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Preface

Cognitive problems are common in multiple sclerosis (MS). Yet even with
advanced neuroimaging techniques, the origin of decline remains poorly un-
derstood. This thesis explores whether Al can shed new light on the structural
underpinnings of cognitive impairment in MS. The story line below illustrates
the coherence of its chapters.

About 3 million people worldwide are affected by multiple sclerosis (chapter
1), of which up to 70% have some form of cognitive decline (chapter 2). Al-
though the link with structural brain damage has been studied intensively
using magnetic resonance imaging (MRI, chapter 3), features describing the
brain’s structure fall short in explaining cognitive impairment. In my PhD, I
investigated whether artificial intelligence (AI, chapters 4 and 5) could offer
new insights. However, there is a catch. Machine learning usually requires
large data sets, to which individual research labs do not have access. To still
be able to pursue the investigation, I explored three solutions (hypotheses,
chapter 6): 1) facilitating the collection of data with a smartphone-based cog-
nitive screening battery (icognition, chapter 7), 2) reducing the need for data
using the concept of brain age and transfer learning (chapters 8 and 9) and 3)
exploring an alternative way to access data, namely with federated learning
(chapter 9). After addressing the question whether AT will change MS care
within the next 10 years (chapter 10), the thesis concludes with a discussion
including potential future avenues (chapter 11).

Enjoy reading this manuscript that I have been shaping over the past 4 years.
I like to think of it as my most exquisite piece of organised chaos. I invite the
reader to keep in mind that this manuscript has come to being by a process
that I believe to be the spark of any progress; the acceptance of change.

“Life is flux”
- Heraclitus
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Summary

Multiple sclerosis (MS) affects about 3 million people worldwide, and is typic-
ally diagnosed in young adults. The disease affects the central nervous system,
where it causes inflammation of nerve tissue and gradual degeneration of the
nerve cells. The main target of MS is the insulation layer surrounding the
nerve cells, reducing or even preventing signal transmission. The damage is
visible on magnetic resonance (MR) images of the brain and spinal cord as
regions of inflammation (lesions) and loss of brain tissue (atrophy). MS leads
to a wide range of symptoms including cognitive impairment, which is present
in up to 70% of people with MS.

Radiological findings however do not always manifest as clinical symp-
toms and the other way around, known as the “clinico-radiological paradox”.
The main goal of this thesis was to offer new insights in this paradox for
cognitive problems using artificial intelligence (AI). However, databases with
brain images and cognitive information are scarce, impeding Al research. This
thesis proposes three solutions for this problem: (1) facilitating data collection
with digital cognitive tests, (2) reducing the need for large databases by using
models that are trained to perform a related task (transfer learning) and (3)
increasing accessibility to clinical datasets for Al modelling using federated
learning.

First, icognition was presented. This is a smartphone-based application
with three cognitive tests, designed to screen for impairment in the two most
commonly affected cognitive domains in MS: memory and information pro-
cessing speed. The application was shown to be reliable and valid, although
the results should be confirmed in a cognitively impaired MS sample. The
application allows screening for cognitive problems at home, thereby pick-
ing up cognitive deterioration early on. Furthermore, digitalising cognitive
tests facilitates the creation of large research databases in the future. Second,
“brain age”, interpretable as “how old the brain looks”, was explored as an
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in-between step to predict cognitive functioning. A model was trained to pre-
dict age, i.e. brain age, from brain MR images. The model overestimated age
in people with MS, confirming that people with MS have older looking brains.
Brain age moreover correlated with their information processing speed. Sub-
sequently, a deep learning brain age model, trained on a large database of
healthy people, was fine-tuned to predict cognition on a smaller MS data-
base (transfer learning). Although the final model performed rather poorly
at predicting cognitive performance from brain MRI, we proved in the same
study that the model could be trained without sharing data between clinical
centres. Instead of first collecting all data at one place, the model was sent to
the data, where it was updated locally (federated learning). In this way, the
model exhibited learning behaviour at each clinical centre, setting the stage

for training better models without sharing sensitive clinical data such as brain
MRI.

This thesis explored solutions for AI research in a context of low data
availability. Reaching large and high-quality data sets could eventually enable
AT to help patients with MS and their caregivers managing an unpredictable
and burdensome disease.
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Samenvatting

Multiple sclerose (MS) treft wereldwijd ongeveer 3 miljoen mensen en wordt
meestal bij jongvolwassenen vastgesteld. De ziekte tast het centrale zenuws-
telsel aan en veroorzaakt ontsteking van het zenuwweefsel en geleidelijke de-
generatie van de zenuwcellen. Het belangrijkste doelwit van MS is de isolatie-
laag rond de zenuwcellen, waardoor de signaaloverdracht wordt verminderd
of zelfs onmogelijk wordt gemaakt. De schade is zichtbaar op magnetische
resonantie (MR) beelden van de hersenen en het ruggenmerg als gebieden van
ontsteking (laesies) en verlies van hersenweefsel (atrofie). MS leidt tot een
breed scala aan symptomen, waaronder cognitieve stoornissen, die bij tot 70%
van de MS-patiénten voorkomen.

Radiologische bevindingen manifesteren zich echter niet altijd als klinische
symptomen en andersom, bekend als de “klinisch-radiologische paradox”. Het
hoofddoel van dit proefschrift was om nieuwe inzichten te bieden in deze para-
dox voor cognitieve problemen met behulp van artificiéle intelligentie (AI).
Databases met hersenbeelden en cognitieve informatie zijn echter schaars, wat
Al-onderzoek belemmert. Deze dissertatie stelt drie oplossingen voor dit prob-
leem voor: (1) het vergemakkelijken van dataverzameling met digitale cognit-
ieve testen, (2) het verminderen van de behoefte aan grote databases door
modellen te gebruiken die getraind zijn om een gerelateerde taak uit te voeren
(transfer learning) en (3) het vergroten van de toegankelijkheid van klinische
datasets voor Al-modellering met behulp van federated learning.

Als eerste werd icognition gepresenteerd. Dit is een smartphone-applicatie
met drie cognitieve tests, ontworpen om te screenen op beperkingen in de
twee meest aangetaste cognitieve domeinen bij MS: geheugen en informatiever-
werkingssnelheid. De applicatie bleek betrouwbaar en valide te zijn, hoewel de
resultaten bevestigd moeten worden in een MS-groep met cognitieve beperkin-
gen. De applicatie maakt het mogelijk om thuis te screenen op cognitieve prob-
lemen, waardoor cognitieve achteruitgang in een vroeg stadium kan worden
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opgemerkt. Bovendien vergemakkelijkt het digitaliseren van cognitieve tests
het creéren van grote onderzoeksdatabases in de toekomst. Ten tweede werd
“hersenleeftijd”, te interpreteren als “hoe oud de hersenen eruit zien”, on-
derzocht als tussenstap om cognitief functioneren te voorspellen. Er werd
een model getraind om leeftijd, d.w.z. hersenleeftijd, te voorspellen op basis
van MR-beelden van de hersenen. Het model overschatte de leeftijd bij MS-
patiénten, wat bevestigt dat MS-patiénten ouder uitziende hersenen hebben.
De hersenleeftijd correleerde bovendien met hun informatieverwerkingssnel-
heid. Vervolgens werd een deep learning-model voor hersenleeftijd, getraind
op een grote database van gezonde mensen, verfijnd om cognitie te voorspel-
len op een kleinere MS-database (transfer learning). Hoewel het uiteindelijke
model vrij slecht presteerde in het voorspellen van cognitieve prestaties op
basis van MRI van de hersenen, bewezen we in hetzelfde onderzoek dat het
model getraind kon worden zonder gegevens uit te wisselen tussen klinische
centra. In plaats van eerst alle gegevens op één plaats te verzamelen, werd
het model naar de gegevens gestuurd, waar het lokaal werd getraind (feder-
ated learning). Op deze manier vertoonde het model leergedrag in elk klinisch
centrum. In de toekomst kunnen hierdoor betere modellen worden getraind,
zonder het delen van gevoelige klinische gegevens zoals MRI van de hersenen.

Deze dissertatie onderzocht oplossingen voor Al-onderzoek in een context
van lage beschikbaarheid van data. Het bereiken van grote en hoogwaardige
datasets zou AI uiteindelijk in staat kunnen stellen om patiénten met MS
en hun zorgverleners te helpen bij het omgaan met een onvoorspelbare en
belastende ziekte.
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Chapter 1

Multiple Sclerosis

Multiple sclerosis (MS) affects about 3 million people worldwide [1]. The
disease is typically diagnosed in young adults and is characterised by a hetero-
geneous disease course. MS is an inflammatory and neurodegenerative disease
that attacks the central nervous system (CNS), leading to the disintegration
of myelin that serves to speed up signal conduction across nerve cells, as well
as neuronal death. The inflammation is caused by an auto-immune reaction,
in which the body’s immune system starts attacking its own CNS. The inflam-
mation itself can cause neurodegeneration, but neurodegeneration can also be
present in the absence of inflammation, characterising the neurodegenerative
component [2]. The eventual damage to the CNS is very heterogeneous in
space and time, leading to difficulty in assigning an accurate prognosis to an
individual patient with MS. Ultimately, the damage leads to impaired signal
conduction, which gives rise to a plethora of clinical symptoms.

1.1 Symptoms

Due to damage done to the CNS, people with MS experience a wide range
of symptoms. Some symptoms are more visible than others. For example,
reduced strength, walking problems and impaired balance are typically ob-
served [3]. Physical disability in MS is typically quantified by the Expanded
Disability Status Scale (EDSS) [4]. There are however a multitude of other
symptoms that cause significant inconvenience to people with MS, from blad-
der, bowel and sexual dysfunction to fatigue and cognitive problems (discussed
in chapter 2) [3]. The collection of symptoms lead to activity restrictions such
as carrying out many activities of daily living (ADL). Both the symptoms
and activity restrictions can lead to reduced participation in society. Besides
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Chapter 1. Multiple Sclerosis

objective problems, repercussions of MS involve subjective complaints such as
a reduced quality of life [5] or subjective cognitive impairment [6].

1.2 The nervous system

The central nervous system (CNS) consists of the brain, the spinal cord and
the optic nerves. The brain is the control centre of our body, whereas the
spinal cord can be considered the highway of the nervous system; it allows
fast signal conduction across the central nervous system. The other part of the
nervous system is referred to as the peripheral nervous system, which conducts
signals to (sensory signals, afferent neurons) and from (motor signals, efferent
neurons) the CNS. The peripheral nervous system is furthermore divided in the
somatic (voluntary) nervous system and the autonomous (involuntary) nervous
system, the latter being involved in e.g. breathing, regulating blood pressure
and digestion. The somatic nervous system [7] controls body movements via
skeletal muscles.

1.2.1 The neuron and its function

One type of cells through which the nervous system communicates are neur-
ons. It does so by transmitting signals, which are electrical by nature within
each neuron, and neurochemical between neurons. The anatomy of a neuron
(figure 1.1) is explained here by its function, namely conducting an electrical
signal. First, each neuron contains dendrites that receive information from
other neurons. These signals are subsequently collected in the soma (cell
body), and if they exceed a certain threshold, a signal is generated for the
next neurons: the action potential. This signal is in turn conducted by an
axon to the synaptic cleft, which is the junction in between a neuron and the
next. To be able to efficiently conduct an electrical signal, the axon of a nerve
is covered by myelin that serves as an insulation layer. The myelin, created by
oligodendrocytes, allows saltatoric signal conduction, which drastically speeds
up transmission since the signal “jumps” across the axon.

1.2.2 MS affects the CNS

In MS, the immune system attacks the neurons in the CNS by targeting myelin
and oligodendrocytes [8], which can lead to axonal degeneration. Axonal de-
generation can however also happen independently of demyelination by other
disease mechanisms in MS [9]. Altogether, the damage can lead to slowed
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Figure 1.1: Three neurons in a biological neural network. The different components
of the neuron, as well as the oligodendrocyte creating the myelin sheets, are indicated
on the leftmost neuron. The right lower neuron illustrates the damage done by MS,
attacking the myelin sheet and oligodendrocytes [8].

signal conduction or prevent the signal from passing at all. The next section
elaborates on the inflammatory component of MS.

1.3 A flaw in the immune system

Humans possess an impressive mechanism to defend the body against external
and internal threats; the immune system. It consists of a first-line defence
mechanism (the innate immune system) and the adaptive immune system,
that as the name suggest can adapt to specific threats [10]. The innate im-
mune system firstly consists of anatomical barriers (e.g. skin) that aim to
keep unwanted particles from invading the body. Whenever particles still find
their way inside the body, the innate immune system is equipped with other
defences. It will try to make the living conditions for the particles undesir-
able, increase the defence capability of uninfected cells, attack the intruders
directly, call for aid and facilitate transport of this aid. The innate immune
system can respond quickly, but is less specialised to specific threats com-
pared to the adaptive immune system. Although it reacts slower, the adaptive
immune system is able to memorise previous attacks, and is therefore more
efficient for handling specific threats [10].

The cellular component of the adaptive immune system consists of two
types of cells; B cells and T cells. Both are triggered by the presence of a
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foreign antigen, for example microbes, viruses and toxins, but also cancer cells
[10]. B cells can directly recognise an antigen, and respond by either prolif-
erating into plasma cells that contain antibodies that bind to the antigen to
flag the cell for destruction [11], or into memory B cells to respond quicker to
a future encounter with the antigen. T cells need so-called antigen-presenting
cells (APC) to recognise an antigen, a process that is nicely illustrated in
Kasper and Shoemaker 2010 [12]. In case the T cell is a CD8' T cell, it will
proliferate in a cytotoxic T cell, whose main function is cell destruction [10].
In case the T cell is a CD4% T cell, it will proliferate primarily in one of
three different T helper cells (Th), whose function is mediating the immune
response; Thl, Th2 and Th1l7 [10]. Thl and Thl7 promote inflammation,
whereas Th2 reduces inflammation [3, 11]. Another type of CD4™ T cell is a
T-regulatory cell (Treg), which has a role in regulating the immune response.
When the immune response resolves, only a fraction of the T cells remain as
memory cells for a quicker response in the future [10].

In some cases, the immune system is not properly regulated, which can
lead to inefficiency (immunodeficiency), overreaction (hypersensitivity), or
even mistaking healthy parts of the own body for threats (autoimmunity)
[10]. In MS, this autoimmune reaction targets the central nervous system
(CNS). The disruption of the immune system in MS is complex, and accord-
ing to Loma et al. 2011, involves both the innate and adaptive immune system
[11]. The problem appears to be mainly on the level of T cells [13]. Although
it is unknown what exactly triggers the disease, genetic predisposition and
environmental exposure appear to play a role [3, 11].

1.4 Who is at risk of developing MS?

1.4.1 Environmental risk factors

In a review by Young et al. 2011 [14], several environmental risk factors are
described. People living at a higher latitude seem to be at an increased risk of
developing MS. This is also the case for people infected by the Epstein Barr
Virus, leading to glandular fever. Other examples of risk factors are those
related to sunlight exposure and vitamin D, where decrease is associated with
an increased risk of developing MS [14, 15, 16].
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1.4.2 Genetic risk factors

Having family members with MS raises the risk of acquiring MS [15]. More
specifically, certain human leukocyte antigen (HLA) genes are associated with
an increased risk [14]. HLA genes are important in the immune response as
the proteins they encode help in deciding if a cell belongs to the body (self)
or not (non-self) [17].

1.4.3 Other risk factors

Finally, a wide range of lifestyle-related factors such as obesity and smoking
have been related to the development of MS [14, 16]. A relationship with
migraine has been reported as well [15, 18].

1.5 Diagnosis

The diagnosis of MS relies on the McDonald criteria, of which the most re-
cent version dates back to 2017 [19]. The diagnosis of MS is mainly assigned
based on clinical examination, magnetic resonance imaging (MRI, chapter 3)
and laboratory tests (e.g. analysis of the cerebrospinal fluid) [20]. The dam-
age done to the CNS by MS can for example be observed clinically by the
symptoms described above, and as inflammatory plaques and atrophy on MR
images of the brain and the spinal cord. For the diagnosis to be made, there
essentially has to be objective evidence that the CNS is attacked in a diffuse
way (dissemination in space), which is not restricted to a single occurrence
in time (dissemination in time). Dissemination in time can be different, with
multiple episodes of disease exacerbation and (partial) recovery (relapsing-
remitting MS, RRMS) or a disease process that is more gradual over time.
The latter is referred to as primary progressive MS (PPMS) if this gradual
process is present from the start, or secondary progressive MS (SPMS) if this
occurs after RRMS. When the phenotypes were established in 1996, a fourth,
more rare type was distinguished, involving a gradual disease activity with
occasional relapses [21]. This type was referred to as progressive relapsing MS
(PRMS), but has been rejected after redefining the subtypes in 2013 [22]. In
the same revisions, clinically isolated syndrome (CIS) was acknowledged as
an MS phenotype, which is a condition that clinically resembles MS, but its
recurrence over time needs to be established [22].
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1.6 Treatment

Although there is no cure for MS, different treatment options are available
nowadays for managing the disease.

1.6.1 Disease-modifying therapy

Disease-modifying therapy (DMT), as the name suggests, aims to target the
disease process underlying symptoms. They typically act upon a specific com-
ponent of the immune system and alleviate symptoms by suppressing specific
elements of the disease process. The majority of DMTs are approved only
for people with RRMS [23], of which the most commonly prescribed ones are
summarised in a brief overview below. The overview is based on Hauser and
De Cree 2020 and Liu et al. 2021 [23, 24].

First-line treatment

Those are predominantly immunomodulators (medication that acts upon the
immune system), and are focused on safety at the expense of efficacy [24].

o Dimethyl fumarate (Tecfidera®) exerts an anti-inflammatory effect by
stimulating a Th2 response rather than a Thl response [25]. Moreover,
cytoprotective effects have been reported [23, 25|, which could provide
protection to cells of the CNS [25].

o Teriflunomide (Aubagio®) suppresses the proliferation of both B and T
lymphocytes, thus modulating the immune system [26].

o Interferon beta (e.g. Avonex®, Plegridy®, Rebif®) has multiple ef-
fects, including a reduction of major histocompatibility complex (MHC)
presentation on APCs (reducing antigen stimulation), stimulation and
suppression of pro- and anti-inflammatory cytokines respectively (shift
from a Th1/Thl17 to a Th2 response), reducing proliferation of T-cells
and preventing inflammatory cells from entering the CNS [27].

o Glatiramer acetate (GA, e.g. Copaxone®) is an amino acid polymer that
resembles myelin basic protein (MBP), which is part of the myelin sur-
rounding axons in the CNS. Antibodies in MS target MBP, who remain
spared if the antibodies attack GA instead [28].
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Second-line treatment

This group mainly consists of immuno-suppressiva and antibodies acting upon
immune cells [24].

e The first group consists of antibodies that bind to the CD20 antigen
on the cell surface of B cells, selectively depleting them. Ocrelizumab
(Ocrevus®) is a frequently prescribed medication in this group.

o Other DMTs work by reducing the number of lymphocytes that reach the
CNS. For example, Natalizumab (Tysabri®) inhibits o431 integrin that
is present on the cell surface of lymphocytes, thereby preventing migra-
tion across the endothelium. Alternatively, Fingolimod (Gilenya®) acts
upon sphingosine 1-phosphate receptors (SIPR) on lymphocytes [29].
S1PR is subsequently internalised by the cell, preventing the lympho-
cyte from leaving a lymph node.

o Cladribine (Mavenclad®) and alemtuzumab (Lemtrada®) are considered
a second-line drug [24], although both were also previously used as first-
line treatment in some countries [30, 31]. They are immune reconstitu-
tion therapy (IRT), which aim is to act upon the immune system in a
long-lasting way by using short treatment periods [30]. Cladribine and
alemtuzumab deplete both B-cells and T-cells [30].

For progressive forms of MS, treatment options are far more limited, with
ocrelizumab being the only DMT for PPMS [23]. For SPMS, siponimod
(Mayzent®) is available, which is a S1PR; and S1PR5; modulator [32]. How-
ever, there appears to be an active investigation ongoing to enrich the palette
of treatment options [33].

1.6.2 Symptomatic treatment

Contrary to DMTs, the core focus of symptomatic treatment is not to address
the disease mechanisms that cause the symptoms. Instead, they are prescribed
specifically to alleviate symptoms, thereby reducing discomfort to the person
suffering from them. The book chapter by Toosy et al. 2014 [34] nicely reflects
the wide range of symptoms that people with MS experience (cfr. supra for
a non-exhaustive overview of symptoms), and how to address them. Among
treatment strategies are drug therapy (such as baclofen to reduce spasticity)
and physical or cognitive rehabilitation to e.g. alleviate pain and spasticity or
treat motor dysfunction [34, 35].
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1.6.3 Relapse treatment

Lastly, episodes of disease exacerbation (relapses) are typically treated with
corticosteroids or sometimes adrenocorticotropic hormone (ACTH) [36, 37].
Plasma exchange is sometimes used in patients that are resistant to steroids
[38].

1.7 Prognosis

The disease course of MS is highly heterogeneous [39]. A plethora of efforts
have emerged the past few decades in finding biomarkers that are suggestive
of a distinct disease course (cfr. chapter 4). Models that combine biomarkers
have also been considered to enhance predictive accuracy, the majority using
fairly simple statistical models [40, 41]. More recent research investigates the
potential of artificial intelligence (A, chapter 4) to both uncover new biomark-
ers [42] and combine them to yield predictive models [43, 44].

The reality in clinical practice is that there is no model yet, simple or com-
plicated, that can inform clinicians on the future course of the patients they are
treating, let alone which treatment they can best prescribe to maximally re-
duce CNS damage. This too is an interesting avenue for Al research. Chapter
5 reviews the literature that uses Al to predict future cognitive deterioration
in MS.
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Chapter 2
Cognitive impairment

As outlined in chapter 1, people with MS experience a wide range of symptoms.
The most visible among those symptoms are physical impairments such as gait
difficulties and balance disturbances [1]. A symptom that is often more subtle
but equally disabling is cognitive impairment, which is present in about half of
people with MS [2]. Cognitive problems have negative repercussions on daily
life activities [3] and quality of life [4], while on a societal level, it leads to an
increased cost [5], which might be caused by a reported loss of employment
and productivity [6].

2.1 Cognition

The complexity of what entails “cognition” is reflected by an article by Bayne
et al. 2019 [7]. Eleven different experts were asked to share their view on cog-
nition, leading to very distinct answers. The abstractness of the concept is re-
flected by the name; “together” (Latin: com) and “to know” (Latin: gnoscere)
[7].

Cognition is observable as the behavioural output of intermediary pro-
cessing between a sensation and a subsequent action [8]. According to Mes-
ulam et al. 1998, the path between sensory input and action has evolved to-
wards an optimum between short response time (short neuronal path length)
and complex processing (longer path length and parallel processing), allow-
ing the same stimulus to be processed differently, thus leading to different
outcomes [8]. For example, being touched on the shoulder in the dark when
not anticipated could lead to a startle reaction, while the same touch on the
shoulder could lead to relaxation in different circumstances. The intermediate
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Chapter 2. Cognitive impairment

processing steps are typically categorised as cognitive domains, and depend-
ing on the conceptualisation, could be hierarchical by nature. In the latter
view, cognitive domains are characterised by increasingly complex processing,
ranging from basic sensory processes to executive function. This however is
no one-way traffic; higher level cognitive domains can exert feedback to lower
cognitive domains [9]. A comprehensive overview of all cognitive domains can
be found in Harvey et al. 2019 [9].

2.2 Cognitive domains affected by MS

Literature indicates that in MS, the two most commonly affected domains are
memory and information processing speed [2, 10], and most cognitive tests to
screen for them are also designed to measure these domains (cfr. infra). This
however is a simplification of the complex palette of cognitive domains that
appear to be affected in MS, such as several subdomains of memory and other
domains like executive function and attention [2].

2.3 Biomarkers of cognitive impairment

To study cognitive impairment, it is useful to work with the concept of “bio-
markers”. Although there are multiple definitions for a biomarker, we will
work here with the one proposed by the World Health Organisation (WHO):
“almost any measurement reflecting an interaction between a biological sys-
tem and a potential hazard, which may be chemical, physical, or biological.
The measured response may be functional and physiological, biochemical at
the cellular level, or a molecular interaction” [11]. In the context of cognitive
impairment, the potential hazard constitutes cognitive deterioration. Search-
ing for these characteristics has been made possible by technological advances
such as electro- and magneto-encephalography (EEG and MEG respectively),
magnetic resonance imaging (MRI, chapter 3) and analysis of cerebro-spinal
fluid. Each of those can provide unique biological information. EEG and MEG
for example measure brain function, whereas MRI can be used to assess both
brain structure (sMRI) and brain function (fMRI). Each modality has both
strengths and weaknesses; EEG for example has a high temporal resolution,
meaning that fluctuations of brain signals can be measured much more de-
tailed over time, but at the cost of spatial resolution, meaning that the source
of the signal is hard to pinpoint. The inverse is true for fMRI.
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As aresult of applying the aforementioned technological advances to people
with MS, a wide range of biomarkers for different cognitive domains have been
identified. Indicators of neurodegeneration such as (regional) brain volume
(MRI) [12] and Tau protein (cerebro-spinal fluid (CSF)) [13] for example cor-
relate with information processing speed, as do MRI markers of neuroinflam-
mation [14]. Also biomarkers related to brain function have been reported
[15]. It is important to underline the importance of functional assessments
such as MEG in the study of cognition in MS [16, 17, 18].

