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Abstract

Brain ageing, and more specifically the difference between the chronological and the biological

age of a person, may be a promising biomarker for identifying neurodegenerative diseases, such

as Alzheimer’s Disease (AD). In healthcare, predictive tools must not only be accurate but

also easily understood and trusted by doctors. In this thesis, we leverage deep learning for

the estimation of brain age from Magnetic Resonance (MR) images, while also enhancing the

interpretability of the employed architectures.

Firstly, we explore how Convolutional Neural Networks (CNNs) perform on the task of brain

age regression. We leverage 3D patches of the brain to develop a localised brain age estimator.

Subsequently, we delve deeper into interpretability, constructing a pipeline that generates

importance maps for brain age regression using noise masks. These maps discover the parts of

the brain that are the most important for brain age.

A way to seamlessly integrate multi-modal information and capture the relationships among

individuals is using population graphs along with Graph Neural Networks (GNNs). Here, we

highlight the importance of a meaningful graph construction, which is a non-trivial task, and

experiment with different static population-graph construction methods and their effect on GNN

performance for brain age estimation. The findings indicate that static graph construction ap-

proaches are potentially insufficient for the task of brain age estimation.

Thus, we explore adaptive graph learning and we propose framework that learns a population

graph structure optimised for the downstream task. An attention mechanism assigns weights to

a set of imaging and non-imaging features (phenotypes), which are then used for edge extraction.

Additionally, by visualising the attention weights that were the most important for the graph

construction, we increase the interpretability of the graph.
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Overall, this dissertation focuses on the application of deep learning techniques, particularly

CNNs and GNNs, for brain age estimation, while concurrently increasing interpretability.
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Chapter 1

Introduction

1.1 Motivation

Alzheimer’s Disease (AD) is a progressive neurodegenerative disease that poses a significant

health challenge worldwide. It is estimated that approximately six million people are living

with AD in the US [5, 55]. As the global population continues to age, the prevalence of this

debilitating condition is expected to rise, with significant economical consequences if no effective

interventions are developed. This underscores the urgent need for continued research, early

detection, and innovative treatments to address the growing impact of AD on individuals and

healthcare systems globally.

The distinction between a subject’s chronological age and their brain age has emerged as a

potential biomarker in the context of neurodegenerative diseases, such as Alzheimer’s [34, 35].

While chronological age represents the number of years a person has lived, brain age seeks to

account for the physiological and cognitive changes that occur in the brain over time. In the

context of neurodegenerative diseases, this concept becomes particularly relevant as it offers

insights into the degree of ageing an individual is experiencing at a cellular and cognitive level.

Identifying disparities between chronological and brain age may help in early detection and

monitoring of such conditions, potentially providing a valuable tool for assessing disease risk and

progression [51].
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Magnetic Resonance (MR) images are a valuable resource in the context of age estimation

analysis, primarily because they offer crucial insights into the transformations taking place within

the human brain over time [59]. These images provide a detailed and non-invasive means of

observing structural, functional, and volumetric alterations that occur as individuals age. By

capturing these intricate changes, MR images serve as a vital source of data for researchers

and medical professionals seeking to understand and model the ageing process, as well as its

relationship to various neurological conditions. Thus, MR images have been extensively used for

the task of brain age estimation.

Recently, the availability of vast amounts of medical imaging data has paved the way for the

application of machine learning in various medical imaging tasks, including brain age estimation.

In the literature, a spectrum of approaches has been explored, ranging from traditional machine

learning methods to Convolutional Neural Networks (CNNs) and more recently, Graph Neural

Networks (GNNs). Traditional machine learning techniques [181, 64, 52], while interpretable,

often struggle to deliver optimal performance in this context. CNNs [75, 147, 96], on the other

hand, tend to yield superior results, but they frequently operate as black box models that may

raise concerns among healthcare professionals. One limitation across these methodologies is

the challenge of effectively incorporating multi-modal information and the relationships among

individuals within the population. To address this, the use of population graphs, coupled with

GNNs, has emerged as a promising avenue for medical imaging tasks [142, 87]. A key challenge

lies in determining the most effective approach to construct a meaningful population graph for

downstream medical tasks.

When it comes to healthcare, it’s important that the tools used for prediction are not only

accurate but also easy for doctors to understand and trust [57, 72]. Interpretability not only

ensures that the outcomes of complex models are comprehensible to healthcare professionals, but

also provides insight into how and why specific decisions are made. This transparency fosters

a stronger bond of trust between advanced machine learning techniques and the clinicians who

rely on them, ultimately enhancing the collaborative effort to deliver high-quality medical care.
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1.2 Thesis Objectives and Contributions

Motivated by the above, this thesis aims to investigate brain age estimation using machine

learning models, while also focusing on providing interpretable results that will be trusted by

clinicians.

More specifically, the main research questions tackled by this thesis are summarised as follows:

• Can the use of patches of the brain, instead of the entire brain scan, improve

brain age prediction, while also providing more localised and interpretable

results?

The first objective of this thesis is to investigate the potential of utilising brain patches in

conjunction with deep learning models, and particularly CNNs, to yield a regional estimate

of brain age for each patch. This approach aims to enhance both predictive accuracy

and interpretability by generating localised visualisations that highlight the specific brain

regions that significantly influence brain age estimation.

• Can we increase interpretability by using population-based importance maps?

Moving on, we focus further into the interpretability of the predictions. We transition from

using brain patches, which produce coarse attention maps, to generating saliency maps via

a noise model. We introduce an interpretability technique for CNNs in regression tasks,

and provide a population-based importance map for brain age regression.

• Is the use of population graphs and GNNs promising for brain age estimation?

While CNNs demonstrate strong performance in brain age estimation, their emphasis is

solely on an individual’s imaging data, disregarding the inter-subject relationships. As the

next step of the thesis, we delve into the exploration of the use of multi-modal information

for brain age estimation. An inherent way to achieve that, is through the use of population

graphs and GNNs, which have been often used in the literature for other medical imaging

tasks.

• How can we achieve the construction of a meaningful and interpretable popu-

lation graph for brain age estimation?

Motivated by the previous findings, we highlight the significance of a meaningful population

graph, a challenge that is not straightforward when dealing with brain age estimation. The
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final contribution of this thesis, is the extraction of an optimal population graph structure

through graph learning. Leveraging attention weights, we are able to visualise and pinpoint

the most crucial phenotypes for the construction of the graph, thereby enhancing the

interpretability of the graph and, consequently, brain age estimation.

1.3 Thesis Outline

In Chapter 2, we provide a brief overview of the clinical background that is relevant for this

thesis. More specifically, we describe the statistics and principles of Alzheimer’s disease. In

addition, we introduce the task of brain age estimation, which is the primary focus of the thesis,

and present how the task is important for the early diagnosis of neurodegenerative diseases, such

as Alzheimer’s disease.

In Chapter 3, we focus on the technical background related to this thesis. We introduce the

necessary machine learning and deep learning concepts, with a focus on CNNs and GNNs, and

how these models have been used for the task of brain age estimation.

In Chapter 4, we work with CNNs and we explore whether the use of patches of the brain,

instead of the whole brain, can not only improve brain age estimation, but also provide more

localised results regarding the regions of the brain that are the most relevant to brain age.

Different ways of extracting patches and patch sizes are tested and the resulting attention maps

are visualised.

In Chapter 5, we focus more on the interpretability aspect of the task. We keep exploring

CNNs and provide a pipeline that extracts saliency maps for brain age regression with the use of

noise masks. We compare our method with saliency maps extracted from other commonly used

methods in the literature.

In Chapter 6, we examine how population graphs and GNNs perform on the task of brain age

estimation. We combine multimodal information, both from imaging and non-imaging informa-

tion, and implement static population graphs with multiple ways that have been previously used

in the literature. We use the extracted graphs along with various GNN models and we investigate

whether the use of static graphs can provide promising results for brain age regression.

In Chapter 7, we move to adaptive graph learning and present a framework that creates
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an optimised population graph structure for brain age estimation. The graph is learnt through

training, and the population graph and the GNN are optimised simultaneously. We compare

the results of adaptive population graphs and static population graphs, and point out the inter-

pretability aspect that can be added when using our pipeline for adaptive graph learning.

Finally, in Chapter 8 we provide a summary of the achievements of the thesis. Additionally,

we discuss the limitations and we explore the potential future steps and new research directions

that can be built on our findings.

1.4 Publications

Parts of this dissertation have been published as peer reviewed publications. First author pub-

lications related to this thesis include:

• Bintsi, K., Baltatzis, V., Kolbeinsson, A., Hammers, A., and Rueckert, D.: Patch-based

brain age estimation from MR images. In: Kia, S.M., Mohy-ud-Din, H., Abdulkadir, A.,

et al. (eds.) Machine Learning in Clinical Neuroimaging and Radiogenomics in Neuro-

oncology - Third International Workshop, MLCN 2020, and Second International Work-

shop, RNO-AI 2020, Held in Conjunction with MICCAI 2020, Lima, Peru, October 4-8,

2020, Proceedings. Lecture Notes in Computer Science, vol. 12449, pp. 98–107. Springer

(2020). doi: 10.1007/978-3-030-66843-3\ 10, https://doi.org/10.1007/978-3-030-668

43-3_10

• Bintsi, K., Baltatzis, V., Hammers, A., and Rueckert, D.: Voxel-level importance maps for

interpretable brain age estimation. In: Reyes, M., Abreu, P.H., Cardoso, J.S., et al. (eds.)

Interpretability of Machine Intelligence in Medical Image Computing, and Topological Data

Analysis and Its Applications for Medical Data - 4th International Workshop, iMIMIC

2021, and 1st International Workshop, TDA4MedicalData 2021, Held in Conjunction with

MICCAI 2021, Strasbourg, France, September 27, 2021, Proceedings. Lecture Notes in

Computer Science, vol. 12929, pp. 65–74. Springer (2021). doi: 10.1007/978-3-030-87444-5

\ 7, https://doi.org/10.1007/978-3-030-87444-5_7

• Bintsi, K., Mueller, T.T., Starck, S., Baltatzis, V., Hammers, A., and Rueckert, D.: A

comparative study of population-graph construction methods and graph neural networks
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for brain age regression. In: Ahmadi, S. and Pereira, S. (eds.) Graphs in Biomedical Im-

age Analysis, and Overlapped Cell on Tissue Dataset for Histopathology - 5th MICCAI

Workshop, GRAIL 2023 and 1st MICCAI Challenge, OCELOT 2023, Held in Conjunction

with MICCAI 2023, Vancouver, BC, Canada, September 23, and October 4, 2023, Pro-

ceedings. Lecture Notes in Computer Science, vol. 14373, pp. 64–73. Springer (2023). doi:

10.1007/978-3-031-55088-1\ 6, https://doi.org/10.1007/978-3-031-55088-1_6

• Bintsi, K., Baltatzis, V., Potamias, R.A., Hammers, A., and Rueckert, D.: Multimodal

brain age estimation using interpretable adaptive population-graph learning. In: Greenspan,

H., Madabhushi, A., Mousavi, P., et al. (eds.) Medical Image Computing and Computer

Assisted Intervention - MICCAI 2023 - 26th International Conference, Vancouver, BC,

Canada, October 8-12, 2023, Proceedings, Part VIII. Lecture Notes in Computer Science,

vol. 14227, pp. 195–204. Springer (2023). doi: 10.1007/978-3-031-43993-3\ 19, https:

//doi.org/10.1007/978-3-031-43993-3_19

Co-authored publications or first author publications related to research conducted during

the PhD, but are not presented in this dissertation, are the following:

• Müller, T.T., Starck, S., Dima, A., et al.: A survey on graph construction for geometric deep

learning in medicine: Methods and recommendations. Transactions on Machine Learning

Research (2024), https://openreview.net/forum?id=sWlHhfijcS, survey Certification

• Mueller, T.T., Starck, S., Feiner, L.F., Bintsi, K., Rueckert, D., and Kaissis, G.: Ex-

tended graph assessment metrics for regression and weighted graphs. In: Ahmadi, S. and

Pereira, S. (eds.) Graphs in Biomedical Image Analysis, and Overlapped Cell on Tis-

sue Dataset for Histopathology - 5th MICCAI Workshop, GRAIL 2023 and 1st MIC-

CAI Challenge, OCELOT 2023, Held in Conjunction with MICCAI 2023, Vancouver,

BC, Canada, September 23, and October 4, 2023, Proceedings. Lecture Notes in Com-

puter Science, vol. 14373, pp. 14–26. Springer (2023). doi: 10.1007/978-3-031-55088-1\ 2,

https://doi.org/10.1007/978-3-031-55088-1_2

• Müller, T.T., Starck, S., Bintsi, K.M., et al.: Are population graphs really as powerful as

believed? Transactions on Machine Learning Research (2024), https://openreview.net

/forum?id=TTRDCVnbjI
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Chapter 2

Clinical Background

2.1 Alzheimer’s Disease

Alzheimer’s Disease (AD) presents a significant challenge in the field of neurodegenerative dis-

eases, significantly affecting individuals and their families. This section provides a foundational

understanding of AD, covering its definition, prevalence, and its crucial role in the broader con-

text of neurological research.

2.1.1 Introduction to Alzheimer’s Disease

Definition and Overview

AD is a progressive neurodegenerative disease, which means that more and more parts of the

brain are damaged over time [54, 98]. It is characterised by cognitive decline, memory loss, and

behavioural changes. At its core, the disease stems from a complex interplay of genetic, environ-

mental, and lifestyle factors, leading to the gradual degeneration of brain cells and disruptions in

neural networks. As neurons are damaged, characteristic features of AD, such as amyloid-beta

plaques and tau tangles, become prominent, laying the foundation for cognitive decline and func-

tional impairment [54, 5, 55]. There are many risk factors that contribute to the development of

AD [78]. Some of them, such as genetic inheritance, sex, and age cannot be altered, while others

such as lifestyle and some kinds of health problems can be improved.
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A nuanced understanding of Alzheimer’s necessitates recognising the intricate cellular and

molecular mechanisms involved, as well as appreciating the intricate interconnections within the

neural circuitry of the brain. Given its multifaceted implications, addressing AD requires a

comprehensive approach in both clinical management and scientific exploration.

Epidemiology

Alzheimer’s disease poses a significant public health challenge on a global scale. According to

the World Alzheimer Report [196], an estimated 50 million people worldwide were living with

dementia in 2020, and this number is expected to nearly triple by 2050, reaching 152 million if no

effective interventions are developed. This surge is particularly notable in high-income countries,

where the prevalence of AD is higher.

In the United States alone, it is estimated that over 6 million people have Alzheimer’s, making

it the sixth leading cause of death [54, 5, 98]. The economic impact is equally substantial, with

the annual cost of dementia care projected to exceed one trillion dollars globally.

These statistics emphasise the pressing need for addressing Alzheimer’s disease from both a

research and public health perspective. With an ageing population and increased life expectancy,

the prevalence of AD has steadily risen, underscoring the urgent need for effective diagnostic and

therapeutic strategies. The burden of AD extends beyond the individual, impacting families,

caregivers, and healthcare systems.

Early diagnosis of the disease is therefore essential both for reducing the costs by providing the

patients with the appropriate supportive therapies, but also for understanding the progression

of the disease with the purpose of development of new treatments [140].

In the subsequent sections of this chapter, we will delve into the intricate pathophysiology

of AD, explore the clinical presentation and staging, and examine diagnostic approaches. This

comprehensive exploration sets the stage for the integration of brain age estimation as a novel

biomarker in the context of Alzheimer’s disease research.
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Figure 2.1: Main parts of the human brain. (Image from Johns Hopkins Medicine)

2.1.2 Pathophysiology of Alzheimer’s Disease

Human Brain and Alzheimer’s Disease

Human brains are made up of the cerebrum, the brainstem, and the cerebellum (Figure 2.1).

The biggest part of the brain is consisted of the cerebrum, the surface of which is named cerebral

cortex. The latter is an external layer of Grey Matter (GM), that encompasses the core of White

Matter (WM). The cerebellum is under the cerebrum while the brainstem is considered as the

connection of the cerebrum and the cerebellum to the spinal cord. A component of the brain

that is crucial in AD is the hippocampus, which is detected under the cerebral cortex and is in

charge of encoding long-term memory. The brain contains some cavities, named ventricles which

are filled with Cerebrospinal Fluid (CSF) and is protected from injury by the skull.

It has been demonstrated that AD results in the shrinking of brain tissue [161]. More specifi-

cally, atrophy firstly manifests itself in the hippocampus and it then expands through the cerebral

cortex. Meanwhile, cerebrospinal fluid (CSF) spaces, i.e. the ventricles inside the brain and cis-

terns outside the brain, are enlarged. The alterations in the brain because of AD can be depicted

in Figure 2.2.
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Figure 2.2: Human brain of a healthy subject (left) and a patient of Alzheimer’s disease (right).
Alterations in the cerebral cortex, the hippocampus, and the ventricles can be observed. (by
BrightFocus Foundation)

Amyloid-Beta Plaques and Tau Tangles

A prominent characteristic of AD is the presence of abnormal protein accumulations within the

brain. Amyloid-beta plaques and tau tangles play a central role in the progression of the disease

[54, 5].

Amyloid-Beta Plaques. Amyloid-beta is a protein fragment that forms plaques between

nerve cells [194]. These plaques disrupt communication and signaling between neurons, leading

to cognitive dysfunction. The accumulation of amyloid-beta is believed to trigger a series of

events resulting in damage and death of neurons. Researchers hypothesise that toxic forms of

amyloid-beta, particularly soluble oligomers, may be more detrimental to synaptic function and

contribute to the cognitive decline observed in AD [194, 153].

Tau Tangles. Tau is a protein that typically plays a role in maintaining the structural stability

of neurons [194, 153]. In AD, tau undergoes abnormal modifications, resulting in the creation

of neurofibrillary tangles within neurons. These tangles interfere with the transportation and

cellular components, causing a decline in neuronal function and contributing to cell death. The

progression of tau pathology in the brain follows a distinct pattern, correlating with the progres-

sion of cognitive decline.

Understanding the interplay between amyloid-beta plaques and tau tangles is crucial for

unraveling the complex pathophysiology of AD. While the precise relationship between these
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pathological features and the mechanisms underlying their toxic effects are areas of active re-

search, their presence remains a hallmark of Alzheimer’s.

Neurotransmitter Deficiency

Beyond the proteinaceous aggregates, alterations in neurotransmitters, particularly acetylcholine,

significantly contribute to the progression of Alzheimer’s disease [50].

Acetylcholine is a neurotransmitter crucial for various cognitive functions, including memory

and learning [50]. In AD, there is a substantial reduction in acetylcholine levels due to the

degeneration of neurons that produce this neurotransmitter, particularly in the basal forebrain.

The decline in acetylcholine is associated with memory impairment and cognitive decline observed

in individuals with AD.

Acetylcholine deficiency is targeted by therapeutic strategies that involve medications known

as cholinesterase inhibitors [125, 160]. These medications aim to enhance cholinergic transmission

by inhibiting the breakdown of acetylcholine, providing symptomatic relief in some individuals

with Alzheimer’s disease.

The intricate interplay between amyloid-beta pathology and neurotransmitter deficiencies

highlights the intricate nature of Alzheimer’s disease. Addressing both aspects in research and

therapeutic interventions is essential for advancing our understanding and developing effective

treatments for this complex neurodegenerative disorder.

2.1.3 Clinical Presentation

Early Symptoms

Memory Impairment. One of the earliest and most recognisable symptoms is memory im-

pairment. Individuals may struggle to recall recent events, overlook important details, or face

difficulty in forming new memories [32, 5].

Difficulty in Problem-Solving. As the disease progresses, individuals may encounter chal-

lenges in problem-solving and decision-making [32, 54]. Tasks that once seemed routine may

become increasingly complex, leading to frustration and a sense of cognitive decline.
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Figure 2.3: Left: Changes in the brain depicted in T1-weight MR images of an Alzheimer’s
patient that was asymptomatic at first. Symptoms appeared between scans 4 and 5 (arrow in
right picture). Right: Plots of brain volume loss per scan in the case of (A) Alzheimer’s patient,
(B) normal ageing, and (C) very healthy subjects (average age of 70 years old) [78]

Confusion. Confusion is a common early symptom, with individuals experiencing disorienta-

tion regarding time, place, or the identity of familiar individuals. This cognitive confusion adds

to a feeling of bewilderment and distress [32, 190].

However, it is important to note that it has been shown that AD starts spreading more than

20 years before the symptoms appear [5]. In Figure 2.3, T1-weighted Magnetic Resonance (MR)

images from an asymptomatic at first patient, as well as plots of the percentage of brain volume

lost over the years since the first scan in the cases of healthy and diseased subjects, are shown.

It is clear that there is a delay in the appearance of symptoms.

Progression Stages

Alzheimer’s disease is clinically categorised into distinct stages, each characterised by varying

degrees of cognitive and functional decline [54, 5].

Mild Stage. In the mild stage, individuals may exhibit memory lapses, struggle with finding

the right words, and encounter difficulty in organisational tasks. Despite these challenges, they

often retain a degree of independence in daily activities.

Moderate Stage. As AD progresses to the moderate stage, cognitive decline becomes more

pronounced. Language difficulties become apparent, affecting communication. Individuals may

experience mood changes, such as increased irritability or withdrawal. Completing routine tasks,

including personal care, becomes progressively challenging.
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Severe Stage. The severe stage is marked by profound cognitive and functional decline. Indi-

viduals may lose the ability to communicate effectively, recognise loved ones, and perform basic

activities of daily living. Dependence on caregivers for all aspects of care becomes necessary.

Understanding the nuanced progression of symptoms in Alzheimer’s disease is crucial for

timely diagnosis, intervention, and the provision of appropriate support for affected individuals

and their families. The recognition of these stages facilitates a comprehensive approach to care

and management throughout the course of the disease.

2.1.4 Diagnostic Approaches

Clinical Assessment

The diagnosis of Alzheimer’s disease primarily relies on comprehensive clinical evaluations, which

include cognitive tests and consultations with both patients and their caregivers [5, 32].

