin et al. described a 3D U-Net-based approach modified with a multi-head 
self-attention block for primary tumour and lymph node classification and metabolic 
tumour volume (MTV) segmentation from PET/CT images of 698 HNSCC patients. 
An additional dataset of 181 PET/CT scans was used to assess the generalisability. 
The annotation used as reference was conducted by two physicians based on the 
metabolically active areas in the PET that were identified with a semi-automatic 
adaptive thresholding algorithm. These algorithm-suggested areas were then 
reviewed by one of the physicians and corrected if necessary. The authors report an 
DSC of 0.89, 0.81, and 0.87 for primary tumour, lymph node metastases, and the 
union of both, respectively for the 5-fold cross-validation experiment in the main 
data set. For the additional dataset, the DSC was 0.85, 0.72, and 0.82 for primary 
tumour, lymph node metastases, and the union of both, respectively for the ensemble 
model acquired through the cross-validation procedure. The model was able to 
distinguish between the primary tumour and lymph nodes with an accuracy of 98.0% 
for the main dataset and 97.9% for the additional dataset. Nikulin et al. conclude that 
their approach achieves satisfactory delineation and classification results, thereby 
having clear potential for supervised clinical use (Nikulin et al. 2023).  

Salahuddin et al. proposed a modified 3D nnU-Net with residual skip 
connections, squeeze-and-excitation channel-wise attention mechanisms at each 
layer, and grid attention gates at each skip connection for the GTV segmentation of 
HNSCC from PET/CT images. They utilised the HECKTOR 2022 dataset 
containing 883 HNSCC patients (Andrearczyk et al. 2023). The authors described a 
posterior weight space sampling method for estimating model uncertainty and used 
it to reduce false positive predictions. They achieved an aggregate (accumulated 
across all images) DSC of 0.77 and 0.76 on the test set with per image false positive 
reduction of 19.5% and 7.14% using the uncertainty threshold for primary tumour 
GTV and lymph node GTV, respectively. In addition, the authors report that the 
radiomics features extracted from nodal GTV in PET and from both tumour GTV 
and nodal GTV in CT are the most prognostic in terms of recurrence free survival 
prediction, with the model achieving a C-index of 0.67 on the test set. Salahuddin et 
al. state that these results demonstrate their models accurate detection capabilities 
and the possibility for risk stratification (Salahuddin et al. 2023).  



Table 2. Summary of DL applications in fusion imaging for outcome prediction and segmentation from recent literature. The studies are listed here in 
the same order as in chapter 2.4, based on their intended use cases (outcome prediction and segmentation). Abbreviations: CNN 
(Convolutional Neural Network), DL (Deep learning), DM (Distant Metastasis), DSC (Dice Score), GTV (Gross Tumour Volume), HNC (Head 
and Neck Cancer), HNSCC (Head and Neck Squamous Cell Carcinoma), LR (Locoregional Recurrence), ML (Machine Learning), MMFE, 
NPC (Nasopharyngeal Cancer), OS (Overall Survival). 

Authors Objective Methods Data Results Conclusion 

(Han et al. 2022) Binary LR 
prediction. 

DL, 3D CNN. 157 HNSCC 
patients. PET/CT. 

AUC 0.89 ± 0.07. Dose and clinical information 
improve performance. 

(Wang et al. 2022) Binary LR 
prediction. 

DL, 2D CNN with 
MMFE.  

206 HNSCC 
patients. PET/CT.  

AUC 0.81.  Clinical information improves 
LR prediction performance, 
MMFE superior to 3D CNN. 

(Le et al. 2022) LR, metastasis, 
10yr. survival 
prediction. 

DL, pseudovolumetric 
2D CNN. 

298 (external data) + 
371 HNSCC patients 
(internal data). 
PET/CT.  

AUCs of 0.80, 0.80, and 
0.82 for DM, LR, and OS, 
respectively (external data). 
AUC 0.69 for DM, LR, and 
OS (internal data) . 

Proposed model effective in 
outcome prediction when 
combining multi-modal 
volumetric data and clinical 
information. 

(Huang et al. 2018) HNC GTV 
segmentation. 

DL, 2D CNN. 17 + 5 HNC patients. 
PET/CT.  

Average DSC 0.74 ± 0.11. DL efficient and accurate 
compared to gold standard. 

(Zhao et al. 2019) NPC 
segmentation.  

DL, 2D CNN.  30 NPC patients. 
PET/CT.  

Mean DSC 0.88.  DL efficient and accurate 
compared to gold standard. 

(Guo et al. 2019) HNSCC GTV 
segmentation 

DL, 3D dense-net 250 HNSCC 
patients. PET/CT.  

Mean DSC 0.71 ± 0.10. Dense net superior to 3D-
Unet. 

(Andrearczyk et al. 
2020) 

HNSCC 
segmentation. 

2D and 3D V-Nets 
with single and 
bimodal 
configurations. 

202 HNSCC 
patients. PET/CT.  

Mean DSC 0.61 ± 2.1 and 
0.60 ± 2.2 for 2D and 3D 
bimodal V-Nets respectively. 

2D bimodal V-Net superior to 
3D bimodal V-Net. Bimodal 
superior to single modality.  

(Groendahl et al. 
2021) 

HNSCC GTV 
segmentation 

2D U-Net, classical 
ML, PET thresholding 

197 HNSCC 
patients. PET/CT.  

Mean DSC 0.75 ± 0.09. 2D bimodal U-Net superior to 
other methods. 

(Moe et al. 2021) HNSCC GTV 
segmentation. 

2D U-Net. 197 HNSCC 
patients. PET/CT.  

Mean DSC 0.71 ± 0.16.  2D-Unet yields good 
segmentation results. 
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Authors Objective Methods Data Results Conclusion 

(Ren et al. 2021) HNSCC GTV 
segmentation.  

3D U-Net.  153 HNSCC 
patients. CT, MRI, 
PET.  

DSC: CT/MRI 0.58 ± 0.18, 
PET/MRI 0.72 ± 0.15, 
PET/CT 0.73 ± 0.13, 
CT/PET/MRI 0.74 ± 0.13. 

PET essential for accurate 
segmentation. 

(De Biase et al. 
2023) 

HNSCC GTV 
segmentation 

3D CNN, single and 
multi-view ensemble 
models.  

138 oropharyngeal 
cancer patients. 
PET/CT.  

DSC 0.81 ± 0.32.  Probability output maps and 
multiview ensembling aid in 
adaptive segmentation.  

(Nikulin et al. 2023) HNSCC MTV 
segmentation. 

3D U-Net with self-
attention. 

698 (primary data) + 
181(additional data) 
HNSCC patients. 
PET/CT.  

DSC 0.87 (primary data), 
DSC 0.82 (additional data).  

Accurate segmentation 
suitable for supervised clinical 
use.  

(Salahuddin et al. 
2023) 

HNSCC GTV 
segmentation. 

3D U-nnNet. 883 HNSCC 
patients. 

GTVp DSC 0.77, GTVn 
0.76. 

3D U-nnNet. demonstrates 
accurate detection 
capabilities and enables risk 
stratification. 
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3 Aims 

The aim of this doctoral thesis was to investigate the feasibility of using DL in the 
automated interpretation of PET/MRI images of head and neck cancer patients.  

 
The specific aims of the thesis were as follows: 
 

1. to investigate the use of a 2D CNN model in the segmentation of head 
and neck cancer from 18F-FDG PET/MRI images. 

2. to explore the possibility of using a 2D CNN model in the binary 
classification of head and neck cancer from 18F-FDG PET images. 

3. to assess the performance and clinical applicability of a 3D CNN model 
in the binary classification of head and neck cancer from 18F-FDG 
PET/MRI images. 
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4 Materials and Methods 

4.1 Study population 
The study population for the original articles in this doctoral thesis was 
retrospectively collected from the imaging archives of Turku University Hospital. 
The first study included 52 HNSCC patients, of which 44 met the inclusion criteria 
(Table 3), who underwent re-staging FDG-PET/MRI scans 12 weeks after 
chemoradiation therapy (CRT) from February of 2014 to May of 2017. The cohort 
included 15 patients with locoregional recurrences (positive subgroup) and 29 
patients with no locoregional recurrences (negative subgroup). Of the positive 
subgroup, 3 patients had follow-up scans, which were included in the study as well. 
In the negative subgroup 13 patients had follow-up scans, where 2 patients had a 
follow-up twice, which were also included. These patients are a subgroup of patients 
initially described by Murtojärvi et al. (Murtojärvi et al. 2022).  