Up until now, a so-called “knowledge-based” representation was made from
the raw data, namely by extracting summarising variables that are deemed im-
portant to assess cognitive impairment. With this transformation, we however
risk to lose a lot of information. Artificial intelligence (AI, chapter 4) might
overcome this issue by learning a “data-driven” representation of the raw data
with regard to cognitive impairment using a technique called “deep learning”.
In this way, it might identify “hidden”, “data-driven” biomarkers of cognitive
impairment in the raw data, in turn revealing new insights in the biological
underpinnings of cognitive impairment.

2.4 Assessment of cognitive impairment

Cognitive domains are usually assessed with so-called paper-pencil tests, and
are often combined in cognitive batteries aiming to provide a bigger picture
of a patient’s cognitive status. Popular batteries include the Brief Repeatable
Battery of Neuropsychological tests (BRB-N) by Stephen Rao [19], the min-
imal assessment of cognitive function in MS (MACFIMS) [20] and the Brief
International Cognitive Assessment for Multiple Sclerosis (BICAMS) [21]. The
BICAMS is the most recent of the three and was designed to screen for prob-
lems with IPS and memory. Particularly screening for IPS appears to be of
interest, as it might be the first cognitive domain deteriorating in MS [22].
The most popular test for this domain is the Symbol Digit Modalities Test
(SDMT) [23], of which a mock version is shown in figure 2.1.

In an ever-digitalising world, many research groups proposed computerised
versions of these tests. They are predominantly digital versions of the SDMT
and designed for tablets [25] or smartphones [26]. The advantages of using
digital tests are mainly the following:

1. Tests can be completed individually at home, without an external rater
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Figure 2.1: A shortened mock version of the symbol digit modalities test (SDMT)
[23], using symbols from the icognition application (chapter 7) [24]. The subject is
asked to convert each symbol to its corresponding digit using the key on top, one
symbol at a time and saying the answer out loud. The goal is to convert as many
symbols as possible in 90 seconds. Here, only 10 trial symbols (up until the double
vertical line) and 20 test symbols are shown.

2. Solution keys can be randomised to prevent memorising a test
3. Testing can be done more frequently, increasing temporal resolution

4. Data is stored digitally, facilitating data analysis and modelling

In chapter 7, icognition is introduced, which is a recently developed
smartphone-based cognitive screening battery. The chapter contains the val-
idation study of the application, assessing IPS and memory [24]

2.5 How cognitive problems are treated

According to De Luca et al. 2020 [3], there is insufficient evidence for any phar-
macological agent to treat cognitive impairment. Disease modifying therapy
(DMT) appears not to target it directly, while symptomatic treatment such
as dalfampridine (Fampyra®) might improve information processing speed, al-
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though evidence is conflicting [3].

Cognitive rehabilitation however gains a lot of attention, mostly on the
domain of learning and memory. The used interventions are heterogeneous,
but primarily target a specific domain or use a multimodal approach. For
both approaches, positive effects have been reported in a wide range of cog-
nitive domains such as information processing speed, (working) memory and
executive functions [3].

Beyond cognitive rehabilitation, also physical rehabilitation appears to
have beneficial effects on cognitive problems in MS [3]. An on-going trial is
currently investigating whether cognitive or physical rehabilitation as stand-
alone treatment or a combination of both has superior effects on multiple
cognitive domains in MS [27].
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Chapter 3

Magnetic Resonance Imaging

About 50 years ago, Peter Mansfield scanned the first human body part with
magnetic resonance imaging (MRI); the finger of his assistant Andrew A.
Maudsley [1]. MRI is an imaging technique, a non-invasive way of looking
inside the human body. It can be used to visualise any part of the body, and
is able to visualise certain tissues that are otherwise hard to visualise with
other imaging techniques. One such example is the brain, which is why MRI
is indispensable nowadays to study the brain in multiple sclerosis (MS). MRI
was already mentioned in the discussion on what MS is (chapter 1) and how
MS impacts cognitive performance (chapter 2). In this chapter, MRI is briefly
described in the context of MS research and treatment. Figure 3.1 serves as a
visual reference of the explanation.

3.1 How does MRI work?

3.1.1 Spinning protons

MRI is centred around the idea of a proton inside the nucleus of a hydrogen
atom spinning around its axis (figure 3.1, panel 1). Because of this spin, a
magnetic field is developed by the proton. Hence, we can think of the proton
as a tiny magnet, characterised by a north and south pole [2].

3.1.2 Spinning out of control

The core idea of magnetic resonance imaging is that the spin of the protons
can be aligned by subjecting them to an external magnetic field, and can
subsequently be distorted by a radio-frequency (RF) pulse (figure 3.1, panel
2-3) emitted by an RF coil [3]. After this pulse, the proton relaxes to its
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Figure 3.1: From proton spin to MR image and ultimately segmentation. The MR
image in the illustration is a T1-weighted image.

equilibrium state (alignment with the external magnetic field), which causes a
change in the magnetic flux in the RF coil, creating an electric current in the
RF coil [3]. This current is the basis for the image to be constructed (figure
3.1, panel 4). Depending on the viewpoint on this relaxation, the relaxation
is described with T1 (longitudinal) or T2 (transversal) relaxation. T1 is the
time it takes to restore 63% of the longitudinal magnetisation (direction of
the external magnetic field), while T2 is the time until 63% of the transverse
magnetisation (plane perpendicular to the direction of the external magnetic
field) is no longer present [4]. T2 is related to how fast the protons exchange
the available energy [2].

3.2 Towards an image

By employing magnetic field gradients, spatial localisation can be encoded,
thus an image can be created (figure 3.1, panel 5). This can for example be a
3D image to capture all dimensions of an anatomical structure. The 3D image
is a cube, which in itself is divided into smaller cubes, volume units called
“voxels”. Voxels in a 3D image are analogous to pixels in a 2D image.

The intensity of each voxel in the image depends on the relaxation time,
which by itself is determined by the contents of each voxel. For example, wa-
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ter has a much longer T1 relaxation time compared to fat [2]. Since different
tissues will have different compositions, they can be distinguished based on
intensity.

The more voxels in an MR image of equal size (the same field of view),
i.e. the smaller the voxels, the higher the resolution. This allows studying a
body part in more detail; tissues from two different structures are less likely
to be present in the same voxel. This has important implications for brain
segmentation, which is discussed in the next section. In clinical practice, a
resolution of 1mm isotropic (in all directions) is recommended for a 3D brain
image [5], which will be the example used in this chapter to explain other
concepts.

3.3 Brain segmentation

To visualise the brain, a 3D MR image of the head is made, usually including
the upper cervical spinal cord. The total image easily contains millions of
voxels, and allows a radiologist to spot image abnormalities. The radiologist
will usually decide this empirically, based on extensive training including pat-
tern recognition. For a quantitative description of image abnormalities, we
however can resolve to brain segmentation (figure 3.1, panel 6).

Brain segmentation, as the word suggests, characterises certain “segments”
in the brain. This can be a brain structure that is of particular interest, such as
the hippocampus in Alzheimer’s Disease (AD) [6] or the thalamus in studying
cognitive impairment in MS [7]. Although this can yield important insights in
brain anatomy, counting voxels would be tedious and time-consuming. Auto-
mated brain segmentation approaches have therefore been proposed in recent
decades, for example using machine learning (ML, cfr. chapter 4) to identify
structures. One example of an ML-based brain segmentation approach is the
icobrain software of icometrix, the industrial partner of this PhD thesis.
This software was used for the study described in chapter 8 on predicting age
from images. Technical details for this pipeline, or a newer version including
deep learning (DL, cfr. chapter 4), can be consulted respectively in Jain et
al. 2015 [8] and Raki¢ et al. 2021 [9]. An example of an icobrain T1 report
(figure 3.3) and an icobrain ms report (figure 3.4 and figure 3.5) is included
at the end of this chapter.

The typical result of a segmentation is a 3D map where each voxel contains
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the probability of a voxel belonging to a class, which here is a certain brain
structure. Voxels that exceed a certain probability threshold can then be
counted and converted to a volume using the size of each voxel. In this way, a
tabular representation of a brain image can be obtained of some segments of
interest, which is commonly referred to as a “knowledge-based representation”.
Brain segmentation has been a key driver of biomarker research in MS, for
example to study cognitive impairment (cfr. chapter 2). The value of MRI to
study and treat MS are discussed next.

3.4 MRI for MS

The value of MRI in MS extends beyond diagnosis, which was discussed in
chapter 1.

3.4.1 Clinical practice

In MS clinical routine, the recommended types of brain MR images depends
on the context [5]. To assess disease activity and to monitor the efficacy of
disease-modifying therapy (DMT, cfr. chapter 1), a T2-weighted and a T2
Fluid-Attenuated Inversion Recovery (FLAIR) image are recommended [5].
Both image types serve to better visualise inflammatory regions (termed le-
sions or plaques) in the brain. A T2 FLAIR image is a T2 image where, as
the name suggests, the intensity of fluid is attenuated. Fluid will appear dark
in the image, causing lesions to be distinguished more easily. Lesions appear
hyper-intense on a FLAIR image, while they are hypo-intense on a T1 image
(sometimes referred to as “black holes” [10]).

A contrast-enhanced T1-weighted brain image was recommended in the
previous Magnetic Resonance Imaging in MS (MAGNIMS) guidelines [11] to
detect new active lesions. Here, a T1 image is obtained as explained above,
except a contrast is injected in the blood circulation of the patient prior to
scanning. In a lesion, the blood-brain barrier can be disrupted, and contrast
can exit the blood stream, enhancing the lesion (i.e. raising the intensity).
This contrast agent typically contains gadolinium (Gd). Lastly, a T1-weighted
brain image provides insights in brain volumetry, but is not necessary for
routine follow-up of MS patients [5].
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Figure 3.2: The most commonly used MR image types in MS. From left to right:
FLAIR, T2-weighted, T1-weighted and Gadolinium-enhanced T1-weighted. The red
circles highlight lesions, which are best visible in the FLAIR and Gd T1 image. Figure
from Ma et al. 2022 [12] (unadapted), available under a CC BY-NC-SA 4.0 license
(ResearchGate link: https://shorturl.at/cfp09).

3.4.2 Research

The image types used in clinical routine are also used for research purposes.
After segmentation of the images, several imaging properties (such as lesion
load, the total lesion volume) can be examined to establish image-derived bio-
markers.

Another MRI technique that is used in MS research to identify biomark-
ers [13] is diffusion MRI. It visualises structural connectivity in the brain by
focusing on the diffusion of water in the brain. A football player on a football
pitch is free to move around in any direction, while a football player inside as
soccer table game only can move in 1 direction. The same principle holds for
water molecules in our body; they have more freedom to move outside cells,
while inside cells, their movement is restricted [14]. Different tissues therefore
have different diffusion properties, which can be visualised with MRI using
a technique called diffusion weighted imaging (DWI). In the specific case of
white matter in the brain, water molecules inside the axons of neurons move
along the axon. By applying diffusion tensor imaging (DTI) to the diffusion
weighted image, the white matter tracts can be reconstructed and white mat-
ter integrity assessed [14].

A popular MRI technique that is not used in clinical routine but for re-
search purposes is functional MRI (fMRI). This technique relies on the blood-
oxygen level dependent (BOLD) signal, reflecting the degree of blood oxy-
genation across the brain [15]. When more oxygen-rich blood is present in a
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certain brain region, the brain region is thought to be more active; an indir-
ect measure of activity. Contrasting earlier discussed techniques to visualise
brain structure, fMRI measures brain function, which can then be used to map
functional connectivity in the brain. However, the value of fMRI for analysing
the MS brain was recently questioned based on MS-related data quality issues
[16].

3.5 MRI for biomarker research

MRI has greatly advanced our understanding of biological underpinnings of
MS symptoms, with biomarkers found in brain anatomy [17], as well as struc-
tural [18] and functional connectivity [19]. Although individual correlations
are often reported, the relationship between brain imaging and MS symptoms
remains paradoxical; brain damage as observed on MR images can be present
without clinical repercussions and the other way round. This is commonly
referred to as the clinico-radiological paradox [20].

How can this paradox be overcome? This is an ongoing investigation to
which this thesis aims to contribute. Up until now, features that were extrac-
ted from images were knowledge-based; it is defined a priori which features to
extract from an image, for example the grey matter volume of the brain. By
converting the image to such representations, a lot of information is lost. Deep
learning, an artificial intelligence (AI) technique explained in chapter 4, could
however come up with new image representations by learning to map images
to clinical symptoms. With this data-driven technique, all information is con-
sidered since it works with the original voxel space of the MR image. This
representation is called the “latent space”, and is a data-driven representation
as no human knowledge was imposed. This latent space might provide new
insights in the relationship between MRI and clinical symptoms at one cost; it
is not understandable for humans. An interesting domain that aims to open
this black box is called explainable AI (XAI), and is also discussed in chapter
4.
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Figure 3.3: An icobrain T1 report (version 4.4.4). In the section “visual results”,
voxels with a high probability of being grey matter are coloured blue. Summing these
voxels and correcting for intracranial volume allows comparing the volume with a
healthy population as depicted in the section “brain volumes”. ©2021 icometrix NV,
www.icometrix.com.
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Figure 3.4: A sample icobrain ms report (page 1). This page is analogous to the
icobrain T1 report in figure 3.3, except it also contains longitudinal information,
i.e. the difference between two brain images. The voxels coloured red indicate loss
of brain tissue. Image from https://icometrix.com/services/icobrain-ms, accessed on
the 3" of November 2023. ©@icometrix NV, www.icometrix.com.
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Figure 3.5: A sample icobrain ms report (page 2), indicating white matter lesions in
4 regions of an MS brain (colour coded). The table quantifies this information, both
cross-sectionally (most recent MR image) and longitudinally (difference between 2
MR images). The latter is further categorised as new (N), enlarging (E) or shrinking
(S). For the FLAIR column of the table, results are also presented graphically as bar
charts. Image from https://icometrix.com/services/icobrain-ms, accessed on the 3™
of November 2023. ©@icometrix NV, www.icometrix.com.
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Chapter 4

Artificial Intelligence

4.1 What is AI?

A popular definition of artificial intelligence (AI) was introduced by Mar-
vin Minsky in 1968, who was a pioneer in the field: “the science of making
machines do things that would require intelligence if done by men” [1]. Two
important questions can be raised related to this definition: when is a machine
intelligent, and how can this intelligence be acquired?

4.2 When is a machine intelligent?

Alan M. Turing, who is regarded as one of the founders of Al, addressed the
question “can machines think” in his paper “Computing Machinery and Intel-
ligence” [2]. He did so by proposing the “imitation game”, which is currently
commonly known as the “Turing test”.

The game-like situation consists of an interrogator who is in a room separ-
ate from a man and a woman. The objective of the interrogator is to identify
the man and the woman by asking questions. The objective of the man and
woman is to fool the interrogator. The key thought experiment is whether the
interrogator can still be fooled if the man were to be replaced by a machine.

The ability to fool the interrogator, i.e., passing the Turing test, can be
regarded as an attempt to establish whether a machine is able to “think”, or is
“intelligent”. However, is this both a necessary and sufficient condition to be
regarded “intelligent”? Might machines that fail this test still be considered
as such? And are machines that pass the test really intelligent? As AI models
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nowadays closely mimic human behaviour, but might still be fooled when
asking the right questions, it is important to use the right assessment tools to
reliably assess performance of an AT model [3].

4.3 How can intelligence be acquired?

While making abstraction of whether a machine is in fact intelligent, this
section addresses how intelligence can be acquired. Two key concepts are
presented, which are typically used in the modelling domain of this PhD thesis.

4.3.1 Rule-based Al

A rule-based Al is defined by rules that are imposed to a system by domain
experts. When designing a system to decide whether an animal is either a cat
or a dog, experts might for example create a decision tree (cfr. figure 4.1).
In this case, expert knowledge is encoded into a succession of rules. When
followed for data obtained from an animal of unknown class, the model will
yield a prediction of the most probable class the animal belongs to.

Yes
Ear length > 5 cm
No
No
| Hears sound
”| frequency > 45 kHz
Yes
—> Cat

Figure 4.1: Simple example of a rule-based decision tree to classify cats and dogs.

4.3.2 Machine learning

Although the rule-based AI model is easy to understand, it is both rigid and
difficult to establish; even profound domain expertise might not suffice to (1)
find the variables that are key to a prediction, or (2) decide how to combine
them in a model. Machine learning provides an alternative solution that might
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tackle both problems.

In machine learning, a machine essentially learns from data. It can do so
in three ways. In supervised learning, the machine is presented a certain
input (for example an image of a cat or a dog) and the label that is associated
to that input (the label “cat” or “dog”). The objective is to find a function
that predicts the true label of a new input as accurately as possible. A more
in-depth explanation of supervised learning by means of an example is added
as appendix to this chapter. In unsupervised learning, the machine is only
given the input data without any label. It is mostly used to find patterns in
that data set, for example clustering observations. A third type is reinforce-
ment learning which is for example intensively used in the gaming industry.
Here, the computer learns by maximising a certain reward. In medical sci-
ences, supervised learning is most commonly used.

In medical sciences, supervised learning is most commonly used. Let us
consider the example of predicting the performance on a cognitive test from a
structural MR image. The most intuitive approach, and the most logical con-
tinuation of prior research, is to use biomarkers of cognitive impairment (cfr.
chapter 2) as input for the model. We can refer to this as a “knowledge-based
representation”; domain expertise is used to transform the original input to
a biomarker representation. We can then use more traditional machine
learning algorithms to come up with a function, or model, that maps the
input to the desired outcome label. An overview of some of such techniques is
provided in the review paper [4] included in chapter 5.

The question might now arise why we do not simply use all available in-
formation, for example the original pixel space of an MR image. The catch
here is the huge amount of data a computer must be able to process, and the
complexity a model must be able to capture. Computational power nowadays
allows training models that are capable of handling this complexity; a tech-
nique called deep learning. Deep learning is based on the idea illustrated in
the appendix on supervised learning (cfr. figure 4.2). A neural network (panel
1) maps the input = to an output y. The input z is commonly referred to as
the input layer, the weights w; and wy together form a hidden layer and y
forms the output layer. In deep learning, the input layer usually contains much
more information than a single scalar, for example a 3D image (3D tensor).
The hidden layers are usually also more complex (more parallel nodes, i.e. the
“width” of the network) and there are much more successive layers (“depth”
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of the network), which together are capable of performing a highly complex
mapping when stacked. The interesting property of a cascade of functions is
that it is differentiable, and we can therefore optimise weights using the same
technique as explained in figure 4.2 (stochastic gradient descent (SGD)), or a
variation. When a network has been trained in this way, we can extract the
output of the hidden layer immediately prior to the output layer, which we
normally do not extract (hence the name “hidden”). This however is a rep-
resentation that is analogous to the knowledge-based representation discussed
earlier, except it is now “data-driven” and is termed the latent space. Alto-
gether, this is referred to as the “feature extractor” [5]. The last mapping from
this representation to the output label can essentially be seen as a traditional
machine learning technique, except on highly abstract features. The specific
deep learning technique covered in this thesis is a convolutional neural network
(CNN), where some hidden layers (convolutional layers) essentially “filter” the
image; they perform mathematical operations called “convolutions”.

The choice of the techniques described above depend on the use case. Deep
learning for example typically needs large datasets since it models a complex
function on high-dimensional data. Another important consideration to make
is the trade-off between accuracy and complexity that is currently given con-
siderable attention in literature [6]. Rule-based approaches are interpretable
but might fall short in solving a highly complex problem, while deep learning
might be better to capture the complexity at the cost of interpretability; they
are considered black box algorithms, meaning that the inner working of the
algorithm is unknown. A new domain in Al has therefore emerged that is con-
cerned with making these black box algorithms more transparent: explainable
artificial intelligence (XAI) [7] .

4.4 Explainable AI (XAI)

The field of XAl is concerned with understanding Al models. It is a relatively
young field of research, but is especially important in the real-world adoption of
AT models in clinical practice, for example in terms of trust [8] and liability [9].
The need for XAl is high when models are complex, which is for example the
case for deep learning. A comprehensive framework for XAl in the context of
deep learning in medical imaging is presented in van der Velden et al. 2022 [10].
The framework categorises explanation methods based on three properties:

1. The degree of enforcing inherent simplicity. An explanation is model-
based if the model is forced to be inherently simple enough to be un-
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derstood (e.g. traditional machine learning methods), while if it is not
enforced, the explanation occurs post hoc, i.e. after a model has been
trained.

2. How specific is the explanation method for a model type? Model-specific
versus model-agnostic, i.e. applicable to any type of model.

3. The type of explanation. Explaining the working of the entire model
(global) or the output of a single case (local).

As listed in van der Velden et al. 2022, many XAI methods are available to
better explain deep learning methods [10]. The suitability of an approach over
the other is context-dependent, and should ideally be discussed with experts
in the field. As they are the intended users of the models and have expertise in
the domain, they are well-placed to guide XAI analyses, for example in terms
of their specific needs to increase trust in the models.

One intuitive XAI method is for example occlusion sensitivity [11]. It is
a post hoc method, model-agnostic, local explainability technique in which a
part of the input image is “occluded” by a patch. The change in prediction
error relative to the prediction error without occlusion is then calculated. By
sliding the patch over the entire image, a “heatmap” is constructed indicating
the performance drop per region when occluded. The severity of the perform-
ance drop indicates the relevance of the region for the prediction. When only
occluding one voxel at a time, for a 3D MR image with millions of voxels, this
can quickly become computationally very expensive. Using bigger patches re-
duces this at the cost of a lower resolution heat map with less precision to the
locations of feature importance. A solution for this could be resolving to less
computationally expensive methods, such as backpropagation-based methods
[10].

4.5 Transfer learning

The concept of transfer learning dates back to the 1970s [12] with pioneer-
ing work of Bozinovski and Fulgosi [13]. In transfer learning, a model that
is trained to perform a certain task (task A) is adapted to perform a related
task (task B). This approach is especially interesting when there is few data
or knowledge for task B, but an abundance for task A. Hence, a model can be
reliably trained to perform task A, which can subsequently be fine-tuned to
perform task B.
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A relevant example in the domain of this thesis is fine-tuning a brain age
model. Brain age has received significant interest in the last decade to study
various neurological disorders [14]. It is a supervised machine learning tech-
nique, where a model is trained to predict the chronological age of a healthy
person at the time of collecting certain brain information. This is usually a
structural MR brain image, although other modalities are also used [15]. The
predicted age is termed the “brain age”, while subtracting chronological age
from brain age is termed the “brain-predicted age difference” (BPAD) [16]. In
various neurological disorders, including MS, this BPAD value is typically pos-
itive; brain age is overestimated, reflecting that the brain “looks older” than
the person is at time of scanning [14]. As shown by Leonardsen et al. 2022
[17], brain age could be a good candidate for “task A” in transfer learning, as
it can be reliably trained using tens of thousands of age-labelled MR images
that are available in open source repositories. For multiple diseases, among
which MS, their “task B” consisted of classifying people as either having or
not having the disease.

4.6 Federated learning

In 2016, AI researchers from Google published a paper on training a model
without sharing data; an approach they termed “federated learning”. It is a
paradigm shift in training machine learning models which is commonly done
by first centralising all data. This is feasible for brain age research where data
can easily be accessed, but becomes much harder when working with sensitive
patient data. This data typically cannot leave the institution for privacy
considerations or other legal constructions such as the general data protection
regulation (GDPR). In federated learning, data remains at the original location
and models are trained locally. The updates are then shared with a common
server integrating the models, eventually yielding a global model that has been
trained in a decentralised way.

4.7 Al in the context of MS

AT is primarily used for research purposes in MS. The overwhelming majority
of research happens in the field of neurophysiology and radiology, for example
to segment images (cfr. chapter 3), identify MS subtypes [18] or predict dis-
ease progression [4, 19]. However, especially segmentation approaches for MRI
gradually find their way to clinical practice, such as the icobrain segmenta-
tion software discussed in chapter 3. Apart from those algorithms however,

42



Chapter 4. Artificial Intelligence

the transition of AI models from research to the clinic is difficult. This might
have numerous reasons, such as low performance, low explainability or other
considerations (e.g. trust, fairness, bias). It has been hypothesised that the
root problem of Al models not reaching clinical practice lies in the data, for
example the quantity and quality [20]. Chapter 10 contains a discussion on
the future role of Al in MS care.

This concludes the introductory section that provided the foundation for
this PhD thesis. The next chapters concern the specific contribution of this
PhD to the field, discussing three potential solutions for data scarcity in the
domain of interest; exploring the link between structural MRI and cognition
in MS using Al
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Appendix: Supervised machine learning example

Say that we observe that a certain input Z = [5, 5], yields the output y = 10.
We assume that this observation is the result of a linear equation of the form
Yy =2 W= xz1wi + rowe and want to find w that yields the closest mapping.
The equation can be represented as a neural network with a certain input
value x that is transformed by weights w; and wy to the output y (panel 1,
figure 4.2).

MSE

| "altitude"

MSE = 5 : _ .
n j@ Z‘J' Zo] > - WP . K/ode
Z &>
n=1 %9, O
y; = 10 X

¥; = bwi + bws

MSE = (511)1 + 5w2 _ 10)2 SGD : 117,5 = ’lf)t_l — ’I]VMSE(’IT)t_l)

Figure 4.2: Minimising error with stochastic gradient descent (SGD)

To quantify how close the mapping is for a given set of W, we need an error
function. A popular error function is the mean squared error (MSE). Filling in
the values for 2 and y in the MSE equation (panel 2) yields an equation plotted
in grey in panel 3. The goal is to minimise this error function, for which we will
use stochastic gradient descent (SGD). This will be explained with an analogy.

