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Abstract

Idiopathic normal pressure hydrocephalus (INPH) is a neurological
disorder characterized by impaired gait and balance, cognitive decline
and incontinence, in combination with enlarged lateral ventricles.
Although symptoms can often be alleviated through surgical insertion of
a cerebrospinal fluid (CSF) shunt, a substantial proportion of patients do
not improve after surgery. There is therefore a need for new analytical
methods that can extract more informative features from MRI to
improve diagnostic and prognostic accuracy.

This thesis consists of the work from four papers with the overall aim to
develop and assess artificial intelligence (AI)-based and fully automated
MRI-based methods, to improve objective assessment and shunt
decision support in INPH.

Several well-known convolutional neural networks (CNNs) were applied
to 3D brain magnetic resonance imaging (MRI) data to distinguish
between participants with an INPH-typical gait pattern and controls. An
ensemble model search was developed to find the optimal ensemble for
the task at hand, by optimizing combinations of diverse models. A fusion
search strategy was also developed, to determine the optimal fusion
points for information fusion between different MRI sequences. Shunt
outcome prediction was evaluated with both deep learning approaches,
using the two search algorithms, as well as with radiomics-based
machine learning models. Finally, a fully automated pipeline was
developed for assessment of disproportionally enlarged subarachnoid
space hydrocephalus (DESH), utilising image segmentation and image
analysis techniques to determine a quantitative DESH metric (QDESH).
The work was conducted on brain MRI from one population-based
cohort (Paper I), two open access datasets (Paper II), a clinical cohort of
shunted INPH patients (Paper III) and a retrospective cohort of INPH
patients and controls (Paper IV).

All CNNss distinguished between gait-impaired and controls, in terms of
a chi-square test of independence. The optimized ensemble model
achieved the highest classification performance, exceeding that of the
individual networks and conventional radiological measures. The results
support the presence of detectable structural differences in brain MRI
between the groups. The sequential search of multimodal fusion points
improved classification performance compared with unimodal and

iii



conventional fusion strategies, while reducing computational cost.
However, when applying these methodologies to predict shunt outcome,
no model achieved clinically sufficient performance. These findings
indicate that structural MRI alone is not yet reliable for shunt prediction
in INPH. The fully automated qDESH pipeline demonstrated high
agreement with the established semi-automatic gDESH method,
although the agreement was lower than between two raters of the semi-
automatic method. The automated measure of gDESH aligned well with
visual assessment of DESH.

In conclusion, this thesis advances methodologies for Al-based and
automated brain MRI analysis, particularly for INPH. Introducing and
evaluating an optimized ensemble strategy, a systematic multimodal
fusion approach, and a fully automated quantitative imaging pipeline,
the work demonstrates both the potential and the current limitations of
advanced and automated MRI analysis in INPH. The fully automated
gDESH pipeline showed good agreement with both the semi-automatic
method and visual DESH ratings, although further refinement is
required before it can be applied in clinical practice. While CNNs can
capture differences in brain MRI beyond conventional linear measures,
they cannot yet predict shunt response in a clinically useful way.
Structural MRI data alone might be insufficient, and additional non-
imaging data might be required. The findings highlight the importance
of diversity across models and imaging sequences to improve data-
driven image assessment. The need for large clinical datasets is a
limiting factor, making collaboration among multiple centres necessary
to enable further methodological developments. The methodological
approaches and insights presented here may also be transferable to other
neurological disorders in which MRI plays a central diagnostic role,
thereby contributing more broadly to the neuroimaging field.
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Popularvetenskaplig sammanfattning
pa svenska

Idiopatisk normaltryckshydrocefalus (INPH) ar en sjukdom som
drabbar ildre personer, och blir vanligare ju dldre man blir. Symtomen
paminner mycket om vanliga tecken pa aldrande; man far simre géng
och balans, problem med minnet och inkontinensbesvir. Men det finns
behandling som kan lindra symptomen. Behandlingen bestéar av att en
shunt sétts in, en slang som leder bort vitska fran hjarnan. Omkring 50—
90 procent av patienterna som opereras blir battre i sina symptom, men
man vet inte varfor behandlingen inte fungerar for alla. Vi behover forsta
sjukdomen bittre, for att battre vilja ut vilka som ska fa en
shuntoperation.

Vid en magnetkameraundersokning av huvudet kan man se att hjarnan
hos INPH-patienter har fatt en annan form. Framfor allt ar det
vatskeutrymmena i och kring hjarnan som férandras. Det viktigaste
tecknet ar att det stora halrummet mitt i hjarnan ar forstorat. Ofta ser
man ocksa att vitskeutrymmena ovanfor hjarnan ar mindre, samtidigt
som det har blivit mer plats pa hjarnans sidor. Detta monster kallas
DESH. Det har utvecklats manga testmetoder, bade for att stilla diagnos
och for att uppskatta om patienten kommer att bli biattre av en
shuntoperation, som bygger pa matningar av hjarnan och
vatskeutrymmena. Dessa tester tar tid att utféra och bygger pa att
lakaren har erfarenhet eftersom flera av testerna ar subjektiva. Detta gor
det svarare att jamfora patientgrupper mellan olika sjukhus. Det ar inte
heller klarlagt hur hjarnans féorandrade form hianger ihop med
symptomen, eller forvantad forbattring av en operation.