Cognitive Tests. A crucial component of the diagnostic process involves conducting cognitive

tests to assess various aspects of mental function, such as memory, language, and problem-solving

skills. These assessments contribute to a thorough understanding of the individual’s cognitive

status.

Patient and Caregiver Interviews. In-depth interviews with patients and their caregivers

provide valuable insights into the onset and progression of symptoms. The subjective experiences

shared during these interviews complement objective test results, enhancing the accuracy of the

diagnostic evaluation.

Neuroimaging

In addition to clinical assessments, neuroimaging techniques play a crucial role in diagnosing

Alzheimer’s disease by providing visual insights into structural changes in the brain [163, 32, 8].

Magnetic Resonance Imaging (MRI). Detailed images of the brain’s structure obtained

through MRI scans aid in identifying any abnormalities or atrophy associated with Alzheimer’s.
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These images contribute to a comprehensive evaluation, facilitating early detection and confir-

mation of the disease.

Positron Emission Tomography (PET) Scans. PET scans serve to visualise metabolic

activity in the brain. Through the detection of abnormal protein deposits, such as amyloid-

beta, PET scans assist in identifying specific biomarkers linked to Alzheimer’s. This enhances

diagnostic precision and provides valuable information for developing targeted treatment plans.

The integration of clinical assessments with neuroimaging techniques ensures a comprehensive

and multifaceted approach to diagnosing Alzheimer’s disease. Early and accurate diagnosis is

essential for implementing timely interventions and support strategies for individuals and their

families as they navigate with the challenges posed by the disease [8].

2.2 Brain Age Estimation as a biomarker for Alzheimer’s

Disease

Biomarkers are measurable indicators of some biological state or condition, and in the context

of AD, they play a critical role in diagnosis and disease monitoring [40]. Traditional biomarkers

for Alzheimer’s include CSF biomarkers, such as tau proteins and beta-amyloid levels, and neu-

roimaging techniques like MRI and PET scans that can visualise changes in brain structure and

function [63]. These biomarkers have been instrumental in our understanding of Alzheimer’s, pro-

viding insights into its pathophysiology and progression. The identification of reliable biomarkers

is crucial for early detection, monitoring disease progression, and evaluating therapeutic inter-

ventions, thereby offering hope for improved patient outcomes [40].

Brain age estimation represents an innovative approach to understanding neurological health,

positing that the ”age” of one’s brain may not necessarily match their chronological age. Healthy

ageing results in the changing of brain structures following a specific pattern [30, 2]. A char-

acteristic hallmark of neurodegenerative diseases such as AD is that the connections between

neurons stop working and as a result many regions start to shrink. This process is called atrophy

and leads to great loss of brain volume, especially in the final stages of the disease. Therefore,

neurodegenerative diseases may result to accelerated ageing of the human brain [41, 65]. Hence,
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a potential indicator used in AD is the estimation of the brain age of a subject which can then

be compared with the real age of the subject [34, 51]. The motivation behind using brain age

as a biomarker stems from its potential to offer a more nuanced understanding of brain health

beyond traditional metrics. Unlike conventional biomarkers, which focus on specific pathologi-

cal features, brain age estimation provides a holistic view of brain health, integrating multiple

aspects of neurological function and structure.

Although the practicality of the use of this biomarker clinically is yet to be demonstrated, it

seems to be a quite promising indicator of possible patients of Alzheimer’s [34]. Implementing

brain age estimation in a clinical setting could revolutionise AD management by enabling early

detection and intervention. By identifying individuals whose brain age significantly exceeds their

chronological age, clinicians could target early therapeutic strategies to potentially slow down

or alter the disease trajectory. Moreover, brain age estimation can contribute to the creation of

personalised management strategies by considering the biological condition of a person’s brain,

thereby customising treatments to ensure the best possible outcomes [128].

The integration of brain age estimation with traditional biomarkers holds the promise of en-

hancing diagnostic accuracy and understanding of AD. This synergistic approach allows for a

comprehensive assessment of disease presence and progression, leveraging the strengths of each

biomarker. For instance, while traditional biomarkers can indicate the presence of pathological

changes, brain age estimation can provide a holistic view of the brain’s health. This combina-

tion could lead to improved diagnostic precision and a deeper understanding of the disease’s

heterogeneity, facilitating the development of targeted therapies.

Brain Age Estimation for other applications

The concept of brain age estimation extends far beyond its application in AD, presenting itself

as a promising biomarker for a wide range of neurological and psychiatric conditions [51, 174].

By comparing an individual’s brain age to their chronological age, researchers and clinicians can

gain insights into the health and ageing processes of the brain, potentially identifying early signs

of disease or abnormal brain ageing before clinical symptoms manifest.

In conditions such as Parkinson’s disease [47, 154], multiple sclerosis [36, 71], and even

schizophrenia [97], brain age estimation has the potential to offer novel insights. For instance,
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in Parkinson’s disease, accelerated brain ageing may correlate with motor and cognitive decline,

providing a useful tool for assessing disease severity and progression. Similarly, in multiple

sclerosis, discrepancies between brain age and chronological age could reveal the extent of neu-

rodegeneration, aiding in the prediction of disease course and response to therapy.

Furthermore, the use of brain age estimation in psychiatry holds promise for uncovering

biomarkers of psychiatric conditions like major depressive disorder and bipolar disorder, where

traditional biomarkers have been elusive [174, 37]. By identifying patterns of brain ageing associ-

ated with these conditions, clinicians could better understand the neurobiological underpinnings

of psychiatric diseases, leading to improved diagnosis, prognosis, and personalised treatment

strategies.

The potential for brain age estimation to serve as a biomarker across a spectrum of conditions

underscores its value in neuroscientific research and clinical practice. It offers a unique lens

through which the complex interplay between brain ageing and disease can be studied, opening

up new avenues for early detection, monitoring, and intervention. As research in this area

progresses, it is anticipated that brain age estimation will find broader applications, paving the

way for more integrated and personalised approaches to neurological and psychiatric care [51].

2.3 Brain MR Datasets

MRI stands as a foundational element in neuroimaging, offering unmatched insights into the

complex structures and functions of the human brain. This modality produces high-resolution

images that are crucial for detailed examination of brain structures, playing a significant role in

identifying age-related changes within the brain [59]. The ability of MRI to capture these intricate

details makes it an invaluable resource in developing algorithms that can detect deviations from

normal ageing processes, potentially indicating the early onset of neurodegenerative diseases.

With the growing availability of large MR image datasets, deep learning methods are now at the

forefront, using the power of artificial intelligence to improve how we diagnose and analyse brain

health. As a result, MR data are mainly used in many advanced regression models, marking a

major move towards using data-driven approaches to better understand and predict the ageing

of the brain [10].
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Several key brain MR datasets have been pivotal in advancing neuroimaging and brain age

estimation research.

Alzheimer’s Disease Neuroimaging Initiative (ADNI). ADNI (https://adni.loni.us

c.edu/) is renowned for its focus on Alzheimer’s disease, providing a rich collection of data that

includes brain scans, biomarker profiles, and clinical assessments. It has been instrumental in

understanding Alzheimer’s progression and developing diagnostic tools. ADNI provides a large

collection of MR images taken from elderly people who could potentially be AD patients and has

been extensively used in the literature [148].

IXI. The IXI dataset (http://brain-development.org/ixi-dataset/), is a collection

of about 600 MR brain images from healthy subjects aged 19-86 years old. Concerning the

protocol of the image acquisition, T1, T2 as well as PD-weighted images are provided, along with

some subjects having diffusion-weighted and Magnetic Resonance Angiography (MRA) images.

Collected from three different hospitals in London, it offers a diverse sample that enriches the

analysis and development of image processing techniques.

Human Connectome Project (HCP). The HCP (https://www.humanconnectome.org/)

aims to map neural connections in the brain, offering high-resolution imaging data that sheds

light on the brain’s structural and functional network architecture. This dataset is crucial for

studies on how these networks change with age or disease [58].

Open Access Series of Imaging Studies (OASIS). Focusing on the ageing brain, OASIS

(https://www.oasis-brains.org/) datasets include cross-sectional and longitudinal MRI data

from young, middle-aged, older adults, and individuals with AD, facilitating studies on normal

ageing and neurodegeneration [124].

UK Biobank (UKBB). Last but not least, the UKBB (https://www.ukbiobank.ac.uk/)

stands out for its scale, including imaging data from over 100,000 participants, aged between 40

and 69 at recruitment, which enables comprehensive studies on ageing and brain health across

a diverse population. This wealth of data provides unprecedented opportunities to explore the
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relationships between brain imaging findings, genetic predisposition, and lifestyle factors affecting

brain health and disease. The UKBB was designed with the purpose of sharing data and includes

a huge collection of brain MR images from over 60,000 subjects acquired with many different

protocols such us T1-weighted, T2-weighted and Diffusion MRI [3] .

Regarding brain age prediction, the large sample size, combined with the depth and variety of

data, provides a robust foundation for training algorithms that can accurately reflect the brain’s

ageing process, potentially identifying early signs of neurodegeneration. Although mostly T1-

weighted images are used as input, it has been demonstrated that better prediction performance

can be achieved by using a combination of different MR modalities [111, 31].

2.4 Summary

Alzheimer’s disease is a serious and growing concern, with its prevalence projected to increase

in the coming years, affecting more individuals and their families. Early diagnosis is essential

in order to provide timely interventions and support. One intriguing avenue is the concept of

”brain age,” where the difference between a person’s actual age and their brain age can serve as

a potential biomarker for the disease. The estimation of brain age is becoming a meaningful task

in the field of Alzheimer’s research. With the abundance of MR images available at a large scale,

deep learning methods have emerged as promising tools, harnessing the potential of artificial

intelligence to advance our understanding and diagnostic capabilities.

In the following chapter, we will delve into the fundamental machine learning principles

relevant to this thesis, and we will explore the promising machine learning techniques for brain

age estimation as documented in the existing literature.
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Chapter 3

Technical Background and

Related work

Within this chapter, we delve into the technical foundation that is relevant for this dissertation.

We explore the broader field of machine learning (Section 3.1), delving deeper into the specifics

of Convolutional Neural Networks (CNNs) (Section 3.2) and Graph Neural Networks (GNNs)

(Section 3.3). These discussions set the stage for their application on brain age estimation, a

focal point of this thesis, in Sections 3.4.2, 3.4.3, and 3.4.4 respectively. In Section 3.5, we

address the significant bias problem in brain age regression tasks and we elaborate on corrective

measures. Finally, in Section 3.6, we emphasise the critical role of interpretability, especially

in healthcare-related tasks, underscoring its importance in ensuring meaningful and trustworthy

outcomes.

3.1 Machine Learning

Machine Learning (ML) is a field dedicated to the development algorithms capable of extracting

insights and patterns from data, ultimately facilitating informed predictions and decisions. It

encompasses three main subcategories: supervised, unsupervised, and reinforcement learning.

In this thesis, the focus is mainly on supervised learning models. Supervised learning focuses
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(a) (b)

Figure 3.1: A biological neuron (a) and the perceptron (b) [109].

on labeled datasets, pairing inputs with corresponding outputs. Its primary objectives include

classification and regression tasks. In contrast, unsupervised learning dives into unlabeled data,

seeking intrinsic patterns without explicit guidance. Clustering and dimensionality reduction

are common endeavors within this realm. Finally, reinforcement learning introduces an agent

navigating a dynamic environment. The agent learns optimal decision-making strategies through

a feedback loop of rewards and penalties, following a trial-and-error approach.

Key components of the ML process include feature extraction, model training, evaluation,

and deployment. Deep Learning (DL), a subcategory of ML centered around Artificial Neural

Networks (ANNs), does not rely on manually crafted features. Instead, DL directly processes raw

data as input, representing a distinctive shift from conventional machine learning approaches.

3.1.1 Artificial Neural Networks (ANNs)

ANNs are Neural Networks (NNs) inspired from the structure and functioning of the human

brain. Similarly to its biological counterpart (3.1a), a neuron (3.1b) receives input from other

neurons, processes it, and then transmits the result to other neurons. ANNs consist of inter-

connected simple neurons, and it’s these connections that determine how the entire network

operates.

In 1958, Rosenblatt et al. [157] introduced the concept of the perceptron, representing a more

refined version of the artificial neuron, as depicted in Figure 3.1. This evolutionary step marked

a significant advancement in the field.
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The formula of the perceptron is given by:

y = ϕ(
∑
i

wixi + b), (3.1)

where x, and y are the inputs and the outputs of the neuron respectively, b is the bias term,

wi is the weight of the neuron, and ϕ(·) is the activation function.

The activation function plays a pivotal role in neural networks by introducing non-linearity,

a crucial element for capturing intricate patterns in data. This non-linearity is essential for the

network’s capacity to learn complex relationships. There are several activation functions that

have been proposed in the literature [138]. These include the hyperbolic tangent (tanh) function

(Equation (3.2)), Rectified Linear Unit (ReLU) [53] (Equation (3.3)), and Leaky Rectified Linear

Unit (Leaky ReLU) [123] (Equations (3.4) or (3.5)):

tanh(z) =
ez − e−z

ez + e−z
=

1− e−2z

1 + e−2z
(3.2)

ReLU(z) = max(0, z) (3.3)

LeakyReLU(z) = max(0, z) + negative slope ·min(0, x) (3.4)

or

LeakyReLU(z) =


z, if z ≥ 0

negative slope · z, otherwise

(3.5)

When multiple perceptrons are interconnected, they form a Multi-Layer Perceptron (MLP),

a fundamental architecture in ANNs. An MLP typically consists of three main layers: the input

layer, hidden layer(s), and the output layer. The input layer receives the initial data, and the

hidden layer(s) process this information through weighted connections and activation functions,

capturing complex patterns and relationships within the data. Finally, the output layer provides

the network’s prediction. An example of an MLP with two hidden layers can be found in Figure

3.2.
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Figure 3.2: Example of an MLP with an input layer, two hidden layers, and an output layer.

Thanks to recent advancements in Graphics Processing Units (GPUs), we now have the

capability to construct ANNs with numerous hidden layers, leading to what is commonly referred

to as Deep Neural Networks (DNNs). The depth in DNNs arises from the incorporation of

multiple hidden layers, allowing these networks to capture intricate patterns and representations

in data. The increased depth contributes to the improved learning and abstraction capabilities

of the model, enhancing its performance across various complex tasks.

3.1.2 Optimisation

Optimisation plays a pivotal role in machine learning, serving as a fundamental aspect in the

training of models. Within the context of NNs, the optimisation process revolves around adjust-

ing the weights to minimise a specified loss (or objective) function. This function quantifies the

disparity between the predicted output of the NN and the desired output, essentially encapsu-

lating how well the model is performing on a given task.

The mechanism through which the weights are updated is rooted in the concept of backprop-

agation, an algorithm introduced by Rumelhart et al. in 1986 [159]. Backpropagation involves

the computation of gradients, which represent the rate of change of the loss function with respect

to each weight in the network. These gradients guide the optimisation process by indicating the

direction in which the weights should be adjusted to reduce the overall loss.
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Gradient Descent

Gradient descent is the primary optimisation algorithm in ML [158]. The fundamental idea

behind gradient descent is to minimise the loss function. The objective is to iteratively update

the parameters of a model in the opposite direction of the gradients of the loss function with

respect to those parameters. This iterative process allows the algorithm to navigate towards the

minimum of the loss function, ultimately leading to optimised model parameters that enhance

the model’s performance on a given task.

In batch gradient descent, the gradients of the entire dataset are used to update the model

parameters in each iteration. The formula is given by Equation (3.6):

θ = θ − η · ∇θJ(θ) (3.6)

In Equation (3.6), η represents the learning rate, determining the step size for each iteration.

Batch gradient descent typically converges smoothly towards the minimum of the loss func-

tion. However, when it comes to large datasets, it leads to high computational and memory

costs, making it less suitable.

One possible solution involves adjusting the parameters after processing each individual sam-

ple, a technique known as Stochastic Gradient Descent (SGD). This is expressed by the formula:

θ = θ − η · ∇θJ(θ;xi; yi) (3.7)

This process introduces higher variance, resulting in fluctuations in the loss function. How-

ever, the advantage lies in its speed of execution.

A middle ground between gradient descent and SGD is represented by mini-batch gradient

descent, which strikes a balance by dividing the dataset into smaller batches, and it is defined

as:

θ = θ − η · ∇θJ(θ;x(i:i+n); y(i:i+n)) (3.8)

Various alternative optimisation methods have been proposed to enhance traditional gradient

descent [152, 137, 46]. One widely employed approach is adaptive moment estimation (Adam),
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which individually updates each parameter. The update rule is as follows:

θ = θ − η√
v̂t + ϵ

m̂t (3.9)

where η is the learning rate, mt is the biased estimate of the first moment, vt is the biased

estimate of the second moment, and ϵ is a small constant added for numerical stability.

Loss Functions

The loss function, also known as objective or cost function, is a scoring function, which quantifies

the difference between the predicted and the desired outputs of a model. The goal during training

is to minimise the loss function. In this thesis, we focus on supervised ML methods, so here we

present the most commonly used loss functions for classification and regression.

In classification scenarios, where the model’s output is categorical (discrete), cross-entropy

is widely utilised [136]. For binary classification tasks, the binary cross-entropy function is

expressed as:

LBCE = −(y log(p) + (1− y) log(1− p)), (3.10)

y denotes the true class label (0 or 1), and p represents the predicted probability of belonging

to class 1.

For more general multi-class classification tasks, the cross-entropy loss function takes the

form:

LCE = −
m∑
c=1

yc log(pc), (3.11)

where yc signifies the true class label for class c, and pc represents the predicted probability

for class c.

When it comes to regression problems, where the output is a numerical value, the loss func-

tions that are the most commonly used are the Mean Absolute Error (MAE), the Mean Squared

Error (MSE), and the Huber Loss.

The MAE or L1 Loss, estimates the error as the distance between predicted and real values,
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and is given by:

MAE =
1

n

n∑
i=1

|yi − ŷi|, (3.12)

with n is the number of samples, and yi and ŷi are the real and predicted values for the i-th

sample respectively.

The MSE or L2 Loss, calculates the average of the squared difference between predicted and

real values. The formula is given by:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (3.13)

where n is the number of samples, and yi and ŷi are the real and predicted values for the i-th

sample respectively.

The MSE tends to heavily penalise large errors, making it less robust to outliers. On the

other hand, the MAE treats small and large errors with equal weight due to a consistent gradient

loss. To strike a balance between the robustness of MAE and the sensitivity to small errors of

MSE, the Huber Loss is employed. The formula for Huber Loss is provided in Equation (3.14).

Huber Loss =


1
2 (y − ŷ)2 if |y − ŷ| ≤ δ

δ(|y − ŷ| − 1
2δ) otherwise

(3.14)

Here, yi and ŷi are the real and predicted values for the i-th sample respectively, the loss is

quadratic for absolute differences less than or equal to δ, the loss is linear for absolute differences

greater than δ.

3.2 Convolutional Neural Networks (CNNs)

A promising deep learning technique are CNNs [105] which usually require unprocessed images

as input with the purpose of many different tasks, such as lesion classification. In this case, if

the appropriate volume of data is available, the network by itself is able to find patterns among

the raw data and transform them in a format suitable for the prediction by using many different

layers of convolutions [35, 34].
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CNNs can have inputs in the form of timeseries (1D grid), images (2D grid), or volumes

(3D grid). Their exceptional suitability for image data has led to their widespread use in fields

such as computer vision and medical imaging. Through a hierarchical learning process, CNNs

automatically extract features, with lower layers capturing simple elements and higher layers

discerning more intricate patterns.

CNN layers possess three dimensions: height, width, and depth/channels. Typical CNN

structure comprises of a series of convolutional, pooling, normalisation layers, and, for classifi-

cation or regression models, one or more fully connected layers. This architecture enables the

network to learn and represent features at various levels of complexity.

Convolutional layer

The convolutional layer stands as a foundational element in CNNs, playing a pivotal role in the

extraction of relevant features and patterns from input data. Its purpose is to systematically

apply convolutional operations, a process that involves sliding filters known as kernels across the

input.

In this layer, a local receptive field is employed, ensuring that a small region of the input is

processed at a time. This localised approach allows the network to focus on capturing intricate

local patterns, a crucial aspect for tasks such as image recognition.

One distinctive feature of the convolutional layer is the use of shared learnable parameters.

This strategy offers two significant advantages. Firstly, it dramatically reduces the number

of parameters, enhancing the efficiency of the network, particularly when compared to MLPs.

Secondly, this parameter sharing endows the network with the capability to identify similar

patterns throughout the entire input space.

The output size of a convolutional layer, denoted as Wo ×Ho ×Do, which takes an input of

dimensions Wi ×Hi ×Di, can be determined using the following formula:
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Figure 3.3: A convolutional layer with K = 1 filter of size F = 3, stride S = 1 and padding
P = 0. Input dimensions are W1 = 6, H1 = 6 and D1 = 1, and output dimensions are W2 = 4,
H2 = 4 and D2 = 1.

Wo =
Wi − F + 2P

S
+ 1 (3.15a)

Ho =
Hi − F + 2P

S
+ 1 (3.15b)

Do = K (3.15c)

Here, K represents the number of filters in the convolutional layer, F is the receptive field of

each filter, S is the stride (i.e., the step size of the filter across the input), and P is the padding,

often applied to maintain the input size at the output.

An illustration of the convolutional layer’s application is presented in Figure 3.3. Consider

an input with dimensions Wi = 6, Hi = 6, and Di = 1. For this scenario, a single filter with

K = 1, a size of F = 3, stride S = 1, and no padding (P = 0) is employed. Utilising equations

(3.15a) through (3.15c), we can estimate the output’s dimensions. The resulting width (Wo) is

calculated as 6−3+0
1 + 1 = 4, the height (Ho) as

6−3+0
1 + 1 = 4, and the depth (Do) remains 1.