Let us think of the error function as 2 mountains separated by a valley.
The x, y and z axis represent the latitude, longitude and altitude respectively.
On each mountain, there is a giant. The goal of the giants is to approach
the valley by each time taking a step in the steepest downwards going direc-
tion. Mathematically: each new position on time point t (w;) is a step (n)
taken from the old position (w;—1) in the opposite direction (— sign) of the
steepest direction uphill (VM SE(w;—1)). The two giants have two different
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approaches: one giant takes small steps (green), the other big steps (red).
The former will gradually approach the lowest point of the valley, but rather
slow. The latter overshoots; the giant steps over the valley. When running
the simulation for 10 steps, the latter giant wins; the giant chose a better
step magnitude (7, learning rate) and ended up at a coordinate () of lower
altitude.
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Abstract

Multiple sclerosis (MS) manifests heterogeneously among persons suffering
from it, making its disease course highly challenging to predict. At present,
prognosis mostly relies on biomarkers that are unable to predict disease course
on an individual level. Machine learning is a promising technique, both in
terms of its ability to combine multimodal data and through the capability
of making personalised predictions. However, most investigations on machine
learning for prognosis in MS were geared towards predicting physical deteri-
oration, while cognitive deterioration, although prevalent and burdensome,
remained largely overlooked. This review aims to boost the field of machine
learning for cognitive prognosis in MS by means of an introduction to machine
learning and its pitfalls, an overview of important elements for study design,
and an overview of the current literature on cognitive prognosis in MS using
machine learning. Furthermore, the review discusses new trends in the field
of machine learning that might be adopted for future studies in the field.

Keywords
multiple sclerosis | prognosis | cognition | machine learning | artificial intelli-
gence
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5.1 Introduction

As one of the most puzzling neurodegenerative disorders, multiple sclerosis
(MS) is characterised by a complex biological aetiology [2] and a highly het-
erogeneous disability progression. This gives rise to an important unmet need
that has been given considerable attention in MS research in recent decades,
which is the prediction of its future course [3, 4, 5, 6]. In light of an ongoing
paradigm shift in medicine, moving from a disease-centred to a patient-centred
approach [7], the ability to foresee disability build-up in a specific patient
would be a true game changer in modern medicine; neurologists could inter-
vene at an early stage, whereas patients and their caregivers could anticipate
future challenges in daily life.

Currently however, to predict the natural course of MS on an individual
level remains challenging. Foremost, the problem is intrinsically difficult since
the disease manifests differently among patients. From a biological point of
view, tissue damage in the central nervous system (CNS), caused by auto-
immune processes, is not restricted to a single location or to a particular
timepoint during the disease course [8]. Typical observations are the presence
of lesions, resulting from processes such as demyelination and inflammation,
in conjunction with the loss of CNS tissue [8]. However, MS patients typically
present a wide range of clinical symptoms as well, ranging from motor and
sensory impairments to fatigue, cognitive problems, and mental health issues
[9]. Since every person with MS presents a unique biological and clinical pro-
file, health-related predictions should be individualised.

At present, the best tools to estimate individual disease progression are the
so-called prognostic biomarkers. They are defined by Ziemssen et al., 2019,
as: “A prognostic biomarker” that “helps to indicate how a disease may de-
velop in an individual when a disorder is already diagnosed” [10]. Although
these variables can be regarded as the cobblestones of the road towards an
accurate prognostic model, it is important to note that this term is assigned
regardless of any magnitude of prognostic accuracy. Moreover, they are typic-
ally established at group level, which might be a suboptimal fit in light of the
aforementioned heterogeneity across subjects with MS.

In a recent systematic review by Brown et al., 2020, the authors identified
several studies that used various statistical techniques to combine prognostic
biomarkers [3]. Although the techniques used are widespread, some studies
report on the use of machine learning (ML), allowing personalised predictions
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of the behaviour of a clinically relevant variable over time. The literature on
this topic was synthesised by Seccia et al., 2021, although the authors limited
their search to models using clinical data [5]. As can be expected from a young
field of research, a sprawl of underlying methodology is observed among papers
that use ML to perform prognostic modelling in MS; heterogeneity in terms of
input features, learning algorithms, labels to predict, and assessment metrics
hamper comparability among models. The narrative nature of both afore-
mentioned reviews underscores the fact that quantitative synthesis by means
of, e.g., meta-analysis or meta-regression, is not yet possible. Furthermore,
various models aim to predict disease progression in terms of changes in the
Expanded Disability Status Scale (EDSS), while a recent review by Weinstock-
Guttmann et al., 2021, questions the use of the EDSS for prognostic purposes
due to a lack of accuracy and stability [4]. This review also highlights the
importance to look at other domains, such as cognitive impairment [4]. Prob-
lems in various cognitive domains are prevalent in persons with MS, especially
in memory and information processing speed [11]. Since cognitive functioning
was shown to be related to socio-economic aspects such as employment status
[12] and income [13], prognostication in this domain could allow patients and
their caregivers to anticipate future problems at an early stage.

Although the use of machine learning for cognitive prognosis is still in its
infancy, this paper aims to offer directions in this field by (1) introducing the
concept of machine learning, (2) outlining the pitfalls of machine learning in
medical sciences, (3) offering guidance for the design of studies that use ML for
cognitive prognosis using lessons learned from ML-powered physical prognosis,
(4) summarising literature on ML-powered cognitive prognostication, and (5)
highlighting trends in ML that could boost the field of MS prognosis. Since the
main goal of this review is to provide directions for a young field of research
rather than to synthesise the scarcely available literature, this review adopts
a narrative, non-systematic design.

5.2 An Introduction to Machine Learning

Machine learning is defined in the Oxford University Press (OUP) as: “The
use and development of computer systems that are able to learn and ad-
apt without following explicit instructions, by using algorithms and statistical
models to analyse and draw inferences from patterns in data” [14]. Although
learning and adaptation can happen in multiple ways, typically categorised
as “supervised”, “unsupervised” and “reinforcement” learning, the most com-
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mon machine learning technique adopted in the medical sciences is supervised
machine learning. The notion of “supervision” here is the presence of the
ground-truth label to be predicted, which can either be a continuous variable
(regression) or a categorical variable (classification). In general, the goal is to
learn the relationship, in terms of a function, between a given input and the
output—the ground-truth label. The function that subsequently best predicts
the ground-truth label on input data that was not used to learn the function
is the model of choice.

The concept can be clarified by means of an analogy; a student studying
for a future exam. In the first phase, the student will gather knowledge on the
domain by using available resources such as books and lecture notes (train-
ing). The student subsequently verifies whether additional study is necessary
by completing an exam from previous years to which the answers are avail-
able (validation). Together, this is called the training phase. As necessary,
training and validation are repeated until the student is ready to take the final
exam, which constitutes the testing phase. Let us assume that we want to use
supervised machine learning to predict a person’s age given a brain magnetic
resonance (MR) image. We start from a dataset with T1-weighted brain MR
images (input) and the age at image acquisition (ground-truth label). Since
age is a continuous variable, we are facing a regression problem. How we will
learn the relationship between MRI and age depends on how we will use the

MRI:

e Classical approach. The first approach is to analyse the brain MR, im-
ages, yielding a set of features that describe the image such as volu-
metric quantifications of brain structures. This allows for the use of
more classical supervised learning algorithms such as linear/logistic re-
gression, support vector machines (SVM) and random forests (RF). The
subsection below summarises some frequently used supervised learning
algorithms;

e Deep learning. The second option is to use the raw brain MR images
as input and use a technique called deep learning, which recently gained
popularity as a subtype of machine learning. The major difference com-
pared to classical machine learning is that it mitigates the necessity to
manually transform raw data in a meaningful feature representation, the
so-called “feature engineering” step, relying on human domain-specific
knowledge [15]. Deep learning will automatically create meaningful rep-
resentations from raw data, thus achieving representation learning [15].
This will typically yield “latent features”, which are hard to interpret
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by humans, but are deemed by the machine to be relevant. The advant-
age of deep learning lies in the more complex relationships that can be
learned, while a major drawback is the need for large datasets, time and
computational power.

5.2.1 Frequently used supervised learning algorithms

This section outlines supervised machine learning techniques exemplified for
binary classification and univariate regression. For ease of interpretation, all
examples use a low-dimensional feature space. However, the same principle
holds when adding features towards higher-dimensional feature spaces.

~
Worsening

Stabilizing

Y

Feature

Figure 5.1: Schematic of logistic regression

Logistic regression. Logistic regression (figure 5.1)identifies the optimal sig-
moid curve between the two labels to be predicted, yielding a probability of
belonging to either of the two groups. In the illustration: the probability that
a person will worsen or stabilise over time.
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Feature 2 Feature 2
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Worsening Stabilizing

Figure 5.2: Schematic of a decision tree
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Decision Tree. A decision tree (figure 5.2) is a sequence of decisions that are
made on certain criteria. The last leaves of the tree indicate one of the class
labels that are to be predicted.

Decision Decision Decision
Tree 1 Tree 2 Tree 3

| l |

l Worsening  Stabilizing Worsening , Majority
1 Vote
Worsening

Figure 5.3: Schematic of a random forest

Random forest. This is an example of “ensemble learning”, meaning that
learning, and thus the resulting model, relies on multiple learning strategies,
aiming to average the error out [16]. In this case, a random forest (figure 5.3)
consists of multiple decision trees, mitigating the bias introduced by relying on
one single decision tree. The ultimate prediction of a random forest classifier

is the majority vote of the predictions of the individual decision trees in the
random forest.

A ® Worsening
e Stabilizing

Feature 1

Y

Feature 2

Figure 5.4: Schematic of a support vector machine (SVM)

Support vector machine. In case of two features, a support vector machine
(SVM, figure 5.4) tries to find a line or a curve that separates the two classes
of interest. It does so by maximising the distance between the line and the
data-points on both sides of the line, thus maximally separating both classes.

Artificial Neural Network. An artificial neural network (ANN) was in-
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Figure 5.5: Schematic of an artificial neural network (ANN)

spired by the neural network of the brain and consists of nodes (weights) and
edges that connect the nodes. Input data in either raw form or a feature rep-
resentation enters the ANN on the left (input layer) and gets modified by the
ANN in the hidden layers using the nodes’ weights learned during the training
phase, so that the input is optimally reshaped, or “mapped”, to the endpoint
that needs to be predicted on the right (output layer).
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Figure 5.6: Schematic of linear regression

Linear Regression. Linear regression (figure 5.6is a technique in which
the weight of every input feature is learned, which is multiplied with their re-
spective feature and summed together with the so-called “bias” (also a learned
weight but not associated to a feature, i.e., a constant), yielding a prediction
that minimises the error with the ground-truth. In the 2D case, this is the line
that minimises the sum of the squared vertical distances of individual points
to the regression line. The learned weights in this case are the slope (/1) and
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intercept (S, bias) of the line.

5.3 Caveats for machine learning and potential solu-
tions

Numerous pitfalls can be encountered when performing machine learning. The
majority of them are generally applicable; they could arise in any machine
learning query in any domain. Yet, we can encounter hazards that are specific
for medical sciences. Both are discussed in this section, and solutions used in
the field of prognostic modelling are also summarised.

5.3.1 General Pitfalls in Machine Learning

The most common pitfall in any machine learning query is overfitting. As
already mentioned, a function is learned on training data and evaluated on
validation and test data. Overfitting means that our learned function has be-
come very specific to the training data, for example, because it also learned
measurement errors in that dataset. Since measurement errors are different
in another dataset, the function will be less accurate on that dataset. It is
also possible, however, that we underestimate the complexity of the problem,
which is the exact opposite case and understandably termed underfitting. For
example, linear regression assumes a linear relationship between input features
and the endpoint, which limits the model to only learn linear relationships,
while the problem might be non-linear in reality. Figure 5.7 serves as a visual
aid towards the understanding of under- and overfitting.

Overfitting often results from an imbalance between the number of vari-
ables and observations in the dataset. As a rule of thumb in the field, the
number of observations should be at least 10 times as high as the number
of variables [18]. To get to that ratio, we can address an imbalance in two
ways: upscaling the observations or downscaling the variables. We note that
in the case of downscaling variables, one should always remain vigilant not to
underfit; informative features might be rejected as well.

1. Addressing the observations. Upscaling the number of observations is
one way of tackling overfitting, but researchers often possess a database
with a fixed number of observations. Nonetheless, several techniques ex-
ist to increase the number of observations based on those already present,
e.g., using data augmentation. Although numerous variants exist, an
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Figure 5.7: Bias—variance trade-off curve. Bias and variance vary according to model
complexity [17]. The blue curve is E;,, the within-sample error representing the error
on the training dataset. The more complex a function is allowed to be, the more
specific the function becomes for the training dataset, i.e., overfitting. The latter is
notable by the inception of an increase in E,,; (orange curve, minimal value indicated
with the vertical dotted line), the out-of-sample error, representing the error on the
validation dataset. A simple function suffers high bias, i.e., it is highly likely to
assume a wrong underlying function, since it only allows limited complexity between
input and output to be learned (underfitting). By allowing more complexity, the bias
decreases, but the function becomes highly variable depending on the dataset used for
training (overfitting). An illustration is provided above, where the learned function is
the line or curve separating two classes. From visual inspection, the optimal situation
would be a smooth curve between the two classes (example in the middle). In the
example on the left, underfitting occurs since only a straight line is allowed; many
misclassifications occur in both training and validation data. In the example on the
right, we observe a curve that squirms around all data points to fit the training
dataset (overfitting), which, for example, happens when we allow the model to learn
a complex function capable of learning measurement errors in a dataset. Hence,
the function becomes specific to the training dataset; no misclassifications occur in
the training data, but the same curve separating the validation dataset yields many
misclassifications.
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easy-to-grasp data augmentation method is the insertion of random noise
into an observation [19], and can be interpreted as a similar, yet different
subject record. A generative adversarial network (GAN) [20] serves the
same purpose, which we will explain by means of a metaphor. Imagine
a game-like situation in which a radiologist has to find out whether an
image is a true MR image of the brain or was produced by a computer,
i.e., a “villain”, trying to fool the radiologist. Initially, the radiologist
will easily identify which images were produced by the villain, since it
had no clue how to generate a representative image. However, since the
villain receives feedback on its effort, it will gradually start to under-
stand how to create an image that will give the radiologist a hard time
in telling whether it is a true image or a fake one. The radiologist on
the other hand is forced to keep on improving classification skills, since
it gradually becomes harder to distinguish them, in turn stimulating the
villain to propose better images. Hence, the radiologist and the villain
will infinitely stimulate each other to perform better. Ultimately, MR
images are produced by the villain that could in fact have been the true
ones, and which can subsequently be used to expand a dataset. Similar
to deep learning, a GAN needs, besides time and computational power,
large amounts and diversity of data to create qualitative new observa-
tions;

2. Addressing the features. The second option to restore an imbalance is
the reduction of the number of features that the algorithm will be trained
on. In feature selection, only the features that are deemed informative
are selected. For an outline of several feature selection techniques in
the context of medical sciences, we refer to Remeseiro et al., 2019 [21].
The original set of features can also be transformed to a new set of fea-
tures. This can, for example, be done with principal component analysis
(PCA), where we could say that the features are “reordered”; an equal
number of features are obtained—the “principal components”—that ex-
plain variance in the data in a decreasing order. Feature selection can
then occur on principal components instead of the original features. The
additional benefit of PCA is that it is a solution to the problem of mul-
ticollinearity, in which features are mutually correlated. As a result, two
variables might contain similar information, while the resulting principal
components from PCA are uncorrelated [22].

Besides addressing observations and features, we discuss one additional
technique to mitigate overfitting, which is training interruption. In their ef-
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forts to predict the progression of disease, Bejarano et al., 2011 [23] and Yoo
et al., 2016 [24] stopped the training phase early by monitoring the error in
the validation set. As can be seen in figure 5.7, the error in the training set
keeps reducing over time, since this is the goal of training. Initially, the same
is observed for the validation data set, but upon obtaining a minimal value,
the error will gradually increase, indicating the inception of overfitting. When
stopping training at this point, overfitting might be mitigated.

Class imbalance is a specific pitfall for classification problems and is present
when a certain class is overrepresented in the data, i.e., it contains more ob-
servations compared to the other class(es). For prognosis, subjects that do
not worsen over time are often in the majority compared to worsening sub-
jects [25, 26]. Like overfitting, it can lead to the poor generalisation of an
algorithm [27]. Methods to correct class imbalance in a deep learning context
are summarised in a systematic review by Buda et al., 2018 [27]. Two types
of corrections are discussed, addressing either the data or the classifier itself.
When addressing the data, we could restore the balance in two ways: by over-
sampling the minority class or by undersampling the majority class. On the
other hand, we can make adjustments when training or testing the classifier.
For example, one could decide to more severely penalise a misclassification
towards a certain class compared to a misclassification towards another class,
i.e., cost-sensitive learning [27]. These three methods were already explored
in the light of prognostic modelling in MS to address the imbalance between
stabilising and worsening subjects [25, 26].

5.3.2 Specific Pitfalls for Medical Data

Next to several general pitfalls, there are additional pitfalls when working with
medical data:

1. Study data versus real-world data. Although the standardisation of con-
ditions and minimising missing values are in general considered good
practice, for example, when collecting data as part of a research study,
it might limit the use of models in daily clinical routine that are known
to be contaminated with, e.g., measurement errors, non-standardised
test intervals, and missing values. When an algorithm encounters such
inconsistencies during training, it could be expected to perform better
on out-of-sample data. Although well-curated study data still dominate
the field of prognostic modelling, efforts are underway to expand the use
of real-world data [28, 29];
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2. Single-centre versus multi-centre data. This argument is similar to the
former; data from different clinical centres might be different due to
discrepancies in testing equipment (e.g., MRI scanner), testing proto-
cols, and patient characteristics. Introducing this heterogeneity already
during the training phase might increase generalisability;

3. Multiple visits of the same patient. Finally, when using multiple visits
of a patient as separate observations in a dataset, one should always
remain vigilant that the visits do not get intermingled between train,
validation, and test datasets. Since visits are often highly comparable,
the performance on an unseen test dataset could be biased, performing
better than would be the case when adopting a truly independent test
dataset. This could be categorised under the hazard called “leakage”,
in which information of the test dataset leaks in the training dataset.
To prevent this from occurring, Seccia et al., 2020 applied a correctional
method called “leave one group out” (LOGO) [28]. With this method,
they withdrew all visits of one subject from the training set and used
them as a test set, after which the procedure was repeated for all sub-
jects. This hinders models to recognise patients within a dataset. Other
methods were, for example, discussed in Tacchella et al., 2018 [30] and
Yperman et al., 2020 [29].

5.4 Designing an ML Study for Cognitive Prognosis

Supervised machine learning is popular for its ability to provide personal-
ised predictions on health parameters that clinicians are used to work with in
routine practice. One of these use cases includes predictions on how a patient
with a certain condition progresses over time (prognosis) [31]. In the following
section, we will address relevant questions when designing a machine learn-
ing study for cognitive prognosis in MS, using a question and answer (Q&A)
approach. Answers are mostly constructed using lessons learned from the liter-
ature on ML-powered physical prognosis in MS and the literature on cognitive
prognostic biomarkers.

5.4.1 Which Outcome to Predict?

As mentioned before, the outcome (categorical versus continuous) will define
the type of problem we are facing: classification versus regression. When
looking at cognitive outcomes, the most commonly affected domains are in-
formation processing speed and memory [11]. According to Sumowski et al.,
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2018, information processing speed is best assessed with the Symbol Digit
Modalities Test (SDMT), whereas for memory, the brief Visuospatial Memory
Test—Revised (BVMT-R), California Verbal Learning Test—Second Edition
(CVLT-II), and Selective Reminding Test (SRT) are the most sensitive tests
[32]. However, composite scores also exist to provide a more holistic view
on the cognitive status of persons with MS, which are summarised in Oreja-
Guevara et al., 2019 [33]. In order to predict a change in these variables, a
regression approach could include prediction of a future z-normalised test score
[34], which is often the raw test score corrected for age, sex, and education
level [34, 35]. For classification, a popular categorisation is defining “stable”
and “declining” subjects [36], although wording can differ. In Filippi et al.,
2013, for example, the authors defined cognitive worsening as an increase in
impaired tests in a cognitive test battery over time, where impairment was
defined as having a z-normalised test score below two [37]. Colato et al., 2021
defined worsening as a 10% decline of the SDMT score over time [38]. We fur-
thermore note that practice effects can occur in cognitive tests over time [39].
To correct for this, a “reliable change index” was used in Eijlers et al., 2018
[36] and Cacciaguerra et al., 2019 [40]. Lastly, up until now, outcomes were
all objective measures of cognition, while subjective, or self-reported measures
also receive attention as outcomes for MS prognosis [41].

5.4.2 Which Features to Take into Account?

To be able to predict a future change in the variable of interest, the input
of the machine learning model should receive careful consideration. Except
when modelling on raw input data, learning should occur on features that are
deemed informative towards the outcome to be predicted. To this end, we can
use prognostic biomarkers, which were intensively studied in recent decades.
However, although evidence on cognitive prognostic biomarkers exists, com-
prehensive reviews on the topic were mainly made for physical deterioration.
We refer to reviews that summarise prognostic biomarkers for different modal-
ities; demographics [42], clinical information [42], CNS imaging [43, 44, 45, 46],
molecular information [10], and neurophysiology [46]. Yet, there appears to be
an overlap between physical and cognitive prognostic biomarkers. Although
it is beyond the scope of this review to provide a summary of cognitive bio-
markers, we refer to studies that identified cognitive prognostic biomarkers
for different modalities such as demographics [36, 47, 48], clinical informa-
tion [36, 47, 48], MRI [36, 47, 49], optical coherence tomography (OCT) [50],
molecular information [51], and neurophysiology [52]. In analogy with the
previous question on outcomes, subjective measures might also be informative

62



Chapter 5. Machine learning for cognitive prognosis in MS

for the prediction of disease course, such as patient-reported outcomes (PRO)
[53]. Specifically for cognitive prognosis, features such as subjective cognitive
impairment [48] and perceived ability to concentrate [54] were found to be
informative.

5.4.3 On Which Time-Frame Should Predictions Be Made?

The literature usually makes a distinction between short-term and long-term
prognosis. No clear cut-off between them has been reported, and this most
probably depends on the clinical query that is addressed. Short-term prognosis
is by far the most intensively studied [24, 26, 29], while Zhao et al., 2017
presented a longer-term predictive model of 5 years [25]. Yperman et al., 2020
stated that their rationale for a 2-year timeframe was based on maximising the
number of observations in the dataset [29]. Data availability is highly likely to
hinder the field in performing longer-term predictions using machine learning,
but studies investigating prognostic biomarkers for long-term disability already
show promising results [37, 47].

5.4.4 Which Machine Learning Algorithm to Use?

Given the heterogeneity in methodology throughout the literature, it is too
preliminary to make firm statements regarding the superiority of one algorithm
over another when considering performance. However, a second consideration
is model complexity; linear models could underfit data, but are easy to inter-
pret and familiar for clinicians. As illustrated by Sidey-Gibbons et al., 2019
[55], algorithms capable of handling increased complexity are in general harder
to understand. This is, for example, the case for (deep) neural networks, which
are often regarded as black box models [55].

5.4.5 How to Assess a Machine Learning Model?

Classifications will typically yield a so-called confusion matrix. In the case of
a dichotomous endpoint, the confusion matrix is a 2 x 2 matrix with one axis
indicating the true group labels and the other axis the predicted group labels.
An example using the labels “worsening” versus “stabilising” is illustrated in
figure 5.8, along with the metrics that can be calculated from this matrix. The
different metrics allow us to study model performance from different perspect-
ives. When looking at the confusion matrix of figure 5.8, low sensitivity will
leave worsening patients undetected, which causes neurologists to falsely as-
sume that their patient is stabilising. Withholding treatment—while this is in
fact justified—will potentially endanger the patient’s well-being. The opposite
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Figure 5.8: The confusion matrix and its derived metrics.

is true when we encounter low specificity; patients that do not worsen over
time might receive treatment, while administration could potentially induce
adverse events in their case.

Regarding regression performance, the most intuitive metric is the mean
absolute error (MAE); it represents how much on average the predicted value
deviates from the true value, while making abstraction of whether this is an
under- or overestimation. The main difference with related metrics such as the
normalised root-mean-square error (NRMSE, RMSE [56], MSE) is that MAE
retains the unit of the outcome variable. Other performance metrics include
the correlation between the true and predicted outcome [57], the variance
explained by the input features (R?) [56], and the Akaike Information Criterion

[56].
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5.4.6 How Should Authors Report the Performance of Their
Machine Learning Model?

Solid interpretation and comparability of models stands or falls with how pa-
pers describe their methodology and performance. As discussed in the previ-
ous subsection, different performance metrics give different insights in model
performance. Although the importance of a given metric mostly depends on
the domain context, it is essential to not only report scores such as accur-
acy, sensitivity, and specificity, but also present the raw confusion matrix in
classification problems. For regression, a 2-column data frame with the pre-
dicted and true ground-truth label allows the calculation of measures such as
the MAE, NRMSE, RMSE, MSE, and correlation coefficient. Providing such
results in publications (e.g., in supplementary materials [28]) would be a leap
forward in terms of reproducible research, while the anonymity of subjects
remains assured.