Artificiell intelligens (AI) anvinds i allt storre utstrackning for att
analysera data. For medicinska bilder anvinds ofta faltningsnatverk,
som ir en typ av djupa neurala nitverk. Genom att testa om flera,
vialkianda faltningsnatverk kunde skilja mellan hjarnor hos personer med
typiska INPH-symtom, i det har fallet gdngstorning, och personer utan
gangstorning, kunde vi undersoka om hjarnforandringarna hanger ihop
med symptomen. Med den har metoden kunde vi ocksd undersoka om
hjarnans forandrade form kunde sidga nagot om vilka som blir battre av
en shuntoperation, med malet att forbattra urvalet av patienter till
operation. Nar vi undersokte detta anviande vi ocksa tabeller med olika



kvantitativa métt som beridknats fran bilderna (radiomics), och tranade
enklare maskininlarningsmodeller pa samma uppgift.

Vi anvinde de tranade faltningsnatverken, inte bara var och ett for sig,
utan ocksé tillsammans i en ensemble. For att forhoppningsvis forbattra
resultaten fran de enskilda niatverken skapade vi en algoritm som sokte
efter den basta kombinationen av nitverk. Algoritmen optimerades for
kombinationer av natverk som gjorde olika fel, men samtidigt hade bra
resultat pa uppgiften.

Vi utvecklade ocksa en algoritm som optimerade nar man ska viga
samman information fran olika bilder, om man anviander mer an en bild
fran varje patient i sitt natverk. Genom en stegvis sokning analyserade
algoritmen hur djupt i natverket det ar optimalt att blanda information.

For att battre kunna jamfora patienter mellan varandra ar det bra om
matten som tas pa hjarnorna ar kvantifierbara. gDESH ar ett kvantitativt
matt pA DESH, som kan berdknas genom en halvautomatisk
programvara. Vi utvecklade ett program som helt automatiserar
berdkningen av qDESH, for att spara tid for ldkarna och underlitta
spridningen av detta matt.

Véra resultat visade att faltningsnatverken kunde skilja mellan
hjarnorna hos personer med och utan gangstérning. Bist resultat fick
ensemblen som skapades av sokalgoritmen. Det har kan betyda att det
finns flera olika anledningar till gingstorningen som syns i hjarnan, och
att olika natverk hittar olika strukturer for att forklara detta. Resultaten
visar att det finns nagot att undersoka vidare, for att forsta vad
nitverken baserar sin uppdelning pa.

Algoritmen som stegvis sokte efter bra punkter att blanda olika bilder
hittade en modell som presterade bittre dn alla andra jamforda
modeller, och framfor allt battre 4n om man bara anviander en enda
bildtyp. Genom att anvinda den hir algoritmen kan man fa hjalp med
nar man ska blanda information, och spara mycket berakningskraft
eftersom man inte behover testa alla mgjliga varianter.

Nar vi undersokte hjarnbilderna for att hitta de patienter som
forbattrades av shuntoperation, hittade visserligen ndgra natverk en
skillnad, men den var inte sa tydlig att resultaten kan forbattra
arbetsgangen pa sjukhusen idag. Det héar kan bero pa att det dataset vi
anvande var for litet for att modellen skulle lara sig att hitta skillnader,
men det kan ocksa betyda att det inte finns tillracklig information i



bilderna for att helt forklara om en patient kommer férbattras av en
shuntoperation. Det hander troligen mycket i hjarnan som inte syns pa
bilderna. En fortsittning pa denna studie skulle kunna vara att ta med
annan typ av data nir man tranar natverken, till exempel patientens
alder, hur lange patienten har haft symptom, vilka symtom det giller,
och vilket tryck det ar i hjarnan.

Den automatiska qDESH-berdkningen stimde bra 6verens med den
halvautomatiska, men programmet hade svarigheter att avgora vad som
var ben och vad som var vitska. Detta gjorde att de tva metoderna inte
hade lika 6verensstimmande resultat som nir tva olika personer
anviande den halvautomatisk metoden, framfor allt nar vardena var
hoga. Nar den automatiska metodens resultat jimfordes med tva likares
manuella bedomning av DESH stamde det 6verens bra. I dagslaget kan
programmet anvandas i forskningssyfte nar man framst tittar pa grupper
av patienter, men det behover bli battre for att kunna anvidndas pa
sjukhus.

Den hir avhandlingen visar olika sitt att anvianda Al och bildbehandling
for att undersoka magnetkamerabilder, framfor allt vid INPH. Vi har
visat att det finns en koppling mellan hjarnfoérandringar och den
gangstorning som ar vanlig hos patienter med INPH, men att Al idag
inte kan forutse vilka som forbattras av en shuntoperation, enbart
genom att analysera hjarnbilder. Det finns manga fordelar med att ha
kvantitativa métt pa hjarnforandringarna, och genom att utveckla en helt
automatisk metod underlittar vi spridningen av qDESH och minskar det
manuella arbetet. For att med AI battre kunna analysera INPH och vilka
som forbattras av en shuntoperation behovs storre, standardiserade
dataset med mer information &n bara bilder. Den hir typen av modeller
skulle da kunna bli ett tidseffektivt och objektivt verktyg for lakare som
arbetar med &ldre patienter.

vii



viii



List of publications

This thesis is based on the work presented in the following papers and
manuscripts.