Typically, CNNs consist of multiple convolutional layers, enabling the network to learn hier-

archical representations. Lower layers specialise in capturing simpler features, while higher layers

combine these features, allowing the network to discern and represent more complex patterns in

the input data.
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Pooling layer

The pooling layer is used to systematically reduce the spatial dimensions to decrease compu-

tational complexity, while retaining vital information. Two prevalent types of pooling are max

pooling and average pooling.

Max pooling [201] is the one most commonly used. It retains the maximum value from a

group of the neighbouring pixels, emphasising prominent features. Average pooling calculates

the average value of the pixel group. Both pooling types are used after each convolutional layer

to effectively reduce the spatial dimensions (width and height) of the network.

Global average pooling is applied along the channel dimension and is positioned after the

last convolutional layer. It is frequently applied in networks where fully connected layers are not

utilised as the final layers.

Normalisation layer

Normalisation layers are pivotal for enhancing the stability and convergence of CNNs. Vari-

ous normalisation techniques, including Batch Normalisation [79], Layer Normalisation [117],

Instance Normalisation [183], and Group Normalisation [192], contribute to the efficiency of net-

work training. The selection among these methods depends on the unique characteristics of the

problem at hand and the specific architecture of the network.

Fully connected layer

Fully connected layers are a key component in CNNs and are often positioned as the final layers

of the network. Every node in a given layer is connected to every node of the previous layer,

similarly to the structure found in MLPs. While convolutional and pooling layers specialise in

processing local input regions, fully connected layers focus on the integration of the high-level

features acquired by the preceding convolutional layers. Their objective is to generate the final

classification/regression.

CNN architectures

In this section, we briefly describe some of the most influential CNN architectures.
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Figure 3.4: The architecture of LeNet-5 [106].

Among the pioneers is LeNet-5 [105, 106], proposed by LeCun et al. in 1998. This seminal

architecture, depicted in Figure 3.4, was devised for handwritten digit classification, particularly

on the Modified National Institute of Standards and Technology database (MNIST) dataset.

LeNet-5, with its novel convolutional and pooling layers, laid the foundation for subsequent

advancements in the field.

A milestone in the evolution of CNNs is AlexNet [100] , a deeper architecture introduced by

Krizhevsky et al. in 2012. This groundbreaking model not only facilitated the learning of more

complex features but also emerged as the champion of the ImageNet Large Scale Visual Recog-

nition Challenge (ILSVRC) [44] (an image database with more than 14 million images of 1000

classes) in 2012, outperforming its competitors by a significant margin. The victory of AlexNet

underscored the capacity of deep neural networks to excel in large-scale image classification tasks.

GoogleNet (Inception) [178] by Szegedy et al. won ILSVRC in 2014. Its novelty was that it

introduced the revolutionary inception module. This module allowed the simultaneous utilisation

of various filter sizes, effectively reducing the number of required parameters. The inception

module’s impact resonates in architectures to this day, emphasising the significance of parallelised

processing for enhanced performance. A visualisation of GoogleNet can be found in Figure 3.5.

VGGNet [170], proposed in the same year as GoogleNet, claimed the runner-up spot in the

ILSVRC. Crafted by Simonyan et al., VGGNet stands out for its simplicity and depth, proving

to be highly influential. Its architecture, characterised by stacking multiple convolutional layers,

paved the way for deeper networks, and demonstrated the advantages of pretraining for improved

performance. A visualisation of the network is given in Figure 3.7 (Left).
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Figure 3.5: The GoogleNet architecture [178].
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Figure 3.6: The architecture of a residual block containing a skip connection as proposed in [67].

Residual Network (ResNet) [67], introduced in 2015 by He et al., marked a paradigm shift

with the incorporation of residual (or skip) connections. These connections addressed challenges

related to vanishing gradients, enabling the creation of even deeper networks. The residual block

(Figure 3.6), a cornerstone of ResNet’s design, allowed for the successful training of networks

with hundreds of layers. In Figure 3.7, a visualisation of ResNet-34 is provided.

Finally, for medical image segmentation tasks, U-Net [156], proposed by Ronneberger et al.

in 2015, emerged as a pioneering architecture. Adopting an autoencoder structure with skip

connections, U-Net facilitates the flow of high-resolution information from the encoder to the

decoder, as illustrated in Figure 3.8. Renowned for its effectiveness, U-Net remains a cornerstone

in computer vision applications.

Beyond these landmarks, other noteworthy architectures that have left their imprint on the

landscape, such as EfficientNet [179], MobileNet [73], and Densenet [74], have each contributed

unique innovations, further diversifying the toolbox of CNN architectures. These models continue

to shape the trajectory of deep learning, illustrating the dynamic and ever-evolving nature of

the field.
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Figure 3.7: Example CNN architectures as presented in [67]. Left: VGGNet model [170] (as
reference). Middle: a simple model with 34 layers. Right: The architecture of Residual Network
(ResNet)-34.
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Figure 3.8: The architecture of U-Net as introduced in [156].

3.3 Graph Neural Networks (GNNs)

A graph is a data structure that is consisted of nodes (vertices) and edges, and it can represent

multiple things, such as social networks, knowledge graphs [13], and 3D shapes [29].

There are three different categories of prediction tasks on graphs, node-level, edge-level, and

graph-level tasks. For graph-level predictions, each sample is represented by a whole graph, e.g.

a molecule, and a prediction is made for the entire graph. For edge-level tasks, predictions are

made for the edges of the graph. Finally, regarding node-level tasks, we get a prediction for every

node of the graph. When it comes to node-level predictions, the graph structure used is called a

population graph. In a population graph, every node represents a subject and the associations

among the nodes are represented by the edges.

More formally, given a collection of N entities with M features X = [x1, ...,xN ] ∈ RN×M

and corresponding labels y ∈ RN , a population graph is defined as G = (V, E). In this context,

V represents a set of nodes, each corresponding to an individual entity, and E signifies a set of

paired nodes, delineating the connections within the graph, i.e., the edges.

GNNs are the subcategory of NNs that use graphs as input by leveraging the concept of

graph convolutions [60, 162]. GNNs work using a message-passing scheme, which was initially
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Figure 3.9: Message-passing update with a GNN on a graph with five nodes. Each node has a
node feature vector xi (left), and an updated node feature vector x′i after the aggregation from
the neighbouring node representations.

suggested by [56] and propagates the information of the nodes at their neighbourhood through

the graph edges. An example of how message-passing works in a graph may be found in Figure

3.9.

GNN Architectures

There are multiple GNN architectures proposed in the literature [92, 66, 131, 193, 185]. We

provide here the definitions of the GNNs that are the ones most commonly used.

Graph Convolutional Network (GCN) was one of the first GNNs introduced and it was sug-

gested by [92]. The updated node feature emdeding follows the definition of Equation (3.16).

x′i = ΘT
∑

j∈Ni∪{i}

1√
d̂j d̂i

xj , (3.16)

where d̂i = 1 +
∑
j∈Ni

1, Θ is the weight matrix to be learnt during training, and Ni represents

the neighbours of node i.

Graph Attention Network (GAT) was proposed by [185], and it incorporated the attention

mechanism to the GCN in order to highlight the importance of different neighbours during the

aggregation of information. More specifically, the node feature representation is provided by
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3.17.

x′i = αiiΘxi +
∑
j∈Ni

αijΘxj , (3.17)

where Θ is the weight matrix to be learnt during training, αij is the attention coefficient between

two nodes i and j and is defined as follows:

αij =
exp

(
ϕ
(
aT (Θxi ∥ Θxj)

))∑
k∈Ni∪i exp (ϕ (a

T (Θxi ∥ Θxk)))
, (3.18)

where ϕ is commonly the LeakyReLU function and ∥ indicates a concatenation of the values.

GraphSage was introduced by [66] and was designed to be able to work on large graphs. The

updated node features are given by 3.19.

x′i = AGGREGATE ({xj ,∀j ∈ N (vi)}) (3.19)

where x′i is the updated feature vector for node vi, N (vi) is the set of sampled neighbours of

node vi, xj is the feature vector of node vj where vj is a neighbour of vi, and AGGREGATE is

the aggregation function, which can be a mean, max, or LSTM-based aggregator, depending on

the GraphSAGE variant.

Finally, Chebyshev [43] involves the use of Chebyshev polynomials to perform graph convo-

lutions and updates the node features based on Equation (3.20)

x′i =

K−1∑
k=0

∑
j∈Ni

1√
didj

xjΘk, (3.20)

where K is the order of the Chebyshev approximation, xj is the features of node j, Θk is the

parameter matrix for the k-th Chebyshev polynomial, Ni represents the neighbours of node i,

and di,dj are the degrees of nodes i, j respectively.

Homophily on Graphs

The impact of graph structure on the efficiency of GNNs is a critical factor, as highlighted by

various studies [120, 202]. The literature delves into assessing graph quality through metrics
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like graph homophily/ heterophily [121], Cross-Class Neighbourhood Similarity (CCNS) [122],

Normalised Total Variation (NTV), and Normalised Smoothness Value (NSV) [120]. These

metrics play a pivotal role in understanding the dynamics of graph performance. Interestingly, a

correlation emerges between these metrics and GNN performance, revealing that certain models,

such as GCN and GAT, exhibit heightened sensitivity to graph structure, while others like

GraphSage display a more resilient response.

The metric that is the most commonly used in the literature is homophily. In the context of

population graphs, homophily refers to proportion of edges connecting nodes sharing the same

labels to the edges connecting nodes with different labels. The underlying concept is that as

GNNs transmit node features along edges, the lower the similarity among neighbours, the less

likely it is for the GNN to acquire meaningful node feature embeddings for a given node. This,

in turn, can have repercussions on the overall performance of the network.

There are three types of homophily: class homophily [112, 121], edge homophily [90], and

node homophily [145]. They are similar with only small differences in the aspects of the graph

structure that they highlight. Node homophily [145] is most commonly used, and it is defined

as in Equation (3.21).

homophily(G ,Y ) :=
1

|V |
∑
v∈V

|{u|u ∈ Nv, Yu = Yv}|
|Nv|

, (3.21)

where G = (V ,E ) is the graph with labels Y := {yu;u ∈ V }, Nv is the set of neighbouring

nodes of v, and | · | the cardinality of a set.

A graph with homophily close to 1 is considered a homophilic or a graph of high homophily.

On the other hand, when a graph has a homophily ratio close to 0, it is considered as a heterophilic

or a graph of low homophily. In Figure 3.10, you may find examples of homophilc and heterophilic

graphs.

When it comes to regression, there is little ongoing work on graph assessment metrics and

how they could be extended to work for regression tasks, mostly by [132]. The homophily of

the graphs for node regression, by estimating the distance among the labels of the nodes of a

neighbourhood, can be found in Equation (3.22).
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Figure 3.10: Examples of graph with high homophily (left), and low homophily (right). The
three different colours of the nodes represent three different classes.

homophilyreg(G, Y ) = 1−

(
1

|V |
∑
v∈V

(
1

|Nv|
∑
n∈Nv

∥yv − yn∥1

))
, (3.22)

where G := (V ,E ) is the graph with labels Y := {yu;u ∈ V }, Nv is the set of neighbouring

nodes of v, and ∥·∥1 indicates the L1 norm.

3.4 Related Works on Brain Age Estimation

3.4.1 Pre-Machine Learning Approaches for Brain Age Estimation

Before the era of ML, the field of neuroimaging relied heavily on traditional methods, which were

predominantly manual and dependent on the specialised knowledge of clinicians and radiologists.

These professionals would meticulously examine brain scans, searching for visible markers indica-

tive of ageing or Alzheimer’s Disease (AD), such as brain atrophy or the presence of lesions. This

process was based on visual interpretation of images, employing a qualitative approach to assess

the severity and progression of these conditions. While this method benefited from the acute

observational skills of experienced practitioners, it was inherently subjective, with assessments

varying between observers.

To complement these qualitative evaluations, researchers also developed basic statistical mod-
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els that took a more quantitative approach. By collecting measurements from brain scans, such

as the volumes of specific brain regions, and applying statistical analyses, this approach aimed

to objectively correlate physical brain changes with ageing or disease progression [180, 116, 69].

These early quantitative methods marked a significant step towards understanding the structural

manifestations of brain ageing and pathology.

However, these approaches were constrained by several limitations. The models used were

relatively simple and lacked the ability to automate the analysis process, making it challenging

to scale up studies or address the complex, multi-dimensional nature of brain imaging data

effectively.

The advent of brain atlases marked a pivotal moment in the evolution of neuroimaging tech-

niques [68, 4, 70, 191]. These atlases provided comprehensive maps of brain anatomy, becoming

indispensable tools for the research community. They facilitated the standardised identification

and analysis of brain regions across different individuals, enabling more systematic and objective

analysis than the subjective methods that preceded them.

Voxel-Based Morphometry (VBM) further advanced the quantitative analysis of brain im-

ages [127, 59, 9]. By segmenting Magnetic Resonance (MR) images into distinct tissue types

and assessing the volume of these tissues in a voxel-wise manner across the brain, VBM allowed

researchers to identify subtle, diffuse patterns of change associated with ageing and disease,

circumventing the need for manual region-specific measurements. This technique provided thor-

ough insights into the process of regional brain shrinkage and revealed the relationship between

structural changes in the brain and age-related cognitive decline.

The introduction of atlases and the development of VBM represented a significant leap for-

ward in the pre-ML era of neuroimaging. These innovations bridged the gap between the subjec-

tive assessments of the past and the automated, data-driven approaches that machine learning

would later enable. By laying the foundational techniques for standardised, quantitative analy-

sis, they paved the way for the sophisticated, scalable methods that now underpin contemporary

neuroimaging research.
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3.4.2 Traditional Machine Learning for Brain Age Estimation

Machine learning has been extensively used for the prediction of the chronological age from MR

data [181, 64, 52]. Machine learning algorithms are trained to find out correlations and patterns

in the MR data in order to predict the brain age of the subject. These models require some

’hand-engineering’, including the removal of non-brain tissue, image registration, smoothing and

interpolation. The common steps adopted include the segmentation and normalisation of the

MR data followed by feature extraction and feature selection or dimensionality reduction, such

as Principal Component Analysis (PCA). These data are then used as input in a classifier with

the purpose of age prediction.

The machine learning models are trained on a dataset of MR images of healthy subjects

and are used to predict the estimated chronological age of the subjects. The prediction error

is defined as the difference between the predicted age and the biological age. When working

with the training set, the prediction error should be as small as possible while when working

with the test set, which could include both healthy subjects and possible AD patients, a great

difference is indicative of accelerated brain ageing, thus a possible AD patient. Apart from the

prediction error, the authors in [64] proposed the use of Gaussian Process Regression (GPR)

uncertainty in order to measure the alterations from the healthy ageing model as they suggested

that accelerated ageing is not usually brain-wide.

A considerable amount of work has been done on brain age estimation from MR images

using machine learning techniques. Many of the existing approaches take advantage of the

segmentation of the T1-weighted MR images into Grey Matter (GM), White Matter (WM), and

Cerebrospinal Fluid (CSF) regions and utilise one or more region masks as input. It has been

demonstrated that the GM volume increases rapidly until reaching a peak at some point during

the subject’s childhood, after which it starts decreasing continuously [62, 168]. Concerning the

WM volume, it expands until the age of 10-15 years old and it continues to grow but extremely

slowly afterwards, while the CSF, remains stable until the age of 20 when, contrary to the GM

volume, it starts rising monotonically until the age of 70 [81]. This approach [94] took advantage

of the alterations of these volumes in order to come to a conclusion regarding the prediction of

the chronological age of the subject. More specifically, local features were extracted from GM,
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WM, and CSF volumes with the help of automated anatomical labelling (AAL) atlas, which were

then used as an input to a Relevance Vector Machine (RVM) classifier. A MAE of 4.50 years

was achieved. Another approach, which was presented in [186], utilised only the GM volume in

order to predict brain age by using Hidden Markov Models (HMM).

In this study [52], the authors proposed a framework that included an affine registration of T1-

weighted MR scans and dimensionality reduction via PCA followed by a RVM for regression. The

method performed pretty well as a MAE of 5 years was noted as a measure of prediction accuracy.

In [187], the authors outlined a cortical surface pattern (CSP) by associating the cortical thickness

with curvature and predicted the chronological age with RVM regression reporting a MAE of

4.57 years.

Although many methods that use machine learning for brain age prediction provide quite

accurate results, they require data preprocessing which is not only time-consuming and com-

plex, but also prevents the algorithms from being able to generalise because of the hand-crafted

features.

Deep learning has been greatly used in medical image analysis achieving high performance

in many different tasks, such as brain segmentation and disease classification, outperforming

classical machine learning approaches in most cases [113]. Contrary to machine learning, deep

learning techniques require negligible or no image preprocessing at all.

3.4.3 CNNs for Brain Age Estimation

Recently, there have been some studies using deep learning, and more specifically CNNs, with the

purpose of brain age prediction from MR images. CNN based architectures were applied with

the purpose of an accurate brain age prediction while using the minimum amount of domain

information [184, 177, 83]. In this work [75], the authors proposed a CNN that received the raw

T1-weighted MR images as input in order to take into account all the available information that

could possibly be omitted if some kind of segmentation was used. The method was both fast and

accurate and state-of-the-art results were achieved with a MAE of 4 years. Another study [151]

used a 3D CNN architecture in order to take advantage of the spatial information between the

slices of the MR images. In addition, the authors extracted the high frequencies of the structures
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of the brain and then extracted the features, taking into account that brain ageing results to

morphological alterations of the brain. Additionally, they used a densely connect block method

in order to enhance the fitting ability of their network. Their network performed very well with

a MAE of 4.28 years. 3D CNNs were also used in [35], where both raw T1-weighted MR images

and processed GM and WM images were used as input. The predictions were quite accurate in

both cases, with a MAE of about 4.50 years, proving that sufficient features can be extracted

from the raw 3D data without using the additional assumptions made during the preprocessing.

It is worth mentioning that in this study a GPR approach was used for comparison and these

methods performed equally well in terms of MAE. In addition, in a recent competition on brain

age estimation held last year (https://www.photon-ai.com/pac2019) the top performing

submission achieved results with less than 3 years in MAE. Last but not least, in [96], the

authors implemented a 3D ResNet model, which is enhanced by a randomised tensor regression

layer, achieving state-of-the-art results, and a MAE of approximately 2.6 years.

Deep learning techniques have demonstrated state-of-the-art performance in brain age estima-

tion without the need for hand-crafted feature extraction [197, 113]. Avoiding the preprocessing

steps not only eliminates possible biases and assumptions made, but also accelerates the pipeline

thus providing the clinicians with a quicker prediction. If real time prediction is achieved, models

will be available to help clinical decision making. However, in order to do so, the models should

not be regarded as black boxes and their results would have to be interpretable in order to be

trusted by the clinicians. Patches have been widely used for brain disease prediction [115, 110]

as they can provide information about subtle changes at a local level that are probably disre-

garded when working globally. To our knowledge, although patches could provide more localised

estimations, they have not been used successfully for age regression. It is believed that accurate

localised predictions could provide interpretable insights [144] that would be similar to clinical

ones [64, 33].

3.4.4 GNNs for medical tasks

GNNs have been used in the literature for a variety of medical tasks. They have been used on

graphs that have an inherent structure, such as surface meshes for quantifying fatty tissue [133],
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molecules for drug discovery [28], vessels for vessel segmentation [139], and brain connectivity

graphs for the representation of the human connectome [20].

Nevertheless, in situations such as population graphs, a distinct and predefined structure may

not be evident. As described before, in population graphs, each subject is typically represented

as a node, with imaging features as node features, and edges are determined based on predefined

criteria indicating the similarity between subjects. The construction of the graph can either be

pre-decided and static [142], or learnt dynamically during training [85].

Within the medical literature, population graphs coupled with GNNs have been employed for

various tasks [1], like AD classification, and Mild Cognitive Impairment (MCI) to AD conversion.

There are methods that use static graphs [142, 87, 198], while others use adaptive graphs that

are trained alongside the GNN [85, 199, 76]. There is also work on Autism Spectrum Disorder

(ASD) classification [7, 142, 199], COVID-19 outcome prediction [88], and other applications

[198, 146].

When it comes to brain age estimation, the primary focus of this thesis, there is little ongoing

work on population graphs and GNNs. To our knowledge, only [176] has tackled the task of

age regression by constructing a population graph with imaging information used for the node

features, and non-imaging information determining the edges. However, the model’s performance

was modest, with a MSE of approximately 28. Additionally, a few studies have addressed the

less challenging 4-class age classification problem using graph learning [85, 86, 38]. These works,

where the population graph is learnt during training alongside the model, achieved accuracy

ranging from 60% to 65%.

3.5 Bias Correction

A common issue observed when estimating brain age, is a bias, possibly because of regression

dilution [104]. More specifically, there is an overestimation in younger subjects and an underes-

timation in older subjects, which arises because datasets usually follow a gaussian distribution

with respect to age. Hence, the predictions, which a ML model makes, for cases on the lower

and higher parts of the distribution tend to converge to the mean of the distribution. On the

other hand, predicted age of subjects with chronological ages closer to the mean age tend to be
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more accurate. Additionally, another hypothesis revolves around the idea that the relationship

between real and biological age is non-linear. There is a lot of work [173, 18, 37, 42] going on to-

wards the adjustment of the bias by applying a statistical bias correction method to the predicted

ages. This recent commentary [102] compares some of the different existing approaches.

Recent works [42, 18] utilise the chronological age of the subject as a covariate with the pur-

pose of predicting a bias-corrected age. Although this strategy cannot be helpful for predicting

the bias-corrected age of a subject lacking the chronological age, it could prove important clin-

ically for giving insights for the subject’s brain age, as when people arrive at the hospital, they

usually provide their demographics, including chronological age.