In addition to the cohort of the first study, the second and third study included 
HNC patients that had FDG-PET/MRI scans done in Turku University Hospital 
between the years 2014–2022. This cohort consisted mostly of HNSCC patients; 
however, a small number of patients with other types of HNC were also included in 
these studies to investigate the generalisation properties of the models to other types 
of cancer. A total of 200 consecutive patients were included in Study II with a 50:50 
negative/positive ratio. Study III included 2 additional subjects in the training data 
compared to Study II: one in the positive sub-group and one in the negative sub-
group. These were excluded from the second study to achieve round numbers for the 
training and test data. The inclusion criteria and the number of subjects are described 
in Table 3. In addition, a separate test set with 20 subjects (10 with cancer and 10 
without cancer) was analysed in Study III. A total of 222 consecutive patients were 
included in Study III with a 50:50 negative to positive ratio. The follow-up scans 
included in Study I were excluded from studies II and III, so that only one scan per 
patient was utilised. Table 4 describes the different histologies of Studies II and III 
grouped by location. The positive patient that was left out of Study II had a SCC of 
the hypopharynx and the negative patient that was left out had been treated for a SCC 
of the right tonsil. Locations and histologies of HNC included in Study III test set 
are described in Table 5. The mean age of the patients was 63.0 years with a standard 
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deviation of 11.7 years and their male–female sex ratio was 2.1. The 50:50-ratio of 
negative and positive patients does not reflect real world circumstances but was 
chosen to facilitate a more efficient training process. The basis of the ground truth 
for these cases are clinical readings combined with histological confirmation of 
disease (when available) or documented absence of disease with at least 1 year of 
follow-up. Equivocal cases were assigned to positive or negative subgroup based on 
histological confirmation or clinical follow-up.  

Table 3. Inclusion criteria and the number of included subjects for each study in this thesis. 
Abbreviations: CRT (chemoradiation cherapy), HNC (head and neck cancer).  

Study Subjects Inclusion criteria 

I 44 Histologically confirmed HNSCC, treated with CRT, locoregional recurrence 
(positive subgroup), no locoregional recurrence during a minimum of 1-year 
follow-up (negative subgroup), FDG-PET/MRI scan 

II 200 Histologically confirmed HNC, FDG-PET/MRI scan, locoregional recurrence 
or new tumour (positive subgroup), no locoregional recurrence during a 
minimum of 1-year follow-up (negative subgroup) 

III 222 Histologically confirmed HNC, FDG-PET/MRI scan, locoregional recurrence 
or new tumour (positive subgroup), no locoregional recurrence during a 
minimum of 1-year follow-up (negative subgroup) 
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Table 4. Different types of HNC included in Studies II and III, grouped by location. Abbreviations: 
SCC (Squamous Cell Carcinoma).  

Location Histology N 
Pharynx SCC 82 
 Clear cell carcinoma 1 
Oral Cavity SCC 47 
 Adenocystic carcinoma 4 
Larynx SCC 20 
Unknown primary SCC 18 
Nasal Cavity SCC 7 
 Epithelial carcinoma 1 
Salivary Glands SCC 2 
 Asinus cell carcinoma 1 
 Adenocarcinoma 1 
 Mucoepidermoid carcinoma 1 
 Epithelial carcinoma 1 
 Salivary duct carcinoma 1 
Oesophagus SCC 2 
 Adenocarcinoma 2 
Sinuses SCC 2 
Skin SCC 2 
 Merkel cell carcinoma 1 
 Adnexal carcinoma 1 
 Angiosarcoma 1 
Thyroid Papillary carcinoma 2 
 Follicular carcinoma 1 
Skull base Chondrosarcoma 1 

Table 5. Different types of HNC included in the test set of Study III, grouped by location. 
Abbreviations: SCC (Squamous Cell Carcinoma). 

Location Histology N 

Pharynx SCC 9 
 Clear cell carcinoma 1 
 Adenocarcinoma 1 
Larynx SCC 4 
Oral cavity SCC 3 
Sinuses Myoepithelial carcinoma 1 
Unknown primary SCC 1 
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4.2 Imaging Protocols 

4.2.1 Study I 
The data for the first study consisted of PET/MRIs that were conducted using a 
sequential Ingenuity 3T TF PET/MRI system (Philips Healthcare), with a SENSE 
neurovascular coil. For MRI acquisition, transaxial sequences included T1 TSE, T1 
SPIR and T2 TSE. The T1-weighted sequences focused on the region of the primary 
tumour. Contrast agent was administered with the T1 SPIR scans. T2-weighted 
sequences were utilised to provide precise anatomical delineation of both the tumour 
and adjacent lymph node regions. For this study, T1 SPIR sequences were obtained 
in 56 cases. In instances where T1 SPIR sequences were unavailable (n = 5), T1 TSE 
was used as an alternative. Similarly, in one instance where both T1 SPIR and T1 
TSE sequences were unavailable, a T2 TSE sequence was utilised. 

Attenuation correction was achieved using Dixon MRI-based sequences, which 
spanned from the level of the forehead to the groin. The correction employed a 3-
segment model, which distinguished between air, lung tissue, and soft tissue.  

PET imaging was initiated immediately following the MRI acquisition. The PET 
scan employed a transaxial field of view (FOV) of 576 mm. Image reconstruction 
was performed using the system's default "Blob-OS-TF" algorithm, a 3D ordered 
subset iterative time-of-flight reconstruction method. This process utilized 3 
iterations with 33 subsets. The final PET images were reconstructed on a 144 × 144 
matrix, yielding a voxel size of 4 × 4 × 4 mm³. Standard corrections required for 
quantitative PET imaging, including attenuation, randoms, scatter, dead-time, decay, 
and detector normalization, were incorporated.  

4.2.2 Study II 
In the second study, only the PET-images were utilised for model training and 
evaluation. The scans were performed with a 3 T Philips Ingenuity TF PET/MR 
scanner (Philips Health Care) until 3/2020, after which a SIGNA™ PET/MR 
QuantWorks (GE Healthcare) was used. Out of the total 200 PET/MRIs 72 were 
conducted using the sequential Ingenuity system, of which 29 were positive and 43 
negative. The imaging protocol for this machine was the same as is described in the 
previous chapter for Study I. After 3/2020, the 3 T SIGNA™ PET/MR replaced the 
Philips Ingenuity scanner. Out of the 200 scans, the remaining 128 were done with 
this machine, of which 71 were positive and 57 negative. The transaxial FOV this 
scanner utilised was 600 mm. The system's Q.Clear algorithm was used for image 
reconstruction. PET images were reconstructed on a 256 × 256 matrix, yielding a 
voxel size of 2.3 x 2.3 x 2.8mm³. Standard corrections required for quantitative PET 
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imaging, including attenuation, randoms, scatter, dead-time, decay, and detector 
normalization, were included.  

4.2.3 Study III 
In the third study, the model training and evaluation was carried out using PET, MRI, 
and PET/MRI data. In addition, one positive and one negative patient that were 
scanned with the Philips Ingenuity were included in this study. The imaging 
protocols for PET in this study are identical to studies I and II. MRI acquisition 
included transaxial sequences T1, T1 SPIR and T2. The T1-weighted sequences 
focused on the region of the primary tumour. T2-weighted sequences provided 
precise anatomical delineation of both the tumour and adjacent lymph node regions. 
Contrast agent was administered with the T1 SPIR scans. Of the 30 positive cases 
from the Ingenuity scanner, 23 were T1 SPIR, 4 were T1, and 3 were T2. Of the 44 
negative cases from the same scanner, 28 were T1 SPIR, 15 were T2, and 1 was T1. 
MRI sequences utilised from the SIGNA scanner were T1 and T2-weighted 
sequences. Of the 71 positive cases, 64 were T1 and 7 were T2. All 57 negative cases 
were T2. Only one sequence was included in the analysis per patient. The choice was 
done based on availability and image quality.  

4.3 Image Pre-processing 

4.3.1 Study I 
The PET/MRI images were resliced into common dimensions, and the PET images 
were cropped to the level of the corresponding MRI sequence on the transaxial plane. 
For the positive subgroup, the recurrent tumour was manually delineated using the 
metabolic information from the PET images and the anatomical information from 
the MRIs. In addition, local metastases were annotated similarly, if present. Image 
masks were then created based on these delineations and the resulting tumour 
volumes were considered as the ground truth for model training and evaluation. 
Based on the manual delineations 178 2D slices were identified as having cancer. 
The same number of slices were then randomly chosen from the negative subgroup. 
The data was split into training and test sets patient-wise with a 80:20 ratio yielding 
a training set of 290 images and a test set of 66 images. In addition, a validation set 
of 15% was split from the training data during the training process. 

The 2D slices and the corresponding masks were resized from 512 × 512 pixels 
to 128 × 128 pixels to facilitate a more efficient training process with larger batch 
sizes and to reduce the compute requirements. PET and MRI pixel intensity ranges 
differ, therefore a linear scaling between 0 and 1 was applied to both. The global 
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minimum and maximum from the training data were used for the scaling process. 
Given a situation where the test set would have had higher pixel values than those of 
the training set, the normalisation values were set to 1 and 0 for those pixel values 
that exceeded or fell below the given interval respectively. 

To evaluate the model using additional artificial data, an image augmentation 
system was built. Augmentations used in this study included flipping from left to 
right and upside down, randomly translating from -10 to 10% and rotating between 
-15 and 15 degrees. Augmentation was conducted for the training sub-set and the 
corresponding masks to produce 5 augmented images from a single original image. 
This resulted in 1450 training images and masks. 

4.3.2 Study II 
The image reslicing, cropping, delineation and mask creation were carried out 
similarly to Study I. This process resulted in 995 positive 2D PET slices from 89 
HNSCC patients and 119 positive slices from the 11 non-SCC patients. A 
corresponding number of negative slices were chosen by randomly selecting slices 
from the negative subgroup. The primary data set consisted of 995 positive HNSCC 
slices with equally many negative slices, and the additional test set consisted of the 
119 positive non-HNSCC slices and the same number of negative slices. The primary 
data set was used to train and test the models with five-fold cross-validation. The 
primary training data was divided patient-wise into five possible test sets of 199 
negative and 199 positive slices (20% of the primary training data). The non-
augmented models were then trained with a data set of 1592 slices and then tested 
with both a primary test set of 398 slices the additional test set of 238 slices. 