Paper I:

Klara Mogensen*, Valerio Guarrasi*, Jenny Larsson, William
Hansson, Anders Wahlin, Lars-Owe Koskinen, Jan Malm, Anders
Eklund, Paolo Soda, Sara Qvarlander. An optimized ensemble search
approach for classification of higher-level gait disorder using brain
magnetic resonance images. Computers in Biology and Medicine, 2025;
184: 109457 **

Paper II:

Valerio Guarrasi, Klara Mogensen, Sara Tassinari, Sara Qvarlander,
Paolo Soda. Timing Is Everything: Finding the Optimal Fusion Points in
Multimodal Medical Imaging. Proceedings of 2025 International Joint
Conference on Neural Networks, 2025 **

Paper I1II:

Klara Mogensen, Valerio Guarrasi, Sofia Behndig, Johan Eriksson De
Ryst, Paolo Soda, Anders Eklund, Jan Malm, Sara Qvarlander. Can AI
applied on MRI reliably predict shunt response in INPH? A
comprehensive exploration of deep learning and radiomics approaches
using preoperative MRI. In manuscript.

Paper IV:

Klara Mogensen, Sofia Behndig, Afroditi Lalou, Anders Wahlin,
Anders Eklund, Jan Malm, Sara Qvarlander. Automated computation of
a quantitative DESH score in Brain MRI for reproducible radiological
assessment of hydrocephalus. In manuscript.

* The authors contributed equally to this work.

** Reprinted with permission.






List of abbreviations

AC

AD

Al
AUROC
B-accuracy
CI
CNN
CSF

CT
DESH
DL

DP

EI
FLAIR
F-score
HLGD
ICC
INPH
ML
MMTM
MNI
MRI
PC
qDESH
SEM
SFSA
SD
Ti-w
To-w

Anterior commissure

Alzheimer’s disease

Artificial intelligence

Area under the receiver operating characteristic curve
Balanced accuracy

Confidence interval

Convolutional neural network
Cerebrospinal fluid

Computed tomography
Disproportionately enlarged subarachnoid-space hydrocephalus
Deep learning

Decision profile

Evans’ index

Fluid-attenuated inversion recovery
F1-score

Higher-level gait disorder

Intraclass correlation coefficient
Idiopathic normal pressure hydrocephalus
Machine learning

Multimodal transfer module

Montreal Neurological Institute

Magnetic resonance imaging

Posterior commissure

Quantitative DESH

Standard error of the mean

Sequential Fusion Search Algorithm
Standard deviation

T1-weighted

T2-weighted

Explainable artificial intelligence

Xi






1 Introduction

Gait disturbance, cognitive decline, and urinary incontinence in older
adults are often dismissed as normal consequences of ageing. Yet for
some individuals, these symptoms arise from the potentially reversible
disorder idiopathic normal pressure hydrocephalus (INPH). Many INPH
patients experience symptom relief by insertion of a ventriculoperitoneal
shunt [1,2]. INPH is therefore sometimes described as a treatable form
of dementia. INPH has an estimated prevalence of 1.5% in the
population above 65 years old, increasing to 7.7 % among those over 80
[3—5]. With an ageing population, the number of patients requiring
accurate diagnosis and treatment is thus expected to rise. However,
electing patients for surgery remains challenging, with improvement
rates around 50-90% [6]. The current radiological and physiological
assessments appear to capture only part of the underlying pathology,
motivating the development of more objective and data-driven
approaches. Artificial intelligence (AI) methods may be particularly
suitable for this purpose, as they can identify complex patterns in
imaging data that may not be captured by conventional visual or linear
measurements [7].

As the name implies, the cause of INPH remains unknown, and the
intracranial pressure is typically near normal or slightly increased [8]. A
characteristic finding in cerebrospinal fluid (CSF) dynamics, however, is
an increased resistance to CSF outflow [9]. INPH patients present with
enlarged lateral ventricles together with a characteristic triad of
symptoms: impaired gait and balance, cognitive decline, and urinary
incontinence [10,11]. Since the pathophysiology of INPH is not fully
understood, the diagnosis and selection for shunt surgery relies on a
combination of clinical and physiological assessments together with
neuroimaging assessments, often based on magnetic resonance imaging
(MRI), to rule out overlapping differential diagnoses and estimate the
prognosis for improvement from shunting [10,11]. However, there is yet
no combination of assessments that provides optimal results in this
regard [12—14].

Radiological assessments for INPH involve measures that reflect altered
CSF distribution, and several rely on subjective interpretation.
Established quantitative metrics require expertise and manual effort
[10,11], which limits scalability and comparability across centres. Brain
MRI provides information beyond what these measures can capture, and



more than one imaging sequence is often acquired per patient. This
motivates the development of more advanced methods that can uncover
imaging patterns beyond traditional assessments, and automated
pipelines that can standardize quantitative measures to enable more
objective and scalable tools for evaluation.

AT offer opportunities to analyse the MR images in new ways. Neural
networks can process large numbers of medical images together with
clinical outcomes, such as symptoms or level of improvement, and may
detect patterns or relationships beyond current radiological knowledge
[15]. Automated and quantitative methods also have potential to reduce
subjectivity and manual workload for the clinician, increasing
reproducibility and facilitating analyses across larger and more diverse
cohorts.