The benefit is twofold. Firstly, the readership of machine learning papers
can extract other metrics that they are interested in. Secondly, it would also
allow future reviews on machine learning models to move beyond a narrative
design. In systematic reviews for example, meta-analysis and meta-regression
allows for the quantitative synthesis of data, which is possible since random-
ised controlled trials (RCTs) are strongly recommended to adhere to the CON-
SORT statement [58], guiding RCT authors towards correct, transparent, and
complete reports. Although the CONSORT statement is not applicable to
machine learning research, another statement in the “Enhancing the QUAlity
and Transparency Of health Research” (EQUATOR, https://www.equator-
network.org/, accessed on 8 December 2021) network is in fact applicable:
the “Transparent Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis” (TRIPOD) statement [59].

5.4.7 When Is a Model Ready for Clinical Practice?

In order to introduce a predictive model in clinical practice, extensive technical
validations and clinical performance evaluations are required, which should be
complemented by ethical considerations and risk analysis. There needs to
be maximal transparency towards the model’s performance, so that regulators
and clinicians can establish whether its error is acceptable in view of the poten-
tial risks to patients. However, when do we judge a machine learning model to
be performant enough to be translated into a clinical decision support system
(CDSS) [60]? In this regard, a first milestone is whether it performs better
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than random, but in a second phase, it should compare favourably against
other potentially simpler models, such as decision rules based on single pro-
gnostic biomarkers. Among other factors, model complexity might influence
the trust of clinicians in artificial intelligence (AI) [61]. Furthermore, it would
be informative to know how the machine’s prognostic accuracy relates to the
accuracy of human prediction, in this case of the neurologist. Although the
literature on the latter is scarce, we identified one paper on the accuracy of
decoding cognitive impairment in MS, albeit cross-sectional [62]. The authors
found the accuracy to be comparable to chance, and highlighted the need for
improved cognitive screening [62]. In order to benchmark how a model would
perform in similar conditions to actual clinical practice, study designs should
directly compare the prognostic accuracy of medical professionals without and
with the assistance of the considered CDSS. A typical scenario involves com-
paring whether the CDSS helps bridging the gap between medical professionals
with different levels of experience. For instance, an ongoing trial investigates
prognostic accuracy of junior and senior doctors in the domain of traumatic
brain injury [63].

We note that although some models might be complex, several methods
exist to enhance clinicians’ trust. In Tousignant et al., 2019 [26], deep learn-
ing, which is currently one of the most complex machine learning algorithms,
was used to predict worsening in EDSS from MR images. The authors used
a two-step process to gain the clinician’s trust, namely by quantifying the
model’s confidence in its own predictions, and verifying whether the model is
correct when it is confident [26]. We note that a whole field of research, i.e.,
explainable AT (XAI), is dedicated to, among other things, augmenting user
trust [64].

5.4.8 Which Data to Use?

To address this question, we refer back to the section on “Specific Pitfalls for
Medical Data”, where we discussed study versus real-world data, single- versus
multi-centre data, and dealing with multiple visits of the same subject.

5.5 State-of-the-Art ML-Powered Cognitive Prognostic
Models

Literature in the field is scarce. This was confirmed by a PubMed search us-
ing the following search strategy: “(((multiple sclerosisiMeSH Terms|) OR
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(multiple sclerosis)) AND ((cognit*) OR (cognition[MeSH Terms]))) AND
((((machine learning[MeSH Terms]) OR (machine learning)) OR (artificial in-
telligence[MeSH Terms])) OR (artificial intelligence))”, which was run on 3
December 2021, and yielded 39 records. Among those, we identified two stud-
ies that used machine learning for cognitive prognosis; Kiiski et al., 2018 [57]
and Lopez-Soley et al., 2021 [65]. Kiiski et al., 2018 used supervised machine
learning on different combinations of multimodal data, including demographic,
clinical, and electro-encephalography (EEG) data to predict short-term: (1)
overall cognitive performance and (2) performance on information processing
speed on a combined sample of persons with MS and healthy controls [57].
Lopez-Soley et al., 2021 also used multimodal data, including demographic,
clinical, and MRI data, to predict short-term future cognitive impairment.
This section is dedicated to the lessons that can be learned from their efforts.

5.5.1 Kiiski et al., 2018

First of all, the use of multimodal data is a good choice in light of the com-
plex nature of MS and the identification of prognostic biomarkers in multiple
domains. Moreover, the previous literature in the field of epilepsy established
the superiority of multimodal data compared to using a single modality for
machine learning predictions [66]. Secondly, the authors chose to z-normalise
results for each neuropsychological test based on the mean and standard de-
viation (SD) of their sample, and use composite z-scores (average z-score of
multiple tests) as the ground-truth label. A composite score was created for
general cognitive functioning and one for information processing speed. Al-
though transformation of raw test results allows comparison between, and
aggregation of, different tests, the downside is in terms of clinical interpreta-
tion; clinicians have a reference frame for the original test results, whereas they
do not for z-scores. Thirdly, the authors extracted over 1000 spatiotemporal
features, whereas only 78 observations were used. This can be considered a
large imbalance with a risk for overfitting, especially when considering the
aforementioned rule of thumb of at least 10 times as many observations as
features. The risk for overfitting might however have been reduced for several
reasons:

o Using the “Elastic Net” [67] as learning algorithm. This is in essence
a linear regression approach, but it uses regularisation, which is the
addition of constraints to the learning process to increase a model’s gen-
eralisability. Specifically, it uses a combination of L1 (Lasso) and L2
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(Ridge) regularisation, which both tend to shrink large feature weights,
whereas Lasso additionally tends to remove unimportant features from
the model [67]. The low complexity of linear regression combined with
regularisation might have increased generalisability;

o Using cross-validation (CV), which is a technique that allows the use
of data for both training and validation purposes by training multiple
models. If no CV were used, only one model would have been created on
a part of the data, whereas validation would happen on the remaining
data. Since this is a balance between few data for training (risk for
a poorly trained model) and few data for validation (risk for a poor
evaluation of the model), CV is a useful technique to minimise both
risks.

Fourthly, we previously mentioned the importance of benchmarking to
obtain a reference frame for the quality of the prediction. For this, the authors
created a “null model” by shuffling the ground-truth values across subjects
before starting the learning phase. According to the authors, this provides
an intuition in the “level of optimism inherent in the model” [57]. Lastly, we
highlighted that using a combined sample of persons with MS and healthy
controls increases sample size, but it obfuscates a clear interpretation of its
value for prognosis in MS. Their best-performing model for general cognitive
functioning included all available data modalities and yielded a mean cross-
validated correlation of 0.44.

5.5.2 Lopez-Soley et al., 2021

Opposed to the regression approach of Kiiski et al., 2018 [57], Lopez-Soley et
al., 2021 used a classification approach to predict future global- and domain-
specific cognitive impairment [65]. The risk of overfitting was reduced by using
Lasso regularisation during logistic regression, 10-fold cross-validation, and re-
taining as much data as possible by imputing missing values.

Since cognitively impaired subjects were underrepresented for global cog-
nition and all cognitive domains, it can be considered good practice that the
authors used the “balanced accuracy” ((sensitivity + specificity)/2) to assess
model performance across cognitive domains. The difference with accuracy
(cfr. figure 5.8) can be clarified with an example. Say that in a dataset, 20
persons with MS experience cognitive decline, and 80 do not. If the model
correctly classifies 70 of the 80 stabilising subjects, but only 5 of the 20 worsen-
ing subjects, the model achieves an accuracy of (70 + 5)/100 = 75%. The
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balanced accuracy, however is ((5/20) + (70/80))/2 = 56.25%. Hence, the
balanced accuracy might be adopted for datasets that are unbalanced. For
perfectly balanced datasets, accuracy and balanced accuracy yield the same
value. Based on this metric, the authors reported the best performances for
verbal memory (79%) and for attention/information processing speed (73%).

We note that by reporting the true class distribution, the authors greatly
contributed to the interpretation of their result, as any evaluation metric can
now be assessed with respect to that reference frame.

Overall, both studies yielded valuable intuition in the future design of
machine learning studies for cognitive prognosis in MS. Despite the fact that
predictions were obtained on a sample of both persons with MS and healthy
controls in Kiiski et al., 2018 [57], predictive performances of both studies
might serve as benchmarks for evaluating future studies in the field.

5.6 ML Trends and Opportunities for Prognostic
Modelling in MS

Although studies dealing with prognostic modelling of cognitive evolution in
MS are scarce, we see several interesting avenues for ML-driven prognostic-
ation in MS. We will discuss alternative approaches for prognostication, the
simulation of treatment response and solutions to scarcity of longitudinal data.

5.6.1 Alternative Approaches for Prognostication

Hybrid predictions. Tacchella et al., 2018 introduced the proof-of-concept “hy-
brid predictions” [30] in the field of MS prognosis. The authors hypothesised
that the discrepancy in “reasoning” between human and machine could in fact
complement each other. Their results showed that the aggregation of human
(medical students) and machine predictions consistently outperformed any of
the single instances in predicting the conversion from relapsing—remitting to
secondary progressive MS [30]. Besides performance, the fact that human in-
telligence is still involved in predictions could reassure clinicians that models
do not solely rely on artificial intelligence, since they also rely on expert know-
ledge that algorithms might not be able to learn.

Digital twin. The field of machine learning for MS prognostication is mu-
tually geared towards augmenting personalised care with personalised pre-
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dictions. Since the prediction relies on the profile of a subject in terms of
multimodal data, a subject can also be represented in a digital way, i.e., a di-
gital twin. The concept of a digital twin was discussed elaborately in a recent
review by Voigt et al., 2021, highlighting its potential to predict future disease
course and simulate treatment effect [68].

5.6.2 Simulation of Treatment Response

Up until now, studies on prognostication mostly focused on predicting the
natural course of multiple sclerosis. In our view, this is a necessary step to
subsequently be able to predict, in a personalised way, how this natural course
changes by administering certain treatment such as disease-modifying therapy
(DMT). Although such estimates might be even more challenging, Pruenza
et al., 2019 aimed to predict individual responses to 14 different DMTs [69].
The authors assigned a score per DMT that represented the likelihood of no
disability progression in case of administration of the DMT [69]. Beyond a
research effort, the authors created a tool that allows users to predict treatment
response in new patients [69)].

5.6.3 Solutions to Scarcity of Longitudinal Data

Transfer learning. A potential solution to scarcity of longitudinal data is to
mitigate the necessity of building a model from scratch by using a robustly
trained model from another domain, mostly related to the domain of interest.
To this end, neural networks are typically used. Since the network’s weights
are meaningful to solve a related task, they could be used as initialisation for
the task of interest, updating the weights using a smaller dataset. For ex-
ample, Nanni et al., 2020 used pretrained networks (trained on the ImageNet
database [70]) to classify pictures of everyday objects (number of pictures in
the order of millions), for prognostic purposes in Alzheimer’s disease (number
of MR images in the order of hundreds) [71].

Federated learning. For various reasons, data sharing in medical sciences
remains delicate [72], which might explain why efforts in ML-powered pro-
gnostication remain largely single-centre, extracting data from a single central
database (centralised approach). However, an increasing number of studies
[73, 74] prove that machine learning can also occur in a decentralised way, i.e.,
by federated learning, meaning that data remain at their original location,
while still being used for machine learning in a remote location.
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Continual learning. In continual learning, an Al is not trained once, but
evolves over time by augmenting performance along with the ever-going supply
of novel data. The implications of this technique in medical sciences are nicely
discussed in Lee et al., 2020 [75].

5.7 Conclusions

Machine learning is a rising concept in light of clinical decision support sys-
tems and personalised medicine and could boost the quest to find a suitable
predictive algorithm for prognosis in MS. Investigations should however also
address cognitive deterioration, and authors should be maximally transparent
in reporting their results to allow comparison in the field. In doing so, clinical
decision support systems using machine learning to predict future cognitive
deterioration in MS could become a reality in clinical practice, providing the
best possible personalised care for persons with MS.

5.8 Key Messages

e Machine learning is capable of handling multimodal data and could pre-
dict disease course on an individual level;

o The literature on cognitive prognosis using machine learning in MS is
scarce. Future studies on machine learning for prognosis in MS should
not overlook cognitive deterioration;

e Recommendations for the design of studies on machine learning for cog-
nitive prognosis are proposed;

e Researchers should aim to share as many results as possible to allow
benchmarking, solid interpretation, and comparison in the field, for ex-
ample, by sharing raw predictions;

e Several trends in machine learning could overcome current roadblocks in
ML-powered prognostic modelling in MS, such as scarcity of longitudinal
data.
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Chapter 6

Hypotheses

The previous chapters provided the foundation on which this PhD thesis is
built. In synthesis, multiple sclerosis is an inflammatory (auto-immune) and
neurodegenerative disease of the central nervous system that is typically dia-
gnosed in people between 20 and 30 years old. The damage is visible by inflam-
matory plaques and neurodegeneration on MR images of the brain and spinal
cord, and leading to a wide range of difficulties including cognitive impair-
ment. The relationship between the observed damage and the clinical symp-
toms however remains poorly understood, known as the clinico-radiological
paradox. Artificial intelligence has been proven to be applicable to brain MR
images and therefore could shed new light on the paradox. Especially deep
learning might come up with data-driven representations of the brain that
could guide clinicians’ way of examining MR images in the light of cognitive
impairment.

Although the computer hardware nowadays allows to perform this deep
learning research, this thesis aims to overcome the core limiting factor of deep
learning research in a medical context: data availability. Data is scattered
across clinical centres and data sharing is difficult due to privacy considera-
tions; data is protected by the General Data Protection Regulation (GDPR).
To still be able to perform deep learning research, this thesis presents three
solutions: 1) facilitating the collection of data, 2) reducing the need for data
and 3) increasing the accessibility of data. They form the four key hypotheses
of the thesis.
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Hypothesis 1: icognition, a smartphone-based cog-
nitive screening battery, is valid and reliable for people

with MS.

The first hypothesis relates to facilitating data collection for both care and re-
search in MS. Chapter 7 introduces icognition, which is a smartphone-based
cognitive screening battery that aims to assess the two most commonly im-
paired cognitive domains in MS: memory and information processing speed
[1]. As most people nowadays have a smartphone, icognition could be per-
formed at home, allowing more frequent cognitive follow-up and telemedicine
(practising medicine remotely using technology). From an AI perspective,
digitalising cognitive tests has the great benefit that data is stored digit-
ally immediately, facilitating the construction of digital research databases.
Chapter 7 contains the study that was carried out to assess the hypothesis
that icognition is valid and reliable for people with MS.

Hypothesis 2: Brain age correlates with cognitive
performance in people with MS

The concept of brain age was introduced in chapter 4. On average, the brain
age of people with MS is higher than their chronological age, indicating that
their brains “look older” [2]. We hypothesise that brain age itself, and the
degree to which the age is overestimated, correlates with the performance of
people on the symbol digit modalities test (SDMT), a measure of information
processing speed [3].

Hypothesis 3: Transfer learning allows fine-tuning
brain age models to predict cognition

The third hypothesis is related to reducing the need for data. As explained in
chapter 4, a model that is trained for a certain task can be fine-tuned to carry
out another task, given that the tasks are sufficiently similar. We hypothesise
that this is the case for predicting age (task A) or cognition (task B) from a
brain MRI. A brain age model is much more easy to train since it relies on
healthy control data (brain MRI and age at scanning) that are abundantly
available in open source repositories. With having access to thousands of
images, deep neural networks can be robustly trained to predict age from
brain MRI. In chapter 8, the condition for transfer learning is checked, i.e. the
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similarity between predicting age and cognition from brain MRI. In chapter
9, the actual transfer learning is performed by fine-tuning the task-specific
layers of a deep brain age network on a smaller data set of people with MS,
including brain MRI and performance on a test for information processing
speed (SDMT, chapter 2).

Hypothesis 4: Federated learning is feasible for deep
learning research in multiple sclerosis

Traditional machine learning research is performed on centralised data sets.
That is, data are located on a central server, which requires data to be shared
among clinical centres. As explained in chapter 4, the concept of federated
learning is to share models instead of data. This allows decentralised ma-
chine learning, meaning that models are trained locally, while data remain on
the original location.

This hypothesis concerns proving the feasibility of performing this ap-
proach with international clinical MS centres. The aim is to establish the first
federated learning network for cognitive neuroscience in MS, and prove the
feasibility of training a model with this network (chapter 9). The model to be
trained in a decentralised way is a model that predicts cognition from brain
MRI, by using the transfer learning concept mentioned in hypothesis 2.
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Abstract

Background: Cognitive deterioration is prevalent in multiple sclerosis (MS)
and requires regular follow-up, which is time-consuming and costly. Telemedi-
cine could offer a solution, as it is feasible and well-accepted by people with
MS. Current smartphone-based applications however focus solely on informa-
tion processing speed, while memory is also commonly affected.

Objectives: To validate a smartphone-based cognitive screening battery,
icognition, to signal deterioration in both memory and information processing
speed.

Methods: icognition consists of three tests (Symbol Test, Dot Test and
visual Backwards Digit Span (vBDS)). These tests are based on validated
paper-pencil tests: the Symbol Digit Modalities Test (SDMT), the 10/36 Spa-
tial Recall Test (SPART) and the auditory Backwards Digit Span (aBDS),
respectively. To establish the validity of icognition, 101 people with MS and
82 healthy subjects completed all tests. 21 healthy subjects repeated testing
2 to 3 weeks later.

Results: All tests in icognition correlate well with their paper-pencil equi-
valent (Symbol Test: r=.67, P<.001; Dot Test: r=.31, P=.002; vBDS: r=.69,
P<.001), negatively correlate with the Expanded Disability Status Scale (EDSS:
Symbol Test: p=-.34, P<.001; Dot Test: p=-.32, P=.003; vBDS: p=-.21,
P=.04) and show moderate-to-good test-retest reliability (Symbol Test: ICC=.85,
r=.85, P<.001; Dot Test: ICC=.73, r=.74, P<.001; vBDS: ICC=.81, r=.83,
P<.001). Test performance was comparable between people with MS and
healthy subjects for all cognitive tests, both in icognition and the gold stand-
ard paper-pencil tests.

Conclusion: icognition is a valid and reliable tool to remotely screen cog-
nitive performance in persons with MS.

Keywords
multiple sclerosis | telemedicine | smartphone | cognition | memory | informa-
tion processing speed
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7.1 Introduction

Medicine is increasingly digitalising, and there are solid reasons to stimulate
this trend. Doctors can more easily access and share electronic health records,
and storing data in a digital format facilitates visualisation and organisa-
tion in research databases, yielding new insights into pathology and disease
management. Beyond a nice-to-have, digital medicine was a crucial element
in handling the COVID-19 pandemic, allowing telemedicine to be practiced
when social distancing was necessary.

Telemedicine provides practical solutions for people with multiple sclerosis
(MS). Telemedicine tools are well-accepted by patients, and their feasibility
and cost-effectiveness have been established previously [2]. Patients moreover
tend to objectively benefit from these approaches, for example for fatigue
management [3] and improving cognitive function [4]. The latter is important
as nearly half of the people with MS have cognitive impairment [5], which
has significant repercussions on daily life activities and societal participation,
employment and susceptibility to psychiatric disorders [6]. Digital solutions
for assessing cognitive impairment are currently emerging to allow frequent
screening.

There are however two limitations to current digital cognitive assessments.
First, they focus primarily on information processing speed (IPS). Besides
slowed IPS however, the hallmark cognitive problem in MS is impaired memory
[7], which is not assessed by current smartphone-based cognitive assessments
[8]. Although memory assessment does exist on a tablet [9], tablets are less
suitable for consistent follow-up as they are used far less frequently compared
to smartphones. Second, current smartphone applications might be prone to
motor interference. They are predominantly digital versions of the symbol di-
git modalities test (SDMT) [10], which is a popular test in clinical practice to
measure information processing speed and has excellent psychometric prop-
erties [11]. Digitalising the SDMT allows randomising its key, which could
reduce practice effect as reported in Pereira et al. 2015 [12]. Creating an
exact digital replica of the SDMT however requires patients to choose from
nine small buttons on the screen, which could cause motor interference as fine
motor skills are commonly affected in MS [13].

To tackle these limitations, we here validate a new smartphone-based cog-
nitive screening battery called “icognition”. It is a quick smartphone-based

screening tool for remote follow-up of the two most commonly impaired cog-
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nitive domains in MS; information processing speed and memory [7]. It is
intended to be part of the recently established icompanion application, a
digital diary for people with MS [14]. Regular remote screening could lead
to a faster confirmation of cognitive deterioration by a neuropsychologist and
addressing this deterioration by the patient’s neurologist.

7.2 Methods

7.2.1 Participants

Inclusion criteria for people with MS were a confirmed diagnosis of multiple
sclerosis according to the McDonald criteria [15]. MS subjects were excluded
if they were hospitalised for reasons other than rehabilitation or if they had
a relapse within the last month. Both persons with MS and healthy control
subjects were excluded in the presence of any other neurological or psychiatric
disorder or learning disorder. A total of 101 people with MS and 82 healthy
control subjects (matched on age, sex, and education level) met the in- and
exclusion criteria for this study. All subjects were either Dutch-speaking or
bilingual including Dutch and were 18 years or older.

7.2.2 Ethics

This study was approved by the “Commissie Medische Ethiek” of the UZ
Brussel (B.U.N. 143201940335) and the National MS Center of Melsbroek.
All participants signed informed consent prior to inclusion.

7.2.3 icognition

The icognition cognitive screening battery consists of three tests (figure 7.1).

The Symbol Test is based on the computerised digit-symbol substitution
test (DSST) presented in Rypma et al. 2006 [16]. A combination of symbols
is presented to the subject, one at a time. Furthermore, a key is presented on
top, which consists of 9 pairs of symbols, and which shuffles every trial. For
every trial, the subject needs to indicate whether the combination occurs in
the key on top. The total score is the number of correct answers in 90 seconds.
This test is designed to capture information processing speed.

The Dot Test consists of three phases. In a first phase, a subject is presen-
ted a 4x4 grid in which three dots are shown for 3 seconds. Then, as a means
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Symbol Test

TOENER]]

w7

s]

Dot Test
Tapon the F's
Indicate where, according to you
the red dots were located on the
Memorize the location of the dots. E EEE e
FEFE
..' E FEE
| EEEE
® EEFE
EFEE
Score 0 |
Presentation Distraction Answer
vBDS
Enter the three digits in reverse
order,
1 2 3
4 5 6
7 8 9
© o
Presentation Answer

Figure 7.1: Screenshots of the icognition tests. Note: although the instructions
were in Dutch during testing, they are presented here in English. vBDS = visual
Backwards Digit Span.
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of distraction, the subject is presented a 4x6 grid of “E” and “F” shapes and
has to identify as many “F” shapes as possible in 4 seconds. In the last phase,
the subject has to indicate where the three dots of the first phase were loc-
ated in an empty 4x4 grid. The Dot Test is inspired by the Dot Memory Test
presented in Sliwinski et al. 2016 [17]. More specifically, all grids were reduced
in size compared to their version (5x5). We also implemented a criterion for
the distractor task, namely that at least 3 F shapes are identified. If this
criterion is not met, the trial is restarted. The three dots could not be on one
line or in an L-shape within a 2x2 block of cells. The total score is the number
of correctly indicated dots across 10 trials. This test is designed to capture
visuospatial short-term memory and learning.

In the visual Backwards Digit Span (vBDS) test, a series of digits appears
on the screen one by one for 1 second per digit, consistent with Hilbert et al.
2015 [18]. The subject then needs to list the digits in reversed order. Spans
were randomly generated with digits between 0 and 9, using the restraints
that a digit can only occur once in the span and that a chain of three or more
digits could not have a fixed increment or decrement of 1 or 2, according to
Woods et al. 2011 [19]. Scoring consists of calculating the sum of all correct
span lengths. For example, if a subject enters two spans of length 3 and 1
of length 4 correctly, the total score is 10. This test is designed to capture
working memory.

All tests were performed on a Samsung Galaxy A10 (6.2 inch screen size),
with maximum sound level and screen brightness. The Symbol Test is per-
formed in landscape position of the smartphone, whereas for the Dot Test
and Backwards Digit Span, the smartphone needs to be in portrait position.
In the design of icognition, careful consideration was given to the potential
biasing influence of fine motor impairment in MS [13]. Motor interference was
minimised by using two large buttons for the Symbol Test (contrasting digital
SDMT variants where a subject has to choose from 9 smaller buttons [20]), and
not putting any restrictions on the response time in the other icognition tests.

7.2.4 The validation procedure

The procedure to validate icognition is based on Benedict et al. 2012 [21],
and consists of assessing four criteria addressed below.

1. Concurrent validity. Here, we assessed how well each icognition test
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correlates with its paper-pencil equivalent. For the Symbol Test, this
was the symbol-digit modalities test (SDMT) [10]. A sheet is presented
to the subject with a key of 9 symbol-digit pairs on top and a list of
symbols without a digit. In 90 seconds, the subject needs to convert as
many symbols to digits as possible from the list, reading them out loud
to the examiner, using the key on top. The Dot Test is based on the
10/36 spatial recall test (SPART 10/36) [22]. Here, the subject is presen-
ted a 6x6 grid with a pattern of 10 dots. This pattern is presented for
10 seconds. Subsequently, the grid is removed, and the subject is asked
to replicate the pattern using 10 checkers. This cycle is repeated three
times. The final score is the total number of correctly placed checkers
across all trials. Finally, for the vBDS, a modified version of the WAIS-
IV auditory backwards digit span test [23] was used. We will refer to
this test as the “auditory Backwards Digit Span (aBDS))”. Digit spans
are read out loud to a subject, who is asked to repeat them in the re-
verse order. The original test consists of two trials of each span length,
starting with a span length of 2 and incrementing with 1 each time one
of the two trials is correct. As discussed in Woods et al. 2011 [24],
in the original WAIS-IV design, subjects with the same score can have
a different number of correct spans. To mitigate this, we used a fixed
number of spans, ranging in length from 3 to 7 (table S2). The com-
plete list was always administered for each subject. The scoring metric
is the same as described earlier in the icognition Backwards Digit Span.