The original 2D slice dimensions were reduced to 128 × 128 from 512 × 512 as 
described in Study I. The images were scaled individually between 0 and 255 and 
rounded to integers to make them more memory efficient. An augmentation pipeline 
was utilised in this study as well, quadrupling the size of the training data for half of 
the performed experiments. The augmentations included clockwise and 
anticlockwise rotations of 15 degrees and a reflection against the sagittal plane so 
that the left and the right sides of a transaxial image were switched. The augmented 
training data set consisted of 6368 images. 

4.3.3 Study III 
The image reslicing, cropping, delineation and mask creation were carried out 
similarly to Study I. The images were down-sampled in-plane from 512 × 512 to 
64 × 64 to allow bigger batch sizes and more efficient computation. Voxel size of 
the original images ranged from (0.4, 0.4, 3.4) to (0.7, 0.7, 4.5) in mm. The difference 
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along the x- and y-axes is approximately two-fold, which could significantly affect 
accuracy. To address this, voxel sizes were interpolated to match the highest 
resolution within the dataset. Additionally, the image stacks were cut along the z-
axis to a uniform size of 32 slices. For the cancer subgroup, slices were selected 
based on tumour location, ensuring inclusion of slices from both sides of the central 
mask slice. For the negative images, 32 consecutive slices were randomly selected. 
This process yielded 202 PET/MRI images with dimensions of 64 × 64 × 32 pixels. 
Voxel values were linearly scaled between 0 and 1 to account for the varying pixel 
value ranges between PET and MRI. Scaling was performed individually for each 
3D image using the minimum and maximum values derived from the respective 
image. To enhance the dataset, a basic augmentation pipeline, including flipping and 
random 90-degree rotations, was implemented, quadrupling the training set size 
during the 5-fold cross-validation. This approach yielded 805 training samples for 
the first two cross-validation folds and 810 samples for the last three. The 
independent test set underwent similar pre-processing, with the exception that no 
cropping was performed along the z-axis, as a sliding window approach was 
employed for inference. This technique allows models to manage inputs of varying 
sizes by sequentially processing specific regions within the input volume using a 
fixed-size window that moves systematically across the data. 

4.4 Deep Learning Model Implementation 

4.4.1 Study I 
A 2D U-Net model was implemented for this study. The model was trained to 
perform segmentation of the primary tumour and potential metastases within the 
PET/MRI slices. In addition to the combined PET/MRI approach, separate models 
were also developed using PET slices alone, as well as PET/MRI slices augmented 
with additional features. 

The loss function used during training was binary cross-entropy and the Jaccard 
similarity coefficient was used as the accuracy metric. Gradient descent optimization 
was carried out using the Adam optimizer, with a learning rate set to 0.001. Early 
stopping was implemented to prevent overfitting, with the maximum number of 
epochs set to 200 and a patience threshold of 50 epochs. During training, the Jaccard 
similarity coefficient was evaluated on the validation dataset after each epoch, and 
the highest observed value was stored in memory. The validation data was split from 
the training data during training and is separate from the test set. After training, the 
model configuration corresponding to this highest validation Jaccard score was 
restored. This best-performing model was subsequently used for further performance 
evaluation on the test set. 
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4.4.2 Study II 
For this study, two CNN architectures were built and compared. Both models utilise 
convolutional and pooling operations to automatically capture features from the 
images. The first model was a deep U-Net inspired CNN, where only the contracting 
path of the U-Net was used, as opposed to the typical contracting and expanding 
paths of U-Net in image segmentation. The second model implemented was a 
shallow CNN that differs from the deep model by implementing only two pairs of 
convolutions. The model architectures are presented in figures 4 and 5.  

 
Figure 4. The architecture of the deep CNN used in Study II. Blue layers in the figure represent 

convolutional layers, and the gray layers represent maximum pooling layers. The 
numbers denote the dimensions of each layer. The first transparent layer is the input 
layer.  
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Figure 5. The architecture of the shallow model used in Study II. Figure notation follows the same 

convention as in figure 4.  

During training, binary-cross entropy was used as the loss function and 
stochastic gradient descent as the optimisation algorithm with a constant learning 
rate of 0.001 throughout the training process. Early stopping was used to prevent 
overfitting, with the maximum number of epochs set to 25 and a patience threshold 
of 15 epochs. This was achieved by comparing consecutive losses in the validation 
set split during training that contained 30% of the training data. As sigmoid is used 
as the last activation function in these models, the output is a single real-valued 
estimate of cancer probability within a given 2D slice. Thus, a threshold for 
determining the final binary classification result needed to be set. For this purpose, 
Youden’s J-statistic was used. It is defined as follows:  

𝐽𝐽 =  
𝑇𝑇𝑇𝑇 ∙ 𝑇𝑇𝑇𝑇 − 𝐹𝐹𝐹𝐹 ∙ 𝐹𝐹𝐹𝐹

(𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹)(𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇) 

This value can be interpreted as the distance between the receiving operating 
characteristic (ROC) curve of a randomly predicting model (diagonal line) and the 
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ROC curve of the model of interest. Therefore, it is logical that maximising this 
distance yields the best classification results.  

4.4.3 Study III 
A 3D CNN model incorporating residual connections and an attention mechanism 
was implemented for this study. Separate models were trained and evaluated for 
PET, MRI, and PET/MRI data. The architecture begins with an entry block 
consisting of a 3D convolutional layer combined with batch normalization and ReLU 
activation. Following the entry block, the data passes through a residual block and 
an attention block, each with 64 filters. This is succeeded by a second set of residual 
and attention blocks, each with 128 filters. The attention block refines feature 
representations by processing them through two parallel 1×1×1 convolutional layers, 
each learning distinct channel-wise transformations. The resulting feature maps are 
subsequently combined and reactivated. A global average pooling (GAP) layer is 
then applied, followed by a dense layer with 512 nodes and a sigmoid activation 
function to produce the final binary classification. GAP was employed to generate 
fixed-length feature vectors independent of input size, enabling the model to handle 
volumes of varying depths while reducing parameters and overfitting. Despite this 
size invariance, inference on the test set was performed with a sliding window due 
to practical constraints: limited GPU memory, the localized nature of pathological 
findings, and the improved robustness achieved by aggregating predictions from 
overlapping sub-volumes. The model's architecture is illustrated in Figure 6.  
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Figure 6. Architecture of the 3D CNN used in Study III. 

The Adam optimizer was utilized with an initial learning rate of 0.0001, coupled 
with an exponential decay rate of 0.96 over 100,000 steps. Focal binary cross-
entropy served as the loss function, while AUC was used as the performance metric. 
Early stopping was used to prevent overfitting, with the maximum number of epochs 
set to 100 and a patience threshold of 30 epochs. This was achieved by comparing 
consecutive losses in the validation set split during training that contained 20% of 
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the training data. As sigmoid is used as the last activation function in these models, 
the output is a single real-valued estimate of cancer probability within a given 3D 
image. Thus, a threshold for determining the final binary classification result needed 
to be set. This was done using the equal sensitivity and specificity-method, which is 
found by minimizing the absolute value of their difference (Rainio et al. 2024). 

4.5 Model evaluation 

4.5.1 Study I 
Segmentation performance was evaluated using the Dice score (DSC) and Jaccard 
similarity coefficient. The model was trained 50 times independently and the median 
of these models was then chosen based on the Dice score to capture the model that 
would generalise best for other cohorts. 

 
Let 𝐴𝐴 be the predicted binary mask and 𝐵𝐵 the ground truth binary mask. The Jaccard 
similarity coefficient is calculated as follows:  

𝐽𝐽(𝐴𝐴, 𝐵𝐵) =
|𝐴𝐴⋂𝐵𝐵|
|𝐴𝐴⋃𝐵𝐵|

 

Where |A⋂B| depicts the intersection of A and B. Similarly, |A⋃B| represents the 
union.  

 
The DSC is calculated as follows:  

𝐷𝐷(𝐴𝐴, 𝐵𝐵) =  
(2 ∗ |𝐴𝐴⋂𝐵𝐵|)

|𝐴𝐴| + |𝐵𝐵|  

Where |A⋂B| depicts the intersection of the A and B, and |A| and |B| are the number 
of pixels with value 1 in A and B respectively.  
 

In addition, the classification capability of the model was assessed with accuracy, 
sensitivity and specificity given a pair of predicted mask and the corresponding 
ground truth, where true positive (TP) segmentations are overlapping areas of 
predicted pixels and the ground truth, true negative (TN) segmentations are image 
pairs with no predictions nor ground truth, and false positive (FP) and false negative 
(FN) segmentations are image pairs with predicted pixels but no corresponding 
ground truth pixels and vice versa. A cut off value of 9 segmented pixels per image 
was chosen to reflect the real-world interpretation fidelity of radiologists, which is 
approximately 5 mm for PET/MRI images.  
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Sensitivity for the classification was calculated as follows:  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

Specificity for the classification was calculated as follows:  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

Accuracy for the classification was calculated as follows:  

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

4.5.2 Study II 
The classification performance of the models (non-augmented shallow, augmented 
shallow, non-augmented deep, and augmented deep) was evaluated using sensitivity, 
specificity and accuracy, as defined in section 4.5.1. In addition, F1-scores were 
determined as follows:  

𝐹𝐹1 =  
2 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇 ∙ 𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑃𝑃𝑃𝑃𝑃𝑃

 

Moreover, ROC curves were drawn for each model to determine the AUC. Each 
model was trained 30 times using the primary datasets, giving six iterations for each 
test set in five-fold cross-validation. The models were re-initialised between 
iterations to maintain independence. After each iteration, Youden's threshold was 
calculated from the training data predictions, and model performance was assessed 
on both the cross-validation sets and an additional test set comprising different 
cancer types. 