This thesis explores how AI methods can enhance our understanding
and assessment of INPH. It investigates whether brain imaging features
are related to the cardinal feature of the disorder, i.e., the gait disorder,
and to improvement after shunt surgery. To leverage complementary
information across networks and imaging sequences, this thesis aimed to
develop and evaluate ensemble-based and multimodal neural network
models. In addition, it aimed to establish a fully automated pipeline for
obtaining a quantitative measure of disproportionally enlarged
subarachnoid space hydrocephalus (DESH), which is used in INPH
investigations to assess how the CSF is distributed around the brain.
This pipeline is based on an established manual method but removes the
need for subjective interpretation and manual labour, enabling more
consistent measurement and potentially supporting future clinical and
research applications. Together, these approaches aimed to improve
both the clinical work-up of INPH and our overall understanding of this
complex condition.



2 Background

This chapter provides a background to the research presented in this
thesis. It begins with a brief explanation of the cerebrospinal fluid (CSF)
system, which is important in patients with INPH. INPH is then
described, including the characteristic gait disturbance often seen in
these patients and how patients are radiologically assessed today, as well
as a newly developed quantitative radiological measure. The chapter
then continues with an introduction to MRI, including how images can
be pre-processed and analysed, and concludes with an overview of
machine learning and deep learning, as well as how such models are
trained and evaluated.

2.1 The cerebrospinal fluid system

CSF surrounds the brain and spinal cord. It consists mainly of water and
functions as a shock absorber, reduces the effective weight of the brain,
and helps maintain a stable extracellular environment. In the classical
view, most CSF is produced by the choroid plexus, which is located in the
ventricles, see Figure 1. From there, it circulates through the ventricular
system and into the subarachnoid space around the brain and spinal
cord before being reabsorbed into the bloodstream via arachnoid
granulations in the dural venous sinuses [16].

Arachnoid granulations

Subarachnoid space
Choroid plexus

Lateral ventricle

Tllustration by Britta S6derkvist, 2026.
Figure 1, Schematic of the brain and cerebrospinal system.



More recent research has expanded this view by describing the
glymphatic system, which acts as a waste-clearance pathway in the brain
[17]. In this theory, the CSF flows not only in the subarachnoid space,
but also enters the brain parenchyma, facilitating the removal of
metabolic waste products such as amyloid-f. In addition to production
in choroid plexus, a substantial portion of CSF is exchanged with
interstitial fluid along perivascular spaces, and clearance occurs partly
through perivenous outflow pathways that connect to cervical lymph
nodes or recirculate back to the subarachnoid space.

CSF dynamics refers to the processes regulating CSF production, flow,
and absorption within the brain and spinal canal. The total intracranial
CSF volume in adults is approximately 300 mL [18], and the daily CSF
production is around 500 mL [19,20], meaning the CSF volume is
renewed every day. CSF movement is influenced primarily by cardiac
and respiratory pulsations [21], and the glymphatic clearance appears to
be more active during sleep [22]. Normal mean intracranial pressure
ranges from about 7.5 to 15 mmHg [23] and reflects the balance between
CSF production, circulation, and absorption.

2.2 Idiopathic normal pressure hydrocephalus

Of disorders involving altered CSF dynamics, INPH is one of the most
common [5]. It affects older adults, and becomes more common with
age, with a reported prevalence of 1.5 % in individuals aged 65 years or
older and 7.7% among those older than 80 years [3—5]. The classic
symptom triad consists of impaired balance and gait, sometimes
combined with cognitive impairment and/or incontinence. The insidious
onset and overlap with other diseases can complicate diagnosis. Many
patients experience symptom improvement after shunt surgery, with gait
often showing the most pronounced response [2]. Cognition and
incontinence may also improve, although typically to a lesser extent [24].

A major clinical challenge is, apart from identifying which patients have
INPH, determining which patients are likely to benefit from shunt
treatment. Because INPH is a diagnosis that requires exclusion of other
conditions, and comorbidities are common in this patient group,
determining suitability for shunt surgery can be difficult [25]. Reported
shunt improvement rates vary widely, typically ranging from
approximately 50% to 90% depending on study design and patient
selection [1,2,6,26]. However, shunt surgery is associated with a risk of
complications. Among patients undergoing shunt surgery for INPH,



approximately 10% develop subdural hematomas [27]. A number of
clinical tests and radiological assessments are therefore used to help
identify patients who are most likely to benefit from surgery [28].
Nevertheless, many of the commonly used assessments have the
limitation that patients with radiologically or physiologically normal
findings may still improve after surgery [29,30]. This uncertainty
highlights an important gap in current clinical practice and underscores
the need for alternative methods for evaluating INPH.

2.2.1 Higher-level gait disorder

Gait disturbance is the most characteristic feature in INPH and is often
the first component of the clinical triad to appear [31]. It is also the
symptom that most frequently improves after shunt surgery [2]. The gait
pattern in INPH is typically symmetrical and broad-based, with reduced
step height and step length. It is often described as shuffling or
magnetic, and freezing may occur [11].