. Test-retest reliability. Benedict et al. 2012 mention that this criterion
should be assessed on a “small sample” of either MS patients or healthy
controls [21]. We aimed to retest HC subjects 2-3 weeks after baseline
testing. We used the intraclass correlation coefficient (ICC) to assess
agreement between baseline and retesting. We will use the following ICC
type: “two-way mixed effects, consistency, single rater/measurement”
[25].

. For each test, we compared the performance of MS subjects to those
of age-, sex- and education level-matched healthy control subjects. For
this, we used a Mann-Whitney U test. The analysis was repeated after
correcting test performance for age, sex and education level (cfr. sup-
plementary figure S1).

. Lastly, the correlation of each icognition test with the Expanded Dis-
ability Status Scale (EDSS) [26], disease duration, the Beck Depression
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Inventory (BDI) [27], the Fatigue Scale for Motor and Cognitive Func-
tions (FSMC) [28], education level and age was assessed.

7.2.5 Data curation

Data were entered independently by two researchers (SD and DVL). Conflicts
in data entry were resolved through mutual discussion.

7.2.6 Statistical analyses

We used an alpha level of .05 for all analyses throughout this paper. Subjects
having missing data on a certain test were only excluded for that specific test.
We used a Mann-Whitney U test to compare distributions without any prior
assumptions with regard to the distribution of values. We used Pearson cor-
relation (denoted 'r") if both variables were normally distributed, which was
assessed with a Shapiro-Wilk test. Spearman correlation (denoted "p") was
used otherwise.

To interpret the magnitude of the test-retest reliability (ICC), we used the
guidelines of Koo and Li 2016 [25]; Poor: < .5: Moderate: .5 — .75, Good: .75
—.9, Excellent: > 0.9.

7.3 Results

Both the MS and HC sample are described in Table 7.1.

7.3.1 Concurrent validity

Figure 7.2 shows the scatterplot of each icognition test with its paper-pencil
equivalent. The Symbol Test significantly correlated with SDMT performance
(HC: r = .68, P < .001; MS: r = .67, P < .001). There was also a significant
correlation between the Dot Test and the SPART (HC: p = .32, P = .007; MS:
p = .34, P = .002) and between the vBDS and its auditory equivalent (HC: p
= .64, P < .001; MS: p = .68, P < .001).

7.3.2 Test-retest reliability

In total, 20 HC subjects were retested with an average intertest interval of 18
days (range: 14 — 23 days) after initial testing to establish test-retest reliability.
One subject did not complete the dot test upon retesting Test-retest reliability
was good for the symbol Test (ICC = .84, r = .85, P < .001), moderate for
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People with MS Healthy Controls p-value

Demographics
N 101 82 /
Age (Mean (SD)) 45.4 (10.0) 46.8 (14.7) 59t
Sex (female:male) 63:38 54:28 T4t
Education (Median; IQR) 15; 5 15; 4 74
MS-specific
Disease duration in years (Mean (SD)) 11.7 (7.4) / /
Type MS (RRMS:SPMS:PPMS) 86:8:7 / /
EDSS (Median; IQR) 3; 2 / /
Paper-pencil tests
SDMT (Mean (SD)) 58.5 (10.0) 58.3 (9.9) 827
10/36 SPART (Mean (SD)) 20.6 (4.3) 20.1 (4.6) 74t
Auditory BDS (Mean (SD)) 48.4 (18.7) 46.0 (17.6) 37t
BDI (Mean (SD) 9.3 (5.7) 5.8 (5.1) < .001f
FSMC (Mean (SD)) 58.7 (16.4) 39.9 (12.1) < .001f
icognition tests
Symbol Test (Mean (SD)) 24.8 (6.3) 25.4 (6.4) 42
Dot Test (Mean (SD)) 21.8 (5.1) 21.2 (4.9) .32
vBDS (Mean (SD)) 46.9 (16.9) 43.8 (16.7) .27

Table 7.1: Group characteristics. Abbreviations: N = sample size, SD = standard
deviation, IQR = Interquartile range, RRMS = Relapsing-Remitting MS, SPMS =
Secondary Progressive MS, PPMS = Primary Progressive MS, EDSS = Expanded
Disability Status Scale, SDMT = Symbol-Digit Modalities Test, SPART = Spatial
Recall Test, BDS = Backwards Digit Span, BDI = Beck Depression Index, FSMC =
Fatigue Scale for Motor and Cognitive Functions, vBDS = visual Backwards Digit
Span. "Mann-Whitney U test, fChi-squared test. The following variables had missing
values: EDSS (7), SPART (HC: 1, MS: 1), BDI (MS: 2, HC: 1), FSMC (MS: 2, HC:
7), Dot Test (MS: 3, HC: 1), vBDS (MS: 1). An additional 3 subjects were excluded
for the Dot Test since they were tested with an earlier icognition version where a
larger grid size was used. We reduced the grid size after these three subjects as we
deemed this test to be too difficult.
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Figure 7.2: Concurrent validity. Scatterplot of each icognition test and its paper-
pencil equivalent.

the Dot Test: (ICC = .73, r = .74, P < .001) and good for the vBDS (ICC =
83, p = .66, P = .002).
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Figure 7.3: Test-retest reliability.

7.3.3 Difference MS and HC

For all tests in icognition, there was no significant difference in performance
between healthy subjects and people with MS (figure 7.4). Symbol Test: U =
4431, P = .42; Dot Test: U = 3516, P = .33; vBDS: U = 3708, P = .27.

7.3.4 Correlations with clinical parameters

A correlation matrix between icognition tests on the one hand and the dif-
ferent clinical tests on the other can be consulted in table 7.2. In general,
people with higher test scores on any of the icognition tests had less physical
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Figure 7.4: Comparison of the performance of healthy subjects and people with MS
on the icognition tests.

disability (EDSS), were younger (age) and had a higher education level (num-
ber of years education). Furthermore, all but the Symbol Test correlated with
disease duration, whereas fatigue (FSMC) was negatively associated with Dot
Test performance. No correlation was found between any of the icognition
test and depression (BDI).

‘ Symbol Test Dot Test vBDS

Age 52 (<.001) -.26 (01) -.24 (.02)
Education level .20 (.04) 37 (<.001) .22 (.03)
BDI 03 (78)  -12(.27) .03 (.80)
FSMC 13 (200 -26 (.01)  -.03 (.79)
EDSS “34 (<.001)  -.32 (.003) -.21 (.04)
Disease duration | -.22 (.03) -.24 (.02)  -.29 (.003)

Table 7.2: Correlation matrix of each icognition test with several clinical variables.
Each value is represented as correlation (P-value). Spearman correlation was used for
all comparisons except FSMC and the Symbol Test (Pearson).

7.4 Discussion

In this paper, we present the results of the validation process of a smartphone-
based screening battery for cognitive problems in persons with MS. All tests
correlated with their paper-pencil equivalent (concurrent validity), clinical
variables (age, education level and EDSS), and showed moderate-to-good test-
retest reliability. This indicates the suitability of the battery to be used as a
screening tool for routine remote follow-up of cognitive problems, which many
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persons with MS will develop over time [5].

7.4.1 A cognitively preserved MS sample

Persons with MS scored equally well on all tests compared to healthy subjects.
However, as can be observed in table 7.1 and supplementary figure S2, this was
also the case for the paper-pencil tests. Indeed, we appear to have included
an MS sample with relatively preserved cognition. We tested this in a post-
hoc analysis using the analysis of variance (ANOVA) method described in
Kallner et al. 2017 [29], comparing SDMT performance of our MS sample
(mean = 58.5, standard deviation (SD) = 10.0, N = 101 (cfr. table 7.1))
with previous literature. Lépez-Géngora et al. 2015 report an average SDMT
performance of 54.3 (SD = 13.4, N = 237) [30], while Sousa et al. 2021 mention
an average SDMT performance of 53.51 (SD = 11.76, N = 115) [31]. We found
that subjects with MS included in this study performed significantly better
(comparison with Lopez-Géngora et al. 2015: F = 8.01, P = .005; comparison
with Sousa et al. 2021: F = 11.1, P = .001). These results should however
be assessed in light of the sample characteristics, as both studies appeared
to have recruited an MS sample with lower age, higher education level, and
a larger proportion of female subjects. A future study should establish the
performance of icognition in a cognitively impaired MS sample matched on
age, sex and education level.

7.4.2 Test-retest reliability

All icognition tests showed acceptable test-retest reliability. It can however be
observed from figure 7.3 that subjects tended to score better upon retesting
compared to baseline testing. We checked this post-hoc using a Wilcoxon
signed-rank test between baseline and retest scores, and found a significant
difference for the Symbol test (W = 15, P = .001) and the vBDS (W = 15.5,
P = .001), but not for the Dot Test (W = 45.5, p = .08). We hypothesise
that this is due to an initial familiarisation with the test, indicating that the
trial phases of both tests might not have been sufficient. We expect this effect
to gradually diminish with future testing, as all tests are characterised by
randomisation.

7.4.3 Correlations with clinical tests

The icognition tests did not correlate with depression as assessed by the BDI.
Although there appears to be firm evidence that depressive symptoms could
impact cognitive performance [32], a recent paper by Anderson et al. 2023
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reported no impact of depressive symptoms on non-executive cognitive speed
and memory [33]. Although subjects with MS scored significantly higher on
the BDI compared to controls in our study, they on average scored in a range
characterised by no depression [34].

Lastly, only the Dot Test correlated with fatigue in MS. Subjects frequently
reported this test to be difficult, which might explain why more fatigued sub-
jects score worse on the test. An interesting future avenue would be to assess
whether icognition is sensitive to cognitive fatigability, which is often repor-
ted in patients with MS [35]. Digital assessment also offers opportunities in
this regard, as metadata such as reaction times can be stored such as is the
case in icognition. A gradual increase in reaction time throughout cognitive
tests could in turn be a proxy for cognitive fatigability.

7.4.4 Concurrent validity

The concurrent validity of the Dot Test was relatively poor with respect to
the other two icognition tests. This is most likely due to the fact that the
golden standard test, the SPART 10/36, does not contain a distraction phase.
Furthermore, by using a True/False alternative to the SDMT, the influence of
guessing might be bigger in the Symbol Test, as subjects have a 50% chance
of being correct, while this is only 1/9=11% for the SDMT. Lastly, the vBDS
test slightly differed from the aBDS test, as the vBDS included an element
of randomisation and the additional restrictions that repetition of a digit was
not allowed, nor a fixed increment of 1 or 2 in a succession of 3 digits.

7.4.5 The benefits of regular digital follow-up

Proper and regular follow-up of cognitive function is important to capture
fluctuations in cognitive state, for example due to a disease exacerbation or
relapse. Although Giedraitiene et al. 2018 show that a short cognitive screen-
ing tool like BICAMS [11] can pick up these cognitive fluctuations [36], the
cognitive dip is likely missed in reality as cognitive assessments are usually
done once or twice a year during clinical follow-up visits. icognition allows for
more frequent cognitive assessments. Furthermore, testing can be performed
wherever and whenever a patient feels ready for it, reducing biasing effects
such as fatigue [37]. Digitalisation moreover allows to extract more informa-
tion from a cognitive test, such as cognitive fatigue by tracking response time
in the Symbol Test. By implementing icognition in a health care platform
with symptom logging and patient-reported outcome measures (PROMS) [38],
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patients take an active role in their disease management; they can provide the
individual information that complements the professional knowledge of the
treating physician [39].

7.4.6 Limitations and future work

There are some limitations to this study. In the initial version of the Dot Test,
the final 5 trials included remembering the position of the three dots on a 5x5
grid. After testing 3 subjects with MS, we however decided to consistently
use a 4x4 grid given the difficulty of the task, and excluded these subjects
from the dot test analyses. Including these 3 subjects in a post-hoc analysis
did, however, yield similar results. We furthermore tested consistently on the
same Android smartphone to reduce biasing effects such as different screen
size and weight. However, as icognition is designed using Flutter, it can also
be deployed on other operating systems than Android. An external validation
study is planned to show robustness of the app on different devices in a home
setting.

7.5 Conclusion

This study presents a newly developed smartphone app, icognition. It was
found to be a valid and reliable tool for remote screening of cognitive func-
tioning in persons with MS. This allows for regular follow-up of cognitive
performance to more quickly respond to deterioration.

7.6 Awvailability of data and code

The anonymised source data on which this paper relies, as well as the code used
for statistical analysis and the creation of figures, will be made available in our
lab’s GitHub repository: https://github.com/AIMS-VUB /smartphone_ tests.
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7.7 Supplementary material

7.7.1 Z-normalisation
Procedure

To normalise the icognition test scores for age, sex (male: 1, female: 2)
and education level (years of education), for each icognition test, we fitted a
linear regression equation with the test performance as dependent variable and
age, sex and education level as independent variables. We then predicted the
expected test score of HC and MS subjects given the healthy control regression
equation, and subtracted the predicted value from the true test score, yielding
the prediction error (€preq)-

test _scorepreq = wo + wy * sex + woy * education_level + w3 x age  (7.1)

€pred = test__SCOT€porm — teSt__Scorep,eq (7.2)

For each subject, the z score is the prediction error normalised with respect
to the standard deviation of the prediction error distribution of the healthy
control subjects.

€pred
2= — 7.3
Std(epred,HC) ( )

Necessary values

The necessary information to perform the procedure above is included below.

‘ Symbol Test | Dot Test | Backwards Digit Span

w0 29.8987 28.8806 18.4677
wl 0.2170 -1.5233 0.6054
w2 0.5795 0.1559 2.4597
w3 -0.2849 -0.1610 -0.2506
std(epred,c) 4.4741 4.1522 15.2010

Table S7.1: Values for the normalisation procedure per icognition test
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Figure S7.1: Performance on normalised test scores of persons with MS and healthy
controls.

7.7.2 Criterion validity on normalised test scores

Figure S7.1 displays the performance of each icognition test after correcting
test performance for expected performance from the healthy control dataset.
People with MS and healthy controls (HC) had comparable test scores (Symbol
Test (Z): U = 4367, p = 0.192; Dot Test (Z): U = 3780, p = 0.683; vBDS (Z):

U = 3623, p = 0.386).
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Figure S7.2: Performance on paper-pencil tests of persons with MS and healthy con-
trols.

7.7.3 Test performance MS versus HC: paper-pencil tests

None of the paper-pencil tests were significantly different between people with
MS and HC subjects (SDMT: U = 3794.5, p = 0.715; SPART 10/36: U = 3792,
p = 0.709; auditory Digit Span Backwards (aBDS): U = 3568.5, p = 0.304).
The criterion validity (MS versus HC) for all paper-pencil test equivalents of
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all icognition tests can be consulted in figure S7.2.

7.7.4 Digit spans

The digit spans used in the auditory Backwards Digit Span are listed in table
S7.2.

Span]ength‘ Digit span
3 927
843
3164
5360
7918
4895
28452
26019
30475
84857
213604
918536
639271
728938
2395480
5837686

N 3 O OO O U UL O U s s s W

Table S7.2: Digit spans used in the auditory backwards digit span
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Abstract

Background and purpose: Data from neuroimaging techniques allow us
to estimate a brain’s age. Brain age is easily interpretable as ‘how old the
brain looks’ and could there-fore be an attractive communication tool for brain
health in clinical practice. This study aimed to investigate its clinical utility
by investigating the relationship between brain age and cognitive performance
in multiple sclerosis (MS).

Methods: A linear regression model was trained to predict age from brain
magnetic resonance imaging volumetric features and sex in a healthy control
dataset (HC_ train, n = 1673). This model was used to predict brain age in
two test sets: HC_test (n = 50) and MS_ test (n = 201). Brain-predicted age
difference (BPAD) was calculated as BPAD = brain age minus chronological
age. Cognitive performance was assessed by the Symbol Digit Modalities Test
(SDMT).

Results: Brain age was significantly related to SDMT scores in the MS_ test
dataset (r = -0.46, p < 0.001) and contributed uniquely to variance in SDMT
beyond chronological age, reflected by a significant correlation between BPAD
and SDMT (r = -0.24, p < 0.001) and a significant weight (-0.25, p = 0.002)
in a multivariate regression equation with age.

Conclusions: Brain age is a candidate biomarker for cognitive dysfunction
in MS and an easy to grasp metric for brain health.

Keywords
multiple sclerosis | cognition | biomarkers | machine learning | magnetic res-
onance imaging | brain age

110



Chapter 8. Brain age

8.1 Introduction

About half of the people with multiple sclerosis (MS) experience cognitive
impairment [2], aggravating the impact of MS on their daily life and that
of their caregivers [3]. Susceptibility to cognitive impairment should be as-
sessed holistically, as it depends on clinical factors such as age [4], disability
[4], premorbid intelligence [4] and disease duration [5] but also on findings
in other domains such as brain imaging [6]. The most prominent of these
cognitive difficulties is a slowing of information processing abilities [7], which
literature suggests to be the key driver for deficits in other cognitive domains in
MS [8]. Timely identification of cognitive difficulties is imperative, as it allows
for early treatment planning (in particular cognitive rehabilitation appears
to be effective, although other methods exist [9]) to both prevent and ad-
dress patient-specific difficulties associated with cognitive impairment. These
include falling, reduced quality of life and employment issues [8], but their im-
pact extends to the mental health of caregivers [10]. Early detection requires
regular and consistent follow-up in standard clinical care. Currently, neuro-
psychological testing remains the gold standard to detect cognitive problems
[11], the most popular test in clinical practice being the Symbol Digit Modal-
ities Test (SDMT) [12]. Although the SDMT is a brief screening test [13], it
is prone to practice effects [14].

An objective biomarker to diagnose cognitive deficits might circumvent the
aforementioned problem. Currently, predominantly structural brain charac-
teristics, extracted from brain imaging techniques such as magnetic resonance
imaging (MRI), were found to be related to cognitive performance [15]. Yet
more information can be extracted from an MRI than meets the eye. By using
large datasets of brain images of healthy individuals, a machine learning model
can be trained to estimate the age of a given brain. For a new brain image,
the model will output the best guess of the age of that per-son’s brain, that is,
the ‘brain age’, which can look older or younger than the actual, chronological
age of that person. The elegance of brain age lies in its interpretable nature;
it is easily graspable how old a brain appears to be. In several brain disorders
[16], including MS [16, 17, 18], brains typically look older than those of their
healthy peers.

On top of being an interpretable metric, recent evidence indicates that
brain age could explain clinical symptoms in MS, reflected by statistically sig-
nificant, albeit weak, correlations. More specifically, increased brain age is
associated with physical disability as quantified by the Expanded Disability
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Status Scale (EDSS, r = 0.23) [16] and the nine-hole peg test (r = 0.36) [17].
Beyond physical dis-ability, recent findings by Kaufmann et al. [16] in de-
mentia suggest that increased brain age could explain cognitive disability as
well, namely by being associated with lower scores on the Mini Mental State
Examination (r = -0.30), independent of chronological age.

In summary, brain age is an interpretable imaging- derived metric that
is sensitive to MS-related pathology. However, it is currently unknown how
brain ageing is related to MS-specific cognitive dysfunction. So far, efforts have
mostly uncovered anatomical correlates by directly linking brain volumetry to
cognitive performance. Yet, people might be more easily capable of imagining
‘how old a brain looks’ compared to ‘how voluminous a brain is’, posing an
opportunity for a new communication tool in clinical practice that avoids
medical jargon, which answers the desire of patients to be informed in plain
language [19]. In this study, brain age is explored as a tool for studying
cognitive dysfunction in MS on an international, multi-centre dataset.

8.2 Methods

8.2.1 Data description

Data are described by subdividing them into HC__train, HC__test and MS__ test,
used to train and test the brain age decoding model, as shown in figure 8.1.
HC__train was constructed from a large sample of 1673 healthy control (HC)
subjects from online publicly available repositories (only subjects of 18 years
or older were included, consistent with the training dataset of Cole et al. [20]).
Refer to table S8.1 and figure S8.1 for a more detailed description. For the
test datasets, two centres contributed retrospective data to this study. First,
in Brussels, both HC (n = 50) and MS (n = 97) subjects were assessed as part
of a study [21, 22] on understanding the neural origins of cognitive disturb-
ances in MS. The MS subjects of this study were recruited at the National
Multiple Sclerosis Center of Melsbroek. Second, the Universitdtsmedizin Gre-
ifswald contributed data from 104 MS subjects to this study. Altogether, this
resulted in 50 subjects for the HC_test and 201 subjects for the MS_ test.
For all data, T1- weighted MRI, sex and age at image acquisition were avail-
able. For the test datasets, fluid attenuated inversion recovery (FLAIR) MRI
and results from the SDMT [12] were available. Finally, MS test data also
contained EDSS, disease duration and type of MS. A summary of all data is
available in table 8.1.
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Figure 8.1: Brain age pipeline. The pipeline is subdivided into (a) a training phase
and (b) a testing phase, where ‘Train Data’ refers to the HC train data and ‘Test
Data’ represents either the HC test dataset or the MS_ test dataset. A silo-like
shape represents a dataset, whereas green diamonds represent some kind of operation,
specified by the text. Other text represents either variables or images

The symbol-digit modalities test (SDMT). We chose the SDMT, ex-
plained in chapter 2, as a proxy for cognitive functioning. It is a brief test,
designed to measure information processing speed, that is attractive for its
psychometric properties [23], quick administration [13] and its capability of
predicting scores on other cognitive tests [24]. Moreover, compared to other
cognitive tests, the SDMT is the first to flag cognitive deterioration [24]. As a
recent study by Sandry et al. [25] found that SDMT performance is not solely
determined by one single cognitive process, that is, information processing
speed, its results were interpreted as measuring global cognitive performance.

Brain MRI. Brain age research mostly uses T1-weighted brain MR, im-
ages to model upon. Plausibly, this is mainly driven by data availability; open
source repositories with healthy ageing data mostly contain T1w brain im-
ages, allowing the creation of large imaging databases, enabling to robustly
train a brain age model. In MS, using T1w brain images allows expressing
damage caused by neurodegeneration, the main disease process in MS besides
neuroinflammation, in terms of ageing. This study therefore also targeted the
neurodegenerative component of MS.
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Dataset HC_train HC_test MS_ test
Source Public Brussels Brussels Greifswald Total
Data description
N 1673 50 97 104 201
Age
- Mean + SD 41.9 + 19.5 48.0 £ 11.9 48.1 £ 9.6 43.1 £ 12.0 45.5 + 11.2
- Range (min-max)P 18-94 26-68 26-70 20-69 20-70
Gender (M:F) 673:1000 19:31 29:68 35:69 64:137
EDSS (median; IQR) - - 3.0; 2.0 1.5; 2.0 2.5; 2.5
Disease duration (years) - - 15.7 £ 84 8.4+ 6.2 11.9 £ 8.2
MS subtype - - CIS: 2 CIS: 0 CIS: 2
- - RRMS:82 RRMS: 100 RRMS: 182
- - SPMS:6 SPMS: 1 SPMS: 7
- - PPMS:7 PPMS: 3 PPMS: 10
SDMT (mean =+ SD) - 53.8 £ 9.6 48.0 + 114 51.2 £ 15.0 49.6 + 13.5
Scanner description
Field strength (T) 1.5 and 32 3 3 3 3
Sequences T1 T1 + FLAIR T1 + FLAIR T1 + FLAIR T1 4+ FLAIR
Scanner Various?® Philips Ingenia: 36 Philips Ingenia: 68 Siemens Verio Philips Ingenia: 68

Philips Achieva: 14 Philips Achieva: 29 Philips Achieva: 29

Siemens Verio: 104

Table 8.1: Data characteristics. Abbreviations: CIS, clinically isolated syndrome; EDSS, Expanded Disability Status Scale;
F, female; FLAIR, fluid attenuated inversion recovery; IQR, interquartile range; M, male; MS, multiple sclerosis; PPMS,
primary progressive MS; RRMS, relapsing—remitting MS; SDMT, Symbol Digit Modalities Test; SPMS, secondary progressive
MS. ® Refer to table S8.1 for more details. ® Values displayed as integer ages (rounded down).
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8.2.2 Ethics

All participants of the BRUMEG study, Brussels, provided their written in-
formed consent prior to MRI assessment. The study pro-tocol (B.U.N. 143201423263)
was approved by the ethical com-mittee of the UZ Brussel (Commissie Medis-

che Ethiek [O.G. 016], Reflectiegroep Biomedische Ethiek) on 25 February

2015. For the patients from Greifswald, Germany, the study was approved

by the ethics committee of the Medical Faculty of the University of Greif-
swald (BB159/18), and all participants gave their written in-formed consent.

HC_ train data consist of publicly available data originating from other pro-

jects, listed in table S8.1. Ethical approval was received by each project sep-
arately.

8.2.3 Magnetic resonance imaging preprocessing and brain age
pipeline

Several preparatory steps were involved in the construction of our brain age
model. They are summarised below.