4.5.3 Study III 
The classification performance of the models (PET, MRI, and PET/MRI-based) was 
evaluated using sensitivity, specificity and accuracy, as defined in section 4.5.1. In 
addition, ROC curves were drawn for each model to determine the AUC. To ensure 
a robust evaluation, the models were trained and validated using stratified 5-fold 
cross-validation. Ensembles of the cross-validation models were then evaluated on a 
separate test set using the same metrics applied during validation. Test set inference 
utilised a sliding window approach with a window size of 32 and a stride of 16. 
Overlapping windows were used to minimise the risk of missing a tumour visible 
only in a single window. Four aggregation methods were assessed to derive a final 
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classification from the sliding window predictions: average, majority vote, median, 
and weighted average. Majority voting classified the test set as positive if most 
predicted sliding windows were positive; otherwise, it was classified as negative. 
The weighted average method was designed to linearly decrease the influence of 
slices closer to the top of the head, proportionate to the number of evaluated sliding 
windows. This was done to mimic the clinical knowledge that HNC is typically not 
present above the nasopharynx level, but the images include slices from the brains 
that have high metabolic activity. This approach to inference was chosen to preserve 
sensitivity with overlapping windows and to avoid single-window false positives.  

To mitigate the inherent "black box" nature of deep CNNs, a Grad-CAM 
(Gradient-weighted Class Activation Mapping) was implemented to visualize 
intermediate network gradients. This method provides insight into the model's 
decision-making process by highlighting the regions in the input image that the 
model emphasizes when making predictions. The test set was also reviewed by an 
experienced head and neck radiologist who was blinded to the patients' medical 
histories (incl. histopathological proof), except for the knowledge that they had HNC 
and the location of the primary tumour, excluding the one unknown primary case in 
the test set. The radiologist assessed the PET/MRI images and provided a binary 
verdict indicating the presence or absence of residual disease activity at the primary 
site or new disease activity at secondary sites. 

4.6 Ethics 
Institutional Review Board approval was obtained from the Hospital District of 
Southwest Finland for all studies. Written informed consent was waived due to the 
retrospective nature of these studies. 
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5 Results 

5.1 Study I 
After training, the models demonstrated effective segmentation of malignant tissue 
in the test set, when the segmentation performance was evaluated across the entire 
test set (Table 6). I.e. the individual 2D slices were considered as a single 3D image. 
The median model trained on un-augmented PET/MRI images achieved a DSC of 
0.81 and a Jaccard similarity coefficient of 0.68. The model trained exclusively on 
PET data yielded a median DSC of 0.68 and a Jaccard similarity coefficient of 0.52. 
The model trained on augmented PET/MRI data produced a DSC of 0.71 and a 
Jaccard similarity coefficient of 0.56 across the entire test set. 

Table 6. Segmentation performance in Study I across the entire test set. 

Model Median Dice score 
Median Jaccard similarity 

coefficient 

PET 0.68 0.52 

PET/MRI 0.81 0.68 

Augmented PET/MRI 0.71 0.56 

 

The segmentation performance was then evaluated further by considering the 
mean of the image and mask pairs where segmentation took place. False positive, 
false negative and true negative segmentations were excluded from this analysis. The 
PET- and PET/MRI-based models achieved DSCs of 0.79 ± 0.16 and 0.84 ± 0.14 
respectively. The augmented PET/MRI model scored 0.87 ± 0.09. Results of this 
comparison are presented in Table 7. The models were compared and assessed for 
statistical differences using the Wilcoxon signed-rank test. A statistically significant 
difference was observed between the PET-based model and the PET/MRI-based 
model. However, no significant differences were detected between the PET/MRI and 
augmented PET/MRI models, nor between the PET and augmented PET/MRI 
models.  
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Table 7. Mean segmentation performance of the image and mask pairs where segmentation took 
place. *: Compared to PET/MRI, §: compared to augmented PET/MRI, †: compared to PET.  

Model 
Mean Dice score  

± SD P-value 

Mean Jaccard 
similarity coefficient 

± SD P-value 

     
PET 0.79±0.16 0.008* 0.68±0.20 0.008* 
PET/MRI 0.84±0.14 0.247§ 0.75±0.18 0.273§ 
Augmented PET/MRI 0.87±0.09 0.156† 0.78±0.13 0.145† 

 

Figure 7 demonstrates a successful segmentation of a HNSCC of the 
nasopharynx where the DSC between the ground truth (a) and prediction (b) is 0.95. 
The correlation between the number of predicted pixels and ground truth pixels per 
2D image slice was also assessed using linear regression. The coefficient of 
determination (R2) for the un-augmented PET/MRI model was 0.90. 

 
Figure 7. Transaxial FDG-PET/MRI images with a successful segmentation of a HNSCC of the 

nasopharynx where the Dice score between the ground truth (a) and prediction (b) is 0.95. 

The classification performance of the models was moderate. The PET/MRI-based 
model achieved an accuracy of 0.71, with a specificity of 0.68 and a sensitivity of 0.77. 
The PET-only model had a higher tendency for false-positive predictions but had a 
sensitivity comparable to the PET/MRI model. The model trained on augmented 
PET/MRI data achieved a sensitivity of 0.53, specificity of 0.77, and an overall 
accuracy of 0.65. Table 8 details the segmentation performances of the median models 
when true negatives, false positives and false negatives were considered in addition to 
the true positives. Classification results are presented in Table 9.  
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Table 8. Segmentation performances of the median models calculated for each individual image 
slice of the test set. True negatives, false positives and false negatives were considered 
in these calculations in addition to true positives. 

Model 
Mean Dice score ± 

SD 

Mean Jaccard 
similarity coefficient 

± SD 

PET 0.57±0.46 0.53±0.45 
PET/MRI 0.67±0.43 0.64±0.43 
Augmented PET/MRI 0.63±0.45 0.60±0.45 

Table 9. Classification results of the models on the test set. Abbreviations: TP (true positive), TN 
(true negative), FP (false positive), FN (false negative), Sens. (sensitivity), Spec. 
(specificity), Acc. (accuracy).  

Data  TP TN FP FN Sens. Spec. Acc. 

PET 18 23 19 6 0.75 0.55 0.62 

PET/MRI 20 27 13 6 0.77 0.68 0.71 

Augmented PET/MRI 17 26 8 15 0.53 0.77 0.65 

5.2 Study II 
The median values of the evaluation metrics for the predictions on the test set during 
the 30 iterations for each four models were calculated and are shown in Table 10. 
The augmented deep CNN scored the highest, with the non-augmented deep CNN 
and the augmented shallow CNN following and the non-augmented shallow CNN 
showing the poorest performance. The specificity and AUC values for these models 
were excellent, while the sensitivity was quite low. This is also reflected in the 
accuracy and F1-scores.  

Table 10. Median values of the evaluation metrics were calculated from the predictions generated 
across 30 iteration rounds on the primary test set. Abbreviations: F1 (F1-score), AUC 
(area under the curve).  

Model Accuracy (%) Sensitivity (%) Specificity (%) F1 (%) AUC (%) 

Non-augmented shallow 69.2 65.1 73.6 68.2 74.8 
Augmented shallow 74.6 68.6 80.9 72.9 80.7 
Non-augmented deep 74.7 70.4 77.6 73.6 82.2 
Augmented deep 78.6 72.4 84.9 77.4 85.1 
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Results of the Wilcoxon tests conducted on six model pairs, comparing 
evaluation metric values from the primary test sets are presented in Table 11. While 
Table 10 indicates that all evaluation metrics, except specificity, have higher 
medians for the non-augmented deep model compared to the augmented shallow 
model, Table 11 shows that these differences are not statistically significant. 
However, specificity is significantly higher in the augmented shallow model 
compared to the non-augmented deep model. Statistically significant differences in 
accuracy, specificity, F1 score, and AUC were observed across the other five model 
pairs, with the augmented deep model demonstrating superior performance in both 
accuracy and AUC compared to the other models. 

Table 11. P-values from the Wilcoxon signed-rank test for evaluation metrics derived from 
predictions on the primary test sets across 30 iteration rounds. Statistically significant 
values at a 5% significance level are highlighted in bold. 