This gait pattern reflects dysfunction in the higher-level nervous system
and is therefore categorized as a higher-level gait disorder (HLGD) [32].
HLGD is defined as a gait impairment that cannot be explained by
dysfunction in lower- or mid-level motor systems, such as peripheral
motor or sensory pathways, pyramidal tracts, in the cerebellum, or the
basal ganglia. Although characteristic in INPH, HLGD can also occur in
other conditions, including cerebrovascular disease and
neurodegenerative disorders [33].

By investigating the relationship between gait disturbance and brain
structure, a deeper understanding of the underlying mechanisms in
INPH may be achieved, and potentially more accurate tools for patient
assessment can be developed.

2.2.2 Guidelines

Two sets of international guidelines, which are currently being revised,
outline current recommendations for the diagnostic evaluation of INPH;
the American-European guidelines [11], and the Japanese guidelines
[10]. Both incorporate clinical findings and radiological markers,
although they emphasize certain aspects differently, with the Japanese
guidelines generally applying stricter criteria [3]. Both guidelines
distinguish between probable INPH and possible INPH, the latter
representing a less certain diagnosis



2.2.3 Radiological markers

The most characteristic radiological finding associated with INPH is
enlarged lateral ventricles, which is required before the diagnosis can be
considered [11]. This is commonly determined using Evans’ Index (EI)
[34], defined as the ratio between the maximum width of the frontal
horns and the maximum intracranial width on the same axial slice,
depicted in Figure 2. An EI greater than 0.30 is often used as a threshold
suggesting ventriculomegaly. A related measure is the z-EI, which uses
the ratio between the height of the frontal horns and the height of the
intracranial space above the frontal horns on the same coronal slice
instead. A z-EI above 0.42 has been proposed as a complementary cutoff
value in the evaluation of INPH [35]. Another way to assess
ventriculomegaly is to measure the ventricular volume, where the limit
for enlarged ventricles has been determined to >77 mL [36]. However,
ventricular enlargement can also occur in cerebral atrophy, which is one
of the reasons why additional radiological markers are used to
differentiate INPH from other conditions.
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Figure 2, Two important radiological measures for INPH. The Evans’ index is
computed as the ratio of the width of the frontal horns and the intracranial
width, depicted to the left. The callosal angle is presented to the right.

One commonly used measure is the callosal angle [37], defined as the
angle between the medial walls of the lateral ventricles on a coronal
image through the posterior commissure, see Figure 2. In INPH the
angle is often below 90°, and this can assist in differentiating INPH from
disorders such as Alzheimer’s disease [37]. Another key feature,
especially in the Japanese guidelines, is disproportionately enlarged
subarachnoid-space hydrocephalus (DESH) [13], which describes



ventriculomegaly with the combination of enlarged Sylvian fissures and
tight subarachnoid spaces over the high convexities. Enlargement of the
temporal horns of the lateral ventricles is also considered in the
American-European guidelines as an additional supportive marker. To
support more standardized radiological assessment, the INPH Radscale
[38] was introduced in 2017, integrating imaging features described in
both guidelines into a structured diagnostic scoring tool.

In addition to these structural measures, several physiological imaging
markers have been described. Periventricular signal changes on MRI
may reflect altered water content in the adjacent brain tissue and have
been proposed as a marker in both diagnostic evaluation and shunt
selection [11,30], although such changes alone are nonspecific and are
also common in small vessel disease and cerebral atrophy. Perfusion
methods such as single-photon emission computed tomography (SPECT)
or perfusion MRI have shown regional blood-flow alterations in some
INPH cohorts, but these findings have limited diagnostic value and are
not recommended for routine assessment [10]. CSF flow-related MRI
features, including aqueductal flow voids and altered CSF stroke
volumes have also been investigated, but the available evidence does not
support their use as predictors of treatment response [39,40].

Overall, the radiological structural measures of INPH rely mainly on a
few predefined landmarks that describe the relationship between the
brain and the CSF spaces, while physiological imaging techniques
provide additional but currently limited clinical insight. Much of the
information contained in the brain images likely remains unexplored by
these conventional radiological measures, and the interpretation often
depends on the experience of the rater. This motivates the exploration of
other approaches, such as Al-based image analysis, which may reveal
additional patterns or shapes associated with INPH and improve
diagnostic evaluation.

2.2.4 qDESH

gDESH is a quantitative method to assess DESH [41]. In a brain volume
aligned to the anterior commissure-posterior commissure (AC-PC) line
and the midsagittal plane, qDESH is the ratio between the combined
CSF volumes of the two Sylvian fissures and the CSF volume at the high
convexity. Both measures are evaluated at the level of the PC and 20 mm
anteriorly. The high-convexity CSF volume is restricted to the uppermost
30 ml of this search volume within the dura. For the Sylvian fissures,
CSF volumes lateral to the cerebellar border are constrained to lie within



10 mm of the Sylvian fissure midline, whereas no distance restriction is
applied medially.

gDESH is implemented as a semi-automatic tool that requires manual
input to define anatomical regions of interest. While this approach
improves objectivity compared to purely visual assessment, the need for
manual interaction limits scalability and clinical utility, motivating the
development of a fully automated method.
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Sylvian fissures

Figure 3, gDESH. The three regions that compose the gDESH metric, computed
in the semi-automatic software.