3.6 Interpretability for Deep Learning

Understanding the logic behind a model’s decision is very important in assessing trust and

therefore in the adoption of the model by the users [57]. For instance, the users should be

certain that correct predictions are an outcome of proper problem representation and not of the

mistaken use of artifacts. For this reason, some sort of interpretation may be essential in some

cases. In the medical domain [72], the ability of a model to explain the reasoning behind its

predictions is an even more important property of a model, as crucial decisions about someone’s

life need to be made based on its predictions.

Usually, there is a trade-off between accuracy and interpretability [27]. Although deep learn-

ing models have even better performance than humans in some cases, they are usually considered

as black boxes [130]. On the other hand, classical machine learning techniques, such as decision

trees and linear models, are more interpretable and this is the reason behind their extensive use

in many applications even though they do not perform as well as other more complex models.

Therefore, the need for tools that will not only be accurate, but also understandable by hu-

mans, is justified and the increasing interest in research related to explainable deep learning is

reasonable.

A common technique to make a deep network interpretable is by using a proxy method in order

to simplify its outputs and not interfere with the model’s structure[129, 167, 16]. This method,

termed network diagnosis by [197], focuses on understanding the model behavior rather than
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the model function. According to [155], good explanation methods need to meet certain criteria,

which involve being interpretable, locally faithful, and model-agnostic. Apart from that, they

must provide a global perspective of the model. Keeping these characteristics in mind, the authors

proposed their explanation technique, which can be used in combination with any classifier

and not only provide explanations of the predictions by approximating locally an interpretable

linear model around them, but also choose and present representative instances in order to

provide the user with a general idea about how the classifier works. More recently, another study

([130]) suggested methods for making any kind of machine learning model, including nonlinear

deep neural networks, interpretable by building prototypes and exploiting the use of Layer-wise

Relevance Propagation.

Another approach to the explainability of deep learning is by understanding the function

and the structure of the model. This approach is referred to as transparency by [129] and can

be further distinguished in comprehension of the model, comprehension of the parameters and

comprehension of a specific training algorithm [107]. [101] proposed modifying CNNs in order

to make them interpretable rather than tackling the problem with network diagnosis. More

specifically, each high-layer filter is trained to correspond to an object part of the image in order

to create a network that can clarify which specific part is learnt by each convolutional filter.

A concept that could contribute to the explainability of deep learning is attention [6]. The idea

behind it is the production of a context vector that assigns weights on the input. Attention Gates

(AG) have been considerably used in computer vision and natural language processing domains

[6, 82]. In the medical domain, [164] is a study worth mentioning as the authors proposed the

application of Attention Gated (AG) models in medical images. The purpose of the study is to

highlight salient features for classification or segmentation by incorporating AG networks into

a standard CNN. It is believed that the focus of the model on specific regions could result in

better understanding behind the model’s decisions. Therefore, AG networks could be useful for

explainable deep learning models.

A quite interesting study was reported in [19], where the authors tried to predict human

survival in patients with a heart disease using deep learning, more specifically a Denoising Au-

toencoder (DAE) and a prediction branch for the survival. An important contribution of this

work was the presentation of their results in an interpretable manner, with the use of Laplacian
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eigenmaps and saliency maps, which facilitates the understanding of the logic behind the pre-

dictions of the model and enhances its trustworthiness. This approach could be applied for age

estimation from brain images as well. In this way, not only a novel deep learning technique that

is differentiated from the existing CNN models could be deployed, but also the results will be

understandable by humans which could be the start for a whole new set of possibilities in the

field of age estimation with the purpose of diagnosis of Alzheimer’s disease.

3.7 Summary

Summarising all of the above, AD is a life-threatening disease and early diagnosis could contribute

to the understanding of its progression. The estimation of the chronological age of a subject and

the comparison with their biological age is considered as a promising biomarker. MR images have

been extensively used in age prediction tools. Machine learning techniques have been developed

for this purpose giving very good results with quite small MAE. However, these techniques include

some preprocessing which is time consuming. In addition, this preprocessing that is tailored to

the training dataset does not allow the trained model to generalise on unseen data. On the

other hand, deep learning techniques have achieved the same, if not better, results, without

any ’hand-engineering’, making the potential of real time prediction and the involvement of deep

learning models in clinical decisions feasible. However, the architectures that have been primarily

developed with the purpose of age estimation are based on CNNs and other architectures, such

as GNNs have not been particularly explored. Apart from this, the fact that deep learning

models are regarded as black box models prevents their use by the clinicians since they are not

trustworthy. Therefore, the development of deep learning models that are not only accurate, but

also interpretable seems to be a territory that needs to be investigated.
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Chapter 4

Patch-based Brain Age

Estimation from MR Images

Chapter 3 highlighted the importance of a deep learning pipeline that can not only predict brain

age as accurately as possible, but it is also interpretable and localised, so it will be trusted by

clinicians. In this chapter, we explore the use of patches of the brain, instead of the whole brain,

and obtain a regional estimate of brain age based on every patch. In this way, we allow the

network to focus on the specific patch without being affected by the rest of the brain. Further-

more, we evaluate which patches include important regions for the age regression and obtain a

visualisation on the areas that play the most vital role on brain age estimation, thus making

the results more interpretable and providing the first step for even more localised predictions.

We, then, combine the results of the different patches to produce a more accurate brain age

estimation for each subject.

This chapter is an extension of the work that is published in [23]:

Bintsi, K., Baltatzis, V., Kolbeinsson, A., Hammers, A., and Rueckert, D.: Patch-based brain

age estimation from MR images. In: Kia, S.M., Mohy-ud-Din, H., Abdulkadir, A., et al. (eds.)

Machine Learning in Clinical Neuroimaging and Radiogenomics in Neuro-oncology - Third In-

ternational Workshop, MLCN 2020, and Second International Workshop, RNO-AI 2020, Held in

Conjunction with MICCAI 2020, Lima, Peru, October 4-8, 2020, Proceedings. Lecture Notes in
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Computer Science, vol. 12449, pp. 98–107. Springer (2020). doi: 10.1007/978-3-030-66843-3\ 10,

https://doi.org/10.1007/978-3-030-66843-3_10

4.1 Introduction

Alzheimer’s Disease (AD) is a progressive neurodegenerative disease and the most common cause

of dementia [5]. It has been demonstrated that AD results in atrophy of the brain[161] as well

as changes in the morphology of brain tissues. Specifically, atrophy firstly manifests itself in the

hippocampus and it then expands through the cerebral cortex. Meanwhile, Cerebrospinal Fluid

(CSF) spaces, i.e. the ventricles inside the brain and cisterns outside the brain, are enlarged.

Biomarkers are an important diagnostic tool for detection of the early stages of AD [40]. A

characteristic hallmark of neurodegenerative diseases such as AD is that they may result in

accelerated ageing of the human brain. Hence, a promising biomarker that has been used in AD

and other neuroimaging studies is brain age [51, 34], which measures the difference between the

biological brain age of a subject and their real (chronological) age.

Structural Magnetic Resonance (MR) images have been widely used for the measurement of

brain changes related to age [59] and are often available in patients. For this reason, a considerable

amount of work has been done on brain age estimation from MR images using Machine Learning

(ML) techniques [17, 52, 181]. The segmentation of the T1-weighted MR images into Grey

Matter (GM), White Matter (WM), and CSF regions, and region masks are usually used as

input to a ML model [94, 52], achieving a Mean Absolute Error (MAE) of as low as 4.3 years

[111]. Recently, various Convolutional Neural Network (CNN)-based approaches which provide

accurate brain age estimation using raw T1-weighted MR images with MAEs ranging from 3.3 to

4 years have been proposed [83, 75, 34]. In a recent competition on brain age estimation held in

2019 (https://www.photon-ai.com/pac2019) the top performing submission achieved results with

a MAE of less than 3 years. In [96], the authors implemented a 3D Residual Network (ResNet)

model enhanced by a randomised tensor regression layer, achieving state-of-the-art results, and

a MAE of 2.6 years.

A common bias observed when estimating brain age, possibly because of regression dilution

[104], is the overestimation in younger subjects and the underestimation in older subjects. The
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term bias correction used in age estimation should not be confused with the bias field correction

that is used as a pre-processing step for MR images [84]. There is a substantial amount of

work [173, 37, 102] going on towards the adjustment of the bias by applying a statistical bias

correction method to the predicted ages. Recent works [103, 18] use the real age of the subject

as a covariate to predict a bias-corrected age.

Patches have been widely used for brain disease prediction [110, 114] as they can provide

information about subtle changes at a local level that are probably disregarded when working

globally. To our knowledge, although patches could provide more localised estimations, they

have not been used successfully for age regression. It is believed though that accurate localised

predictions could provide interpretable insights [144] that would be similar to clinical ones [17, 33].

In this chapter, we propose the use of patches of the brain, instead of the whole brain, as

input and train independent 3D ResNet18 networks for every patch in order to obtain a regional

estimate of brain age. Thus, we allow the network to focus on the specific patch without being

affected by the rest of the brain. Furthermore, we evaluate which patches include important

regions for the age regression and obtain a visualisation of these areas, thus making the results

more interpretable and providing the first step for even more localised predictions. We, then,

combine the results of the different patches to produce a more accurate brain age estimation for

each subject, achieving state-of-the-art results with a MAE of 2.13 years before and 1.96 years

after bias correction.

4.2 Materials & Methods

4.2.1 Dataset & Preprocessing

We use the UK Biobank (UKBB) dataset [3] for the task of age regression. UKBB aims to

scan nearly 100,000 subjects and is designed with the purpose of sharing data. It incorporates a

large collection of Magnetic Resonance Imaging (MRI) scans of vital organs, including brain MR

images acquired with many different protocols such us T1-weighted, T2-weighted and Diffusion

MRI. The dataset used in this study, contains 3D T1-weighted brain images, sized 182x218x182,

acquired from nearly 15,000 healthy subjects aged between 44 and 73 years old, 52.3% of which
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Figure 4.1: Age distribution of the study population.

are women and 47.8% are men. The age distribution of the study population can be found in

Figure 4.1. The images are skull-striped and are non-linearly registered to MNI152 standard

space, while we also normalise each brain scan to zero mean and unit variance. From the 14,503

subjects provided, 753 did not provide their age and are removed from the study, thus leaving

13,750 3D brain images, 80% of which are used for the training set, 15% for the validation set

and the remaining 5% for the test set.

4.2.2 Convolutional Autoencoder

We wanted to explore how convolutional autoencoders can perform for the task of brain age

prediction. Therefore, a network based on [19] was implemented. The architecture of the network

consisted of a convolutional autoencoder with an age prediction branch, as can be seen in Figure

4.2.

The network utilises an autoencoder in order to create latent representations optimised for

age prediction. The input vector is introduced to three consecutive blocks that are consisted of a

convolutional, a batch normalisation and a ReLU activation layer. A convolutional, a ReLU and

a max pooling layer follow and the output is fed to the bottleneck layer of the autoencoder that

represents the latent code, which has a much lower dimensionality than the one of the input and

can be regarded as a compressed representation. Since both 2D and 3D inputs were explored,
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Figure 4.2: The architecture of the network. The encoder part, consisted of hidden layers, results
to the bottleneck layer (latent code layer). The latent code is used for the reconstruction, by
using a decoder, as well an age prediction task achieved by an extra branch. An optional sex
classification task was added for some experiments as well.

two similar models were implemented using the 2D and 3D equivalent functions of the layers

mentioned.

The latent code is then used as input in the second part of the autoencoder which is a multi-

layer decoder network. The purpose of the decoder is to upsample the latent code, by applying

a transposed convolution operator, in order to bring it back to the original dimensionality. The

autoencoder has a symmetric architecture, meaning that the same number of hidden layers were

used for both the encoder and the decoder parts.

The purpose of the autoencoder is to minimise the dissimilarity between the original input

and the reconstructed output vectors of the autoencoder by minimising the loss function. For

our network, Mean Squared Error (MSE) loss function Lr is chosen. In this way, the network

learns to keep robust features in the latent code.

However, the aim of the study is age estimation. Therefore, we do not only need robust

features for the reconstruction but also the most useful ones for the prediction. For this reason,

apart from the decoder part, the bottleneck layer is also linked to a prediction branch, and more
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specifically a linear regression, with the task of age estimation. The prediction branch is trained

with the ages of the subjects as labels. In order to minimise the difference between the real and

the predicted ages of the subjects, we use a mean squared error loss function Lp in this case as

well.

The loss used for our network was a combination of Lr and Lp. We define:

Lnetwork = αLr + βLp (4.1)

where the terms α and β define the importance of each one of the losses to the global loss. For

the training of the network, β was selected equal to 1− α. The value of α chosen is 0.3.

4.2.3 ResNet18 Network

2D & 3D Baseline Models

We trained a 2D ResNet18 network using as input only the central transverse slice of the brain

scans, as we wanted to check if only a slice of the brain would include enough information for

the brain age estimation.

In addition, we implemented a 3D version of a ResNet18 model similar to the one used in

[96] in order to use it as a baseline for the evaluation of our method. The architecture of the

network follows the one of [67] but we use three-dimensional convolutions instead of 2D.

Patch-based Prediction

An overview of the proposed method can be found in Figure 4.3.

In brief, we utilise patches of the brain, instead of the whole brain scans, with the purpose of

understanding the effect of different parts of the brain on the predictions, and hence acquiring

more localised predictions. We center crop each brain scan from 182x218x182 to 140x176x140.

Afterwards, we extract 3D patches sized 64x64x64 with a stride of 40x56x40 from each brain,

which leads to 27 patches per brain scan. We then train 27 18-layer 3D ResNet models, similar

to the baseline one described before. We train and test on the same patch, thus on a specific

region of the brain. This allows the network to focus on the specific patch independently of the
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Figure 4.3: Overview of the proposed method. N 3D patches are being extracted from the center-
cropped image. Every patch is used as input in a ResNet model that is trained to predict the
subject’s brain age, hence N different age predictions yi are produced. The individual predictions
are then combined using an ensemble method in order to achieve an improved estimation y.

rest of the image.

Ensemble Method We investigate whether the use of patches could lead to a more accurate

brain age estimation. Therefore, we combine the predictions of the single-patch networks with

an ensemble model. Every patch-based model provides a brain age estimation resulting in 27

independent predictions for each subject. We experiment with two different ways for the fusion

of the patch-based models. The first involves taking the mean of the results of the multiple

ResNets for every instance of the test set. So, if N is the total number of patch-based models,

P ≤ N is a subset of these models and yi is the prediction of every one of them, the prediction

y produced by the ensemble model is given by Equation (4.2):

y =
1

P

P∑
i=1

yi (4.2)

Moreover, since not all patches are equally important for age prediction, weighted averaging

may produce better results. We, therefore, implement a linear regression model that predicts the

brain age of each subject on the test set from yi. The output prediction y in this case is given
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by Equation (4.3):

y = w0 +

P∑
i=1

wiyi (4.3)

Here, w0 is the intercept term and wi are the learnable weights for each of the P individual

models. In addition, based on the previous experiments, we make some conclusions on which

patches contain important features for brain age and which not. For this reason, we choose the

number of the selected patch-based models P so that each individual MAE < threshold on

the validation set. We choose that threshold heuristically. We investigate both averaging the

predictions and using a meta-regressor similar to the one described above.

32x32x32 Patches Following up from the previous exploration, we extracted smaller patches

out of a patch of the previous network in order to check if a more specialised localisation is

feasible.

Therefore, we extracted patches of 32x32x32 out of a 64x64x64 patch used before and trained

networks independently. The patch from which smaller patches were extracted can be found

in Figure 4.8. A total of 8 patches were extracted from each brain and thus, 8 networks were

trained.

Random Patches As the methods described before do not easily scale, we used random

patches for the training of the network with the purpose of localised predictions. Therefore, a

number for random patches was extracted from each brain scan. These could be overlapping and

they were different for each scan.

Three different experiments were implemented, using different size for the random patches.

More specifically, for the first experiment, relatively big patches sized 64x64x64 were used,

while for the next two, patches of 32x32x32 and 16x16x16 were used. A number of N patches

were extracted from each brain volume and every patch was used independently as an input in

the network. Therefore, there were N ∗ (NumberofSubjects) inputs in total. The number of

patches for the three experiments were 30, 50, and 70, respectively.

For the case of the 64x64x64 patches, we also average the predictions of all the patches

extracted from the same subject with the purpose of getting one age estimation for every subject.
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Bias Correction

The bias correction technique adopted in this work is the one proposed by [18]. We fit the

relationship of the brain age delta and the chronological age using Equation (4.4):

∆ = α ∗ Ychronological + β (4.4)

where Ychronological is the real age of the subject and ∆ the brain age delta function. The α

and β represent the slope and intercept respectively and are then used for the estimation of the

corrected predicted age from Equation (4.5):

Ycorrected = Ypredicted − (α ∗ Ychronological + β) (4.5)

Saliency Maps

We utilised saliency maps [169] in order to get an insight into the reasoning behind the predictions

provided by our models. Saliency maps are a visualisation tool that highlights the most important

pixels of the image, meaning the ones that affect the most the decision made by the model. This

can be done by computing the gradient of the loss function with respect to the pixels of the input

image via backpropagation. The greatest the impact of a voxel on the prediction, the highest

the pixel’s intensity in the saliency map. Since the images are non-linearly registered to MNI152

standard space, this method can be used in cases where some voxels are present in more than

one patches (e.g. for random patches or for the generation of a saliency map across subjects).

4.3 Results

4.3.1 Metrics

Numerous different experiments are implemented. For the evaluation of the age regression task

in every model, MAE, and R2 score are computed.
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Table 4.1: Comparison of the performance of the 2D and 3D baseline experiments in terms of
Mean Absolute Error (MAE) and R2 score.

Experiment MAE (years) R2 score
2D autoencoder 4.28 0.69
3D autoencoder 3.28 0.82
2D ResNet18 3.88 0.74
3D ResNet18 2.64 0.87

4.3.2 Implementation details

We train the network using backpropagation [159], with batch size 8 for 40 epochs. We use

a mean squared error loss for the age regression. Furthermore, we use the adaptive moment

estimation (Adam) optimiser [91] with an initial learning rate lr=0.0001, which is reduced by

a factor of 10 every 15 epochs, and a weight decay of λ = 0.0005. The implementation of the

network is done on an NVIDIA Titan RTX using Pytorch deep-learning library [143].

4.3.3 Experiments

Convolutional Autoencoder

For the 2D Convolutional Autoencoder we used the central transverse slice of the brain scans as

input. The results were not promising as the MAE was around 4.28 years.

For the case of the 3D network, the whole brain scans were used as inputs. In this case, the

results were improved compared to the case of the 2D slices of the brain as a MAE of 3.28 years

and a R2 score of 0.82 were observed. The results for the 2D and 3D convolutional autoencoders

may be found in Table 4.1.

ResNet18

2D & 3D Baseline Models For the 2D network, we trained a ResNet18 network using as

input only the central transverse slice of the brain scans in this case as well, as we wanted to

check if only a slice of the brain would include enough information for the brain age estimation.

The network gave predictions with a MAE of around 3.88 years and a R2 score of 0.74 (Table

4.1). Since the results were not that encouraging, we used the whole brain scans for the regression

task.
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Table 4.2: Comparison of the performance of the baseline model when using images with different
registration as input in terms of Mean Absolute Error (MAE) R2 score. Here, the baseline model
refers to the 3D ResNet18 network.

Input images MAE (years) R2 score
Non-rigid registration 2.64 0.87
Rigid registration 3.34 0.80
Affine registration 3.06 0.85

For the case of the 3D version of a ResNet18 model, the network that uses the whole brain

scans as an input predicts accurate results with a MAE of around 2.64 years and a R2 score of

0.87, as depicted in Figure 4.5 and Table 4.1. Comparing to [96], our model performs better to

their simple 3D ResNet18 as we used a later release of the UKBB that includes a greater number

of brain scans.

Apart from this, we also train the network with images after rigid, and affine registration to

the MNI152 space used as inputs and compare the results with our baseline model. The results

for the performance of the 3D ResNet18 model when using images with different registration as

input can be found in Table 4.2.

In both of the cases the network performs slightly worse, with a MAE of 3.34 years and a R2

score of 0.80 for the rigid registration, and with a MAE of 3.06 years and a R2 score of 0.85 for

the affine registration one.

The model that was used as the baseline one was, therefore, the one that was trained on the

non rigid to MNI152 space registered images as not only it performed better, but also is the one

mostly used by literature since it is provided by UKBB.

For the case of the baseline model, bias correction was also applied. Bias correction led to

the improvement of the results as a MAE of 2.43 years and a R2 score of 0.8 were performed.

In addition, we computed the saliency maps in order to get a visualisation of the areas that

played an important role in the prediction. In Figure 4.4, the central axial, coronal, and sagittal

slices of the average of the saliency maps of the subjects of the test set can be seen.

Central Patch We wanted to check how the network would perform in case only the central

part of the image was provided. For this reason, we trained two networks using only the 64x64x64

and 32x32x32 central patches of the brains, respectively.
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(a) (b) (c)

Figure 4.4: Average of saliency maps of the subjects that belong in the test set in the axial (a),
coronal (b), and sagittal (c), planes for the baseline model.

The results were interesting for the case of the 64x64x64 patch as the network performed

similarly to when given the whole brain scan as input, and more specifically with a MAE of 2.74

and a R2 score of 0.88.

For the 32x23x32 central patch, the results were not promising, as MAE was 3.64 years and

R2 score was 0.76.

Patch-based Prediction

When we use a 64x64x64 patch as input to a 3D ResNet18, the results are highly dependent on

the area of the brain where the patch is extracted from. We train 27 ResNets for 27 patches,

achieving MAE from around 2.5 to 4.2 years. The patches with the best performance are the

ones that include the ventricles or the hippocampus, with MAE of less than 2.5 and 2.7 years,

respectively, and R2 scores of 0.80 and 0.76, respectively, as well as patches that include parts

of these regions. On the contrary, patches that contain a lot of background perform much worse

with a MAE of 3.5-4.2 years and a R2 score of about 0.15-0.6. In Figure 4.6, numerous patches,

coloured based on the performance of the corresponding models, are illustrated as part of a whole

brain slice. The main results of the experiments can be found in Table 4.3.