1. Brain MRI segmentation. From the HC train dataset, 3D T1-weighted
MRI, sex and chronological age were extracted. Next, the T1-weighted
MR images were evaluated by the FDA cleared icobrain software (ver-
sion 4.4) of icometrix NV (Leuven, Belgium). This is an end-to- end
automatic software that segments and subsequently quantifies distinct
regions of the brain, which was originally published in Jain et al. [26].
The pipeline relies on T1-weighted MR images and, when available, also
uses FLAIR images to segment white matter lesions in the brain. These
lesions are filled in the T1 image with white matter intensities, and the
T1 image is subsequently segmented by fitting a probabilistic model for
grey matter, white matter and cerebrospinal fluid image intensities. Ul-
timately, the pipeline generates volumes of the segmented regions, yield-
ing a set of features, normalised for head size, that describe the brain’s
morphology. These can be subdivided into general volumes (grey mat-
ter, white matter, lateral ventricles), lobe-specific cortical grey matter
(frontal, temporal, parietal, occipital) and subcortical volumes (hippo-
campus [left and right] and thalamus [left and right]). Together with the
subjects’ sex, this forms the total set of features used for the brain age
pipeline. HC_ test and MS_ test were also segmented with icobrain,
yielding the aforementioned set of features. The sole difference with
HC_ train is the additional availability of FLAIR images to perform le-
sion filling in the T1 image.
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2. Linear regression. Along with chronological age, that is, the target
variable to be predicted, the total set of features (z-normalised) served
as input for training a supervised machine learning model. Ordinary
least squares regression was used, since it is amongst the most inter-
pretable machine learning algorithms; the predicted brain age is simply
the weighted sum of all features with their respective weight:

brain age = wy + wy feature; + wa features + ... + wy, featurey,

with w0 being the intercept or ‘bias’. The training phase consists of
finding the weights that minimise the error between the prediction, that
is, brain age, and a subject’s true age. To ensure the comparability of
weights, each feature was normalised as follows:

feature — mean(featuremc train)
std(featurenc train)

featurenormatized =

3. Brain age correction. According to Le et al. [27], age-predicting models
are prone to ‘regression towards the mean’, a phenomenon that results in
overestimation of the brain age of younger subjects and underestimation
of the brain age of older subjects. With the example of a linear brain age
model, Smith et al. 2019 report that brain age is not orthogonal to, and
therefore dependent on, age [28]. The dependency increases when model
performance drops [28]. There appears to be firm consensus throughout
the literature that such bias should be corrected for, and several methods
exist to do so [29]. The method described by Cole et al. [18] was used.
First, BrainAge raw on HC_train was estimated by adopting 10-fold
cross-validation (CV). Second, a linear regression equation was fitted
between the obtained raw brain ages and the respective chronological
ages:

BrainAge,qw = Bo + B1Chronological Age + €

Here, 8y and (37 represent the intercept and slope of the regression line,
respectively, whereas the error term e represents the residuals between
data points and the regression line. Sy and S serve to correct each brain
age predicted by our model using

BrainAge = (BrainAgerqw — Bo)/ b1
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They were first used to correct the raw brain age estimates of HC _train.

In summary, after segmentation of the MR images, 10-fold CV on HC_ train
was first performed to obtain the correction weights, which additionally al-
lows the mean absolute error (MAE) to be calculated on the HC_train data-
set, providing an intuition in model performance on HC_ train. Secondly, all
available training data were used to train a final brain age model that was
used for further analyses. Altogether, this is referred to as the training phase,
which is represented visually in figure 8.1a. Next, whether the learned weights
generalise to other datasets as well was investigated (figure 8.1b). Raw brain
age on the HC__test and MS__test datasets was first calculated by calculating
the weighted sum of the features (i.e., sex and brain volumes from icobrain)
with their respective weights, which were then corrected by using the correc-
tion formula of preparatory step 3. In the remainder of this paper, ‘brain age’
consistently refers to the corrected brain age.

Finally, the latter variable was additionally used to calculate the brain-
predicted age difference (BPAD) [18]. It quantifies brain age overestimation
by subtracting chronological age from brain age.

8.2.4 Statistical analyses

Statistical analyses and visualisations were performed in Python and R. Sig-
nificance level alpha was set to 0.05 for all reported test results. Pearson
correlation was used. Raincloud plots were generated with use of the Ptit-
Prince package [30].

Non-parametric tests were used to compare distributions without making
any assumption about the distribution the samples were drawn from. First,
a Mann—Whitney U test was used to compare brain age, BPAD and chro-
nological age distributions between MS_ test and HC_test. To compare the
BPAD of both test sets with 0, a one-sample Wilcoxon signed rank test was
used.

Second, the error of predicting age from brain images was calculated with
MAE between true and predicted age for the healthy control datasets. Next,
the Pearson correlation was used to establish the association between brain
age and SDMT in the MS_ test data. To assess whether it contains unique
information beyond chronological age, two approaches were used. First, brain
age and chronological age were considered together in a multivariate linear
regression equation:
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Feature Weight Standard Error t p
Intercept 41.8867 0.216 193.509 <0.001
Grey matter -7.5859 1.021 -7.427  <0.001
White matter -0.8746 0.269 -3.252 0.001
Lateral ventricles 2.2432 0.359 6.244  <0.001
Cortical grey matter—frontal lobe -4.0462 0.628 -6.438  <0.001
Cortical grey matter—occipital lobe  0.4299 0.314 1.370 0.171
Cortical grey matter—temporal lobe -1.0626 0.403 -2.638 0.008
Cortical grey matter—parietal lobe  -1.0037 0.424 -2.366 0.018
Hippocampus—Ieft 0.2280 0.304 0.750 0.453
Hippocampus—right 1.4228 0.311 4.573  <0.001
Thalamus—Ileft -2.1227 0.526 -4.036  <0.001
Thalamus—right -2.5859 0.511 -5.057  <0.001
Sex -3.4668 0.229 -15.136  <0.001

Table 8.2: The final brain age model’s characteristics.

SDMT = By + p1BrainAge + SoChronological Age + €

Second, the relationship between BPAD and SDMT in the MS_ test data
was assessed using a Pearson correlation.

Predicting brain age from brain volumetry and sex using linear regression
essentially represents a linear transformation that reduces the dimensionality
of the feature space from 12 (brain volumetry + sex) to 1 (brain age). Another
type of linear transformation that is commonly used to compress a set of vari-
ables is principal component analysis (PCA). PCA essentially ‘reorganises’ the
variables to a set of principal components that are uncorrelated and explains
variance in a dataset in decreasing order; the first principal component (PC1)
explains the majority of this variance. To construct PCi, a PCA was first
fitted on the feature space of the HC_train dataset. Next, this was used to
transform the feature space of the MS_ test dataset by projecting along PC}.
The relationship between brain age and PC1 in the MS__ test data was assessed
with a Pearson correlation.

8.3 Results

8.3.1 The brain age pipeline

Linear regression between brain age, obtained with 10-fold CV on HC_ train
(cf. figure 8.1a), and chronological age yielded the following correction weights:
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Dataset HC__train HC_ test MS_ test

Source Public Brussels Brussels Greifswald  Total

N 1673 50 97 104 201

Brain age (mean + SD) 41.9 + 21.9" 46.1 + 16.8 61.8 £ 16.6 62.6 + 22.9 62.2 + 20.1
BPAD (mean + SD) 0 + 10.0 -1.9 £ 9.7 13.7 £ 14.7 19.5 £ 16.0 16.7 &+ 15.6

Table 8.3: Outputs from the brain age pipeline: corrected brain age and BPAD for
the HC__train, HC_ test and MS_ test datasets. Note: The dagger (T) indicates that
these values were obtained by means of 10-fold cross-validation. Abbreviation: BPAD,
brain-predicted age difference.

Bo = 8.60, 81 = 0.79. In the same dataset, the MAE between corrected brain
age and chronological age was 7.91 years. The result of the brain age correc-
tion is added to the supplementary material as figure S8.2.
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Figure 8.2: Group comparison between HC_ test (blue) and MS_ test (orange) for
brain age, BPAD and chronological age. Left: The raincloud plots show the dis-
tribution of brain age, BPAD and chronological age for MS_ test and HC_ test. A
reference line at x= 0 is included as visual aid. Right: The scatterplot shows the re-
lationship between brain age and chronological age for MS_ test (r = 0.63, p < 0.001)
and HC_ test (r = 0.82, p < 0.001). The dotted line is added as reference, namely
where brain age = chronological age

In a next step, a final brain age model was fitted by using all available
HC__train data for training (cf. figure 8.1a). The model’s feature weights can
be consulted in table 8.2. To test its quality, it was applied to the HC_ test
set and MS__ test set, represented in figure 8.1b. The corrected brain age and
BPAD values are summarised in table 8.3 and visually displayed for HC_ test
and MS_ test in the raincloud plots of figure 8.2.
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1. Evaluation on HC_test data. The model predicted brain age with an
MAE of 7.85 years. BPAD was not significantly different from zero (T
= 449, p = 0.069), indicating that, on average, brain age is similar to
chronological age.

2. Evaluation on MS_ test data. BPAD was significantly greater than zero
(T = 1121, p < 0.001). It is additionally noted that both brain age (U
= 2708, p < 0.001) and BPAD (U = 1506, p < 0.001) were significantly
higher in the MS_ test data compared to HC_ test. Chronological age
was comparable between the two groups (U = 5721, p = 0.130).
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Figure 8.3: Scatterplot between brain age and SDMT in the MS_ test dataset. The
textbox describes the Pearson r statistic, along with the p value

8.3.2 The relation between brain age and cognitive perform-
ance

Brain age was significantly correlated with SDMT (figure 8.3, r = -0.46, p <
0.001) and explained 20.85% of the variance in SDMT (R?). Moreover, brain
age explained unique variance in SDMT beyond chronological age, which is
reflected by a significant correlation between BPAD and SDMT (figure 8.4,
left, r = -0.24, p < 0.001) and the significant weight (57 = -0.25, p = 0.002)
assigned to brain age when considering it in the multivariate regression equa-
tion (figure 8.4, right). Chronological age also contributed significantly to the
model (B2 =-0.32, p < 0.001).
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Figure 8.4: The relationship between brain age and SDMT, independent of chrono-
logical age. Left: Scatterplot between BPAD and SDMT in the MS_ test dataset.
The textbox describes the Pearson r statistic, along with the p value. Right: Forest
plot visualising the significance of the weights (3,,) in the linear regression equation
SDMT = By + p1BrainAge + f2Chronological Age + € in the MS__test dataset (note
that variables were normalised with respect to mean and standard deviation before
input in the regression equation). The maximum likelihood estimates of the weights
(Bn) are represented by the orange squares, along with a 95% confidence interval
(horizontal bar). If the latter does not include 0, the contribution of that feature
to the model is considered significant. Brain age and chronological age contributed
significantly (p = 0.002 and p < 0.001 respectively)

8.3.3 The relation between brain age and brain volumetry

Figure 8.5 displays the relationship between PC} and brain age, revealing a
strong linear relationship (r = 0.93, p < 0.001).

Table S8.3 shows the correlation of each brain volumetric feature with brain
age. Whole brain volume, normalized for head size, was also included (r =
-0.92, p < 0.001).

8.3.4 The relation between brain age and other clinical vari-
ables

Brain age was significantly correlated with both EDSS (r = 0.37, p < 0.001)
and disease duration (r = 0.32, p < 0.001). BPAD was significantly correlated
with EDSS (r = 0.17, p = 0.018) but not with disease duration (r = 0.04, p
= 0.586). Figure S8.6 shows the effect of EDSS and disease duration, as well
as age, on the relationship between brain age and SDMT.
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Figure 8.5: Scatterplot between the first principal component (PCy) and brain age in
the MS__test dataset. The text box describes the Pearson r statistic, along with the
p value

8.4 Discussion

This study aimed to investigate the potential of brain age, an intuitive metric
of brain health, as a biomarker for cognitive dysfunction in MS. Our results
suggest that brain age could be a promising candidate; it is significantly related
to cognitive performance, independent of chronological age. Moreover, it was
shown that brain age explained the majority of variance in brain volumetry
by establishing a strong relationship with the PC} of our total set of features;
both linear transformations appear to yield a similar metric of brain health.

8.4.1 Brain age and brain-predicted age difference (BPAD)

In the past few years, most brain-age-related research in MS was dedicated
to establishing clinical correlates of the BPAD [16, 17, 18]. Although BPAD
might be regarded as a simplification of brain age, valuable information is in
fact lost by subtracting two variables. Our results support this statement in
two ways. First, BPAD showed a weaker correlation with cognitive perform-
ance than brain age. Second, brain age and chronological age both contributed
unique information in explaining cognitive performance in MS. In terms of clin-
ical significance, BPAD could be valuable for monitoring patients over time,
for example to assess treatment effect. Since it takes into account the age at
MRI assessment, a reduction of BPAD at follow-up might indicate decreased
disease activity, for example as a result of a certain treatment.

122



Chapter 8. Brain age

8.4.2 Brain age compared to existing biomarkers

Although brain age is a fair choice for decoding cognitive performance in MS,
it is noted that its performance was comparable to whole brain volume, as
shown by Golan et al. [31], reporting a correlation of r = 0.46 between whole
brain volume and global cognitive functioning. This is consistent with findings
of other studies with large sample sizes, reporting a higher prevalence of cog-
nitive impairment in subjects with lower brain parenchymal fraction [32] and
a correlation of r = 0.50 between whole brain fraction and processing speed
[33]. Nonetheless, brain age has an important advantage in contrast to any
biological correlate of cognition in MS: it is easy to grasp as ‘how old a brain
looks’, which facilitates communication with persons with MS. Constructing
an uncomplicated message with minimal jargon contributes to optimally trans-
ferring medical information to patients, in turn optimising patient care [19].
The flip-side of the same coin, however, might be that because patients can
better imagine this metric of brain health it could be traumatic if not care-
fully communicated. The suitability of the metric as a communication tool
will probably differ from patient to patient and should be carefully considered
when aiming for a more personalised approach to medicine. Future research
on patients’ attitude towards brain age might shed new lights on patients’
acceptance of brain age.

8.4.3 User trust

However, an important hurdle in the path of brain age models to clinical prac-
tice is nicely illustrated by a statement in Ribeiro et al.: ‘if the users do not
trust a model or a prediction, they will not use it’ [34]. This issue should
be addressed, in particular as efforts emerge to include brain age models in
routine MRI examination [35]. First, to maximise trust of the MS clinician
in our model, simple linear regression was used. The MS clinician has been
familiarised with this method by decades of research adopting it for various
purposes, for example studying the relation between MRI and cognitive per-
formance in MS [36, 37]. The advantage of a linear model is that the impact
of a change in a feature (in our case brain volumes and sex) is directly ob-
servable in the brain age: the change multiplied by the weight equals the
number of years the brain will be estimated younger or older (the sign of the
weight indicates whether the brain age will be estimated younger or older,
whereas the magnitude of the weight indicates the number of years). Linear
models are therefore both interpretable (obvious causal relationship between
input and output) [38] and explainable (good understanding of the model’s
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internal mechanisms) [38]. This contrasts with other studies on brain age in
MS, mostly adopting models that are common in machine learning but not
in clinical research, such as Gaussian processes regression [18] and extreme
gradient boosting [17]. Secondly, trust in the prediction of our model, that
is, predicted brain age, was enhanced by showing that brain age explains the
majority of the variance in MRI-derived volumetric features and sex, used to
train our brain age model. This observation is logical in the light of what is
known about the ageing brain, shrinking as people get older [39].

8.4.4 Interpretation of regression weights in the brain age model

As mentioned in the previous section, the weights in table 8.2 represent the
relative contribution of each feature to the estimation of brain age. All volu-
metric variables were normalised with respect to head size, and each variable
was normalised with respect to the mean and standard deviation of the re-
spective feature on the HC_ train data set. The sex variable was coded as 0
(Female) and 1 (Male), which was converted by the normalisation procedure
to 1.219 and -0.820 respectively (rounded to 3 decimals). Since sex was as-
signed a negative value, being male yields a reduction in brain age compared
to being female. The reason for this could be that males have a larger total
brain volume compared to women [40]. The volumetric variables were pre-
dominantly assigned a negative weight, with the largest weight being assigned
to grey matter volume. Together with a positive weight for lateral ventricles
volume (indicating loss of brain tissue), this aligns with the expectation that
preservation of brain tissue results in a lower brain age estimation. Grey mat-
ter volume was likely assigned the highest weight in the linear equation since
it decreases approximately linearly over time after the age of 6 [41, 42]. This
can also be observed in figure 8.6, where the change of each volumetric feature
with age on the HC_ train data set was plotted.

Cortical grey matter of the occipital lobe and hippocampal volume were
assigned a positive weight, albeit small. Although surprising for cortical grey
matter, judging from figure 8.6, hippocampal volume only starts decreasing
around middle age. The positive weight for occipital lobe cortical grey matter
could be explained by not using a regularisation term while multicollinearity
was present between the volumetric features, which might have confused the
model in assigning weights. This is discussed in more detail in the limitations
section.
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Figure 8.6: Change of each volumetric feature with age on the HC_ train data set.
For more information on the abbreviations used as y labels, we refer to table 8.2.

8.4.5 Model performance and clinical implications

Our model achieved an MAE of 7.91 years on the HC_ train dataset (10-fold
CV) and 7.85 years on an independent HC test set. This is relatively large
compared to previously published models that adopted a more complex meth-
odology compared to ours. For example, Cole et al. [18] achieved an MAE
of 5.02 years on their training sample. However, as brain age is foremost a
surrogate marker for clinical variables of interest, models should be assessed in
terms of their clinical utility, rather than focusing solely on their age decoding
capacity. The brain age model of Cole et al. [18] was therefore applied to our
data, relying on Gaussian processes regression and being publicly available.
A detailed description of the methodology and results of this post hoc ana-
lysis is available in the supplementary material. The model of Cole et al. [18§]
achieved an MAE of 5.52 on our HC_ test sample, and a Pearson correlation
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between brain age and chronological age of 0.89 (p < 0.001) and 0.78 (p <
0.001) respectively for the HC_test and MS_ test data set. An F test was
used to compare the variance of the BPAD distributions of the Cole model
and our model, indicating that the Cole model was significantly more accurate
in decoding age compared to our model (F = 2.23, p = 0.006). Interestingly,
however, the correlations with SDMT of brain age (figure S8.4, r = -0.50, p <
0.001) and BPAD (figure S8.5, r = -0.21, p = 0.003) obtained with the model
of Cole et al. [18] were similar to those of brain age (r = -0.46, p < 0.001)
and BPAD (r = -0.24, p < 0.001) resulting from our model. Differences in
correlation coefficients were not statistically significant (brain age, z = -1.43,
p = 0.153; BPAD, z = 0.69, p = 0.492).

Hence, although the models differ with respect to performance in age de-
coding, the models are comparable in terms of clinical significance. As one
should always strive to make models as simple as possible [43], our model is
deemed to be more suitable for clinical practice. In terms of benchmarking,
future research could however investigate the performance of an even simpler
model, i.e. one single feature such as grey matter volume, in predicting brain
age.

8.4.6 Unique variance of brain age beyond chronological age

This manuscript used two ways to correct brain age for chronological age, as-
sessing the unique variance in SDMT explained by brain age beyond chronolo-
gical age. First, we correlated BPAD with SDMT, and second, included brain
age and chronological age together in a linear regression equation with SDMT.
The latter approach might be criticised for not removing an inherent depend-
ency of both brain age and SDMT on chronological age. Moreover, Smith et al.
2019 highlight that brain age estimations are biased by a non-linear depend-
ency on chronological age [28]. We therefore performed a post-hoc analysis
where we first fit two linear regression equations. In both equations, both
chronological age and chronological age squared were included as independent
variables, whereas the dependent variable was either corrected brain age or
SDMT. We then extracted the residuals of both equations, and assessed those
together in a new linear regression equation. The latter resulted in a signi-
ficant relationship between both residuals (weight: -0.2841, standard error:
0.09094, t: -3.125, p: .002). We moreover repeated this analysis for the cor-
rected brain age of the model of Cole et al. 2019 (cfr. previous section), also
yielding a significant relationship between residuals (weight: -0.1707, standard
error: 0.05282, t: -3.233, p: .001).
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8.4.7 The consistent use of Pearson correlation

In this manuscript, we consistently used Pearson correlation to assess the
relationship between two variables. We however note that some of these
correlations were calculated on variables that were not normally distributed
(assessed with a Shapiro-Wilk test [44]), which included chronological age
for the HC_ test sample, and brain age (Cole model), BPAD (Cole model),
chronological age, EDSS, disease duration, whole brain volume, white mat-
ter volume, lateral ventricles volume, right hippocampus volume and left and
right thalamus volume for the MS_ test sample. Using Spearman correlation
for comparisons including these variables yielded similar results, except for
the correlation between EDSS and BPAD in the MS_ test sample, which is
non-significant when using Spearman correlation (0.10, p = 0.175).

8.4.8 Limitations

Our results imply that brain age has the potential to explain cognitive status
in people with MS; brain age explained 20.85% (R?) of the variance in SDMT.
Yet, the cross-sectional nature of the data limited us to investigate the po-
tential of brain age to predict future cognitive decline. Furthermore, previous
literature highlights the importance of paying careful attention when using
data from different scanners for brain age research [45]. One way to address
this issue is to maximise the variety of scanners used in the training set, which
might prevent brain age models from becoming highly dependent on a specific
type of scanner. This was the case for our HC_ train dataset (cf. table S8.1
for data sources), in which all three scanner types that were used in the test
datasets were also represented (Philips Achieva, Philips Ingenia and Siemens
Verio). Nonetheless, preprocessing of brain images already partly counteracts
heterogeneity across scanners, as the icobrain software used to segment the
MR images shows limited inter-scanner variability [46, 47]. Therefore, this
bias has been deemed to have been properly addressed.

In this study, we modelled the ageing brain with simple linear regression.
The rationale for using linear regression is its interpretable nature, and as
reported in Bethlehem et al. 2022, several regional brain volumes approxim-
ate linear trajectories throughout ageing [41]. Judging from the same paper,
however, linear regression is likely an oversimplification as variables predomin-
antly follow non-linear trajectories. This means that the assumption of linear
regression that relationships between dependent and independent variables are
linear [48] has not been met. Two key assumptions for linear regression [48]
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have been addressed below:

¢ Linear relationship between the dependent variable and each
independent variable. This condition was not met, as volumetric
features follow non-linear trajectories, even after the age of 18 [41]. Fig-
ure 8.6 shows the change of each volumetric feature with age on the
HC__train data set. The non-linear relationships might explain the afore-
mentioned non-linear dependency of our brain age model on chronolo-
gical age.

e The independent variables are linearly independent of each
other. As can be observed in the heat map of figure 8.7, significant
multicollinearity is present between the independent variables of the
model. We however did not include a regularisation term. Regular-
isation such as L1 (LASSO) or L2 (Ridge) bounds the model’s weights,
therefore preventing that a feature receives an excessive weight, which
might indicate overfitting. In an earlier version of this manuscript, we in
fact included an L2 regularisation [49], but removed this after removing
several summary features such as total cortical grey matter volume, as
regional cortical grey matter volume was already present in the feature
representation. Judging from table 8.2, no feature was assigned an ex-
cessively large weight after removing these summary features and the
regularisation term. Nonetheless, these feature weights should be inter-
preted with caution, as the features are not independent of each other.
An increase in the “frontal cortical grey matter” variable will for example
also cause an increase in the “grey matter” variable, thereby obfuscating
the pure contribution of cortical grey matter to the model.

As can be observed in figure 8.1, the age distribution of the HC_ test data
is a bimodal distribution. It is important to keep this observation in mind
when interpreting the performance of the model on unseen test data, espe-
cially in light of the non-linear dependency of brain age on chronological age
as reported before. The model achieved an MAE of 7.91 years, and had an
overall tendency to underestimate age (mean BPAD = -1.9 years). Future
studies might consider testing their models on a sample with a uniform distri-
bution that represents all ages equally.

Lastly, T1-weighted brain images were used in light of data availability.
Other imaging modalities, such as T2-weighted brain images, might however
better reflect other ageing processes, such as the deposition of iron, which has
also been reported in MS [50]. Moreover, neuroinflammatory damage caused
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Figure 8.7: Heat map of a correlation matrix (Pearson) of the features of the brain
age model (cfr. table 8.2).

by MS is better visible on FLAIR images. The latter however might have
little implications for the concept of brain age, as neuroinflammatory damage
caused by MS is not expected to occur in healthy ageing; brain age is most
likely mainly sensitive to the neurodegenerative aspect of MS.

8.4.9 Conclusive statement

In summary, the methodology of a linear brain age model can be interpreted
by clinicians and its prediction by patients. Together with its potential to
explain cognitive performance, predicted brain age could be a valuable clinical
tool to analyse and communicate results from brain imaging data in MS.

8.5 Data availability statement

The data that support the findings of this study are available from the corres-
ponding author upon reasonable request.
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8.6 Supplementary material

8.6.1 HC_ train data characteristics
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Figure S8.1: Histogram of the chronological ages per data source in the HC_ train
dataset
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8.6.2 Brain age correction
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Figure S8.2: Brain age and BPAD as calculated with 10-fold cross-validation on
the HC_ train data. Uncorrected (raw) brain age and BPAD are indicated in red
(regression line is indicated in orange), whereas corrected values are shown in green
(regression line is indicated in light green). Both colour maps indicate higher density
when yellower. Dotted lines were added to each plot as visual reference. For the
upper plots, this is the line where Brain Age = Chronological Age, whereas for the
lower plots, this is the line where BPAD = 0. Before correction, the regression lines
do not coincide with the dotted lines, resulting in an overestimation of brain age in
young individuals and an underestimation in older subjects. This is no longer the
case after correction.
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8.6.3 Comparison with the brain age model of Cole et al. 2020
[18]

This section describes the results of applying the model of Cole et al. 2020 [18]
to the HC__test and MS_ test dataset. Each T1-weighted MR image was pro-
cessed by the model, which is publicly available at https://github.com/james-
cole/brainageR. As this brain age was not yet corrected (we will refer to the
uncorrected brain age as the “raw brain age”), we used the correction proced-
ure as described in Cole et al. 2020 [18] (cfr. equation below).