2.3 Magnetic resonance imaging

Both computed tomography (CT) and MRI are used in the evaluation of
INPH. CT is often used as an initial screening tool to detect ventricular
enlargement, whereas MRI is typically preferred as part of the diagnostic
work-up [10]. MRI provides superior soft tissue contrast and a wider
range of imaging sequences that can highlight structural and
physiological brain features.

MRI covers a broad range of sequences which can highlight different
features of the imaged tissue. The technique works by measuring the
behaviour of hydrogen nuclear spins. When placed in the strong static
magnetic field of an MR scanner, the magnetic moments associated with
hydrogen nuclei spins partially align with the main magnetic field,



producing a net longitudinal magnetization. Individual magnetic
moments precess around the magnetic field at the so-called Larmor
frequency, but their phases are randomly distributed, resulting in no net
transverse magnetization. An applied radiofrequency pulse tips the
magnetization away from the longitudinal axis and brings the spins into
phase, creating a transverse component of the net magnetization that
precesses coherently and induces a voltage in the receiver coils. After the
radiofrequency pulse, the signal decays as the spins lose phase coherence
(T2-relaxation) and as the longitudinal magnetization recovers back
towards equilibrium (T1-relaxation). Different tissues have different T1
and T2 relaxation times, which produce the contrast seen in MRI images
depending on the sequence used.

To determine where the MR signal originates in the body, the MR
scanner applies gradient magnetic fields in addition to the strong static
field. These gradients introduce small, controlled variations in the
magnetic field strength across space, causing the Larmor frequency and
phase of the nuclear spins to differ depending on their location. By
applying gradients in three orthogonal directions, three-dimensional
images can be reconstructed.

T1-weighted (T1-w) images are one of the most common sequence types
for brain imaging. These show white matter as bright, grey matter as
intermediate, and CSF as dark, which makes them suitable for structural
assessments. T2-weighted (T2-w) images are another very common
sequence type, where CSF appears bright, while white matter is darker
than grey matter. T2-w sequences are useful for detecting edema or
inflammatory changes as regions with increased water content appear
bright on these images. A commonly used variant of the T2-w sequence
is T2 FLAIR (fluid-attenuated inversion recovery), which suppresses the
CSF signal while maintaining the T2-w contrast in the brain tissue. This
makes periventricular white matter hyperintensities more easily
distinguishable which is particularly relevant in the assessment of INPH

[42].

2.4 Medical image analysis

In clinical practice, brain images are typically assessed by a
neuroradiologist, who visually inspects the images for previously
described radiological signs in order to support a diagnosis and exclude
other potential causes of the patient’s symptoms. While this approach
benefits from expert clinical judgement and contextual interpretation, it



is resource-intensive and subject to observer variability. In a research
context, medical image analysis aims to extract meaningful information
from imaging data, often in a reproducible and quantitative manner. To
ensure that images from different MR scanners, sequences, and subjects
can be compared, several preprocessing steps are often required.

Standard structural MRI does not use an absolute intensity scale, so
identical tissues can appear with different voxel intensities depending on
scanner hardware, sequence type, and acquisition parameters. Pixel
intensity normalization can be applied to bring the images to a common
range. Intensity variations can also occur within a single MRI volume,
due to receiver coil sensitivity, why bias-field correction is often applied.

For many applications, it is desirable that the brain image has the same
orientation and coordinate system across subjects. For this,
neuroimaging reference spaces exist. A widely used example is the
Montreal Neurological Institute (MNI) space [43], which provides
population-derived template brains and coordinate systems. Aligning
images to such a template enables group-level comparisons and supports
the use of predefined anatomical labels.

A central task in medical image analysis is the segmentation of
anatomical structures, i.e., identifying and labelling tissues or regions of
interest such as ventricles and cortical areas. Although manual
segmentation is considered a reference standard, it is time-consuming
and requires anatomical expertise. These limitations restrict the number
of images that can be reliably processed and may introduce subjectivity
into quantitative measurements. To overcome these challenges, various
automated and semi-automated software packages have been developed.
Tools such as FreeSurfer [44] and SPM12 [45,46] use predefined
anatomical probabilistic atlases, statistical models and intensity-based
methods to perform tasks including skull stripping, tissue classification,
and cortical parcellation for brain regions. These pipelines are widely
adopted and are reproducible, enabling large-scale studies that would
not be feasible with manual segmentations alone. Automated
segmentation also facilitates the use of established labels for specific
regions, which support consistent reporting across studies. More recent
approaches extend these ideas using machine learning or deep learning
to further reduce manual intervention and potentially capture more
complex patterns in the data [47,48].
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2.5 Machine learning

In AI, machine learning (ML) refers to a class of algorithms that learn
patterns from data and use this knowledge to make predictions or
decisions on unseen data. ML is therefore a broad term, encompassing
methods ranging from linear regression and decision trees to more
computationally demanding models such as large neural network models
[49]. ML models can be trained using different learning paradigms, most
commonly supervised and unsupervised learning.

This thesis focuses on supervised classification tasks. In supervised
learning, the model is provided with input data together with
corresponding labels, such as a disease diagnosis or a segmented image.
The objective is to learn a function that maps inputs to outputs by
minimizing a predefined loss function, and typical tasks include
classification and regression.