Ensemble Method When we combine the single-patch models, we achieve an improved per-

formance. Concerning the aggregation of the individual models, apart from the average of all

the patches of the brain, we also calculate the average of the patches that perform better on the
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(a) (b)

(c) (d)

Figure 4.5: (a) Uncorrected brain age delta vs Chronological age for the baseline model, (b)
Corrected brain age delta vs Chronological age for the baseline model, (c) The plot of the
predicted over the real ages of the subjects before bias correction on the test set for the baseline
model, (d) The plot of the predicted over the real ages of the subjects after bias correction on
the test set for the baseline model.

task according to the performance on the validation set (MAE < 3 years), hence the ones that

include important information on brain ageing. The MAE is 2.66 and 2.28 years, respectively,

and the R2 score 0.78 and 0.83, respectively.

The use of linear regression provides better results. The scatter plots of the real over predicted

ages, before and after bias correction is applied, are shown in Figure 4.7. Specifically, we achieve

a MAE of 2.13 years when all the single-patch models are used. Furthermore, when we use only

the models of the patches with the most important information for the age of the brain, we

achieve a MAE of 2.16 years. Regarding R2 score, it is 0.85 in both cases. In this case, bias

correction is applied as well and we achieve a MAE of 1.96 years, and an R2 score of 0.87.
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(a) (b)

Figure 4.6: Slices of a brain MR image with three coloured patches in each case. The colours of
the patches indicate the performance of this single-patch model in terms of Mean Absolute Error
(MAE). Specifically: red patches indicate a MAE of less than 3 years, orange patches between
3 and 3.5 years, green patches between 3.5 and 4 years, and blue patches greater than 4 years.
The patches that perform best include the ventricles (a), and the hippocampus (b).

Table 4.3: Performance comparison of the most important experiments for the 64x64x64 patches
in terms of Mean Absolute Error (MAE) and R2 score. Here, the baseline model refers to the
3D ResNet18 network.

Experiment MAE (years) R2 score
Baseline model (uncorrected) 2.64 0.77
Best single-patch network 2.46 0.80
Worst single-patch network 4.19 0.14
Averaging (selected patches) 2.26 0.84
Linear Regression (all patches, uncorrected) 2.13 0.85
Baseline model (corrected) 2.43 0.80
Linear Regression (all patches, corrected) 1.96 0.87

32x32x32 Patches Regarding the results of the independent networks in the case of the

32x32x32 patches, the results varied with MAEs from 3.84 to 5.28 years. As it was expected,

the patches that performed the worst were the ones including the background. The patch that

performed the best was the one containing part of the ventricles. A slice of the 64x64x64 patch

along with the smaller 32x32x32 patch that performed the best can be found in Figure 4.8.

When combining the results of the different patches with the ensemble method that uses linear

regression described in the previous section, there was a slight improvement of the prediction

with a MAE of 3.49 years and an R2 score of 0.59.
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(a) (b)

Figure 4.7: The predicted over the real age of the subjects when the predicted ages result from a
linear regression of all the patches before bias correction (a), and after bias correction (b). The
black dashed line shows the line of identity (x = y), while the orange solid one corresponds to
the fitted model.

Figure 4.8: Slice of a brain MR 64x64x64 patch with the 32x32x32 patch that performed the best
coloured orange. The patch that performed the best includes part of the ventricles and reached
a MAE of 3.84 years.

Although the pipeline described here provides some kind of more detailed localisation, the

procedure can not be easily scaled in order to examine the importance of the regions of the whole

brain.

Random Patches For the case of the random 64x64x64 patches, the average of the predictions

of all the patches extracted by the same subject was also calculated in order to examine whether

the combination of different patches would improve the results.

Regarding the results, the performance decreased with the decrease of the patch size. The

MAE for the large 64x64x64 patch was 3.70 years and the R2 score was 0.58. When the predic-
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(a) (b)

Figure 4.9: The predicted over the real age of the subjects when the predicted ages result from the
sum of the predictions of the different patches extracted for every subject before bias correction
(a), and after bias correction (b). The black dashed line shows the line of identity (x = y), while
the orange solid one corresponds to the fitted model.

tions of the different patches were averaged, the results indeed improved as a MAE of 3.56 and

2.33 years and a R2 score of 0.65 and 0.83, before and after bias correction respectively, were

achieved. The MAE along with the standard deviation (std) of the different predictions of every

subject can be seed in Figure 4.9, while in Figure 4.10 the average of the saliency maps for the

patches of the test set can be found.

In addition, we estimate the average of the MAE of the different patches for every pixel.

In other words, we calculate the number of patches that include a pixel, and we average their

different predictions. We visualise the results in heatmaps for every fifth slice in the three planes

in Figure 4.11.

For the 32x32x32 patches, the network performed worse with a MAE of 4.90 years and a R2

score of 0.3, while for the small 16x16x16 patches the network did not manage to be trained at

all.

In the case of 32x32x32 patches, we also estimate and create the heatmaps presented in Figure

4.12, following the same procedure mentioned for the larger patches.
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(a) (b) (c)

Figure 4.10: Average of saliency maps of the subjects that belong in the test set in the axial (a),
coronal (b), and sagittal (c), planes for the model that was trained on random patches.

4.4 Discussion

A plethora of deep learning methods based on CNNs which use the whole brain images as input,

have been used for estimating brain age via regression, achieving good performance (MAE of

around 2.6 years) [96].

Firstly, we decided to explore how autoencoders perform in this task and created a network

that not only tries to find robust features for the reconstruction, but also predicts the age of the

subject. We explored both the use of 2D and 3D inputs. The results were not comparable to

the state-of-the-art and the training was slower than the ResNet18. Therefore, we utilised the

model described in [96] as our baseline model.

For the experiments that used the ResNet18, different kind of registrations were used as

input. The images that seemed to include the most useful information for the task, were the ones

with the non rigid registration. These images are also the ones used for the relevant literature.

Therefore, these images are the ones used for our baseline model.

We have also explored how patches of the brain can be used to perform this task. Firstly,

we train a network for each patch that tries to find robust but patch-specific features for the

age estimation. In addition, we combine the results of the different networks via an ensemble

approach with the purpose of a more accurate estimation.

Based on the results, we conclude that the patches that include parts of the ventricles and

the hippocampus tend to predict the age of the subject more accurately with a MAE of less than
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(a) (b)

(c)

Figure 4.11: Average of the MAE of the predictions of the different 64x64x64 patches for the
case of every pixel of the test set. Every fifth slice is presented in the axial (a), coronal (b), and
sagittal (c), views.
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(a) (b)

(c)

Figure 4.12: Average of the MAE of the predictions of the different 32x32x32 patches for the
case of every pixel of the test set. Every fifth slice is presented in the axial (a), coronal (b), and
sagittal (c), views.
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3 years, thus our results are consistent with the existing literature [161]. The MAE in some of

these cases is lower than that for the baseline network which utilises the volume of the whole

brain, proving that not all parts of the brain are needed for an accurate prediction. Therefore,

less computational effort is required for comparable results. On the other hand, patches that

include part of the background do not perform as accurately. We observe that although the brain

shrinks while age increases, the networks do not manage to capture the changes in the cerebral

cortex as accurately. An explanation for this could be the way the images are registered, which

reduces size differences between brains, or the relatively small range of existing ages in the

dataset, especially of ages beyond 65 years when atrophy tends to accelerate [39]. Furthermore,

the use of patches provides a visualisation of the parts of the brain that are valuable for age

prediction, leading to a more understandable prediction. Although the patches are big and do

not provide detailed localisation, this work is the first step towards an interpretable and localised

brain age estimation. More localised detection of a deviation from normal trajectories may also

be useful for the automatic detection of more focal pathologies such as ventricular enlargement

in hydrocephalus or hippocampal atrophy in temporal lobe epilepsies [89].

We also improve the age prediction by combining the results of a few weak networks. Firstly,

we do so by simply averaging the results of all the independent networks. However, this does not

lead to any improvement on the predictions (MAE = 2.66 years). Thus, we then leverage the

knowledge acquired from the previous experiment and average only the predictions from patches

that seemed to include the most relevant information about brain age. There is a major boost

in the regression performance (MAE = 2.26 years), showing that by combining results of weaker

networks we can achieve a better prediction. Moreover, we aggregate the single-patch models by

using a linear regression, as we believe that by giving appropriate weights to the results of every

patch, better results could be achieved. Interestingly, in this case, using all the individual models

performs similarly (MAE = 2.13 years) to when we use the selected ones (MAE = 2.16 years).

The reason is, probably, that by learning the weights, the linear regression model can suppress

the effect of the least accurately performing models, while promoting the best performing ones.

This results in an age estimator which is more accurate than the baseline model as well as the

existing literature.

After bias correction, we notice a considerable increase of the performance of the network
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(MAE = 1.96 years). Although using the chronological age as a covariate for the bias correction

is not meaningful for a ML model, it could prove important clinically for giving insights for the

subject’s brain age, as demographics, including chronological age, are usually known.

As our next step, we extracted smaller patches, sized 32x32x32, from the patches that perform

better in order to provide even more localised predictions. In this case as well, there seem to be

more localised insights as the patches that performed the best were again the ones that included

part of the ventricles. However, the method described is not scalable and cannot be applied in

a clinical environment.

For this reason, the extraction of random patches that were fed into a single network was

explored. Although the network trained or the network patches perform worse than the network

of our previous experiment, this method is scalabe.

Comparing the saliency maps created for the baseline model (Figure 4.4), and the model

trained on 64x64x64 patches (Figure 4.10), we notice that similar areas seem to be the most

important ones. However, for the case of the random patches, the biggest part of the brain has

some kind of role in the decision, which is logical since the network learns the local features

includes in the various patches and predicts based on these.

From the heatmaps created, we notice that the patches that perform better in the age estima-

tion task are roughly the ones expected from the literature [161]. Although the large 64x64x64

random patches (Figure 4.11) give more accurate results than the 32x32x32 ones (Figure 4.12),

they do not provide that localised predictions.

4.5 Summary

In this chapter, we propose the use of patches of the brain, instead of the whole 3D brain scan,

as input to separate 3D ResNets for brain age estimation. We explore the use of both patches of

a grid and random patches. We combine the results of the networks with an ensemble method,

such as linear regression. The method provides accurate results outperforming the state-of-the-

art. In addition, we provide localised predictions by specifying the patches that perform better

on the task. Precise age prediction in healthy participants, e.g. from UKBB as in this study, can

now be used as a baseline to compare trajectories in different pathologies such as Alzheimer’s
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[39].

A limitation of this work is that the patches used are quite big, thus the extracted maps are

coarse. When we use smaller patches, in order to end up to more detailed maps, we increase

highly the computational and time costs, since the number of patches increases significantly. In

addition, since the pipeline is not trained end-to-end, it is not easily scalable. For this reason, in

the next chapter (Chapter 5) we will look more into interpretability techniques for CNNs with

the purpose of extracting more detailed attention maps for the task of brain age estimation.
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Chapter 5

Voxel-level Importance Maps for

Interpretable Brain Age

Estimation

In the previous chapter, we focused on the extraction of attention maps that highlight the brain

regions that are the most relevant to brain age. However, since the patches used were quite big,

the extracted attention maps were coarse. On the other hand, when the use of smaller patches

was explored, we noticed that the method is not easily scalable due to computational costs.

In this chapter, we still maintain our attention in the interpretability aspect of Convolutional

Neural Networks (CNNs). We work on saliency maps, which have been used to a great extent to

provide an indication on the parts of the image that a neural network’s prediction is based on.

We focus on the brain age regression task, but most interpretability methods are working

along with classification tasks and cannot be directly transferred to regression tasks. For this

reason, in this chapter, we work on the task of brain age regression from 3D brain Magnetic

Resonance (MR) images using a CNN, and we interpret its predictions by extracting importance

maps, using a noise model. By averaging the importance maps of the subjects we end up with

a population-based importance map, which displays the regions of the brain that are influential
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for the task.

The findings of this chapter were presented and published in [22]:

Bintsi, K., Baltatzis, V., Hammers, A., and Rueckert, D.: Voxel-level importance maps for

interpretable brain age estimation. In: Reyes, M., Abreu, P.H., Cardoso, J.S., et al. (eds.)

Interpretability of Machine Intelligence in Medical Image Computing, and Topological Data

Analysis and Its Applications for Medical Data - 4th International Workshop, iMIMIC 2021,

and 1st International Workshop, TDA4MedicalData 2021, Held in Conjunction with MICCAI

2021, Strasbourg, France, September 27, 2021, Proceedings. Lecture Notes in Computer Sci-

ence, vol. 12929, pp. 65–74. Springer (2021). doi: 10.1007/978-3-030-87444-5\ 7, https:

//doi.org/10.1007/978-3-030-87444-5_7

5.1 Introduction

Alzheimer’s disease (AD) is the most common cause of dementia [5]. AD leads to the atrophy

of the brain more quickly than healthy ageing and is a progressive neurodegenerative disease,

meaning that more and more parts of the brain are damaged over time. The atrophy primarily

appears in brain regions such as hippocampus, and it afterwards progresses to the cerebral

neocortex. At the same time, the ventricles of the brain as well as cisterns, which are outside of

the brain, enlarge [161].

Healthy ageing also results in changing of the brain, following specific patterns [2]. Therefore,

a possible biomarker used in AD is the estimation of the brain (biological) age of a subject which

can then be compared with the subject’s real (chronological) age [51]. People at increased risk

can be identified by the deviation between these two ages and early computer-aided detection of

possible patients with neurodegenerative disorders can be accomplished. For this reason, a large

body of research has focused on estimating brain age, especially using Magnetic Resonance (MR)

images, which have long been used successfully in the measurement of brain changes related to

age [59].

Recently, deep learning models have proved to be successful on the task of brain age estima-

tion, providing relatively high accuracy. They are designed to find correlation and patterns in

the input data and, in the supervised learning setting, associate that with a label, which in our
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Figure 5.1: Overview of the proposed idea. A noise model is trained with the purpose of adding
as much noise as possible to the input. The output is a noise mask, in which noise sampled from
the standard normal distribution is added. The result is then added to the input image and is
used as an input to a pretrained prediction model with frozen parameters. The aim is to create
a noisy image that will maximise the noise level while also not harming the performance of the
prediction model.

case is the age of the subject. The models are trained on a dataset of MR images of healthy

brains, estimating the expected chronological age of the subject. During training, the difference

of the chronological age and the predicted age needs to be as small as possible. During test time,

an estimated brain age larger than the subject’s chronological age indicates accelerated ageing,

thus pointing to a possible AD patient.

Convolutional Neural Networks (CNNs) are used with the purpose of an accurate brain age

estimation while using the minimum amount of domain information since they can process raw

image data with little to no preprocessing required. Many studies provide very accurate results,

with Mean Absolute Error (MAE) as low as around 2.2 years [147, 141, 118]. However, most

of these approaches purely focus on minimisation of the prediction error while considering the

network as a black box. Recent studies have started to try to identify which regions are most

informative for age prediction. For example, in Chapter 4 and in [23] we provided an age

prediction for every patch of the brain instead of whole brain. Although the predictions and

results presented in [23] were promising, and the localisation was meaningful, the use of large

patches meant that the localisation was not very precise. Similar approaches has been explored,

such as [11] in which slices of the brain were used instead of patches. In [149], the authors

provided an age estimation per voxel but the accuracy of the voxel-wise estimations dropped

significantly. In [108], an ensemble of networks and gradient-based techniques [172] were used

in order to provide population-based explanation maps. Finally, 3D explanation maps were

provided in [15], but the authors used image translation techniques and generative models, such
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as VAE-GAN networks.

In computer vision, a common approach to investigate black-box models such as CNNs is

to use saliency maps, which show which regions the network focuses on, in order to make the

prediction. An overview of the existing techniques for explainability of deep learning models

in medical image analysis may be found in [171]. Gradient-based techniques, such as guided

backpropagation [175], and Grad-CAM [165], make their conclusions based on the gradients of

the networks with respect to a given input. Grad-CAM is one of the most extensively used

approaches and usually results in meaningful but very coarse saliency maps. Gradient-based

techniques are focused on classification and to our knowledge they do not work as expected for

regression task because they detect the features that contributed mostly to the prediction of a

specific class. Occlusion-based techniques [195] have also been widely explored in the literature

and they can be used both for classification and regression tasks. The idea behind occlusion

techniques is very simple: The performance of the network is explored after hiding different

patches of the images, with the purpose of finding the ones that affect the performance the most.

It is a promising and straightforward approach but bigger patches provide coarse results. On

the other hand, the smaller the patches, the greater the computational and time constraints are,

which can be a burden in their application.

A recent approach which leverages the advantages of occlusion techniques while also keeping

computational and time costs relatively low is U-noise [93] which uses the addition of noise in

the images pixel-wise, while keeping the performance of the network unchanged with the purpose

of understanding where the deep learning models focus in order to make their predictions. The

authors created interpretability maps for the task of pancreas segmentation using as input 2D

images using noise image occlusion. In this chapter, inspired by the work described above

[93] and the idea that when a voxel is not important for the task, then the addition of noise

on this specific voxel will not affect the performance of our network, we make the following

contributions: 1) We adapt the architecture of U-noise (Figure 5.1), which was originally used

for pancreas segmentation, for the task of brain age regression and visualise the parts of the brain

that played the most important role for the prediction by training a noise model that dynamically

adds noise to the image voxel-wise, providing localised and fine-grained importance maps. 2)

We extend the U-noise architecture to 3D instead of 2D to accommodate training with three-
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dimensional volumetric MR images; 3) We propose the use of an autoencoder-based pretraining

step on a reconstruction task to facilitate faster convergence of the noise model; 4) We provide a

population-based importance map which is generated by aggregating subject-specific importance

maps and highlights the regions of the brain that are important for healthy brain ageing.

5.2 Materials & Methods

5.2.1 Dataset & Preprocessing

We use the UK Biobank (UKBB) dataset [3] for estimating brain age and extracting the im-

portance maps. UKBB contains a broad collection of brain MR images, such as T1-weighted,

and T2-weighted. The dataset we use in this work includes T1-weighted brain MR images from

around 15,000 subjects. The images are provided by UKBB skull-striped and non-linearly regis-

tered to the MNI152 space. After removing the subjects lacking the information of age, we end

up with 13,750 subjects with ages ranging from 44 to 73 years old, 52,3% of whom are females

and 47.7% are males. The brain MR images have a size of 182x218x182 but we resize the 3D

images to 140x176x140 to remove a large part of the background and at the same time address

the memory limitations that arise from the use of 3D data, and normalise them to zero mean

and unit variance.

5.2.2 Brain Age Estimation

We firstly train a CNN, the prediction model, fθ, with parameters θ, for the task of brain age

regression. We use the 3D brain MR images as input to 3D ResNet-18, similar to the one used

in [23], which uses 3D convolutional layers instead of 2D [67]. The network is trained with a

Mean Squared Error (MSE) loss and its output is a scalar representing the predicted age of the

subject in years.

5.2.3 Localisation

An overview of the proposed pipeline is shown in Figure 5.1.
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U-Net Pretraining

The prediction model and the noise model have identical architectures (2D U-Net [156]) in

[93], as they are both used for image-to-image tasks, which are segmentation and noise mask

generation, respectively. Therefore, in that case, the noise model is initialised with the weights

of the pretrained prediction model. However, in our case, the main prediction task is not an

image-to-image task but rather a regression task and thus, the prediction model’s (a 3D ResNet

as described above) weights cannot be used to initialise the noise model. Instead, we propose to

initially use the noise model fψ with parameters ψ, which has the architecture of a 3D U-Net

as a reconstruction model, for the task of brain image reconstruction. By pretraining the noise

model with a reconstruction task before using it for the importance map extraction task, we

facilitate and accelerate the training of our U-noise model, since the network has already learnt

features relating to the structure of the brain.

The reconstruction model consists of an encoder and a decoder part. It uses as input the 3D

MR volumes and its task is to reconstruct the volumes as well as possible. It is trained with a

voxel-wise MSE loss.

Brain Age Importance Map Extraction

For the extraction of the importance maps, we extend the U-noise architecture [93] to 3D. The

idea behind U-noise is that if one voxel is important for the prediction task, in our case brain

age regression, the addition of noise on it will harm the performance of the prediction model.

On the other hand, if a voxel is not relevant for the task, the addition of noise will not affect the

performance.

More specifically, after the pretraining phase with the reconstruction loss, the 3D U-Net, i.e.

noise model, is used for the task of extraction of a 3D noise mask that provides a noise level for

every voxel of the input 3D image. A sigmoid function is applied so the values of the mask are

between 0 and 1. The values are scaled to [vmin, vmax], where vmin, vmax are hyperparameters.

The rescaled mask is then multiplied by ϵ ∼ N (0, 1), which is sampled from the standard normal

distribution and the output is added to the input image element-wise in order to extract the
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noisy image. Given an image X, its noisy version can be given by Equation (5.1):

Xnoisy = X + fψ(X)(vmax − vmin)ϵ+ vmin, (5.1)

We then use the noisy image as input for the already trained prediction model with frozen

weights, and see how it affects its performance. The purpose is to maximise the noise level

in our mask, while simultaneously keeping the performance of our prediction model as high as

possible. In order to achieve that, we use a loss function with two terms, the noise term, which

is given by −log(fψ(X)) and motivates the addition of noise for every voxel, and the prediction

term, which is an MSE loss whose purpose is to keep the prediction model unchanged. The

logarithm is applied to the noise term to penalise the lack of noise more heavily and ensure a

smoother and more stable convergence. The two loss terms are combined with a weighted sum,

which is regulated by the ratio hyperparameter r. It is important to note that at this stage the

parameters, θ, of the prediction model, fθ, are frozen and it is not being trained. Instead, the

loss function L, is driving the training of the noise model fψ. Given an input image X and label

y, the loss function L takes the form shown in Equation (5.2)

L = (fθ(X)− y)2︸ ︷︷ ︸
prediction term

−r log(fψ(X))︸ ︷︷ ︸
noise term

(5.2)

The values vmin, vmax, as well as r are hyperparameters and are decided based on the performance

of our noise model on the validation set.