Test Accuracy Sensitivity Specificity F1 AUC 

Non-augmented vs augmented 
shallow 

 < 0.001 0.497  < 0.001  < 0.001  < 0.001 

Non-augmented vs augmented deep  < 0.001 0.293  < 0.001  < 0.001 0.00159 

Non-augmented shallow vs deep  < 0.001 0.251  < 0.001 0.00225  < 0.001 

Augmented shallow vs deep  < 0.001 0.00842 0.0104  < 0.001  < 0.001 

Augmented shallow vs non-
augmented deep 

0.0918 0.141  < 0.001 0.718 0.147 

Non-augmented shallow vs 
augmented deep 

 < 0.001 0.0367  < 0.001  < 0.001  < 0.001 

 

Table 12 examines the relationship between the median sensitivity values and 
locations of HNSCC of the primary test set. Higher sensitivity values were seen for 
all four models for tumours on the root of tongue, in the fossa piriformis, in the oral 
cavity, and in the larynx. The median sensitivity was lower; however, when the 
tumour was in the oropharynx (excluding root of tongue), or the nasopharynx. 
Unknown primaries had higher sensitivity as well, whereas hypopharynx (excluding 
the piriform fossa), the upper oesophagus, nasal cavity, salivary glands, sinuses, and 
skin had lower sensitivity. This is most likely due to their very low frequency in the 
data.  
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Table 12. Subgroups of head and neck squamous cell carcinoma (HNSCC) patients categorized 
by tumor location, number of patients per subgroup, total number of positive slices within 
each subgroup, and the median sensitivity (%) calculated from predictions on the 
primary test sets over 30 iteration rounds. Values exceeding the overall sensitivity of the 
primary test sets for the respective model (refer to Table 10) are highlighted in bold. 

HNSCC tumour 
location Patients 

Slices 
in total 

Non-
augmented 

shallow 
Augmented 

shallow 

Non-
augmented 

deep 
Augmented 

deep 

Oral cavity 18 203 81.7 70.4 78.3 75.0 
Root of tongue 11 132 96.8 86.7 97.7 83.3 
Oropharynx 
(exc. root of 
tongue) 

13 141 50.8 33.3 51.1 35.4 

Nasopharynx 8 83 33.3 26.1 39.4 45.2 
Larynx 7 54 65.8 73.7 73.7 77.0 
Fossa piriformis 5 90 86.7 80.5 93.3 80.2 
Unknown 
primary 

13 147 90.6 88.5 90.6 88.5 

Other 14 145 50.0 55.8 55.2 67.7 
 

Table 13 presents the evaluation metrics values computed from the additional 
test set comprising of patients with head and neck cancer diagnoses other than 
HNSCC. Compared to Table 10, slightly lower performance was seen on this 
additional test set relative to the primary test sets containing only HNSCC cases. 

Table 13. Median evaluation metric values calculated from predictions on the additional test set 
over 30 iteration rounds. 

CNN Accuracy (%) Sensitivity (%) Specificity (%) F1 (%) AUC (%) 

Non-augmented shallow 63.0 72.3 52.5 65.9 70.1 
Augmented shallow 67.6 61.3 73.9 65.6 71.9 
Non-augmented deep 70.4 73.5 67.6 70.7 78.1 
Augmented deep 75.0 69.7 80.3 73.4 79.4 

Table 14 shows that all models accurately detect follicular and papillary 
carcinoma of the thyroid gland, as well as mucoepidermoid carcinoma of the parotid 
gland, but fail to identify chondrosarcoma of the neck. Notably, the augmented deep 
model demonstrates markedly lower sensitivity for adenocystic carcinoma of the oral 
cavity, adenocarcinoma of the oesophagus, and adnexal carcinoma of the skin 
compared to the other three models. 
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Table 14. Subgroups of positive head and neck cancer patients categorized by diagnosis, number 
of patients per subgroup, total number of positive slices within each subgroup, and 
median sensitivity (%) calculated from predictions on the additional test set over 30 
iteration rounds. Values exceeding the overall sensitivity of the additional test set for the 
corresponding model (refer to Table 13) are highlighted in bold. 

Diagnosis Patients 

Slices 
in 

total 

Non-
augmented 

shallow 
Augmented 

shallow 

Non-
augmented 

deep 
Augmented 

deep 

Adenocystic 
carcinoma of oral 
cavity 

3 24 70.8 70.8 70.8 50.0 

Adenocarcinoma 
of oesophagus 

2 29 86.2 82.8 82.8 69.0 

Chondrosarcoma 
of neck 

1 9 0.00 0.00 0.00 0.00 

Papillary carcinoma 
of thyroid gland 

2 33 100 100 100 100 

Follicular 
carcinoma of 
thyroid gland 

1 12 100 100 100 91.7 

Mucoepidermoid 
carcinoma of 
parotid gland 

1 5 100 100 100 100 

Adnexal carcinoma 
of skin on neck 

1 7 100 100 100 64.3 

5.3 Study III 
During cross-validation, some overfitting and volatility between epochs were 
observed across all imaging modalities, which is expected given the sample size and 
heterogeneity of the dataset. Among the imaging modalities, PET and PET/MRI 
produced comparable results, while MRI performed lower overall (Table 15). The 
PET-based model achieved mean accuracy, sensitivity, specificity, and AUC values 
of 0.75, 0.72, 0.77, and 0.82, respectively, across the 5 validation folds. For the MRI-
based models, these metrics were 0.66, 0.63, 0.68, and 0.73, while the PET/MRI-
based model achieved 0.72, 0.69, 0.74, and 0.80. Figure 8 illustrates the AUCs 
obtained by the PET-based models during the 5-fold cross-validation. Details of true 
negatives, false positives, false negatives, and true positives for all models and 
validation folds are provided in Table 16. 
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Table 15. Average and median performance across the training folds during the 5-fold cross-
validation process. 

Data Method Accuracy Sensitivity Specificity AUC 

PET      
 Mean 0.75 0.72 0.77 0.82 
 Median 0.78 0.75 0.80 0.86 
MRI      
 Mean 0.66 0.63 0.68 0.73 
 Median 0.68 0.65 0.70 0.74 
PET/MRI      
 Mean 0.72 0.69 0.74 0.80 
 Median 0.73 0.70 0.75 0.81 

 
Figure 8. AUC values and the corresponding ROC curves for the cross-validation of the PET-

based model. 
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Table 16. Classification results for each validation fold of each model. 

Modality 
Validation 

Fold 
True 

Negatives 
False 

Positives 
False 

Negatives 
True 

Positives 

PET 1 14 6 7 14 
 2 18 3 4 16 
 3 14 6 7 13 
 4 16 4 5 15 
 5 16 4 5 15 
MRI 1 15 5 6 15 
 2 13 8 9 11 
 3 15 5 6 14 
 4 12 8 9 11 
 5 14 6 7 13 
PET/MRI 1 15 5 6 15 
 2 15 6 7 13 
 3 13 7 8 12 
 4 17 3 4 16 
 5 15 5 6 14 

 

Following the 5-fold cross-validation procedure, an ensemble of models for each 
imaging modality was employed to classify the independent test set. In terms of 
accuracy, averaging or taking the median of the sliding window predictions yielded 
the best results for PET, MRI, and PET/MRI-based models, achieving accuracies of 
0.90, 0.75, and 0.60, respectively. For PET and PET/MRI models, the highest 
sensitivities of 1.0 and 0.70 were obtained using averaging, median, or weighted 
average. The MRI-based model achieved its highest sensitivity of 0.70 with the 
weighted average method. For PET and MRI models, the highest specificities of 0.80 
and 0.90, respectively, were observed using averaging, majority voting, or median. 
For the PET/MRI model, the highest specificity of 0.50 was consistent across all 
methods. Regarding AUC, the weighted average performed best for the PET model, 
scoring 0.94. For the PET/MRI model, the highest AUC of 0.74 was achieved using 
the median of the sliding windows, while for the MRI model, the best AUC of 0.79 
was obtained with averaging. The radiologist identified all cases correctly. These 
results are shown in Table 17.  
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Table 17. Results of the sliding window inference on the test set compared with radiologist 
performance. 

Data Method Accuracy Sensitivity Specificity AUC 

PET/MRI      
 Average 0.60 0.70 0.50 0.72 
 Majority Vote 0.55 0.60 0.50 NA 
 Median 0.60 0.70 0.50 0.74 
 Weighted Average 0.60 0.70 0.50 0.73 
PET      
 Average 0.90 1.00 0.80 0.92 
 Majority Vote 0.70 0.60 0.80 NA 
 Median 0.90 1.00 0.80 0.92 
 Weighted Average 0.75 1.00 0.50 0.94 
MRI      
 Average 0.75 0.60 0.90 0.79 
 Majority Vote 0.60 0.30 0.90 NA 
 Median 0.75 0.60 0.90 0.77 
 Weighted Average 0.70 0.70 0.70 0.78 
Radiologist  1.00 1.00 1.00 NA 

 

The highest-performing PET-based model was further evaluated for 
interpretability using Grad-CAM. The Grad-CAM results indicate that positive 
predictions are correctly based on regions exhibiting high malignant metabolic 
activity. This is exemplified in Figure 9, which shows a patient with significant 
residual disease (SCC of the base of the tongue) correctly classified as positive. A 
similar example is presented in Figure 10, where a patient with SCC of the 
oropharynx was also correctly identified as positive. 
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Figure 9. Grad-CAM of patient with a residual SCC of the base of the tongue who was correctly 

classified as positive. 
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Figure 10. Grad-CAM of patient with a residual SCC of the oropharynx who was correctly classified 

as positive. 