In medical image analysis, many clinical tasks can be formulated using
labelled data, such as diagnoses, treatment outcomes, or expert-defined
segmentations, although the need for expert annotation makes data
collection time-consuming and costly. As a result, supervised learning is
central to many medical AI applications, despite growing interest in
semi-supervised and self-supervised methods [50].

2.5.1 Neural networks

Neural networks are a class of ML models consisting of interconnected
computational units, often referred to as neurons. The neurons are
organized in layers, with an input layer, one or more hidden layers, and
an output layer. Each connection between two neurons also has a weight,
which determines how strongly the signal from one neuron influences
the next and is adjusted during training to minimize the loss function.
Deep learning (DL) is a subset of ML, characterized by neural networks
with multiple hidden layers. In this thesis, however, the term machine
learning will be used to refer to traditional, non-deep learning methods,
while deep learning refers specifically to models based on deep neural
networks.

2.5.2 Deep learning and convolutional neural networks

DL models use stacked computational layers that create increasingly
abstract representations of the data. Different layer types perform
distinct operations within the network, such as feature extraction or
improving model generalization. Although the internal representations
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within these models are often difficult to interpret, their ability to model
complex, non-linear relationships has led to widespread adoption, in
tasks such as image recognition, speech recognition, and text
classification [51].

For image analysis, a widely used type of deep neural network is the
convolutional neural network (CNN) [52]. CNNs take advantage of the
spatial structure of images, where neighbouring pixels tend to contain
related information, and meaningful patterns often appear as clusters
rather than isolated pixels. By applying convolutional filters that scan
across the image, CNNs can automatically learn features such as edges,
textures, and shapes, and combine them into more complex
representations. Convolutional layers are computationally efficient
because they apply small kernels whose weights are shared across the
image, instead of using one weight per input unit as in fully connected
neural networks. These shared kernel weights are updated during
training, meaning that the number of learnable parameters does not
increase with the size of the input image. Stacking multiple
convolutional layers allows the network to learn increasingly more
complex patterns in the data.

2.5.3 Model training and evaluation

During network training, it is essential to reserve part of the data for
model evaluation. A common approach is to divide the dataset into a
training set, a validation set, and a test set, which is used only once after
training to provide an unbiased estimate of the final model performance.
Ideally, model performance should also be evaluated on an external
dataset acquired independently of the training process, as this provides a
stronger assessment of generalizability and reduces the risk of dataset-
specific bias.

Neural networks learn by iteratively minimizing a loss function that
corresponds to the difference between predictions and the expected
labels or values. The data are typically processed in mini-batches over
multiple epochs, where one epoch corresponds to training one on all
mini-batches in the training set. Model performance is monitored
throughout training, often using the validation set, to guide decisions
such as hyperparameter tuning or early stopping. Hyperparameters are
model settings defined before training, such as the learning rate or batch
size. Early stopping ends training when validation performance no
longer improves, helping to prevent the model from adapting too closely
to the training data.
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For smaller datasets, the split into training, validation, and test sets is
especially critical, as individual subjects can have a substantial influence
on the data distribution. To obtain more reliable performance estimates
under such conditions, cross-validation is often employed. In cross-
validation, the model is trained multiple times using different data splits,
and performance is averaged across these runs. When the splits are
constructed so that each fold preserves the class distribution of the full
dataset, the procedure is referred to as stratified cross-validation.

When using cross-validation, care must be taken to avoid data leakage,
meaning that the test set is no longer independent from the training set.
Leakage can occur if parts of the preprocessing are derived from the
distribution of the entire dataset rather than being computed using only
the training data within each split. In datasets that include multiple
images from the same individual, it is also essential to ensure that all
images from a given subject are kept within the same split.

After training is completed, the model performance is typically assessed
using evaluation metrics such as area under the receiver operating
characteristic curve (AUROC). For imbalanced datasets, the use of
accuracy can be misleading, therefore balanced accuracy (B-Accuracy) is
a better choice. B-accuracy is defined as the mean of sensitivity and
specificity. Another common metric is the Fi-score (here denoted F-
score), which is the harmonic mean of precision and sensitivity.

2.5.4 Transfer learning

A large number of neural network architectures have already been
developed, and for many tasks it is therefore impractical to design a
model entirely from scratch. Instead, existing networks are often
adapted to the task at hand by training them on task-specific data.

Many low-level features image learned by neural networks are shared
across tasks, such as the detection of edges, corners, or simple textures
in images. For this reason, models can be initialized using pre-trained
weights obtained from a different but related task rather than starting
from randomly initialized weights, as is done when training a model
from scratch. This strategy, known as transfer learning, is widely used in
deep learning and is particularly valuable in medical imaging
applications, where the amount of labelled data is often limited. During
training, all the pre-trained weights may then be fine-tuned for the new
task, although in some cases the weights in the earlier layers are kept
fixed while only later, task-specific layers are updated.
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2.5.5 Model generalization

A common challenge in medical imaging is overfitting, which occurs
when a model adapts too closely to the training data and fails to
generalize to unseen data. This can occur when the dataset is small
relative to the model complexity, allowing the model to learn patterns
that are specific to the training data rather than generalizable features.
As a result, an overfitted model typically shows substantially better
performance on the training set than on a test set. Overfitting is
particularly problematic in medical imaging, where datasets are often
limited in size and models can accidentally learn scanner- or subject-
specific characteristics.