5.3 Results

From the 13,750 3D brain images, 75% are used for the training set, 10% for the validation set

and 15% for the test set. All the networks are trained with backpropagation [159] and adaptive

moment estimation (Adam) optimiser [91] with initial learning rate lr=0.0001, reduced by a

factor of 10 every 10 epochs. The experiments are implemented on an NVIDIA Titan RTX using

the Pytorch deep-learning library [143].
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Figure 5.2: Six different slices of the population-based importance map on top of the normalised
average of the brain MR Images of the test set. The most important parts of the brain for
the model’s prediction are highlighted in red. The most significant regions for the task of brain
ageing are mesial temporal structures including the hippocampus, brainstem, periventricular and
central areas. The results are in agreement with the relevant literature and previous studies.

5.3.1 Age Estimation

We train the prediction model for 40 epochs using a batch size of 8 using backpropagation. We

use MSE between the chronological and biological age of the subject as a loss function. The

model achieves a MAE of about 2.4 years on the test set.

5.3.2 Population-based importance maps

The noise model is trained for 50 epochs and with a batch size of 2, on four GPUs in parallel.

The number of blocks used, meaning the number of downsample and upsample layers, is 5,

while the number of output channels after the first layer is 16. Different values were tested for

hyperparameters vmin, vmax and r. The chosen values, for which the network performed the
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(a) 7% (b) 10%

(c) 12,5% (d) 15%

(e) 20% (f) 25%

Figure 5.3: Importance maps after keeping different percentage of important voxels.

best in the validation set, are vmin = 1, vmax = 5 and r = 0.1. We average the importance maps

for all the subjects of the test set, ending up with a population-based importance map. We use

a threshold in order to keep only the top 12.5% of the voxels with the lowest tolerated noise

levels, meaning the most important ones for brain ageing. We then apply a gaussian smoothing

filter with a kernel value of 1. Different slices of the 3D population-based importance map are

shown in Figure 5.2. As it can be seen, the areas that are the most relevant for brain ageing

according to the model’s predictions are mesial temporal structures including the hippocampus,

brainstem, periventricular and central areas.

5.3.3 Ablation tests

Percentage of important voxels

We perform an ablation test in order to examine how the choice of the percentage of pixels kept

affects the importance maps. Slices of the 3D importance maps with different percentages of
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important voxels kept, can be seen in Figure 5.3.

As it can be seen, when keeping only 7% of the voxels, the areas highlighted are correct.

However, there is some information lost. On the other hand, when keeping 25%, the importance

maps are quite coarse. The balance is important, with 12.5% to 15% of voxels kept resulting in

localised importance maps that highlight all the important regions.

U-Net Depth & Pretraining

For the case of age regression, we perform an analysis of how the depth of the U-Net used for

the Noise Model affects the quality of the extracted maps. For this reason, we train U-Net

models with different depths as Noise Models, with depth meaning the number of upsample and

downsample layers. We try three different networks, small Noise Model, with depth 3, medium

Noise Model, with depth 4, and large Noise Model, which was the one presented in Section 5.3.2,

with depth 5. The maps extracted from these cases are shown in Figure 5.4. For all cases, 25%

of the most important pixels are kept and visualised.

Regarding the pretraining of the U-Net, the importance maps for both cases are shown in

Figure 5.4. It is important to mention here, than a different percentage of important voxels is

kept for the pretrained model. More specifically, 25% of the voxels is kept for the small, medium,

and large Noise Models, while 12.5% is kept for the pretrained large one. This is due to the fact

that models without pretraining did not retain any meaningful information at lower percentages.

As it can be noticed from Figure 5.4, all of the models work well enough. However, the small

model seems to lose some regions that are considered relevant to brain age, while the medium

one provides a more generalised mask of relevant regions. The large models, both the not pre-

trained and the pre-trained one, provide more localised information without missing important

parts, with the pre-trained one being slightly more detailed, as it also gives some attention to

the cerebral cortex of the brain.

5.3.4 Comparison with other interpretability methods

To compare our method with other interpretability techniques, we explored the population-based

saliency maps extracted from our utility model using the interpretability techniques that are most
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(a) U-Net Small.

(b) U-Net Medium.

(c) U-Net Large.

(d) U-Net Large - Pretrained.

Figure 5.4: Importance maps for the cases of different depths of the Noise model, Small
(depth=2), Medium (depth=3), Large (depth=4). For the Large model, the case of the Pre-
trained Large model is also presented.
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Figure 5.5: Six different slices of the population-based saliency maps using gradient backpropa-
gation. We note that here, only the saliency maps are presented, and there is no overlay of the
average brain MR Images of the test set.

commonly used in the literature, namely Grad-CAM [165], and gradient backpropagation [175].

We used the M3d-CAM library [61] for the extraction of the maps. Here, the average of all the

subjects of the test set is calculated so the comparison with our population-based importance

maps is possible.

In Figures 5.5 and 5.6, the saliency maps extracted using gradient backpropagation and

Grad-CAM respectively, may be found. As expected, the saliency maps extracted using the

Grad-CAM are not very meaningful, probably because Grad-CAM is designed for classification

and cannot be directly applied to regression. On the other hand, gradient backpropagation

produces reasonable, but not very informative maps. It is clear that our method (Figure 5.2),

produced more meaningful and informative importance maps.
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Figure 5.6: Six different slices of the population-based saliency maps using Grad-CAM on top
of the normalised average of the brain MR Images of the test set.

5.4 Discussion

Understanding the logic behind a model’s decision is very important in assessing trust and

therefore in the adoption of the model by the users [57]. For instance, the users should be

assured that correct predictions are an outcome of proper problem representation and not of the

mistaken use of artifacts. For this reason, some sort of interpretation may be essential in some

cases. In the medical domain [72], the ability of a model to explain the reasoning behind its

predictions is an even more important property of a model, as crucial decisions about patient

management may need to be made based on its predictions.

In this work, we explored which parts of the brain are important for ageing. In order to do

so, we made the assumption that unimportant voxels/parts of the brain are not useful for brain

age estimation and are not utilised by the prediction model. We trained a prediction model,
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which accurately estimated brain ageing, and a noise model, whose purpose is to increase the

noise in the input images voxel-wise, while also keeping the performance of the prediction model

unaffected. As can be seen from Figure 5.2, our importance maps are in agreement with the

existing neuropathology literature [161]. More specifically, it is shown that the hippocampus and

parts of the ventricles are where the prediction model focuses to make its decisions.

On the other hand, the differences in the cerebral cortex appear to not be getting captured

by the network. In our understanding, there are two reasons behind this. Firstly, the age range

of the subjects (44-73 years old) is not large enough for the network to make conclusions. At the

same time, the changes in the cerebral cortex are more noticeable after the age of 65 years. In

our case, we probably do not have enough subjects in that age range in order to facilitate the

network into capturing these differences.

The images that have been used in this study are non-linearly registered, since UKBB provides

them ready for use and in the literature more works use the provided preprocessed dataset and

therefore, comparison is easier to be done. However, it has been noticed that using non-linearly

registered images may lead to the network’s missing of subtle changes away from the ventricles,

such as cortical changes [45].

5.5 Summary

In this chapter, we extend the use of U-noise [93] for 3D inputs and brain age regression. We use

3D brain MR images to train a prediction model for brain age and we investigate the parts of

the brain that play the most important role for this prediction. In order to do so, we implement

a noise model, which aims to add as much noise as possible in the input image, without affecting

the performance of the prediction model. We then localise the most important regions for the

task, by finding the voxels that are the least tolerant to the addition of noise, which for the

task of brain age estimation are mesial temporal structures including the hippocampus and

periventricular areas.

A limitation of this work, and in general of CNNs, is that they only focus on the image

of the subject, without taking into account the associations and the relationships among the

subjects. To alleviate this limitation, in Chapter 6 and Chapter 7, we will explore the use of
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Graph Neural Networks (GNNs) for the task of age regression, as GNNs can provide an inherent

way of combining multi-modal information.
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Chapter 6

A comparative study for

population-based brain age

estimation using Graph Neural

Networks

In the previous chapters, we focused on the use of Convolutional Neural Networks (CNNs) for

the task of brain age regression, while also making the pipelines as intepretable as possible.

However, CNNs use only the imaging information of a subject, without taking into account

the non-imaging information as well as the associations among the subjects. Graph Neural

Networks (GNNs) provide an inherent way of combining multi-modal information through the

use of population graphs. Hence, for the rest of the thesis, we explore how population graphs

and GNNs can be applied for age estimation.

In this chapter, we highlight the importance of meaningful graph construction and experiment

with different static population-graph construction methods and their effect on GNN performance

on brain age estimation. We use the homophily metric and graph visualisations to gain valuable

quantitative and qualitative insights on the extracted graph structures.
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This chapter is an extension of the work presented in [26]:

Bintsi, K., Mueller, T.T., Starck, S., Baltatzis, V., Hammers, A., and Rueckert, D.: A com-

parative study of population-graph construction methods and graph neural networks for brain

age regression. In: Ahmadi, S. and Pereira, S. (eds.) Graphs in Biomedical Image Analysis,

and Overlapped Cell on Tissue Dataset for Histopathology - 5th MICCAI Workshop, GRAIL

2023 and 1st MICCAI Challenge, OCELOT 2023, Held in Conjunction with MICCAI 2023,

Vancouver, BC, Canada, September 23, and October 4, 2023, Proceedings. Lecture Notes in

Computer Science, vol. 14373, pp. 64–73. Springer (2023). doi: 10.1007/978-3-031-55088-1\ 6,

https://doi.org/10.1007/978-3-031-55088-1_6

6.1 Introduction

Alzheimer’s disease [40], Parkinson’s disease [154], and schizophrenia [97], among other neurode-

generative diseases, cause an atypically accelerated ageing process in the brain. Consequently,

the difference between an individual’s biological brain age and their chronological age can act

as an indicator of deviation from the normal ageing trajectory [2], and potentially serve as a

significant biomarker for neurodegenerative diseases [34, 51].

GNNs have been recently explored for medical tasks, since graphs can provide an inherent

way of combining multi-modal information, and have demonstrated improved performance in

comparison to graph-agnostic deep learning models [142, 1]. In most cases, the whole population

is represented in a graph, namely population-graph, and the structure of the graph is pre-decided

and remains static throughout the training. However, since the structure is not given but has

to be inferred from the data, there are multiple ways that a graph can be constructed, which

will possibly lead to different levels of performance. Every subject of the cohort is a node of

the graph, with the imaging information usually allocated as node features. The interactions

and relationships among the subjects of the cohort are represented by the edges. Two nodes are

chosen to be connected based on a distance measure, or similarity score, usually based on the

non-imaging phenotypes. The population graph is used as input to a GNN for the task of node

prediction, most commonly node classification.

Brain MRI data have been widely used in population graphs in combination with GNNs.
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Parisot et al. were the first to propose a way to construct a static population graph using a

similarity score that takes into account both imaging and non-imaging data [142]. Many works

were based on this work and extended the method to other applications [87, 198]. When it comes

to brain age regression, which is an inherently more complicated task than classification, there

is little ongoing work using population graphs. To our knowledge, only Stankevičiūtė et al. [176]

worked on the construction of the static population graph using the non-imaging information,

but the predictive performance was relatively low.

In all of the cases mentioned above, the graph is chosen based on some criterion before

training and remains static, thus it cannot be changed. However, since there are multiple ways

that it can be constructed, there is no way to ensure that the final structure will be optimised

for the task. This problem has been identified in the literature and multiple metrics have been

described in order to evaluate the final graph structure [200, 122], with homophily being the one

most commonly used. A graph is considered homophilic, when nodes are connected to nodes with

the same class label, and hence similar node features. Else, it is characterised as heterophilic. It

has been found that some GNNs, such as Graph Convolutional Network (GCN) [92], and Graph

Attention Network (GAT) [185], are very sensitive to the graph structure, and a meaningless

graph along with these models can perform worse than a graph-agnostic model. On the other

hand, other models, such as Graph Sample and Aggregated (GraphSage) [66] and Chebyshev

[43], are more resilient to the graph structure, and their performance is not affected as much by

a heterophilic graph [202].

In this chapter, we implement and evaluate the performance of different static graph con-

struction methods for the task of brain age regression. We test their performance on the UK

Biobank (UKBB), which offers a variety of both imaging and non-imaging phenotypes. The

extracted population graphs are used along with the most popular GNNs, and more specifically

GCN [92] and GAT [185], which are architectures highly sensitive to the graph structure, as well

as GraphSage[66] and Chebyshev [43], which have been found to be resilient to the population-

graph structure. The quantitative results and the visualisation of the graphs allow us to draw

conclusions and make suggestions regarding the use of static graphs for brain age regression.
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6.2 Methods

We have a dataset consisting of a set of N subjects, each described by M features. This dataset

can be represented as X = [x1, . . . ,xN ] ∈ RN×M , where xi represents the feature vector for the

i-th subject. Additionally, each subject has a label denoted by y ∈ RN . Every subject i is also

characterised by a set of K non-imaging phenotypes qi ∈ RK .

To establish the relationship between subjects, we introduce a population graph, denoted

as G = {V, E}. The graph consists of two components: V represents the set of nodes, where

each subject corresponds to a unique node, and E represents the set of edges that define the

connectivity between nodes.

In this paper, we explore four different graph construction approaches, which are described in

detail below. In all of the graph construction methods, the node features consist of the imaging

features described in the Dataset section 6.3.1.

6.2.1 No edges

As the baseline, we consider a graph with no edges among the nodes. This is the equivalent of

traditional machine learning, where the node features act as the features used as input in the

model. The machine learning model in this case is a Multi-Layer Perceptron (MLP). We refer

to this approach as ”No edges”.

6.2.2 Random Graph

With the next approach, we want to explore whether the way of constructing the graph plays

an important role on the performance of the GNN. Thus, we build a random Erdos-Renyi graph

[48], where a random number of nodes is chosen as neighbours for every node.

6.2.3 Clinical similarity score (Stankevičiūtė et al.)

An approach of creating a population graph specifically for the task of brain age regression was

proposed by [176], and it does not include the imaging features at all in the extraction of the

edges. Instead, the edges are decided only from the non-imaging information. More specifically,
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the similarity function for two subjects i and j is given by:

sim(i, j) =
1

K

K∑
k=1

1[qik = qjk], (6.1)

where qik is the value of the k-th non-imaging phenotype for the i-th subject, and 1 is the

Kronecker delta function. Intuitively, the Kronecker delta function will only return 1 if the values

of a particular non-imaging phenotype of two subjects match. Two nodes i and j are connected

if sim(i, j) ≥ µ, with µ being a similarity threshold decided empirically.

6.2.4 Similarity score (Parisot et al.)

In most of the related works in the literature, the way of creating the adjacency matrix W was

originally suggested by [142] and it is calculated by:

W (i, j) = Sim(xi,xj)

K∑
k=1

γ(qik, qjk), (6.2)

where Sim(xi,xj) is a similarity measure between the node features (xi,xj) of the subjects i

(which are commonly the imaging phenotypes) and j, in our case cosine similarity, γ(·, ·) is the

distance of the non-imaging phenotypes between the nodes, and qik is the value of the k-th

non-imaging phenotype for the i-th subject.

The two terms in Equation (6.2) indicate that both imaging, and non-imaging information

are taken into account for the extraction of the edges. The second term is similar to the term

sim(i, j) of Equation (6.1).

The computation of γ(·, ·) is different for continuous and categorical features. For categorical

data, γ(·, ·) is defined as the Kronecker delta function 1, as before. For continuous data, γ(·, ·)

is defined as a unit-step function with respect to a specific threshold θ. Intuitively, this means

that the output of the γ function will be 1 in case the continuous phenotypes of the two nodes

are similar enough.
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6.2.5 kNN graph

The last two graph construction approaches are based on the Nearest Neighbours (NN) algorithm.

We connect the edges based on a distance function, in this case, cosine similarity. Each node is

connected to its 5 closest neighbours.

In the first approach, we use the neuroimaging information for the node features, and we also

use the node features in order to estimate the distances of the nodes. We refer to this approach

as ”kNN (imaging)”.

Similarly to before, in the second approach, we use the cosine similarity of a set of features

in order to extract the graph structure. The node features incorporate the imaging information

as before. The difference here is that we estimate the cosine similarity of the non-imaging

phenotypes of the subjects with the purpose of finding the 5 closest neighbours. We refer to this

approach as ”kNN (non-imaging)”.

Finally, we use all the available phenotypes, i.e. both the imaging, and non-imaging informa-

tion, to connect the nodes, again using cosine similarity. We refer to this approach as ”kNN (all

phenotypes)”.

6.3 Experiments

6.3.1 Dataset

For the experiments of the comparative study we use the UK Biobank (UKBB) [3], which not only

offers an extensive range of vital organ images, including brain scans, but also contains a diverse

collection of non-imaging information such as demographics, biomedical data, lifestyle factors,

and cognitive performance measurements. Consequently, it is exceptionally well-suited for brain

age estimation tasks that require integrating both imaging and non-imaging information.

To identify the most important factors influencing brain age in the UKBB, we leverage the

work of [33] and select 68 neuroimaging phenotypes and 20 non-imaging phenotypes that were

found to be the most relevant to brain age in UKBB. The neuroimaging features are obtained di-

rectly from the UKBB and include measurements derived from both structural MRI and diffusion-

weighted MRI. A full list of the neuroimaging information and the non-imaging information can
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be found in Table 6.5 and Table 6.6, respectively. All phenotypes are standardised to a normalised

range between 0 and 1.

The study focuses on individuals aged 47 to 81 years. We include only those subjects who

have the necessary phenotypes available, resulting in a group of approximately 6500 subjects.

The dataset is split into three parts: 75% for training, 5% for validation, and 20% for testing.

6.3.2 Implementation Details

The static graphs extracted are chosen to be sparse for complexity reasons. The hyperparam-

eters of the different construction methods were selected in such a way that all the extracted

graphs have about 40000 to 50000 edges. Regarding the model hyperparameters, every GNN

contains a graph convolutional layer consisting of 512 units, followed by a fully connected layer

with 128 units, prior to the regression layer. ReLU activation is chosen. The number of layers

and their dimensions are determined by conducting a hyperparameter search based on validation

performance. During training, the networks are optimised using the AdamW optimiser [119]

with a learning rate of 0.001 for 150 epochs, with the best model being saved. For the simi-

larity threshold we use µ = 18 and for the unit-step function threshold, we use θ = 0.1. Both

hyperparameters are selected based on validation performance and sparsity requirements. The

implementation utilises PyTorch Geometric [49] and a Titan RTX GPU.

6.3.3 Results

The graph construction methods described in the previous section are leveraged by four GNN

architectures and evaluated on the task of brain age regression. For every experiment, both

spectral and spatial methods, and more specifically, GCN [92], GAT [185], GraphSage [66], and

Chebyshev [43], are used. The results for all combinations of graph construction methods and

GNN architectures are shown in Table 6.1 and Table 6.2.

As a baseline, we use an MLP (No edges) that achieves a MAE of 3.73 years and a R2 score

of 0.56. For the case of GCN and GAT, we notice that even though all of the graph costruction

methods manage to extract a graph that outperforms the random graph, none of them manages

to outperform the simple MLP. The methods that used only the imaging information, i.e. the
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kNN graph (imaging), or all of the phenotypes, such as Parisot et. al [142], extract graphs that

when used as input to the GCN or the GAT models, they perform better (MAE of around 4 years)

compared to the ones that only use the non-imaging features for the extraction of the graph, such

as kNN graph (non-imaging) (MAE of 4.5-5 years). The GraphSAGE and Chebyshev models

perform on similar levels regardless of the graph construction methods, with a MAE similar to

the MAE given by the MLP. The graph construction method that performs the best though, is

the kNN graph (non-imaging) along with the GraphSAGE, with a MAE of 3.68 years and a R2

score of 0.59.

Finally, we estimate the homophily ratio of the population graphs extracted from the different

construction methods based on [132] (Table 6.3). The most homophilic graphs tend to be the

ones that use only imaging or a combination of imaging and non-imaging information for the

extraction of the edges.

Table 6.1: MAE (in years) of the different graph construction methods along with various GNNs
on the test set. The baseline MLP (No edges) has a performance of MAE=3.73 years.

Graph Construction Method GCN GraphSAGE GAT Chebyshev

Random graph 5.19 3.72 5.38 3.83
Parisot [142] 4.21 3.74 4.35 3.77
Stankevičiūtė [176] 4.61 3.73 4.90 3.77
kNN (imaging) 3.89 3.77 4.09 3.75
kNN (non-imaging) 4.76 3.68 4.98 3.72
kNN (all phenotypes) 3.93 3.76 4.07 3.73

Table 6.2: R2 score of the different graph construction methods along with various GNNs on the
test set. The baseline MLP (No edges) has a performance of R2 score of 0.56.

Graph Construction Method GCN GraphSAGE GAT Chebyshev

Random graph 0.26 0.59 0.2 0.54
Parisot [142] 0.49 0.59 0.47 0.55
Stankevičiūtė [176] 0.4 0.59 0.3 0.58
kNN (imaging) 0.56 0.58 0.51 0.59
kNN (non-imaging) 0.38 0.59 0.3 0.55
kNN (all phenotypes) 0.56 0.58 0.53 0.6

6.3.4 Visualisations

Visualising the extracted static graphs, can provide more insights about the performance of the

different GNN architectures. Therefore, we visualise the different population graphs coloured
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Table 6.3: Homophily ratios for graphs extracted by various graph construction methods.