To illustrate the relationship between the PET-based model's observations and 
its final classification decisions, the correlation between the maximum Grad-CAM 
pixel intensity per image slice and slices containing cancer was analysed. The results 
of this analysis for all patients classified as positive (10 true positives and 2 false 
positives) are shown in Figure 11. In this figure, each box in a column represents a 
single transaxial PET slice. The left column displays the binary ground truth for each 
slice, with black indicating a negative slice and white indicating a positive slice, i.e., 
the presence of cancer in the original images. The right column shows the maximum 
pixel intensity from the Grad-CAM heatmap for each slice, scaled between 0 and 1. 
For patients correctly classified as positive (1–10), an overlap was observed between 
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Grad-CAM activity and slices labeled as positive. As expected, no such overlap was 
seen for the false positives, as all slices in these cases were negative. 

 
Figure 11. Correlation between the maximum pixel intensity per slice in the Grad-CAM heatmap in 

patients classified as positive by the PET-based model and the binary ground truth 
values for the image slices. The x-axis indices 1–10 represent the 10 test set patients 
correctly classified as positive, while indices 11–12 correspond to negative patients 
incorrectly classified as positive. 

The best-performing model was the PET-based model using averaging (and 
median) for sliding window aggregation. This model achieved a sensitivity of 100% 
and a specificity of 80% on the test set, indicating two false-positive predictions. The 
raw prediction scores for these false positives were 0.92 and 0.88, while the decision 
threshold for the ensemble model was set at 0.87 (the mean of the five thresholds 
obtained during cross-validation). The first case involved a patient who had been 
successfully treated for SCC of the left tonsil. The PET/MRI revealed abnormal 
metabolic activity in the region, which was determined to be non-malignant. The 
radiologist also identified non-specific activity in this area. However, the Grad-CAM 
analysis did not highlight any specific regions of interest in this area. Instead, the 
model appeared to focus primarily on the shoulder muscles, as illustrated in Figure 
12. 



Results 

 65 

 
Figure 12. Grad-CAM of the first false positive classification where the PET-based model focused 

most intensely on the patients shoulder muscles without any apparent reason and 
ultimately classified the patient incorrectly as positive.  

The second false positive involved a patient treated for epithelial cancer of the 
right sinus. The PET/MRI revealed prominent but diffuse metabolic activity in the 
sublingual salivary gland, which was determined to be benign. However, Grad-CAM 
analysis indicated that the model’s attention was primarily focused on a region of the 
skull, as shown in Figure 13. 
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Figure 13. The second false positive case of the test set, where the model’s primary focus is 

located around a section of the skull bone, indicating a clear false positive finding. 
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6 Discussion 

6.1 Performance and Clinical Utility 
This section evaluates the performance and clinical utility of the developed models 
across three key aspects. First, the classification capabilities of the models from 
studies I, II, and III. Second, the segmentation performance of the models developed 
in Study I. Third, the interpretability of these models, as analysed in Study III. 

6.1.1 Classification 

6.1.1.1 Study I 

While Study I mainly examined the 2D segmentation performance of the model, 
classification metrics were evaluated as well, since the training and test data included 
negative controls. The non-augmented PET/MRI model achieved the highest overall 
accuracy of 71%, with PET and augmented PET/MRI -models scoring 62% and 65% 
respectively. The sensitivity and specificity for the PET/MRI model were 77% and 
68% respectively. Although augmentation is often expected to improve 
generalisation, in this work the “classification” outcome is implicitly derived from 
the segmentation output; consequently, any reduction in lesion detectability or 
tendency to produce smaller predicted regions can disproportionately increase false 
negatives and reduce sensitivity, thereby lowering overall accuracy. Given the 
limited number of unique slices (n = 356) and the resulting redundancy introduced 
by geometric augmentation, it is plausible that augmentation increased apparent 
variability without adding new biological variability and may therefore have 
provided limited benefit for generalisation in this setting. This is consistent with prior 
observations that augmentation is not universally beneficial; for example, Elgendi et 
al. reported that several commonly used augmentation strategies reduced validation 
accuracy compared with training without augmentation in a chest X-ray deep 
learning classification task (Elgendi et al. 2021). Overall, moderate classification 
performance is not unexpected because the network was optimised for segmentation 
rather than dedicated classification.  
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6.1.1.2 Study II 

In Study II CNNs were designed to classify 2D slices of 3D PET volumes. The 
rationale for this decision was to enable efficient training and inference with the 
available data and computing resources, as training 3D models requires significantly 
more computing power for the same data. Moreover, using only PET images ensures 
compatibility with both PET/CT and PET/MRI scanners. All models showed high 
specificity and identified negative slices correctly, with the best performing 
augmented deep model achieving median specificities of 85% and 80% on the 
primary and additional test sets respectively during the 30 iteration rounds. The 
sensitivity results were notably lower however, with the augmented deep model 
achieving median sensitivities of 72% and 70% respectively on the primary and 
additional test sets. Furthermore, AUC values were relatively high in comparison to 
the other metrics, which indicates that Youden’s threshold may not be optimal for 
this type of binary classification application. In subsequent work, a sensitivity-
weighed threshold was found beneficial in these types of settings, where a high 
sensitivity is crucial (Rainio et al. 2024). Using all available negative image slices in 
the dataset might have further increased overall model accuracy, but likely at the cost 
of sensitivity. In addition, data augmentation improved model performance in the 
shallow and deep models, with the deep models outperforming the shallow ones, as 
expected.  

The effect of tumour location on sensitivity was notable, with tumours at the base 
of the tongue and in fossa piriformis performing better than other subgroups. This is 
likely due to the specific anatomical characteristics of these regions and how 
frequently they appear in the data. This is further supported by the relatively low 
sensitivities of more uncommon tumour locations such as the nasopharynx, as these 
are so scarcely represented in the data. A difference in performance was also seen 
with the additional test set, where the models performed slightly worse than with the 
primary test set. This difference was expected, as the models were only trained with 
HNSCC data. However, the difference between these groups was only a couple of 
percentage points, suggesting that models trained on HNSCC data can be used to 
detect other types of cancer and are good candidates for transfer learning. For 
instance, these models could provide starting points for developing models for 
detecting tumours of the thyroid or parotid glands. It was also noted that the 
augmented deep model had lower sensitivity in detecting adenocystic carcinoma of 
the oral cavity, adenocarcinoma of the oesophagus, and adnexal carcinoma of the 
skin. This is plausibly related to limited representation of these entities in the training 
data. As discussed in chapter 6.1.1.1, standard augmentation primarily increases 
geometric variability and therefore may provide limited additional information for 
rare subgroups because it does not introduce new biological/pathological variability 
or substantially different tumour–background contexts. In this setting, augmentation 
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may therefore have limited benefit—and can even be detrimental—for infrequent 
histologies. More robust improvement is likely to require additional representative 
cases and/or imbalance-aware training strategies, while keeping augmentations 
anatomically plausible. 

6.1.1.3 Study III 

The classification results obtained in the third study with the 3D based models are 
promising, especially the PET-based model with a mean accuracy of 75% during 
cross-validation and 90% for the separate test set. The notably better performance in 
the test set could be explained by the same issue as described in the previous chapter, 
where the presence of outliers affects the model performance significantly when the 
available data is limited. The PET-based model outperformed the PET/MRI and 
MRI-based models on the test set and in cross-validation, indicating the importance 
of the metabolic signal in detecting HNC. During cross-validation, the PET/MRI-
based model underperformed slightly compared to the PET-based model with a mean 
accuracy of 72%, whereas the MRI-based model only achieved a mean accuracy of 
66%. The poorer performance of the MRI-model was to be expected based on our 
previous experience in Study I, where the MRI-based model failed to produce any 
meaningful results in 2D segmentation. Interestingly, the PET/MRI-based model 
resulted in worse classification results than either modality alone on the test set. The 
model’s inability to benefit from dual-modality images might be related to the small 
size and heterogeneity of the HNC dataset, where the anatomical signal interferes 
with the metabolic, instead of providing supporting information. This effect may be 
particularly prevalent in datasets like ours, where the majority of tumours exhibit 
high metabolic activity, thus reducing MRI’s complementary value. In addition, 
given the overfitting observed during training, the PET/MRI model could be 
expecting consistent complementary signals learned from the training data but then 
struggles when faced with situations where the two modalities conflict.  

The trained models were evaluated against the gold standard, defined as 
histopathological confirmation for positive cases and absence of disease on follow-
up for negative cases. For reference, an experienced head and neck radiologist 
independently reviewed the images. In this dataset, the radiologist’s assessments 
were fully in line with the gold standard, achieving perfect accuracy and surpassing 
the model performance. However, clinical practice shows that radiologists’ 
interpretations are not always perfect, a larger test set could have resulted in more 
human errors. Moreover, instead of only a binary classification by the radiologist, a 
more fine-grained score, such as five-point scale, could have simulated the degree of 
uncertainty in the interpretation and thus been easier to compare with the models and 
their decision threshold. Also, unlike the radiologist, the PET/MRI model was not 
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able to benefit from the joint information. Addressing this issue with more robust 
data will likely improve model performance.  