(BrainAgerqw — 3.33)
0.91

BrainAge =

Brain age and BPAD distributions
Brain age and BPAD resulting from the Cole model are listed in table S8.2.

Brain Age BPAD
Cole model Our model Test result ‘ Cole model Our model Test result
HC_test 45.91 £+ 14.38 46.08 + 16.76 616 (0.836) | -2.05 + 6.50 -1.88 + 9.71 616 (0.836)
MS_test 53.18 &+ 14.47 62.23 + 20.06 2312 (<.001) | 7.65 + 9.13 16.71 £ 15.59 2312 (<.001)

Table S8.2: Brain age and BPAD resulting from applying the Cole brain age model to
our test datasets. Values in the “model” columns are represented as Mean + Standard
Deviation, whereas the test result is represented as Wilcoxon Test Statistic (p-value).
Significant test results (p < .05) are presented in bold. HC_test: n = 50, MS_ test:
n = 201.

Model performance comparison

HC_test

The distributions of BPAD on HC_ test of the Cole model, as well as our
model, are shown in figure S8.3. The Cole model achieved a mean absolute
error (MAE) of 5.52 years, whereas our model achieved an MAE of 7.85 years.
To establish whether the Cole model significantly outperformed our model in
terms of age decoding, we tested the difference in variance between both dis-
tributions with an F-test, after establishing that the BPAD distribution of our
model (W = 0.96, p = 0.082) and the model of Cole (W = 0.97, p = 0.304)
were normally distributed with a Shapiro-Wilk test. The F-test revealed a
significant difference in BPAD variance between our model and the model of
Cole (F = 2.23, p = 0.006). Hence, the brain age estimations of the model of
Cole were significantly more accurate compared to the brain age estimations
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Figure S8.3: BPAD distributions of both models on HC_ test.

of our model.

MS_ test

On the MS__test set, both brain age and BPAD were significantly lower for the
Cole model compared to our model. This observation is most likely attribut-
able to the difference in input of both models; our model uses fluid-attenuated
inversion recovery (FLAIR) images to estimate lesion volume, which are sub-
sequently added to the white matter volume, whereas they are most likely
segmented as grey matter in T1 images.

The relation of brain age and BPAD with cognitive performance

Cognitive performance was significantly correlated to both brain age (r = -
0.50, p < .001, figure S8.4) and BPAD (r = -0.21, p = 0.003, figure S8.5) in the
MS_ test dataset. To compare the correlation coefficients with the correlation
coefficients that resulted from our model, we used the “cocor” package in R
by Diedenhofen and Musch 2015 [63]. For both brain age and BPAD, we used
the “cocor.dep.groups.overlap()” function since for both models, correlations
were established on the same dataset (MS _test) and using a common variable
(SDMT). In this function, we set the “test” argument to “pearson1898”, which
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Figure S8.4: Scatterplot between brain age resulting from the Cole model and SDMT
on the MS test dataset.

uses the method from Pearson and Filon 1898 [64]. Correlation coefficients
with SDMT were comparable between both models for brain age (z = -1.43,
p = 0.153) and BPAD (z = 0.69, p = 0.492).
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Figure S8.5: Scatterplot between BPAD resulting from the Cole model and SDMT
on the MS_test dataset.
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8.6.4 The relation between brain volumetric features and brain
age

table S8.3 shows the correlations between the brain volumetric features that
served as input features for our model (and additionally whole brain volume)
and brain age.

brain age
whole brain -0.92 (<.001)
grey matter -0.90 (<.001)
white matter -0.53 (<.001)
lateral ventricles 0.73 (<.001)

cortical grey matter — frontal lobe -0.79 (<.001)
cortical grey matter — occipital lobe  -0.54 (<.001)
cortical grey matter — temporal lobe -0.69 (<.001)
cortical grey matter — parietal lobe  -0.79 (<.001)
hippocampus - left -0.29 (<.001)
hippocampus - right -0.29 (<.001)
thalamus - left -0.73 (<.001)
thalamus - right -0.68 (<.001)

Table S8.3: Correlations of brain volumetric features with brain age. Values are
expressed as: Pearson r (p value).

136



Chapter 8. Brain age

8.6.5 The effect of age, EDSS and disease duration on the
relationship between brain age and SDMT
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Figure S8.6: Scatterplots between SDMT and brain age, hued on age (upper left),
disease duration (upper right) and EDSS (lower left).
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Abstract

Introduction: Deep learning research requires lots of centralized data. How-
ever, data sets are often stored at different clinical centres, and sharing sens-
itive patient data such as brain images is difficult. In this manuscript, we
investigated the feasibility of federated learning (FL) for research on brain
magnetic resonant images of people with multiple sclerosis (MS).

Methods: Four computers were connected in the same virtual private net-
work. In Brussels, one computer served as the server coordinating the FL pro-
ject, while the other served as client for model training on local data (n=97).
The other two clients were Greifswald (n=104) and Prague (n=100). Using
this network, we fine-tuned a previously published brain age model to decode
performance on the symbol digit modalities test (SDMT) of patients with MS
from structural T1 weighted brain MRI. Model training happened with the
previously published FedAvg algorithm, sending models and results via secure
copy protocol.

Results: Training consisted of 22 federated learning rounds. The resulting
model appeared to have learned to assign SDMT values close to the mean
with a mean absolute error of 9.04, 10.59 and 10.71 points between true and
predicted SDMT on the test data sets of Brussels, Greifswald and Prague re-
spectively. The overall test MAE across all clients was 10.13 points.

Conclusion: Federated learning is feasible for machine learning research on
brain MRI of persons with MS, setting the stage for larger transfer learning
studies to investigate the utility of brain age latent representations in cognitive
decoding tasks.

Keywords
Federated Learning | Transfer Learning | Multiple Sclerosis | MRI | Brain Age
| Cognition
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9.1 Introduction

Magnetic resonance imaging (MRI) changed the way medicine is practised.
For neurological disorders, MRI is for example useful to obtain anatomical
representations of the brain, based on tissue properties such as the time it
takes for protons to align back to a magnetic field after being distorted by
a radio-frequency pulse. For multiple sclerosis (MS), this allows optimal MS
care in terms of diagnosis and follow-up [2, 3], and can already be considered
indispensable less than 50 years after Peter Mansfield successfully scanned the
finger of his assistant Andrew A. Maudsley [4].

To make sense of the wealth of information that is within these anatomical
brain representations, we can extract features that are relevant for a certain
pathology, thus creating a new representation. In MS for example, representa-
tions related to brain atrophy are relevant, as they are key for disease monitor-
ing [5]. Yet, these knowledge-based, structural representations fall short in ex-
plaining real-life symptoms that persons with MS experience, which is known
as the “clinico-radiological paradox” [6]. It is plausible that such representa-
tions should be enriched with other biological information, such as functional
brain organisation [7]. However, besides resolving to other methodologies, re-
cent evidence suggests that more information can be extracted from structural
MRI than common knowledge-based representations [8].

Leonardsen et al. 2022 recently showed that we can in fact obtain clin-
ically relevant representations of structural MR images by using the “brain
age” concept [8]. The authors showed that the latent space representation
of a deep convolutional neural network (CNN) predicting age from structural
MRI is useful for distinguishing people with MS from healthy controls. In con-
trast to a knowledge-based representation, this latent space is a data-driven
representation, which is typically not interpretable for humans. Although it
is unclear whether these representations are a useful alternative to overcome
the aforementioned paradox, we recently showed that brain age is related to
disease burden of persons with MS in terms of information processing speed,
independently of their chronological age [9]. Analogously to Leonardsen et al.
2022 [8], we will now use transfer learning (adapting a model performing a
certain task to perform a related task) to investigate whether the latent space
of brain age models could be useful for decoding cognitive performance from
structural MRI in MS.

To investigate this, we need to be able to access a sufficiently large data
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Lo = Greifswald
Model training

Weighted average
of local models

Il Brussels

b= Prague
Scp Via VPN %
—>» Global model
B
Local model updates ~ 200 km

Figure 9.1: The federated learning network. The computer with the “sigma” symbol
is the server, whereas computers with an “update” symbol are clients. Abbreviations:
SCP = Secure Copy Protocol; VPN = Virtual Private Network.

set. However, sharing medical data is difficult because of e.g. privacy issues,
hospital regulations and the General Data Protection Regulation (GDPR). A
solution to this is the concept of federated learning (FL) [10], where instead
of centralising data, models are trained on distributed data sets by sending
models to the data, where they are trained locally. The feasibility of feder-
ated learning has already been demonstrated in a medical context, where FL
reached a comparable performance in tumour segmentation on MR images
compared to conventional centralised learning that requires data sharing [11].
The feasibility of federated learning was underlined by a recent study on brain
tumour segmentation using a world-wide network of 71 sites [12].

The primary aim of this study is to assess the feasibility of federated learn-
ing on decentralised international data of persons with MS, and compare the
performance with client-specific model training. Our secondary aim is to
provide a benchmark for decoding cognitive performance from T1-weighted
MR images using federated learning.
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9.2 Methods

Study design

This is a cross-sectional study on decentralised data located in Brussels (BE),
Greifswald (DE) and Prague (CZ).

Data

This study uses retrospective data collected at each clinical centre. For each
centre in the federated learning network (figure 9.1), T1 weighted MR images
were available, as well as demographic and clinical information. This entailed
sex, age, expanded disability status scale (EDSS [13], overall disability), sym-
bol digit modalities test (SDMT [14], explained below), disease duration and
MS subtype. Preprocessing of T1 weighted MR images was performed using
the preprocessing pipeline of Wood et al. 2022 [15], for which the code was
available in their GitHub repository. This pipeline included skull-stripping,
registration to Montreal Neurosciences Institute (MNI) 152 space (1mm iso-
tropic) and cropping to a resolution of 130x130x130. The only differences were
the use of the Python package “dicom2nifti” v2.3.0 to convert Digital Imaging
and Communications in Medicine (DICOM) files to Neuroimaging Informatics
Technology Initiative (NIfTI) files, the use of ANTsPyX v0.3.5 since ANTsPyX
v0.3.2 was no longer available and the use of a more recent version of PyTorch
[16] (v1.13.1) since v1.7.1 did not work with Compute Unified Device Archi-
tecture (CUDA) v12.1 [17]. Data were organised locally in the Brain Imaging
Data Structure (BIDS) format [18] to facilitate decentralised model training
and evaluation. Data are described in table 9.1. The SDMT was the target
variable to predict. In this test, a subject is presented a list of symbols that
need to be converted to numbers using a key on the top of the page, matching
symbols with numbers. In 90 seconds, the subject has to convert as many
symbols to numbers as possible, each time saying the number out loud for
the test administrator to write down. The SDMT is a measure of information
processing speed.

Brain age model

We used a pre-trained T1 brain age model from Wood et al. 2022 [15], which
the authors made available in their GitHub repository. This model was chosen
for three reasons: (1) it is a deep neural network that only uses brain images as
input, (2) it has a state-of-the-art, low error in predicting age from structural
MRI and (3) their methodology could be replicated using their code, from
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‘ Brussels Greifswald Prague p value
n 97 104 100
sex (m:f) 28:69 35:69 24:76 0.3157
age (M £+ SD) 479+ 99 431 +£120 441 +86 0.003"
SDMT (M + SD) 48.1 +£11.6 51.2 4+ 15.0 59.2 +10.8 <.001"
EDSS (Median; IQR) 3; 2 1.5; 2 2;2.125 /
Disease duration (M + SD) 154+85 84462 147465 <.001"
Onset (relapsing:progressive) 90:7 101:3 100:0 0.018f

Table 9.1: Characteristics of the three different data sets. Abbreviations: n = sample
size, m = male, f = female, M = mean, SD = standard deviation, SDMT = symbol
digit modalities test, EDSS = expanded disability status scale. P values indicated
with a dagger (7) were calculated with a chi-squared test. P values indicated with an
asterisk () were calculated with an ANalysis Of VAriance (ANOVA) on the sample
size (n), mean and standard deviation reported in this table. This method is described
in Kallner et al. 2017 [19] and was used to avoid data sharing.

data preprocessing to predicting brain age. In the context of this study, we
used the deep learning model as a feature extractor. This yields a data-driven
latent representation of 1024 features (cfr. figure 9.2), which might retain
more information from the original image compared to the knowledge-based
feature space of chapter 8, containing only 12 volumetric features.

The model is a Dense Convolutional Network (DenseNet) [20], which was
already shown to outperform other network architectures in a medical imaging
context [21]. A DenseNet is unique for directly connecting all layers inside a
“dense block” with each other [20]. Each layer therefore takes all previous
feature maps, outputs of previous layers, as input. Hence, the propagation
of features throughout the network is improved. The DenseNet architecture
moreover reduces the “vanishing gradient” problem, where the gradient used to
update weights in the network gradually approaches zero during backpropaga-
tion to earlier layers. Lastly, it reduces the number of parameters in the net-
work. The 3D DenseNet used in this study has a total of 11243649 parameters
(weights and biases), and is characterised by 4 dense blocks, consisting respect-
ively of 6, 12, 24 and 16 dense layers. Although the exact model architecture
can be consulted in the paper of Wood et al. 2022 [15], in the context of
transfer learning in this manuscript (cfr. next section), it is noteworthy to
mention the size of the fully connected layer, consisting of 1024 weights and 1
bias (figure 9.2).
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Figure 9.2: Transfer learning methodology. The deeper layers of the 3D DenseNet
were frozen during training, whereas the fully connected layer (including 1024 weights
and 1 bias) was updated. In between the deeper layers and the fully connected layer
is the latent (data-driven) representation of a T1w brain MRI.

Transfer learning

To update the brain age model to predict SDMT with transfer learning, we
used the "Feature extractor" approach discussed in Kim et al. 2022 [22]. In
this approach, the original fully connected layer is used, which in this case
is a linear regression with 1024 independent variables (the latent features).
Only the weights of this layer are updated; the weights of all deeper layers are
frozen, i.e., they are not updated during training. This approach was chosen
in light of the size of the decentralised data set, analogous to Leonardsen et
al. 2022 [8].

Age decoding performance

First, we applied the brain age model of Wood et al. 2022 [15] to data of 50
healthy controls from the Brussels client to establish the generalisability of the
model. This was done by calculating the mean absolute error (MAE) between
predicted age (brain age) and the chronological age at scanning time. This
data set is described in Denissen et al. 2022 [9]. Furthermore, as brain age
models typically overestimate age of MS patients [9, 23], we also applied the
model to the MS data set of each client. For all data sets, we then calculated
the brain-predicted age difference (BPAD) by subtracting chronological age
from brain age, and tested whether it was significantly different from 0 with
a Wilcoxon signed rank test.
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Hardware setup

The federated learning network (figure 9.1) consists of 4 computers, of which
one is the server that coordinates the project, whereas the other three are
clients on which models are trained using the local data that is present. The
two Brussels computers were located in the same office and connected to the
network of the department of electronics and informatics (ETRO) of the VUB.
The computers in Greifswald and Prague were connected to this network via
a Virtual Private Network (VPN). Models were shared via secure copy pro-
tocol (SCP) with secure shell (SSH). All client computers were equiped with a
graphical processing unit (GPU); Brussels: NVIDIA Titan X Pascal (12GB),
Greifswald: Zotac RTX GeForce 3090 (24GB) and Prague: INNO3D GeForce
RTX 4090 (24GB).

Federated learning

Our federated learning (FL) approach was inspired by the federated averaging
(FedAvg) algorithm described in McMahan et al. 2017 [10]. Prior to the first
federated learning round, the server first sent out a federated learning plan,
the latter inspired by the open source OpenFL framework [24]. This FL plan
contains all details for local model training and can be consulted in appendix
A. Next, each client informed the server about its data set size. The test data
for each client was fixed during the entire FL process and only used for testing
the final model. Model training happened with FL rounds, where each round
consisted of the following steps:

1. The server first sent out a global model to all clients. The initial model
was a T1 brain age model (cfr. supra).

2. Next, each client trained the fully connected layer (1024 weights and
1 bias) of the global model using the local, skull-stripped T1 weighted
brain MR images as input and SDMT values as ground truth (figure
9.2), i.e. a regression task. To avoid a lucky split in train and validation
data, we used bootstrapping (sampling with replacement) to generate 30
train and validation data sets, yielding 30 models. The model that was
sent back to the server was a weighted average of the fully connected
layer of these models. Models with a higher validation loss had a lower
contribution. Training results (train and validation MAE for every split)
were also sent to the server.

3. Lastly, the server randomly sampled 2 local models, and aggregated them
using a weighted average, resulting in a new global model for the next
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FL round. The weight of each local model was determined by the data
set size of that client. This concludes the federated learning round.

The best global model across all FL rounds is the one with the lowest
average validation MAE across all client models and referred to as the “final
model”. If a model did not improve for 10 FL rounds, training was stopped
early. Finally, the performance of the final model on unseen data was assessed
by applying it to the test data set of each client. Performance was assessed us-
ing the MAE and the Pearson correlation between true and predicted SDMT.
The overall test MAE was calculated as a weighted average of the test MAE
per client:

" MAFE et i %1
MAEtest,overall = Z %

=0

with m the number of clients, n; the client sample size and N the summed
sample size of all clients.

Client-specific training

As a comparison for the federated learning approach, on each client in our
FL network, we performed a client-specific training using only the data set of
that client. We used the exact same methodology as for the federated learning
approach, but without model averaging across clients. Hence, the client model
resulting from each round was immediately passed to the next round. All client
models were assessed on the test data set of each client, who shared their test
results with the server.

Ethics

The “Commissie Medische Ethiek” (CME) of the UZ Brussel judged this ret-
rospective study to be exempt from ethical approval (B.U.N. 1432022000303).
For data at each centre in this study, ethical approval was obtained prior
to data acquisition (Brussels: B.U.N. 143201423263, Greifswald: BB159/18,
Prague: 113/22 S-IV and 28/17), and written informed consent was acquired
from all subjects prior to inclusion.
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9.3 Results

Brain age predictions

The brain age model of Wood et al. 2022 [15] achieved an MAE of 3.85 years
on the Brussels HC data set, whereon it significantly underestimated age (table
9.2). The model overestimated age on the Brussels and Greifswald data set
(table 9.2). BPAD distributions of the client MS data sets were significantly
different (p <.001, calculated with an ANOVA on n, mean and SD of table
9.2).

‘ Brussels (HC) Brussels (MS) Greifswald (MS)  Prague (MS)

n 50 97 104 100
BPAD (M + SD) | -2.9 + 3.7 2.9 + 8.4 6.1+ 6.9 0.8 + 7.0
W (p value) 154 (<.001) 1610 (0.006)  434.5 (<.001)  2238.5 (0.325)

Table 9.2: Abbreviations: BPAD = brain-predicted age difference, M = mean, SD =
standard deviation, W = Wilcoxon signed rank test statistic.

Federated learning

Figure 9.3 shows the federated learning results. The x-axis shows the number
of FL rounds. The y-axis shows the mean absolute error (MAE), which is the
L1 loss (sum of absolute differences between true and predicted SDMT value)
divided by the sample size. We plotted the MAE instead of the L1 loss since
it can be easily interpreted as the “average points of SDMT misprediction by
the model”. In the top 3 panels, the red and blue lines represent the average
train and validation MAE respectively, whereas the shaded red and blue areas
represent the 95% confidence interval, all calculated across 30 bootstraps per
FL round. It can be observed that both the training and validation MAE are
reducing in the first FL rounds, indicating learning behaviour of the model
on all three clients. In the bottom panel, the MAE represents the average
validation MAE across clients. At FL round 22, this graph reaches a minimum
(9.30 points), indicating the best and final model. As training was stopped
early after 10 FL rounds of no improvement, the model was trained for a total
of 22 + 10 = 32 FL rounds. The final model decoded SDMT score with an
overall test MAE of 10.13 points, whereas the test MAE per client was 9.04 for
Brussels, 10.59 for Greifswald and 10.71 for Prague. The Pearson correlation
between true and predicted SDMT was 0.30 (p = 0.206) for Brussels, 0.29 (p
= 0.210) for Greifswald and 0.54 (p = 0.014) for Prague.
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Client-specific training

Here, we trained a total of three models, one per client. Each model was
trained solely on the data that is available locally and tested on all test data
sets that were also used for the federated learning approach. The results,
expressed as MAE in SDMT points, are displayed in table 9.3.

Training data set

Brussels Greifswald Prague

Tost Brussels 7.68 10.57 12.57
data set Greifswald 9.00 9.06 9.29
Prague 13.61 12.60 9.00
Weighted 46 49 10.72 10.25

average

Table 9.3: Client-specific model performance. The columns indicate on which data
set a model was trained, while the rows indicate to which test data set a model was
applied. Each value is the MAE in SDMT points. Values in bold indicate where the
client-specific model training outperformed federated learning.

9.4 Discussion

In this manuscript, we showed that federated learning is feasible for train-
ing models on T1 weighted brain MR images of people with MS, using an
international network of three different clinical centres. On all three clients,
the performance in decoding SDMT from T1 weighted brain images gradually
improved, resulting in a final federated learning model with an overall test
MAE of 10.13 points, and a test MAE per client of 9.04 (Brussels), 10.59
(Greifswald) and 10.71 (Prague). Respectively for Brussels, Greifswald and
Prague, the Pearson correlation between true and predicted SDMT was 0.30
(p = 0.206), 0.29 (p = 0.210) and 0.54 (p = 0.014).

SDMT decoding performance of the FL model

Although our results appear a fair benchmark when solely considering the
MAE, we observed that the Pearson correlation between true and predicted
SDMT on the test data set of each client was generally poor. In a post-hoc
analysis, each client therefore shared information on the distributions of the
true and predicted SDMT values of the test data set with the server (table 9.4).
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The key observation for this table is the standard deviation of the predicted
SDMT distribution, which is low compared to the true SDMT distribution.
Hence, the model most probably learned to assign values close to the mean,
which yields a fair MAE, but poor individual predictions. If this is indeed
the case, we hypothesise this behaviour to be due to the model essentially
“giving up” to perform the task with the current resources. Several factors
could explain this observation:

Brussels Greifswald Prague

True Pred | True Pred | True Pred

Mean 45.6  51.2 | 494 51.4 | 58.4 51.7
SD 10.3 2.0 13.7 2.0 11.6 2.2

Skewness | -0.24 0.15 | -0.12 -0.33 | -0.74 -0.21
Kurtosis | -0.19 -0.92 | -0.57 0.25 | -0.10 -0.88
W 094 096 |097 096 |094 094

p value 0.290 0.525 | 0.722 0.567 | 0.246 0.288

Table 9.4: Information on distributions of the predicted and true ground truth values
of the test data set of each client. Abbreviations: Pred = predicted SDMT, SD =
standard deviation, W = Shapiro-Wilk test statistic.

e Data heterogeneity. Although we harmonised the MRI data using
the preprocessing pipeline of Wood et al. 2022, the client data sets differ
on various demographical and clinical features (cfr. table 9.1). These
differences might explain the lower test MAE in the Brussels data set
compared to the other data sets, and the fact that the test MAE differs
more between clients in the client-specific model training with respect
to the federated learning approach. Although the MR images were pre-
processed prior to training, data harmonisation on other sample charac-
teristics could have improved the performance across clients. For true
generalisability to be obtained, however, the model should also have ac-
ceptable performance on cases with different characteristics. This prob-
lem might be circumvented by adopting a larger decentralised database
(cfr. infra).

e Sample size. This proof-of-concept study modelled on about 100 cases
per client. Increasing the decentralised database with more data per
client, or by including more clients in the network, might boost the
performance of the network. We furthermore hypothesise that this allows
using other transfer learning methodologies, as discussed next.
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e Transfer learning methodology. We might have frozen too many
network weights, thereby overestimating the similarity of the age and
SDMT decoding task. Although MS is characterised by neurodegener-
ative processes that also occur in healthy aging, which in turn partly
explains their cognitive performance [1], the T1 weighted image might
reflect MS-related damage that is not represented in the latent space of
the brain age model. With increased sample size, other transfer learn-
ing methodologies might be considered such as unfreezing more layers,
or replacing the fully connected layer with another regressor, such as
a random forest regression [22]. This former allows making the latent
features more specific for the SDMT decoding task, while the latter al-
lows non-linear interactions between the latent features and SDMT to
be learned.

Choosing another loss function, for example L2 loss instead of L1 loss,
might also impact model performance. In L2 loss, the error between
true and predicted label is squared, thereby more severely penalising
extreme mispredictions compared to reasonably accurate predictions. As
this boosts the model’s incentive to avoid large errors, the tendency
of learning to assign values close to the mean might reduce, in turn
improving individual predictions.

e« T1 weighted brain MRI. Even when unfreezing all layers of the net-
work, a T1-weighted brain MR image might not contain sufficient in-
formation to decode the information processing speed of a subject with
MS, as it mostly captures the neurodegenerative aspect of the disease.
Neuroinflammatory damage is visible to some extent as black holes in T1
weighted brain images, but is better visualised by other image modalities
such as FLuid-Attenuated Inversion Recovery (FLAIR) images. As le-
sion volume is important in the prediction of cognitive impairment [25],
a combination of T'1-weighted and FLAIR brain MRI could increase the
performance of the model. The characteristic neuroinflammatory dam-
age caused by MS however does not occur in a healthy ageing cohort,
implying that a brain age model might be insensitive for this.