Graph Construction Method Homophily Ratio

Random graph 0.7495
Parisot [142] 0.7899
Stankevičiūtė [176] 0.7743
kNN (imaging) 0.8259
kNN (non-imaging) 0.7796
kNN (all phenotypes) 0.8191

based on the age of the subjects in Figure 6.1. The various graph construction methods result in

very different graph structures. More specifically, the graph construction methods that take into

account the imaging phenotypes, either alone or in a combination with the non-imaging ones,

provide graphs that are more meaningful, as subjects of similar ages are closer to each other.

On the contrary, methods such as Stankevičiūtė et al. [176], create graphs that are similar to

the random graph, with the neighbourhoods not being very informative regarding the age of the

subjects.

6.3.5 Phenotypes used for the population graph

We perform an ablation test in which we experiment with the performance of the models based

on the phenotypes used for the population graph. We test different combinations of phenotypes,

both for the node features and the extraction of the edges. More specifically, we test the perfor-

mance when imaging phenotypes, non-imaging phenotypes, or both of them (named as all) along

with different combinations are used. For these experiments, we evaluate the performance on a

sensitive to the graph structure model (GCN) and on a more resilient to the graph structure one

(GraphSage). The rest of the hyperparameters remain the same as in the experiments described

above.

For reference, the baseline MLP (No edges) has a performance of Mean Absolute Error

(MAE)=3.73 years when the imaging phenotypes are used as the node features. When all

phenotypes (meaning imaging and non-imaging ones) are used, we get a MAE of 3.47 years,

while when only the non-imaging ones are chosen, the performance is MAE=4.91 years.

In Table 6.4, the performance of the two GNN models may be found. The first three rows,

are the ones described in the previous section as kNN (imaging), kNN (non-imaging), and kNN
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Figure 6.1: Visualisations of the population graphs extracted from the different graph construc-
tion methods. The nodes are coloured based on the age of the subject. Colder colours (i.e.
blue) indicate subjects with an older age, while warmer colours (i.e. red) correspond to younger
subjects.

(all), respectively. We also test the performance in the case that the non-imaging phenotypes

are used for the node features, connected based either on imaging or on non-imaging phenotypes.

Finally, we evaluate the performance of the models in the cases when we use all of the available

phenotypes as node features.

In the case of GCN, we notice than using all of the phenotypes does not improve the perfor-

mance of the model compared to when we only use the imaging ones. Moreover, using only the

non-imaging information, either as node features or for extracting the edges, highly deteriorates

the performance of the GCN, which indicates that the non-imaging phenotypes alone do not

contain enough information for the task.

In the case of GraphSage, we notice that using all phenotypes improves the overall perfor-

mance compared to using only the imaging phenotypes as node features. However, it still does
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Table 6.4: MAE (in years) of GCN and GraphSage models for a kNN graph that uses different
combinations of imaging and non-imaging phenotypes for the nodes and the edges.

Node Features Edges GCN GraphSAGE

Imaging Imaging 3.89 3.77
Imaging All 3.93 3.76
Imaging Non-imaging 4.76 3.68
Non-imaging Non-imaging 5.08 4.86
Non-imaging Imaging 4.41 4.18
All All 3.86 3.51
All Imaging 3.91 3.49
All Non-imaging 4.63 3.5

not outperform the baseline MLP (MAE=3.47 years).

6.4 Discussion and Summary

In this chapter, we implement and evaluate static population graphs that are commonly used in

the literature for other medical tasks, for brain age regression. We use the extracted graphs along

with a number of popular GNN models, namely GCN, GAT, GraphSAGE, Chebyshev in order

to get insights about the behavior of both the extraction methods, as well as the performance of

the different models. By visualizing the graphs and estimating their homophily, we can provide

further intuition in why the different static graphs do not work as expected and we highlight

the problem that extracting static graphs from the data is not straightforward and possibly not

suitable for brain age regression.

The reported results in Tables 6.1 and 6.2 indicate that the GCN and GAT architectures are

highly sensitive to the graph structure, which is in agreement with the relevant literature [202,

120]. It is clear that the graph construction methods that provide graphs of higher homophily

(Table 6.3), lead to better performance for GCN and GAT compared to the ones that provide a

random-like population graph.

On the contrary, GraphSAGE and Chebyshev are not negatively affected by a graph structure

with low homophily. This is because GraphSAGE encodes separately the node’s encodings and

the neighbours’ encodings, which in our case are dissimilar, and hence it is affected less by the

graph structure. When it comes to Chebyshev, the model is able to aggregate information from

k hops in one layer, while the other GNNs achieve this through multiple layers. Being able to get
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information from higher order neighbourhoods allows the model to find more relevant features,

which would not be possible in the 1-hop neighbourhood as this is highly heterophilic. But even

these GNNs, that are more resilient to the graph structure, cannot distinctly outperform the

MLP. This behavior is expected as, according to the relevant literature, these models perform

similarly to a MLP, and they can outperform it only after a specific homophily threshold [202].

What is also observed is that the kNN (non-imaging) works slightly better than the MLP both

for the GraphSAGE and the Chebyshev, probably because the models were able to capture the

information added in the edges.

To further explore the behaviour of the graph construction methods and the population-graph

they produce, we calculate the homophily ratio and we visualise the graphs. The graphs that

are more homophilic perform better along with the models that are more sensitive to the graph

structure, such as the GCN and the GAT. We note here that all of the homophily ratios are

higher than expected compared to the homophily reported in classification tasks, since we would

expect that the random graph would have a homophily of 0.5. This possibly occurs because of

the implementation of homophily for regression, as well as due to the imbalanced nature of the

dataset. However, the trend is very clear and in agreement with the graph visualisations and the

performance of the models.

All in all, the extraction of static population graphs for brain age regression, and in general for

medical tasks for which the graph is not given, does not look very promising. In our opinion, there

are multiple directions that should be explored. Firstly, one approach could be to learn the edges

of the graph along with the training of the GNN, which allows the extraction of an optimised

graph for the specific task at-hand. There is some ongoing work on this adaptive graph learning

[189, 85, 38, 24], but more focus should be given. In addition, the creation of GNN models for

graphs with high heterophily [200, 202], or the exploitation of graph rewiring techniques that

could make the existing GNNs work better on heterophilic graphs [21], have proved to be useful

for classification tasks. In the case of medical tasks, it might also be beneficial to incorporate the

existing medical insights along with the above. It is also important to make the models and the

graphs interpretable, as interpretability can be vital in healthcare, and it is something that is not

currently widely explored in heterophilic graphs [200]. Last but not least, introducing metrics

that evaluate population graphs is of high importance, since this can help us understand better
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the structure of the graph. Even though there is some ongoing work when it comes to node

classification [120, 200], metrics regarding node regression have only recently started to being

explored [132].

For the final contibution chapter of this thesis (Chapter 7), we will investigate the first one of

the proposed directions mentioned above. More specifically, we will propose an adaptive graph

learning pipeline, designed for brain age estimation, that is able to learn the optimised edges of

the population graph through training.
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Table 6.5: Neuroimaging phenotypes

Neuroimaging UK Biobank
phenotype data field #
Volume of grey matter (normalised for head size) 25005
Volume of peripheral cortical grey matter (normalised for head size) 25001
Volume of ventricular cerebrospinal fluid (normalised for head size) 25003
Volume of white matter (normalised for head size) 25007
Volume of brain, grey+white matter (normalised for head size) 25009
Volume of brain stem + 4th ventricle 25025
Volume of grey matter in Putamen (left, right) 25882, 25883
Volume of thalamus (left, right) 25011, 25012
Volume of putamen (left, right) 25015, 25016
Volume of hippocampus (left, right) 25019, 25020
Volume of grey matter in Hippocampus (left, right) 25886, 25887
Volume of amygdala (left, right) 25021, 25022
Volume of grey matter in Amygdala (left, right) 25888, 25889
Volume of grey matter in Thalamus (left, right) 25878, 25879
Total volume of white matter hyperintensities 25781
(from T1 and T2 FLAIR images)
Weighted-mean ICVF in tract forceps major 25660
Weighted-mean ICVF in tract forceps minor 25661
Weighted-mean FA in tract anterior thalamic radiation (left, right) 25490, 25491
Mean ISOVF in fornix on FA skeleton 25445
Mean FA in middle cerebellar peduncle on FA skeleton 25056
Mean FA in cerebral peduncle on FA skeleton (left, right) 25071, 25070
Mean FA in superior cerebellar peduncle on FA skeleton (left, right) 25069, 25068
Mean L1 in middle cerebellar peduncle on FA skeleton 25200
Mean L3 in posterior thalamic radiation on FA skeleton (left, right) 25325, 25324
Mean L2 in fornix cres+stria terminalis on FA skeleton (left, right) 25287, 25286
Mean ICVF in body of corpus callosum on FA skeleton 25347
Mean L1 in anterior limb of internal capsule on FA skeleton (left, right) 25217, 25216
Mean MO in fornix cres+stria terminalis on FA skeleton (left, right) 25191, 25190
Mean OD in superior longitudinal fasciculus on FA skeleton (left, right) 25433, 25432
Weighted-mean L3 in tract uncinate fasciculus (left, right) 25648, 25649
Mean MD in cingulum hippocampus on FA skeleton (left, right) 25141, 25140
Mean L2 in splenium of corpus callosum on FA skeleton 25252
Weighted-mean MO in tract anterior thalamic radiation (left, right) 25544, 25545
90th percentile of BOLD effect (in group-defined mask) for shapes activation 25761
90th percentile of z-statistic (in group-defined mask) for shapes activation 25762
Weighted-mean MO in tract forceps major 25552
Weighted-mean MO in tract forceps minor 25553
Median T2star in putamen (left, right) 25030, 25031
Median BOLD effect (in group-defined mask) for faces-shapes contrast 25048
Median z-statistic (in group-defined mask) for faces-shapes contrast 25050
Weighted-mean L1 in tract parahippocampal part of cingulum (left, right) 25575, 25576
Mean L2 in cingulum cingulate gyrus on FA skeleton (left, right) 25283, 25282
Mean L2 in cingulum hippocampus on FA skeleton (left, right) 25285, 25284
Weighted-mean L1 in tract anterior thalamic radiation (left, right) 25571, 25572
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Table 6.6: Non-imaging phenotypes

Phenotype UK Biobank
data field #

Sex 50
Weight 21002
Height 50
Body mass index (BMI) 21001
Systolic blood pressure 4080
Diastolic blood pressure 4079
College education 845
Smoking status 20116
Alcohol intake frequency 1558
Stroke 4056
Diabetes 2443
Duration of walks 874
Duration of moderate activity 894
Duration of vigorous activity 914
Fluid intelligence 20016
Tower rearranging: number of puzzles correct 6382
Trail making task: duration to complete numeric path trail 1 6348
Trail making task: duration to complete alphanumeric path trail 2 6350
Matrix pattern completion: number of puzzles correctly solved 6373
Matrix pattern completion: duration spent answering each puzzle 6333
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Chapter 7

Multimodal brain age estimation

using interpretable adaptive

population-graph learning

In Chapter 6 we explored how static population graphs work along with Graph Neural Networks

(GNNs). We highlighted that a pre-defined population graph based on a chosen criterion, usu-

ally a similarity metric of the non-imaging information, is in most cased not optimised for age

estimation and it might end up performing worse than even a simple graph-agnostic model.

In this chapter, we propose a framework that learns a population graph structure optimised

for the downstream task. An attention mechanism assigns weights to a set of imaging and non-

imaging features (phenotypes), which are then used for edge extraction. The resulting graph is

used to train the GNN. Here, we use Graph Convolutional Network (GCN) as our model, since in

Chapter 6 we concluded that GCN is the GNN that is the most sensitive to the graph structure.

The entire pipeline can be trained end-to-end. Additionally, by visualising the attention weights

that were the most important for the graph construction, we increase the interpretability of the

graph.

Part of the work of this chapter was presented at MICCAI 2023 and published in [24]:
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Bintsi, K., Baltatzis, V., Potamias, R.A., Hammers, A., and Rueckert, D.: Multimodal brain

age estimation using interpretable adaptive population-graph learning. In: Greenspan, H., Mad-

abhushi, A., Mousavi, P., et al. (eds.) Medical Image Computing and Computer Assisted In-

tervention - MICCAI 2023 - 26th International Conference, Vancouver, BC, Canada, October

8-12, 2023, Proceedings, Part VIII. Lecture Notes in Computer Science, vol. 14227, pp. 195–204.

Springer (2023). doi: 10.1007/978-3-031-43993-3\ 19, https://doi.org/10.1007/978-3-031

-43993-3_19

7.1 Introduction

Healthy brain ageing follows specific patterns [2]. However, various neurological diseases, such as

Alzheimer’s disease [40], Parkinson’s disease [154], and schizophrenia [97], are accompanied by

an abnormal accelerated ageing of the human brain. Thus, the difference between the biological

brain age of a person and their chronological age can show the deviation from the healthy ageing

trajectory, and may prove to be an important biomarker for neurodegenerative diseases [34, 51].

Recently, graph-based methods have been explored for brain age estimation as graphs can

inherently combine multimodal information by integrating the subjects’ neuroimaging informa-

tion as node features and, through a similarity metric, the associations among subjects through

as edges that connect these nodes [142]. However, in medical applications, the construction of

a population-graph is not always simple as there are various ways subjects could be considered

similar.

GCNs [92] have been extensively [1] used in the medical domain for node classification tasks,

such as Alzheimer’s prediction [142, 87] and Autism classification [7]. They take graphs as

input and, in most cases, the graph structure is predefined and static. GCN performance is

highly dependent on the graph structure. This has been correlated in related literature with the

heterophily of graphs in the semi-supervised node classification tasks, which refers to the case

when the nodes of a graph are connected to nodes that have dissimilar features and different

class labels [200]. It has been shown that if the homophily ratio is very low, a simple Multi-Layer

Perceptron (MLP) that completely ignores the structure, can outperform a GCN [202].

A way to address this problem is through adaptive graph learning [189], which learns the
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Figure 7.1: Proposed methodology: The non-imaging features qi and a subset of the imaging
features si ⊆ xi per subject i are used as input to a MLP, which produces attention weights for
each one of these features. Based on these, the edges of the graph are stochastically sampled
using the Gumbel-Top-k trick. The constructed graph, which uses the imaging features X as
node features is used to train a GCN for brain age estimation tasks.

graph structure through training. In the medical domain, there is little ongoing research on

the topic [85, 199]. However, the adaptive graphs in [85, 86, 38] are connected based on the

imaging features and do not take advantage of the associations of the non-imaging information

for the edges. In [76], non-imaging information is used for graph connectivity, but the edges are

already pre-pruned similar to [142], and only the weights of the edges can be modified. In [188],

even though the graph is dynamic, it is not being learnt. While the extracted graphs in these

studies are optimised for the task at hand, there is no explanation for the node connections that

were proposed. Given that interpretability is essential in the medical domain [166], since the

tools need to be trusted by the clinicians, an adaptive graph learnt during the training, whose

connections are also interpretable and clear can prove important. Additionally, most existing

works focus on brain age classification in four bins, usually classifying the subjects per decade

[85, 86, 38]. Age regression, which is a more challenging task, has not been extensively explored

with published results not reaching sufficient levels of performance [176].

This chapter has the following contributions: 1) We combine imaging and non-imaging in-

formation in an attention-based framework to learn adaptively an optimised graph structure for

brain age estimation. 2) We propose a novel graph loss that enables end-to-end training for
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the task of brain age regression. 3) Our framework is inherently interpretable as the attention

mechanism allows us to rank all imaging and non-imaging phenotypes according to their sig-

nificance for the task. 4) We evaluate our method on the UK Biobank (UKBB) and achieve

state-of-the-art results on the tasks of brain age regression and classification.

7.2 Methods

Given a set of N subjects with M features X = [x1, ...,xN ] ∈ RN×M and labels y ∈ RN , a

population graph is defined as G = {V, E}, where V is a set of nodes, one per subject, and E

is a set of paired nodes that specifies the connectivity of the graph, meaning the edges of the

graph. To create an optimised set of edges for the task of brain age estimation, we leverage a

set of non-imaging phenotypes qi ∈ RQ and a set of imaging phenotypes si ∈ RS per subject

i through an attention-based framework. The imaging phenotypes are a subset of the imaging

features si ⊆ xi. The phenotypes are selected according to [33]. The resulting graph is used as

input in a GCN that performs node-level prediction tasks. Here, we give a detailed description of

the proposed architecture, in which the connectivity of the graph E , is learnt through end-to-end

training in order to find the optimal graph structure for the task of brain age estimation. An

outline of the proposed pipeline may be found in Figure 7.1.

Attention Weights Extraction

Based on the assumption that not all phenotypes are equally important for the construction of

the graph, we train a MLP gθ, with parameters θ, which takes as input both the non-imaging

features qi and the imaging features si for every subject i and outputs an attention weight vector

a ∈ RQ+S , where every element of a corresponds to a specific phenotype. Intuitively, we expect

that the features that are relevant to brain age estimation will get attention weights close to

1, and close to 0 otherwise. Since we are interested in the overall relevance of the phenotypes

for the task, the output weights need to be global and apply to all of the nodes. To do so, we

average the attention weights across subjects and normalise them between 0 and 1.
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Edge Extraction

The weighted phenotypes for each subject i are calculated as fi = a⊙ (qi ∥ si), where fi ∈ RQ+S ,

a are the attention weights produced by the MLP gθ, (· ∥ ·) denotes the concatenation function

between two vectors and ⊙ denotes the Hadamard product. We further define the probability

pij(fi, fj ; θ, t) of a pair of nodes (i, j) ∈ V to be connected in Equation (7.1):

pij(fi, fj ; θ, t) = e−td(fi,fj)
2

(7.1)

where t is a learnable parameter and d is a distance function that calculates the distance

between the weighted phenotypes of two nodes. To keep the memory cost low, we create a sparse

k-degree graph. We use the Gumbel-Top-k trick [95], which acts as a stochastic relaxation of

the kNN rule, in order to sample k edges for every node according to the probability matrix

P ∈ RN×N . Since there is stochasticity in the sampling scheme, multiple runs are performed at

inference time and the predictions are averaged.

Optimisation

The extracted graph is used as input, along with the imaging features X, which are used as node

features, to a GCN gψ, with parameters ψ, which comprises of a number of graph convolutional

layers, followed by fully connected layers. The pipeline is trained end-to-end with a loss function

L that consists of two components and is defined as in Equation (7.2).

L = LGCN + Lgraph. (7.2)

The first component, LGCN , is optimising the GCN, gψ. For regression we use the Huber loss [77],

while for classification we use the Cross Entropy loss function. The second component, Lgraph,

optimises the MLP gθ, whose output are the phenotypes’ attention weights. However, the graph

is sparse with discrete edges and hence the network cannot be trained with backpropagation as

is. To alleviate this issue, we formulate our graph loss in a way that rewards edges that lead to

correct predictions and penalise edges that lead to wrong predictions. Inspired by [85], where

a similar approach was used for classification, the proposed graph loss function is designed for
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regression instead and is defined in Equation (7.3):

Lgraph =
∑

(i,j)∈E

ρ(yi, gψ(xi)) log(pij), (7.3)

where ρ(·, ·) is the reward function which is defined in Equation (7.4):

ρ(yi, gψ(xi)) = |yi − gψ(xi)| − ε (7.4)

Here ε (or ε0) is initialised as the null model’s prediction (i.e. the average brain age of the training

set), and it is then updated based on εt = 0.95εt−1 +0.05MAEt, with t being the current epoch.

Intuitively, when the prediction error |yi − gψ(xi)| is smaller than the null model’s prediction

then the reward function will be negative. In turn, this will encourage the maximisation of pij

so that Lgraph is minimised.

7.3 Experiments

7.3.1 Dataset

The proposed framework is evaluated on the UKBB [3], which provides not only a wide collection

of images of vital organs, including brain scans, but also various non-imaging information, such

as demographics, and biomedical, lifestyle, and cognitive performance measurements. Hence, it

is perfectly suitable for brain age estimation tasks that incorporate the integration of imaging

and non-imaging information. Here, we use 68 neuroimaging phenotypes and 20 non-imaging

phenotypes proposed by [33] as the ones most relevant to brain age in UKBB. The neuroimaging

features are provided by UKBB, and include measurements extracted from structural MRI and

diffusion weighted MRI. All phenotypes are normalised from 0 to 1. The age range of the subjects

is 47-81 years. We only keep the subjects that have available the necessary phenotypes ending

up with about 6500 subjects. We split the dataset into 75% for the training set, 5% for the

validation set, and 20% for the test set. Our pipeline has been primarily designed to tackle the

challenging regression task and therefore the main experiment is brain age regression. We also

evaluate our framework on the 4-class classification task that has been used in other related
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papers [85, 38].

7.3.2 Baselines

Given that a GCN trained on a meaningless graph can perform even worse than a simple regres-

sor/classifier, our first baseline is a Linear/Logistic Regression model. For the second baseline,

we construct a static graph based on a similarity metric, more specifically cosine similarity, of a

set of features (either node features or non-imaging and imaging phenotypes) using the kNN rule

with k = 5 and train a GCN on that graph. Using euclidean distance as the similarity metric

leads to worse performance and is therefore not explored for the baselines. We also compare our

method with DGM, which is the state-of-the-art on graph learning for medical applications [85].

Since this work is only applicable for classification tasks, we extend it to regression, implementing

the graph loss function we used for our pipeline as well.

7.3.3 Implementation Details

The GCN architecture uses ReLU activations and consists of one graph convolutional layer with

512 units and one fully connected layer with 128 units before the regression/classification layer.

The number and the dimensions of the layers are determined through hyperparameter search

based on validation performance. The networks are trained with the AdamW optimiser [119],

with a learning rate of 0.005 for 300 epochs and utilise an early stopping scheme. The average

brain age of the training set, which is used in Equation (7.3), is ε = 6. We use PyTorch [143]

and a Titan RTX GPU. The reported results are computed by averaging 10 runs with different

initialisations.