This study demonstrates the feasibility of analysing entire 3D PET/MRI volumes 
of variable depths using sliding window inference. This method also provides 
benefits in terms of efficiency when compared to 2D methods that require 
aggregating the 2D predictions to produce a patient-wise classification, which is 
what provides the clinical value. In addition, when compared with human observer’s 
efficiency, the gains are drastic, as these models perform the classification of a whole 
PET/MRI volume in the fraction of a second. The PET-based model achieved 100% 
sensitivity and 80% specificity on the test set, suggesting it could be used as an 
efficient pre-screening tool in clinical practice. Currently, there are no directly 
comparable classification studies done on HNC PET/MRI images. However, Chen 
et al. and Dohopolski et al. investigated lymph node classification from PET/CT 
images using 3D CNNs (Chen et al. 2019; Dohopolski et al. 2020; Chen et al. 2021). 
Chen et al. were able to achieve an accuracy of 88% in multiclass (normal, 
suspicious, and involved) classification with a dataset of 59 patients. In a subsequent 
study they achieved 98% accuracy on binary classification using a dataset of 129 
patients. Using the same data, Dohopolski et al. achieved 99% AUC in binary 
classification. The crucial difference between these studies and studies II and III of 
this thesis is that the models in them were trained only on cropped images of lymph 
nodes, whereas in studies II and III whole 2D and 3D images were utilised in training 
and classification was done for the whole image.  

Overall, even though the models showed relatively high classification 
performance, further improvements and testing are required before clinical adoption. 

6.1.2 Segmentation 
The 2D U-Net developed with PET/MRI data in Study I was able to produce accurate 
segmentations on images where cancer was detected, achieving a mean DSC of 84%. 
The PET-based and the augmented PET/MRI models had DSCs of 79% and 87% 
respectively. However, as described earlier, the non-augmented PET/MRI model 
was the most accurate in identifying ROI’s for segmentation among the positive and 
negative test images, thus explaining why the PET/MRI model had a DSC of 81% 
and the PET and augmented PET/MRI models had 68% and 71% respectively, when 
the test cases were considered as a single 3D image. Moreover, when including true 
negative, false positive, and false negative image pairs, the DSCs for PET/MRI, PET, 
and augmented PET/MRI were 67%, 57%, and 63%, respectively. These results 
highlight the 2D model’s capability of making accurate segmentations once a true 
positive case is identified, and on the other hand demonstrate the impact of 
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classification accuracy on the overall segmentation performance, when positive and 
negative cases are processed with segmentation models.  

These results are roughly in line with those published by Ren et al on PET/MRI 
segmentation and others on PET/CT segmentation (Ren et al. 2021; Moe et al. 2021; 
Andrearczyk et al. 2020; Huang et al. 2018). Others have also reported higher 
segmentation accuracies, as shown in Table 2. However, direct comparison between 
studies is difficult, due to differences in methodology and data. For instance, pre-
processing protocols, algorithms used, inclusion of negative controls, and validation 
methods vary greatly. In terms of this study, the use of MRI as the anatomical 
counterpart to PET could explain the relatively high DSC for the true positive cases 
on such limited data. Similarly, the limited data is likely a key contributor to the 
modest classification accuracy of this model. Moreover, the PET images seem 
crucial for the segmentation task, at least within this data, since an MRI-based model 
was also trained, but did not provide any meaningful results. Notably, the augmented 
PET/MRI model achieved high mean DSC on true positive cases, yet its overall 
performance decreased once negative controls and misclassifications (false 
positives/false negatives) were included. This is consistent with the fact that 
aggregate DSC in a mixed positive–negative evaluation is dominated by ROI 
identification: missed lesions and spurious predictions substantially lower the overall 
score even if overlap is strong when a true tumour is detected. As discussed in 
6.1.1.1, in a limited dataset, geometric augmentation may add correlated variants 
without increasing biological/pathological variability, which may reduce 
generalisation and degrade ROI identification—providing a potential explanation for 
the lower overall performance of the augmented model. 

Despite showing initial promise in selected segmentation cases, increased 
datasets, refined pre-processing protocols and model architectures are required for 
creating more robust segmentation models ready for clinical practice. Furthermore, 
utilising 3D segmentation models to capture spatial information will likely provide 
the most clinical benefit, as they enable direct MTV and GTV calculations without 
the need for aggregating 2D segmentations. It is also feasible that combining a 
classification model with a segmentation model could provide a more efficient 
interpretation pipeline, where only the cases classified as positive continue to the 
segmentation model, thus eliminating the need to train the segmentation models with 
negative controls. 

6.1.3 Interpretability 
The ‘black box’ nature of DL is a key issue in developing reliable and robust AI 
applications. This is especially true in safety critical domains, such as medical AI. 
For use cases like segmentation, where the output of the model is easily illustrated 
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and verified by an expert, this might not be as big of a problem. In contrast, use cases 
such as binary classification might only provide a single number as a result that is 
then thresholded into a classification. Without any additional reasoning or 
justification, even if correct, this result does not evoke trust or confidence in the end 
user that is required for routine clinical use. Moreover, interpretability is important 
to reduce the risk of “Clever Hans” behaviour, where a model appears to perform 
well by relying on spurious correlations or confounding cues rather than clinically 
meaningful features (Lapuschkin et al. 2019). In addition to building trust via 
transparency, interpretability measures can be used to identify imaging biomarkers 
from the data that might otherwise be missed by the human observer.  

The interpretability of the binary classifications produced by the highest 
performing PET-based 3D CNN model was explored in Study III using Grad-CAM. 
To visualize the distribution of Grad-CAM heatmap activity for each positively 
classified patient along the depth axis, the maximum pixel value of each Grad-CAM 
heatmap per 2D slice of the PET volume was compared with the binary ground truth 
of the corresponding image slice (Figure 11). The maximum pixel intensity of Grad-
CAM was found to correlate with the depthwise locations of the HNC in the 
positively classified patients, indicating that the true positive classifications on the 
test set are based on real areas of interest. However, tumours with little or no 
metabolic activity, such as necrotic lymph nodes, might receive less attention, 
because the Grad-CAM was based on the PET-model, which explains the transaxial 
slices in Figure 11, where there is cancer, yet only low or moderate Grad-CAM 
intensity. Moreover, comparing the maximum heatmap value of a single pixel in a 
transaxial slice with the ground truth value is a simple proxy to help visualise the 
depthwise attention distribution of the model. For example, this approach does not 
take the number of high-intensity pixels (i.e. the size of the ROI) into consideration 
at all. Some interpretations might also be made based on the presence of normal 
anatomical structures, which however is not reflected in this analysis either. 
Furthermore, the Grad-CAM heatmaps for the two false positive classification cases 
provide no clear indication why the model’s peak interest would be on the sections 
showed in Figures 12 and 13, as these ROIs overlap the patient’s shoulder muscles 
in Figure 12 and a section of the skull for the patient in Figure 13. From a clinical 
point of view these types of false positive errors are easy to identify and correct. 
Similarly, it is easy to agree with the heatmaps on true positive findings, as they seem 
to capture the areas of malignant metabolic activity quite well. Despite providing 
valuable supportive information, Grad-CAM only gives insight into which areas are 
relevant for the prediction, but not why they are relevant. This is an important 
distinction from a clinical point of view. Overall, Grad-CAM provides useful 
information on model decisions and can help facilitate the transition into clinical 
practice, provided its limitations are kept in mind.  
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6.2 Limitations 
This chapter discusses the limitations of this thesis and more broadly the limitations 
encountered in the field of Medical ML. The attempts to mitigate these issues 
through evaluation guidelines and best practices are also discussed.  

6.2.1 Data Quantity and Quality 
The number of training examples needed for producing an accurate DL model has 
been contemplated in the field of computer vision, but no clear values can be set for 
determining the minimum threshold for a given computer vision problem. For 
instance, Krizhevsky et al. used a dataset of over 1 million images to train their 
famous AlexNet in the 2012 Imagenet challenge (Krizhevsky et al. 2012). Many 
others also report data set sizes with image samples ranging from 10 000 upwards in 
similar 2D image classification tasks. However, with medical imaging the tasks are 
often extremely specific, and data is scarce. Cho et al. investigated determining the 
optimal training data size in a 2D classification problem where they sought to 
classify whole body CT scans into 6 different anatomical classes (Cho et al. 2015). 
They found that after approximately 100 training samples per class the model begins 
to plateau, when at 100 samples per class the model reached an accuracy of 90% and 
at 200 samples the model scored 96%. The authors also state that to reach a desired 
accuracy of 99.5%, given the demands of the medical domain, they would need 4092 
samples per class based on the predicted learning curve. 

In studies I and II the data consisted of 290 and 1990 training samples 
respectively, with a 50:50 ratio of positive and negative samples. Considering the 
results obtained by Cho et al. both studies should have enough data to achieve 
excellent results. However, there are several factors that influence the data 
requirements of a given problem. First, these studies were binary classification 
(segmentation is effectively classification on pixel level), whereas Cho et al. 
conducted multiclass classification. Second, it is unclear how well their findings 
apply to segmentation problems, even though segmentation can be seen as pixel level 
classification. Third, the heterogeneity that exists within images of different types of 
HNC is much greater than in images of normal human anatomy.  Finally, Study III 
involved 3D binary classification of HNC, where 202 patients (50:50 negative to 
positive ratio) with 32 image slices per each patient were included in the training 
data, totalling 6464 image slices. According to Cho et al. these 3232 image slices per 
class should be enough to provide very high accuracies, yet the median accuracy 
during the with 5-fold cross-validation was 78%, even with prior augmentation to 
quadruple the data size. It should be noted that not all of the 32 slices for each 
positive patient contained cancer, but they were included to achieve uniform depth 
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dimensions for the 3D images. Thus, it is likely that the dimension of the problem 
(2D vs. 3D) influences its data requirements.  