Neuroscientific implications

The fact that the model only performed poorly limited further exploration of
the model. When addressing the aforementioned issues, we hypothesise that
the performance of the SDMT-decoding model can be significantly improved to
accepted clinical standards, such as decoding the SDMT performance within
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the clinically meaningful change of 4 points [26]. Beyond methodological in-
sights that were presented in this study, this could yield new neuroscientific
insights in the clinico-radiological paradox. In skin cancer research, for ex-
ample, examining a skin cancer prediction model with explainable AT (XAI)
guided the focus of human experts to the background of the images, which
is commonly overlooked. The authors hypothesise the underlying cause to
be “visual entrenchment” [27]. In a similar way, we hypothesise that by ex-
amining an accurate SDMT decoding model, novel insights in the structural
underpinnings of cognitive impairment could be obtained.

The federated learning approach

Our approach to federated learning can be considered basic, but its simplicity
makes it transparent. Furthermore, our approach is stable, and after setup,
only requires starting one Python script per computer involved. However, as
we designed our approach to work on a network of 4 computers with Linux
installed, we were able to use secure copy protocol (SCP), which only works on
UNiplexed Information Computing System (UNIX)-based operating systems.

Currently, open source federated learning frameworks are in full develop-
ment, such as Flower [28], OpenFL [24] and PySyft [29]. Ultimately, technical
developments will increase the number of clients that can be present in a fed-
erated learning network. Access to more data sets will in turn allow training
deep neural networks on more and heterogeneous data, potentially augment-
ing generalisability of models. Specifically for constructing cognition decoding
models, this will also allow to train deep neural networks from scratch without
the need to perform transfer learning on pre-trained networks, such as brain
age networks. Federated learning in MS is still in its infancy, but promising
to ultimately boost Al research in MS.

9.5 Conclusion

This study showed that federated learning is feasible for machine learning
research on MR images in an international network of clinical MS centres,
setting the stage for the creation of better models for decoding cognition from
MRI in MS while mitigating data sharing.
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9.6 Code availability

In order to support future FL projects, we made our code publicly available in
the GitHub repository of our lab, the Artificial Intelligence-supported Model-
ling in clinical Sciences (AIMS) lab of the Vrije Universiteit Brussel (VUB).
Link: https://github.com/AIMS-VUB /FLightcase.
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9.7

Appendix: Federated learning plan (training
details)

FL rounds: 100. A federated learning round is one complete cycle of (1)
the server sending a global model to all clients, after which (2) all clients
update it on their local data and (3) send it back to the server. The
FL round is concluded by (4) a weighted average of a certain number of
client models (cfr. infra). The upper bound of the number of FL rounds
was set to 100 in light of training time. Adapting this number turned out
not to be necessary as model convergence consistently happened before
this number was reached.

Number of epochs per FL round: 1. One epoch is one complete model
update on all available training data. To simplify the training process,
we fixed this to 1 epoch, meaning that every FL round, the model was
trained only once on the entire training dataset. In this way, the number
of FL rounds is equivalent to the number of epochs in a centralised
setting.

Batch size: 8. Number of data points used simultaneously to calculate
the gradient, which allows to update all weights in a model simultan-
eously. We chose a batch size of 8 as it is common in our domain [30],
and in light of the memory capacity (12GB) of the graphical processing
unit of the Brussels node.

Initial learning rate: 0.001. The learning rate controls how the model’s
weights are updated based on the gradient, namely by controlling the
magnitude of the step taken into the opposite direction of the gradient.
In the Wood et al. 2022 paper [15], 0.0001 was used, but we chose a larger
learning rate to speed up learning. Both learning rates are common in
deep learning research in medical imaging and yield acceptable results
[31, 32].

Patience learning rate reduction: 3. The number of FL rounds without
validation loss improvement (tracked per client) before reducing the
learning rate by the learning rate reduction factor (cfr. infra). We
reduced this number with respect to Wood et al. 2022 (the authors used
5 [15]) to act earlier when learning stagnates.

Learning rate reduction factor: 0.5. Factor by which the learning rate
is reduced after several rounds (cfr. supra) without validation loss im-
provement (tracked per client).
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o Patience early stopping: 10. Number of FL rounds without improvement
of the average validation loss across clients before stopping training early.

o Train/Validation/Test fraction: 60/20/20%. Fraction of client data
used for the different data sets used for machine learning. Instead of
a train/validation/test split of 65/15/20 in Wood et al. 2022 [15], we
used 60/20/20 to increase the number of samples in the validation data
set.

e Number of clients in sample: 2. Number of clients of which the local
model is used for the weighted average for a new global model. McMahan
et al. 2017 suggests to calculate a weighted average across a subsample
of the total number of clients [10]. With a total of 3 clients in the
sample, we therefore chose to average across 2 clients, as we deemed a
contribution of a single client to be suboptimal to take model variability
into account.

o Number of splits: 30. Number of random train/validation splits (using
bootstrapping) for each FL round. The number was chosen arbitrarily,
but in light of a trade-off between sufficient splits relative to the number
of cases and training time.

o Loss function: L1 loss, >°1" ; |y; — ¢g|. Summed absolute error between
true and predicted SDMT score. We used the L1 loss as it is closely
related to the mean absolute error (M AE = LLTZOSS), which was used for
its intuitive interpretation as the average points of SDMT misprediction.

e Optimiser: To update the weights, we used Adam optimisation. This
method has several interesting properties, such as fast convergence [33].
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Chapter 10

Will artificial intelligence
change MS care within the
next 10 years?

Artificial intelligence is a hot topic nowadays. OpenAl’s ChatGPT was
released in late 2022 [1], and quickly reached world-wide popularity as chat
bot, providing highly accurate answers to complicated questions and even pro-
ducing software code. Despite the plethora of envisioned use cases, ChatGPT
has been subjected to a lot of criticism as well; some claim to embrace it as
a tool to catalyse research and development [2], while others underline the
threats to for example the originality of scientific work [3]. This illustrates the
complexity of the AI debate, which is no different in medical contexts. How
will Al shape our future?

At the end of 2022, Multiple Sclerosis Journal published a series of papers
that concern the short-term future perspective of Al for MS care. The section
in the journal is termed "Controversies in Multiple Sclerosis", and contains
one paper that defends a statement, one that attacks a statement, and the
last providing a commentary. The statement that we treated in the series
was "Artificial intelligence will change MS care within the next 10 years". My
promoter, Prof. Guy Nagels, and I defended the statement [4], while my pro-
moter Prof. Jeroen Van Schependom and Prof. Maarten De Vos attacked the
statement [5]. Two researchers of the University of Campania Luigi Vanvitelli
commented on the discussion [6].

As discussed earlier in chapter 4, few AI models reach clinical practice in
MS. Why would this be any different in the next 10 years? The arguments
made by the defending paper [4] can be consulted in the paper that is in-
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cluded at the end of this chapter. In summary, Al already supports clinical
workflow in MS by providing quantitative summaries of MR images. We can
however expect more, since medicine appears to be ready to welcome AI. This
is for example illustrated by emerging real-world examples that Al increases
diagnostic accuracy, that Al is increasingly included in medical training and
that humans and Al are increasingly collaborating. Personalised treatment is
however not yet a reality, and one of the reasons for this might be in the data
that is used for modelling, for example lacking quality or quantity.

The attacking paper [5] claims that the prosper of Al in MS care is depend-
ent on the data used to train them. Large data sets are necessary, although
it is unclear how large they need to be. If databases are to be enlarged by
combining data of multiple clinical centres, which is difficult in light of the
General Data Protection Regulation (GDPR), the data should be harmon-
ised. Moreover, data continuously change due to advances in clinical practice,
making old data less useful for modelling purposes. Data is also key in as-
sessing the generalisability of a model, as data that is used only for testing
purposes might subtly leak to the training data, giving the model an unfair
advantage. Lastly, the authors highlight the difficulty in bringing AI models
to the clinic. Even if the performance of a model is satisfactory as proven by
a clinical trial, the model is likely a complicated one of which the working is
poorly understood, potentially causing clinicians to not trust the model.

The overall conclusion of the authors that commented on both papers was

that AI might in the future assist MS neurologists, but not within 10 years
[6].
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Artificial intelligence will
change MS care within the next
10 years: Yes

1,2 1,2,3

Stijn Denissen™*, Guy Nagels

1 AIMS Lab, Center for Neurosciences, UZ Brussel, Vrije Universiteit Brussel,
Brussels, Belgium 2 icometrix, Leuven, Belgium 3 St Edmund Hall, University
of Oxford, Queen’s Lane, Oxford, UK

This chapter is based on a paper in Multiple Sclerosis Journal [4]

Artificial intelligence (AI) changes our experience in daily life. Every day, Al
improves our digital consumer experience by offering personalised advertise-
ments, our global communication by powering accurate translation machines
and helps us find our way through a plethora of information on the World
Wide Web. An ever-digitalizing world with increasing complexity needs Al as
a guiding compass.

10.1 AI supports medicine

This is also true for medicine. In an acute life-threatening situation such
as stroke, Al is guiding personalised treatment decisions that must be made
in a split second to reduce further brain damage. [7] During colonoscopy
procedures, a real-time Al-powered device, already approved for clinical use
in the European Union and United States, reduces the number of missed
colorectal neoplasia cases by half. [8] AI also reduces workload and costs
in actual clinical settings like infection detection. [9] These examples show
that in medical fields outside of multiple sclerosis (MS), Al already improves
diagnostic performance, workflow, and cost-effectiveness.
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10.2 Al is in full development

Several developments in the field of Al indicate that we will see many more
Al-based algorithms in clinical practice in the upcoming 10 years. First, ex-
plainable AI (XAI) methods are in full development and help clinicians trust
Al models. This is important because technological evolution, for example,
deep learning, makes Al models more performant at the cost of increased com-
plexity. Explanations can be retrieved even from complex neural networks, and
besides increasing our understanding on how such networks come to their de-
cisions, they could guide a diagnostic process. [10] For example, by revealing
the regions that a convolutional neural network (CNN) deemed important for
the diagnosis of actinic keratoses, medical students were taught to also take
the background of an image into account, which the authors hypothesise to
be otherwise often overlooked. [10]

A second development is formed by newly developed training courses,
for instance, training radiology registrars in AI. [11] These meet clinicians’
need for additional training to understand both strengths and weaknesses of
AT tools, not unlike their need for basic statistical knowledge to implement
evidence-based medicine. This need is addressed in a third new perspective,
namely the shift from a human—computer competition viewpoint (can Al do
better than a human doctor?) to a human-computer collaboration. [10]

Finally, Al research groups also increasingly realise that the evaluation of
AT tools should not exclusively happen in laboratory situations but should also
be executed ‘under real-world conditions in the hands of the intended users’.
[10] An AT system trained and tested on real-world screening mammograms
resulted in improved breast cancer screening and generalised to mammograms
of patients from the United States when trained only on mammograms of
patients from the United Kingdom. [12]

10.3 Al supports workflow in MS care

Recent Al developments also support routine work within clinical workflows.
An example is that quantification of brain magnetic resonance imaging (MRI)
volumes by Food and Drug Administration (FDA)-approved Al-based seg-
mentation algorithms already allows us to assess MRI disease activity in MS
in a quantitative way, facilitating clinical use of modern criteria of therapeutic
efficacy such as the ‘No Evidence of Disease Activity’ (NEDA) 3 and 4 criteria.
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10.4 Al impacts treatment planning

Apart from facilitating the often complicated clinical workflow for MS, Al will
help us with other unmet needs in MS care. An important clinical question is
always ‘how will my patient progress in the future, and how can I positively
influence this course by choosing the right therapy?’ Personalised treatment
planning is already feasible in an acute stroke setting, 1 but is still under devel-
opment in the MS setting. To reach this goal, we need more and better data,
and improved Al models. With regard to data, the Al boom motivates clini-
cians to contribute to existing international data collections such as MSBase,
coordinated from Australia, and it leverages large international government-
funded projects for data-interoperability such as EHDEN (European Health
Data & Evidence Network), coordinated by the Department of Medical Inform-
atics in Erasmus MC in the Netherlands. Such data collections have already
resulted in prognostic models achieving good accuracy in predicting mortality
in oncology. [13] AI tools for image quantification have also encouraged neur-
oradiologists to adopt three-dimensional, instead of two-dimensional, T1 and
FLAIR (fluid-attenuated inversion recovery) images into standard practice for
MS patients, further increasing data quality.

10.5 AI drives novel drug development

Finally, personalised treatment planning should not be static, in the sense
that we should not be restricted to the currently existing and mostly immune-
mediated therapies. Rather, we need to find and prescribe treatments to our
patients that would also protect them against neurodegeneration, that would
ultimately halt MS and improve the damage caused by the disease. This
seems like a very distant target, but Al can also help us speed up the discov-
ery process for these new therapies, thereby extending our therapeutic arsenal.

First, Al could help in clinical trial design. This was already shown in
glaucoma where an AI model successfully identified high-risk patients [14],
which leads to shorter study duration and/or lower patient numbers needed
to meet clinical trial endpoints. Second, by improving screening results of com-
pound libraries, Al methods have already been producing tangible results in
the development of new antibiotics for over a decade. [15] As MS neuroprotec-
tion is a sorely needed therapeutic area, it is encouraging to read that recently
AT methods were used to identify a sirtuin-1 active compound, for which the
neuroprotective and pro-regenerative effect was subsequently confirmed in a
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sciatic nerve crush animal model. [16]

10.6 Conclusion

AT notably positively influences medical practice in different fields. Several
developments in methods, clinician awareness, and data quality /quantity are
aligning to also create this impact in the MS field within the next few years.
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Chapter 11

Discussion and future work

The central aim of this thesis was to use Al to obtain new insights in the
relationship between structural brain imaging and cognitive performance in
people with MS. To construct Al models, sufficient data needs to be present,
especially for deep learning research. Data availability however was the key
limiting factor, as large open source cognition-labelled imaging databases are
not available for MS, and data sharing between clinical centres is difficult, for
example due to privacy considerations.

11.1 Three solutions for limited data availability

This thesis explored three solutions for limited data availability. First, icognition,
a smartphone-based cognitive assessment, was introduced to facilitate digital
data collection and creation of research databases. The other two solutions are
AT techniques that respectively reduce the need for data (transfer learning) or
enhance the accessibility of data without data sharing (federated learning).

Solution 1: Digital data collection

Medicine in general experiences a shift towards digitalisation. This has many
benefits such as practising medicine remotely (telemedicine) and storing data
digitally. The latter facilitates the creation of research databases that can
subsequently be used to train Al models. In chapter 7, the validity and re-
liability of icognition was assessed, a smartphone-based cognitive screening
battery for people with MS. The tests in the cognitive screening battery cor-
related well with their paper-pencil equivalents, correlated with other clinical
variables and had a moderate-to-good test-retest reliability. The latter indic-

179



Chapter 11. Discussion and future work

ates the stability of test performance over time when cognitive performance is
expected to be similar. Surprisingly, the test performance of people with MS
and healthy control subjects was similar. We hypothesise to have recruited an
MS sample that was relatively spared in cognitive performance.

Conclusion 1: icognition is a valid and reliable smartphone-based
cognitive screening battery for people with MS.

Solution 2: Reducing the need for data

Transfer learning uses the similarity of the task of interest with another task for
which more data is available. A robust model is trained to perform the related
task, which is then fine-tuned to solve the task of interest using less data. Here,
the task of interest is the prediction of cognition from structural brain MRI
from people with MS. A related task that can be used is the prediction of
age from structural brain MRI, for which many open source data sets are
available. A first step, however, is to prove the similarity between both tasks.
This similarity was shown in chapter 8; brain age correlates with cognitive
performance in people with MS.

Conclusion 2: Older looking brains are associated with worse cogni-
tion in people with MS.

In chapter 9, the actual transfer learning was carried out, fine-tuning a
brain age model to a cognition model. The results appeared promising at first.
The mean absolute error (the average number of points SDMT misprediction)
decreased by updating the model on the data set of each clinical centre using
federated learning (cfr. infra). By looking at the distribution of the SDMT
predictions however, we discovered that the model probably used a “trick”
to lower the error: it appeared to start assigning values close to the mean.
This could result in a lower L1 loss (summed absolute error) when accurate
individual predictions cannot be made. This does however not mean that
we can immediately label brain age as a useless intermediary step towards a
cognition model. Other methodological choices might lead to different results.
Some methodological choices are discussed below.

1. Model architecture. In chapter 8, a simple linear regression model
(12 weights) was used to predict age from a feature representation of a
brain image. Linear regression is the simplest form of a neural network
which comes with a great advantage: it is very easy to understand. The
other extreme is a deep learning network such as the one used in chapter
9, consisting of millions of weights. Combined with the high-dimensional
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input (pixel space), this model is accurate at the cost of explainability.
This trade-off between performance and explainability should be taken
into account when designing the model architecture.

2. How many layers to freeze. For the transfer learning approach, only
the last layer of the brain age model was updated during training. This
means that we are assuming that the brain age latent space represent-
ation of a brain MR image contains sufficient information to predict
cognition. By allowing deeper layers of the models to be updated, the
similarity between both tasks (predicting age and cognition) becomes
gradually less important, while the necessity for a larger training data
set increases. The number of layers to freeze however appears to be
determined through experimentation, analogously to many other meth-
odological considerations in Al research such as model architecture [1].

3. Other transfer learning methods. Besides varying the number of
layers to freeze, Kim et al. 2022 describe another method in which
the machine learning model after the feature extractor is replaced [1].
Another machine learning model might be better suited to predict the
label (e.g. SDMT performance) from the latent variables.

4. Image type. Brain age models are typically trained on T1-weighted
brain MR images, although exceptions exist (e.g. Wood et al. 2022
used T2-weighted images [2]). An important consideration here is the
availability of data. An age-labelled database of T1-weighted MR im-
ages is relatively easy to construct since they are abundantly available in
open source data repositories. Modelling on T1 images will allow sens-
itising models for neurodegeneration, but not the inflammatory activity
in the CNS. However, even if other image modalities that highlight in-
flammatory activity (e.g. FLAIR images) were to be used, MS brain
lesions do not occur in healthy controls. In future studies, it would be
very interesting to investigate whether there is a performance saturation
when fine-tuning multimodal (multiple image types) brain age models
to decode cognition.

Conclusion 3: Transfer learning does not allow training a brain age
model to predict cognition. Different transfer learning parameters such
as the number of weights to freeze might improve performance in future
studies.
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Solution 3: Enhancing data accessibility

In federated learning (FL), a model is trained by sending models instead of
data. The key idea is that models are not trained at one central place. Instead,
models are trained locally where data is present, after which they are collected
and processed at one central place. The interesting property of FL is that data
is not shared, but the data is still accessible for machine learning research. In
chapter 9, an international FL network was constructed and its feasibility
proven by fine-tuning a brain age model to a cognition model.

Conclusion 4: Federated learning is feasible for training models
in cognitive neuroscience research in MS in a decentralised way.

Future avenues for FL in a medical context are described next.

11.2 What’s next in federated learning?

In chapter 9, the feasibility of a relatively simple approach to federated learn-
ing was shown. By sending models via secure copy protocol between 4 com-
puters in 3 countries, present in a virtual private network, consistent learning
behaviour of a neural network was observed. There are however several con-
siderations to take into account for future endeavours.

11.2.1 Privacy

The bottom line of why federated learning was invented in the first place, is
to circumvent issues related to sharing data. One important consideration is
maintaining the privacy of the individual whose data is used for modelling,
i.e. the data subject [3]. But even when data is not shared, privacy concerns
are still present in deep learning research, such as the “Indirect (Inferred)
Information Exposure” in Mireshghallah et al. 2020 [4], where data can be
inferred from e.g. properties of a model. There are multiple ways of quan-
tifying the loss of privacy, of which one is “Differential Privacy” [5]. Here, a
data holder/curator promises a data subject the following: “You will not be
affected, adversely or otherwise, by allowing your data to be used in any study
or analysis, no matter what other studies, data sets, or information sources,
are available.” [3]. Several techniques are proposed that aim to fulfil this prom-
ise, such as adding random noise to the data being modelled upon [6]. Several
existing open source toolboxes implement differential privacy, such as Opacus
[7] and PySyft [8]. Both use a method called Differentially Private Stochastic
Gradient Descent (DP-SGD) [9]. It is explained both narratively and visually
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in Yousefpour et al. 2021 [7] (Opacus). A gradient is computed per sample,
after which the L2 norm is clipped. Subsequently, a batch gradient is made
by aggregating the sample gradients, after which Gaussian noise is added [7].

Another way of addressing privacy concerns in Al is through the use of
generative Al. It generates synthetic data, that could mitigate modelling on
real patient data when sufficiently realistic [10]. A popular example of a gen-
erative Al model is a generative adversarial network (GAN), consisting of a
generator and a discriminator, which can be regarded as a villain and a police
officer respectively [11]. For brain MR images for example, the villain tries
to generate realistic, fake brain images, while the police tries to discriminate
fake from real images. By challenging each other, both gradually increase
performance, training the generator to produce more realistic brain images.

11.2.2 How to investigate model performance in a decentral-
ised way?

One of the problems we faced when performing federated learning was the
evaluation of the final model after training it. Since data cannot be shared,
the true ground truth labels (in our case SDMT performance) should also be
kept locally. In the study described in chapter 9, each client computer shared
descriptors of both the predicted and true ground truth distributions with the
server, which could then be analysed. Although the data indicated that the
model did not provide meaningful individual predictions, it is impossible to
thoroughly analyse the behaviour of the model on an individual level.

The question therefore arises whether ground truth labels and predictions
can be shared with the server to allow thorough model evaluation. Scatter
plots have been around for decades to evaluate the relationship between two
variables, which visually and anonymously reveals the individuals values of
a certain variable. Federated learning is a young research field, and future
research should reach consensus about guidelines in model assessment in a
decentralised context.

11.2.3 Methodological considerations

The most popular way of performing federated learning is the federated av-
eraging (FedAvg) algorithm proposed by McMahan et al. 2016 [12]. This
is however not the only method for aggregating models, which are outlined
chronologically in Moshawrab et al. 2023 [13]. The privacy concerns outlined
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above are also reflected in the aggregation process, for example the “Differen-
tial Privacy Average Aggregation” method [13], including a “privacy budget”
parameter to control the level of privacy conservation during aggregation.

11.2.4 The contribution of clinical partners

Federated learning could provide a unique way of driving international col-
laboration between clinical partners. Clinical input for model development is
indispensable for models to be explainable and trustworthy, while Al-related
research questions can be developed in a multidisciplinary setting. This assures
model robustness from a technical point of view, while maximising clinical rel-
evance of the research questions being addressed.

11.3 The role of XAI in future Al studies

Explainable Al was introduced in chapter 4, but has received little attention
in this thesis beyond the discussion on user trust in chapter 8. In the con-
text of investigating the relationship between structural MRI and cognition in
MS, the central theme of this thesis, XAl could however play an important
role in the future. Assuming future studies are able to train more accurate
models to predict cognitive performance from structural MRI when sufficient
high-quality data is available, these models can be assessed with XAI. Brain
regions that the model deemed important for the prediction can subsequently
be highlighted in the input images. This additional information allows clinical
MS experts to compare the model’s behaviour with their expertise in the field,
potentially inducing trust in the model [14]. Moreover, it could lead to new
insights in the relationship between structural MRI and cognition in MS.

11.4 The big picture and future perspective

The ultimate goal of any research endeavour in MS is to improve the well-
being of patients. As we live in an increasingly digitalising era, it is important
to take advantage of available tools such as smartphones and high computa-
tional power to generate and process data towards better understanding and
management of the disease. Especially in a heterogeneous disease like MS,
personalised medicine is crucial to optimise care. Although this thesis did not
offer a solution for the paradox between structural damage on brain images
and cognitive impairment, it showcased how we can make better use of cur-
rently available digital tools to address the paradox and many other research
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questions still to come. In terms of cognitive follow-up for example, training
AT models on icognition data could personalise cognitive follow-up by identi-
fying patient-specific trends and predict potential deterioration.

Linear regression was a central methodological choice in this thesis. It was
first used to construct a brain age model, and later on in the context of transfer
learning to obtain a cognition decoding model. This might be an oversimpli-
fication from a neurobiological point of view, but it is in general considered
good practice to start with a simple benchmark model, on which can be im-
proved subsequently. Indeed, in the context of brain age, linear regression for
example ignores the fact that white matter and hippocampal volume increases
until approximately middle age (chapter 8). The same argument of oversim-
plification applies to (1) using only T1-weighted brain images to model the
ageing brain and cognitive impairment, on which neuroinflammatory damage
is less visible, and (2) only training the last layer of a brain age network to
predict cognitive performance.

Besides the argument of benchmarking, methodological choices were lim-
ited by data availability. By presenting three solutions for this problem in this
thesis, future research might be able to explore more complicated models that
better approximate the disease process occurring in MS. In this light, it is
important to keep in mind that more complex models come at the cost of re-
duced interpretability. We might therefore risk using a model of which we are
unaware of limitations and biases. Explainable Al could offer a solution in this
regard, and might additionally reveal new insights in the clinico-radiological
paradox, much like XAI helped guide human focus on the background of skin
images for diagnosing skin cancer [15]. It should moreover be highlighted
that the results presented in this study are not limited to MS. Especially the
concept of transfer learning and federated learning are universally applicable,
while after validation, icognition might prove useful in other diseases charac-
terised by cognitive decline such as Alzheimer’s Disease.

In conclusion, this thesis presented benchmark results of using digital tools
to address the clinico-radiological paradox in MS. It underlines the import-
ance to invest in targeting a sufficiently large data base, driving meaningful
Al research. By addressing this important issue in the future, AI could help
demystifying the clinico-radiological paradox in MS, ultimately leading to in-
formed clinical decision making in addressing the burdensome symptom that
is cognitive impairment in MS.
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