7.4 Results

7.4.1 Regression

For the evaluation of the pipeline in the regression task, we use Mean Absolute Error (MAE), and

the Pearson Correlation Coefficient (r score). A summary of the performance of the proposed

and competing methods is available at Table 7.1. Linear regression (MAE=3.82) outperforms
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Figure 7.2: Attention weights for the top 5 imaging (blue) and top 5 non-imaging phenotypes
(pink) averaged across 10 runs of the pipeline.

Table 7.1: Performance of the proposed approach in comparison with a traditional machine
learning model, static graph baselines, and the state-of-the-art for age regression.

Method MAE (years) r score

Linear Regression 3.82 0.75
Static (Node features) 3.87 0.75
Static (Phenotypes) 3.98 0.74
DGM 3.72 0.75
Proposed 3.61 0.79

GCNs trained on static graphs whether these are based on the node features (MAE=3.87) or

leverage the phenotypes (MAE=3.98). The DGM outperforms the baselines (MAE=3.72). The

proposed method outperforms all others (MAE=3.61).

7.4.2 Classification

For the classification task, we divide the subjects into four balanced classes. The four bins that

the subjects are split into are the following: 47-56, 57-63, 64-68, and 69-80 years. The metrics

used for the classification task to evaluate the performance of the model are accuracy, the area

under the ROC curve (AUC), which is defined as the average of the AUC curve of every class,

and the Macro F1-score (Table 7.2). A similar trend to the regression task appears here, with

the proposed method reaching top performance with 58% accuracy.

Our hypothesis that the construction of a pre-defined graph structure is suboptimal, and

might even hurt performance, is confirmed. Both for the classification and regression tasks,
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Table 7.2: Performance of the proposed approach in comparison with a traditional machine
learning model, static graph baselines, and the state-of-the-art for and 4-class age classification
(right).

Method Accuracy AUC F1

Logistic Regression 0.54 0.79 0.54
Static (Node features) 0.53 0.75 0.52
Static (Phenotypes) 0.52 0.75 0.51
DGM 0.55 0.80 0.55
Proposed 0.58 0.80 0.56

Table 7.3: Ablation study: Effect of the choice of phenotypes used for the connection of the
edges.

Number of phenotypes MAE (years) r score

20 (non-imaging only) 4.63 0.68
35 (non-imaging & imaging) 3.61 0.79
50 (non-imaging & imaging) 3.65 0.78
68 (imaging only) 3.73 0.77

GCNs trained on static graphs do not outperform a simple linear model that ignores completely

the structure of the graph. The proposed approach proves that not all phenotypes are equally im-

portant for the construction of the graph, and that giving attention weights accordingly increases

the performance for both tasks.

7.4.3 Ablation studies

Number of phenotypes

We perform an ablation test to investigate the effect of the number of features used for the

extraction of the edges. We used only non-imaging phenotypes, only imaging phenotypes, or

a combination of both (Table 7.3). The combination of imaging and non-imaging phenotypes

(MAE=3.61) performs better than using either one of them, while adding more imaging pheno-

types does not necessarily improve performance.

Distance Metrics

Moreover, we explore how different distance metrics affect performance. Here, euclidean, cosine,

and hyperbolic [99] distances are explored. We also include a random edge selection to examine
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Table 7.4: Ablation study: Performance of the proposed using different distances on the pheno-
types to connect the edges.

Similarity Metric MAE (years) r score

Random 5.59 0.61
Euclidean 3.61 0.79
Cosine 3.7 0.78
Hyperbolic 4.08 0.72

Figure 7.3: Population-graph visualisations. Left: graph constructed based on the cosine simi-
larity of the phenotypes. Right: graph constructed based on the cosine similarity of the weighted
phenotypes, where the attention weights are the ones extracted from the proposed pipeline. The
colour of the nodes corresponds to the subject’s age. It is evident that using the attention weights
increases the homophily of the graph.

whether using the phenotypic information improves the results. The results (Table 7.4) indicate

that euclidean distance performs the best, closely followed by cosine similarity. Hyperbolic

performed a bit worse (MAE=4 years), while random edges gave a MAE of 5.59. Regardless of the

distance metric, phenotypes do incorporate valuable information as performance is considerably

better than using random edges.

Table 7.5: Homophily ratios for the population graphs visualised in Figure 7.3. Static (Pheno-
types) refers to the graph on the left side of the figure, while Proposed refers to the graph on the
right side of figure.

Method Static (Phenotypes) (Left) Proposed (Right)

Homophily ratio 0.81 0.84
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Table 7.6: List of phenotypes used for the connectivity of the graph along with the attention
weights (mean & std after 10 runs with different initialisations) given from the pipeline.

Index Phenotypes Attention
Weights

1 Sex 0.21± 0.2
2 Height 0.22± 0.05
3 Body mass index (BMI) 0.03± 0.02
4 Systolic blood pressure 0.4± 0.12
5 Diastolic blood pressure 0.14± 0.17
6 College education 0.1± 0.18
7 Smoking status 0.1± 0.16
8 Alcohol intake frequency 0.02± 0.02
9 Stroke 0.40± 0.03
10 Diabetes 0.18± 0.18
11 Moderate per week 0.02± 0.03
12 Vigorous per week 0.03± 0.03
13 Fluid intelligence 0.03± 0.03
14 Tower rearranging: number of puzzles correct 0.03± 0.03
15 Trail making task: duration to complete numeric path trail 1 0.96± 0.02
16 Trail making task: duration to complete alphanumeric path trail 2 0.91± 0.05
17 Matrix pattern completion: number of puzzles correctly solved 0.02± 0.02
18 Matrix pattern completion: duration spent answering each puzzle 0.37± 0.05
19 Volume of grey matter (normalised for head size) 0.73± 0.04
20 Volume of brain stem + 4th ventricle 0.47± 0.03
21 Volume of grey matter in Putamen (right) 0.1± 0.09
22 Volume of thalamus (right) 0.34± 0.03
23 Volume of putamen (left) 0.28± 0.03
24 Volume of grey matter in Thalamus (right) 0.85± 0.03
25 Total volume of white matter hyperintensities 0.94± 0.08
26 Weighted-mean ICVF in tract forceps minor 0.95± 0.04
27 Weighted-mean L1 in tract anterior thalamic radiation (right) 0.98± 0.02
28 Mean FA in cerebral peduncle on FA skeleton (left) 0.95± 0.02
29 Mean FA in superior cerebellar peduncle on FA skeleton (left) 0.90± 0.21
30 Mean L1 in middle cerebellar peduncle on FA skeleton 0.96± 0.02
31 Mean ICVF in body of corpus callosum on FA skeleton 0.98± 0.01
32 Mean L2 in fornix cres+stria terminalis on FA skeleton (left) 0.98± 0.01
33 Weighted-mean L3 in tract uncinate fasciculus (left) 0.72± 0.06
34 Mean ISOVF in fornix on FA skeleton 0.33± 0.02
35 Weighted-mean L1 in tract parahippocampal part of cingulum (left) 0.43± 0.1
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Figure 7.4: Attention weights extracted from the pipeline per phenotype. The mean and std of
the attention weights from 10 runs with different initialisations are shown. The phenotypes are
indexed 1-35. Full list of the phenotypes and the attention scores can be found in Table 7.6. The
non-imaging phenotypes are coloured in pink, and the neuroimaging phenotypes are coloured in
blue. The highest weights are given to two cognitive tasks, namely trail making tasks numeric
(15) and alphanumeric (16), and measurements extracted from FA skeleton (28-32).

7.5 Interpretability

A very important advantage of the pipeline is that the graph extracted through the training is

interpretable, in terms of why two nodes are connected or not. Visualising the attention weights

given to the phenotypes, we get an understanding of the features that are the most relevant to

brain ageing. The regression problem is clinically more important, thus we will focus on this in

this section. A similar trend was presented for the classification task as well.

The imaging and non-imaging phenotypes that were given the highest attention scores in the

construction of the graph can be seen in Figure 7.2. We colour the non-imaging phenotypes

in pink, and the imaging ones in blue. A detailed list of the names of the phenotypes along

with the attention weights given by the pipeline can be found in Table 7.6 and Figure 7.4. The

non-imaging phenotypes that were given the highest attention weights, were two cognitive tasks,

the numeric and the alphanumeric trail making tasks. Systolic blood pressure, and stroke, were

the next most important non-imaging phenotypes, even though they were not as important as
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some of the imaging features. Various neuroimaging phenotypes were considered important,

such as information regarding the tract anterior thalamic radiaton, the volume of white matter

hyperintensities, grey matter volumes, as well as measurements extracted from the FA (fractional

anisotropy, a measure of the connectivity of the brain) skeleton. Our findings are in agreement

with the relevant literature [33].

Apart from the attention weights, we also visualise the population graph that was used as the

static graph of the baseline (Figure 7.3(left)). This population graph is constructed based on the

cosine similarity of the phenotypes, with all the phenotypes playing an equally important role

for the connectivity. In addition, we visualise the population graph using the cosine similarity of

the weighted phenotypes (Figure 7.3(right)), with the attention weights provided by our trained

pipeline. In both of the graph visualisations, the colour of each node corresponds to the subject’s

age. It is clear that learning the graph through our pipeline results in a population graph where

subjects with similar ages end up in more compact clusters, whereas the static graph does

not demonstrate any form of organisation. This can be further confirmed by estimation the

homophily ratios for the two graphs. The homophily ratios may be found in Table 7.5. Since

GCNs are affected by a graph construction with low homophily, it is reasonable that the static

graphs perform worse than a simple machine learning method, and why the proposed approach

manages to produce state-of-the-art results. Using a different GNN architecture that is not as

dependent on the constructed graph’s homophily could prove beneficial [66, 200].

7.6 Summary

In this final contribution chapter, we propose an end-to-end pipeline for adaptive population-

graph learning that is optimised for brain age estimation. We integrate multimodal information

and use attention scores for the construction of the graph, while also increasing interpretability.

The graph is sparse, which minimises the computational costs. We implement the approach both

for node regression and node classification and show that we outperform both the static graph-

based and state-of-the-art approaches. We finally provide an insight into the most important

phenotypes for graph construction, which are in agreement with related neurobiological literature.
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Chapter 8

Conclusions and Future

Directions

This chapter offers a summary of the research points introduced in the dissertation, highlighting

the current work’s limitations and suggesting potential directions for future research. Ultimately,

conclusive remarks are presented.

8.1 Summary

This thesis aimed to investigate the application of deep learning in estimating brain age. Various

deep learning techniques were examined, with a specific focus on Convolutional Neural Networks

(CNNs) in Chapters 4 and 5, as well as Graph Neural Networks (GNNs) in Chapters 6 and 7. In

addition, a notable emphasis throughout the thesis was placed on ensuring the interpretability

of the proposed methods.

In Section 2, we started by exploring how the use of patches, instead of the whole brain

Magnetic Resonance (MR) images, may benefit the performance of CNNs. Our goal extended

beyond achieving accurate brain age estimation to delivering more localised results. By combining

the results of the different CNNs using an ensemble model, we managed to outperform the state-

of-the-art, generating attention maps highlighting the brain regions most meaningful to brain
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age. This marked our first contribution. We explored both 2D and 3D data, extracting patches

of varying sizes either in a grid pattern or randomly.

Despite the promising outcomes in Chapter 4, the use of relatively large patches led to

somewhat coarse attention maps. Consequently, as the second contribution of this thesis,

we shifted our focus towards enhancing the interpretability of CNNs to produce more detailed

attention maps. Existing interpretability methods usually focus on classification tasks, and they

do not work as expected for regression tasks. Based on the assumption that not all voxels are

equally important for brain age estimation, we implemented a pipeline involving a noise model

and a brain age regression model—specifically, Residual Network (ResNet). The objective was

to introduce maximum noise to the input image without impacting the model’s performance.

Regions resistant to noise addition were identified as the most crucial, and by averaging saliency

maps across different subjects in the test set, we generated population-based maps pinpointing

brain regions most relevant to age estimation. Our results aligned with existing neuropathology

literature, underscoring the significance of the hippocampus and ventricles in the ageing process.

CNNs solely consider imaging data and overlook non-imaging information and inter-subject

relationships within the population. To overcome this constraint, Chapters 6 and 7 delve into

the utilisation of Graph Neural Networks (GNNs) in conjunction with population graphs. This

approach harnesses the intrinsic ability of GNNs to integrate multi-modal information, aiming

to enhance the accuracy of brain age estimation.

In Chapter 6, our objective was to derive a meaningful population graph for the downstream

task. The third contribution of this thesis involved the exploration of various methods of

constructing static graphs and assessed their impact on the performance of various GNN models,

including Graph Convolutional Network (GCN) and Graph Sample and Aggregated (GraphSage).

The findings underscored the critical role of graph construction, leading us to the conclusion that

static population graphs are often suboptimal for brain age regression, since they performed worse

than even a simple graph-agnostic model.

These findings led us to the fourth contribution of the thesis, presented in Chapter 7, an

end-to-end framework designed to learn an optimised population graph structure for brain age

estimation using adaptive graph learning. Based on the assumption that not all phenotypes are

equally important for brain age, we implemented a pipeline incorporating an attention mecha-
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nism to assign weights to both imaging and non-imaging phenotypes. Intuitively, we expected

significant weights (close to 1) for crucial phenotypes and minimal weights (close to 0) for less in-

fluential ones, which was confirmed by our findings. These attention phenotypes were then used

to derive the edges of the population graph. The resulting graph, coupled with GCNs, the GNN

that is the most sensitive to the graph structure, outperformed both baseline static population

graphs and the state-of-the-art method. Furthermore, by visualising the attention weights, we

provided insights into the most critical phenotypes for brain age, aligning with neurobiological

literature and enhancing the interpretability of the graph.

8.2 Limitations and Future Directions

In this section, we delve into the limitations inherent in the current thesis and propose potential

avenues for future research to overcome these constraints.

In Chapter 4, we employed brain patches, rather than the entire brain scan, as input to

CNNs. Our exploration included both 2D and 3D data, with patches extracted in a grid or

randomly. Through a linear regression combination of patch outputs, we outperformed state-

of-the-art methods in brain age regression. However, a limitation lies in the relatively large

size (64x64x64) of the used patches, resulting in accurate yet coarse attention maps. Reducing

patch size could enhance granularity, but the current non-end-to-end training approach hinders

scalability. A promising future direction involves efforts to identify crucial patches and enable

end-to-end training for improved scalability and precision.

The ultimate goal of integrating machine learning into medical imaging is its adoption by

clinicians. Building trust among clinicians is pivotal, and interpretability plays a crucial role in

achieving this. In Chapter 5, we shifted our focus from the performance of age regression models

to enhancing interpretability, aiming to provide more detailed attention maps. Our proposed

framework employed a noise model to generate saliency maps. Through the aggregation of

these maps across the test set, we crafted population-based importance maps, pinpointing brain

regions most relevant to age estimation. Our finding were consistent with existing literature.

An interesting future direction includes the extension of this framework to other regression

tasks and diverse brain datasets, such as Alzheimer’s Disease Neuroimaging Initiative (ADNI)
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(https://adni.loni.usc.edu/). Additionally, it would be beneficial to expand the framework

to accommodate classification tasks, including Alzheimer’s Disease (AD) classification. In this

context, comparing the generated maps with existing saliency maps from the literature, which

are traditionally tailored for classification tasks, will be made possible.

One constraint of CNNs is their exclusive focus on imaging information, overlooking inter-

subject associations within the population and non-imaging data. Leveraging the inherent capac-

ity of population graphs and GNNs to incorporate multi-modal information, we sought to address

this limitation in the context of brain age regression—a particularly challenging task—aiming to

explore their potential effectiveness in this domain.

In Chapter 6, we initially delved into static population graphs, exploring various construction

methods proposed in the literature and testing their performance with multiple GNN models.

Our evaluation, using metrics and graph visualisations, provided both quantitative and qualita-

tive insights into model performance. However, we observed that the extracted static population

graphs exhibited high heterophily and did not show promising results for brain age regression.

Several potential future directions could be pursued. Firstly, incorporating adaptive graph

learning by jointly training graph edges with the GNN could optimise the graph structure for

downstream tasks. Ongoing work on adaptive graph learning [85, 38, 76] exists, warranting fur-

ther exploration. Additionally, developing GNN models tailored for graphs with high heterophily

is an area of interest, with ongoing efforts [200, 202] requiring more attention. Considering med-

ical tasks, incorporating domain-specific insights into proposed pipelines could enhance perfor-

mance. Given the importance of interpretability in healthcare, constructing interpretable graphs

should be a focal point [200]. Finally, introducing metrics tailored for evaluating population

graphs is a crucial future direction. While existing works focus on classification tasks [120, 200],

exploration in node regression tasks has recently begun [132], necessitating further attention.

In the final Chapter 7, we attempted to address some of the raised points. Our focus centered

on adaptive graph learning, presenting a framework that optimally learns a graph structure for

brain age regression. Leveraging an attention mechanism for imaging and non-imaging pheno-

types, we extracted edges to construct the graph, which, in conjunction with GCNs, facilitated a

visual representation of the most relevant brain age-related phenotypes, enhancing interpretabil-

ity. Notably, a limitation lies in the current inductive nature of the pipeline, restricting the
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addition of new nodes post-graph construction. An intriguing future direction involves extend-

ing the framework to a transductive environment, allowing the addition of new nodes directly

during test time. Furthermore, the framework’s encouraging results justify further investigation

into its performance across a variety of medical imaging datasets and tasks.

8.3 Conclusion

This thesis embarked on a comprehensive exploration of deep learning applications in brain age

estimation, emphasising interpretability throughout the investigative journey. Key contributions

emerged from distinct chapters, each addressing specific challenges and advancing the field. Ini-

tially, the focus centered on CNNs, investigating the impact of patch-based approaches on brain

age estimation. The proposed approach surpassed existing benchmarks, generating attention

maps highlighting critical brain regions. Despite promising outcomes, the need for more detailed

attention maps led to the introduction of a pipeline with a noise model and a prediction model

for the extraction of attention maps. This approach revealed the significance of hippocampal

and ventricular regions in ageing, aligning with neurobiological literature. Acknowledging the

limitations of CNNs in considering non-imaging information and inter-subject relationships, we

shift the focus on the integration GNNs and population graphs. We highlighted the suboptimal

nature of static population graphs for brain age regression, prompting a deeper investigation

into adaptive graph learning. We, then, introduced an end-to-end framework with an atten-

tion mechanism, assigning weights to phenotypes. This dynamic approach outperformed static

graphs and state-of-the-art methods, providing both accuracy and interpretability. Visualisation

of attention weights offered insights into critical phenotypes, further reinforcing the alignment

with neurobiological literature. In essence, this thesis not only advanced brain age estimation

methodologies but also emphasised the significance of interpretability, paving the way for more

accurate and interpretable models in neuroimaging research.
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[52] Franke, K., Ziegler, G., Klöppel, S., and Gaser, C.: Estimating the age of healthy subjects

from t1-weighted MRI scans using kernel methods: Exploring the influence of various

parameters. NeuroImage 50(3), 883–892 (2010). doi: 10.1016/J.NEUROIMAGE.2010.01

.005, https://doi.org/10.1016/j.neuroimage.2010.01.005

[53] Fukushima, K.: Cognitron: A self-organizing multilayered neural network. Biological cy-

bernetics 20(3), 121–136 (1975)

[54] Gaugler, J., James, B., Johnson, T., et al.: 2022 alzheimer’s disease facts and figures.

Alzheimers & Dementia 18(4), 700–789 (2022)

[55] Gaugler, J., James, B., Johnson, T., Scholz, K., and Weuve, J.: 2016 Alzheimer’s disease

facts and figures. Alzheimer’s and Dementia 12(4), 459–509 (mar 2016). doi: 10.1016/j.ja

lz.2016.03.001, https://www.sciencedirect.com/science/article/pii/S15525260183

00414

[56] Gilmer, J., Schoenholz, S.S., Riley, P.F., Vinyals, O., and Dahl, G.E.: Neural message

passing for quantum chemistry. In: Precup, D. and Teh, Y.W. (eds.) Proceedings of the

34th International Conference on Machine Learning, ICML 2017, Sydney, NSW, Australia,

159

http://arxiv.org/abs/1903.02428
https://doi.org/10.1016/j.neuroimage.2010.01.005
https://www.sciencedirect.com/science/article/pii/S1552526018300414
https://www.sciencedirect.com/science/article/pii/S1552526018300414


8. BIBLIOGRAPHY

6-11 August 2017. Proceedings of Machine Learning Research, vol. 70, pp. 1263–1272.

PMLR (2017), http://proceedings.mlr.press/v70/gilmer17a.html

[57] Gilpin, L.H., Bau, D., Yuan, B.Z., Bajwa, A., Specter, M.A., and Kagal, L.: Explaining

explanations: An overview of interpretability of machine learning. In: Bonchi, F., Provost,

F.J., Eliassi-Rad, T., Wang, W., Cattuto, C., and Ghani, R. (eds.) 5th IEEE International

Conference on Data Science and Advanced Analytics, DSAA 2018, Turin, Italy, October

1-3, 2018. pp. 80–89. IEEE (2018). doi: 10.1109/DSAA.2018.00018, https://doi.org/10

.1109/DSAA.2018.00018

[58] Glasser, M.F., Smith, S.M., Marcus, D.S., et al.: The human connectome project’s neu-

roimaging approach. Nature neuroscience 19(9), 1175–1187 (2016)

[59] Good, C.D., Johnsrude, I.S., Ashburner, J., Henson, R.N.A., Friston, K.J., and Frackowiak,

R.S.J.: A voxel-based morphometric study of ageing in 465 normal adult human brains.

NeuroImage 14(1), 21–36 (2001). doi: 10.1006/NIMG.2001.0786, https://doi.org/10.1

006/nimg.2001.0786

[60] Gori, M., Monfardini, G., and Scarselli, F.: A new model for learning in graph domains.

In: Proc. 2005 IEEE Int. joint conf. on neural networks. vol. 2(2005), pp. 729–734 (2005)
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