The binary classification of HNC and the multiclass problem of different 
anatomical sites by Cho et al. are of course not directly comparable, since same 
anatomical sites tend to resemble each other quite closely forming a distinct class 
pattern, whereas in HNC the location and the anatomical characteristics of a tumour 
can differ significantly within the data and yet belong to the same class. Thus, it is 
clear that the frequency at which a given type of tumour appears in the data of studies 
II, III, and especially in Study I can be very low. The heterogeneity of the data and 
its relative scarcity are the two most obvious limiting factors with the largest impact 
on model performance in Studies I, II, and III. To mitigate this issue, data 
augmentation was used in these studies to improve performance. However, the 
drawback of this approach can be overfitting and reduced ability to generalise, as 
was discussed in 6.1.1.1. 

In addition to quantity, data quality is a key concern in developing robust 
machine learning models. It must be labelled in a coherent and precise manor to 
avoid giving the model mixed signals during training. In the three studies of this 
thesis, key factors affecting data quality were image acquisition on two separate PET 
scanners due to our centre introducing a new machine in March of 2020. This 
affected studies II and III where roughly 36% of PET data came from the older 
sequential machine and 64% from the newer machine. Moreover, the MRI sequences 
used in studies I and III varied based on availability and quality. For instance, in 
some patients all neck specific sequences were not available due to disease related 
discomfort laying down in the MRI-machine, or claustrophobia, and movement 
related artifacts. The sequential scanning method used until 3/2020 also differs from 
the newer hybrid method. The inclusion of scans from different machines and 
varying MRI sequences increases the heterogeneity of the data even more. It was in 
part a necessity due to circumstances related to our centre and individual patients. 
However, it was also an active decision to include these diverse data to better 
simulate real world situations. This decision had likely some amount of negative 
impact on the model performance but can ultimately help generalise these models 
better in the long run, as more data is gathered. Furthermore, all images were pre-
processed before training, including downsampling of the image dimensions to allow 
a more efficient training procedure on limited computing resources. With this 
process, some information is inevitably lost. The ratio of positive and negative 
samples was also set to approximately 50:50 for all studies, which does not reflect 
the clinical reality, where the majority of cases are negative. Lastly, the data was 
annotated by a single observer, which inherently comes with a bias. Aggregating an 
annotation consensus by several experts could provide more accurate annotations in 
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the future. Overall, HNCs are a diverse group of diseases and going forward there 
should be even more emphasis on data quantity and quality.  

6.2.2 Medical ML Evaluation Guidelines 
Some frameworks and best practices for medical ML have been proposed to provide 
a more robust way of conducting these studies and improving their comparability 
(Mongan et al. 2020; Müller et al. 2022; Hicks et al. 2022). These guidelines support 
the use of structured checklists when conducting a study and reporting its findings, 
such as the CLAIM checklist proposed by Mongan et al. An emphasis should be 
placed on clearly defining data partitions to avoid leakage. Appropriate metrics to 
suit the evaluated task should be chosen. For instance, DSC and/or Jaccard similarity 
coefficient for segmentation, especially when class imbalance is in favour of the 
background. Class imbalances should be analysed and reported among the training 
and test data to identify differences in performance across varying prevalence 
scenarios. In addition, a thorough error analysis should be conducted. Visualisation 
and expanding on summary statistics (accuracy etc.) with confusion matrices and 
score distributions is encouraged to reveal any biases or outliers and give insight to 
the mode of failure. Moreover, explainability techniques are recommended for tying 
the performance metrics back to clinical relevance and help clinicians to interpret AI 
decisions. External validation and sharing the code and data to reproduce the results 
is suggested, when possible. Lastly, constant maintenance and updates to the 
reporting guidelines through community consensus are crucial to ensure guideline 
alignment with the rapid advancements in the field.  

Despite these proposed frameworks, adherence to them is inconsistent and their 
formal endorsement by journals is low (Zhong et al. 2023; Koçak et al. 2025). Koçak 
et al. identified considerable reporting gaps in terms of CLAIM checklist items, 
where on average a third were missing. Majority of the analysed studies 
underreported 11 items consistently (missing in ≥50%): De-identification methods, 
Data imputation, intended sample size and its determination, Flow of participants 
using a diagram to indicate inclusion and exclusion, Demographic and clinical 
characteristics for each data partition, statistical measures of significance and 
uncertainty, explainability and interpretability methods, estimates of diagnostic 
accuracy and their precision, failure analysis, registration number and name of 
registry, and access to full study protocol. This was seen as a broader reflection of 
the challenges in the field of Medical AI, where obtaining sufficient sample sizes, 
addressing uncertainty and interpretability are some of the core problems. 
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6.3 Future Prospects 
As discussed in the previous section, the key challenge for difficult computer vision 
tasks such as this, lies in collecting enough quality data that accurately reflects the 
characteristics of the disease in a balanced way. Addressing this issue will remain 
the top priority going forward. Achieving clinical levels of accuracy in HNC 
segmentation and classification will require more robust PET/MRI data sets. 
However, simply recruiting radiologists or nuclear medicine physicians to produce 
more research data is problematic in several ways. First, the availability of these 
professionals for such work is limited due to the already heavy workload. For this 
reason, a majority consensus annotation, which would be preferred to mitigate some 
of the inter- and intra-observer variability, is very hard to organise with traditional 
means. Moreover, to enable smooth annotation the clinicians should have easy and 
uniform tools with minimal learning curves to enable fast and accurate annotation 
without needing to consider the details of pre-processing requirements for the deep 
learning models. With these goals in mind, the development of a cloud-based system 
with a graphical user interface that allows distributed annotation and incorporates 
the already built models for DL assisted annotation is on the way. This system will 
facilitate a more efficient data collection for a variety of medical computer vision 
models and is designed to be used Finland-wide. Among other clear benefits of such 
system, is a uniform annotation process that is not dependent on any local university 
hospital patient record systems nor protocols, supporting the gold standard of 
majority consensus annotation by several experts.    

In addition to streamlining the expert annotation process, automated means of 
training data generation will play an increasingly important role in the future. 
Generative adversarial networks were introduced in 2014 by Goodfellow et al. for 
this purpose and have recently been used successfully in medical image generation 
as well (Goodfellow et al. 2014; Singh and Raza 2021). GAN’s provide several 
benefits to the annotation process. First, they are able to simulate large quantities of 
images and corresponding labels extremely fast, which reduces the manual 
annotation burden greatly. Second, they can be used to address class imbalances by 
generating a proportionally higher number of the rare cases that exist within the 
original data. However, GANs are fundamentally constrained by the distribution of 
their training data and generally do not generate clinically valid phenomena that are 
not represented in that data. On the other hand, within the range of variability learned 
from the training set, they can introduce diversity such as imaging conditions and 
plausible variation in tumour appearance to support better generalisation. Lastly, 
they may also be used in cross-modality image synthesis. For instance, PET/CT is 
the prevalent imaging modality for HNC recurrence in many settings due to 
availability, and GAN-based translation could be explored to synthesise PET/MRI-
like representations from PET/CT to support transfer learning, noting that such 
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synthetic data would require careful validation to avoid unrealistic anatomy or 
“hallucinated” pathology. 

An interesting recent advancement in medical computer vision is the vision 
transformer. Transformers are perhaps better originally known for their language 
processing capabilities, which have now been popularised by ChatGPT and others, 
but they have also been shown to process medical images effectively (Shamshad et 
al. 2023). By processing images as sequences of patches, they can model longer-
range context, which may be useful in anatomically complex head and neck 
PET/MRI or PET/CT. However, for volumetric (3D) imaging their training is 
typically computationally demanding and often requires substantially larger, well-
curated datasets. 

Transformers also support multimodal inputs, so combining imaging with 
structured clinical variables (e.g., smoking history, HPV status) is a potential 
direction, but adequate cohort size and rigorous external validation is required. More 
ambitious text–image models for report drafting remain a longer-term prospect 
because they require large, paired image–text datasets and reliable localisation of 
clinically relevant findings within large image volumes. 
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7 Conclusions 

This thesis investigated the feasibility of using DL as a diagnostic aid in PET/MRI 
imaging of HNC. DL models were evaluated in classification and segmentation of 
PET/MRI images. Grad-CAM was used to increase classification transparency and 
its usability as an interpretability measure in this context was assessed.  
 
The key conclusions are as follows:  

 

1. Study I indicated that 2D segmentation of HNC from PET/MRI is feasible; 
however, more data is required to improve detection of segmentable lesions. 

2. Study II showed that 2D binary classification of HNC with only PET images 
is accurate and models trained exclusively with squamous cell carcinoma 
can also accurately classify other HNC subtypes. In addition, the study 
confirmed that along with metabolic activity and location, the prevalence of 
certain HNC subgroups in the training data is associated with the same group 
being classified correctly in the test set.  

3. Study III demonstrated that 3D classification of HNC PET/MRI provides 
accurate results but is not on par with radiologist performance. Moreover, 
Grad-CAM gave valuable insight into model decisions and could help 
identify false positive findings. However, Grad-CAM merely identifies 
regions that are relevant for the model – not why they are relevant.  

4. All three studies indicate that using DL as a diagnostic aid in HNC PET/MRI 
analysis is feasible, yet an exceedingly challenging problem. To achieve 
clinician level performance, high emphasis should be set on data quantity 
and quality.  
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