There are several ways to counteract overfitting and improve a model’s
ability to generalize to unseen data. One approach is data augmentation,
in which the input images are modified during training in ways that
preserve the relevant information. Examples include flipping, rotating,
or adding small amounts of noise to the images. Data augmentation
effectively increases the variability of the training data and reduces the
risk of the model learning irrelevant patterns.

Another common strategy is the use of dropout layers, where a fraction
of the activations (e.g. layer outputs) is randomly set to zero during
training. This prevents the network from relying too heavily on
individual features and encourages more stable representations. Pooling
layers, which reduce the spatial resolution of feature maps, can also limit
model complexity and may therefore contribute to improved
generalization.

2.5.6 Ensemble learning

Selecting the optimal neural network architecture for a given task can be
challenging, different models may capture different aspects of the data.
Ensemble learning is therefore a strategy in which multiple models are
combined to produce a final prediction, and it has repeatedly been
shown to improve performance compared to using a single model [53]. A
key reason for this improvement is that ensembles can reduce model
variance and mitigate the impact of individual model errors.

For an ensemble to be effective, the included models should not only
perform well individually but also be diverse [54], meaning that they do
not make the same errors on the same data. Diversity can be achieved by
training models with different architectures. By combining such models,
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the ensemble can leverage complementary strengths, where one network
may misclassify a case, other networks classify correctly.

The final output of an ensemble can be obtained using different fusion
strategies, or aggregation functions, such as majority voting or averaging
predicted probabilities. Probability averaging can lead to more stable
predictions because it incorporates confidence information from the
models. On the other hand, if the predicted probabilities are poorly
calibrated, majority voting may be more robust [55]. Overall, ensemble
learning provides a practical approach to improve generalizability and
reliability, which is especially important in medical imaging applications
where datasets are often small and inter-subject variability is high.

2.5.7 Multimodal learning

Multimodal learning refers to methods that integrate information from
multiple data sources to improve predictive performance. In medical
imaging applications, combining complementary modalities can provide
a more complete representation of a patient’s condition than relying on a
single input type alone. For example, multimodal models may integrate
different imaging modalities such as CT and MRI, combine structural
images with derived representations such as segmentation maps, or use
multiple MRI sequences. A multimodal approach resembles clinical
radiological assessments, where several sequences are typically reviewed
together since they highlight different tissue properties and pathological
features.

A key design choice in multimodal DL is to choose how and when
information from different modalities is fused. In early fusion,
modalities are combined at the input level, for example by concatenating
different MRI sequences as separate channels of one input image before
training. In late fusion, each modality is processed by a separate model
or network stream, and the outputs are combined at the decision level,
for example by averaging predicted probabilities or using voting
strategies. Intermediate fusion refers to approaches where modality-
specific feature extraction is performed in the early stages of the
network, followed by sharing of features in later stages that enables
interactions between modalities.

The optimal fusion strategy can depend on the task, dataset size, and
practical constraints. Early or intermediate fusion can utilize the
multimodal interactions more directly but often requires careful
alignment between modalities and can increase computational cost. Late
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fusion is simpler to implement and may be more stable when modalities
differ in resolution or are occasionally missing.
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3 Research Rationale

Diagnosis and prediction of shunt responsiveness in INPH is challenging
due to overlapping symptoms with other age-related disorders and
incomplete understanding of the underlying pathophysiology. Brain MRI
is central to clinical evaluation, but current radiological assessment is
largely based on a limited set of predefined structural markers, several of
which rely on subjective interpretation and require manual effort,
limiting reproducibility and scalability across centres. At the same time,
MRI data contains high-dimensional anatomical information that is
likely not fully captured by conventional measures.

Advances in Al particularly DL, provide an opportunity to extract
clinically relevant patterns from imaging data in a more data-driven
manner. In this thesis, we adopt a whole brain approach, enabling
models to learn from the entire image, without restricting the analysis to
a predefined set of regions or measurements. In addition, for the existing
imaging markers there is also a need for methods that are stable,
quantitative and computationally feasible.

This thesis therefore investigates deep learning-based classification
using ensembles and multimodal fusion strategies to classify HLGD and
shunt response, as well as an automated pipeline for the radiological
measure JDESH. Together, these papers aim to contribute toward more
reproducible and scalable, clinically applicable imaging-based tools for
INPH assessment and decision support.
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4 Aims

The overall aim of this thesis was to develop and assess Al-based and
fully automated MRI-based methods, to improve objective assessment
and shunt decision support in INPH.

The specific aims of this thesis were:

*

To investigate whether whole-brain MRI contains sufficient
morphological information to distinguish older individuals with
HLGD from controls using CNN classifiers.

To develop and evaluate an ensemble search algorithm that
systematically identifies networks to include in an optimal
ensemble in order to improve classification performance.

To develop and evaluate a search algorithm for identifying
optimal fusion points in multimodal DL architectures for medical
imaging classification tasks.

To assess whether the developed DL-based methods, and
radiomics-based machine learning models, can provide clinically
relevant prediction of shunt responsiveness in patients with
INPH, using multi-sequence structural MRI.

To develop and validate a fully automated quantitative DESH

assessment pipeline (auto-qDESH) to enable stable and scalable
analysis of DESH without manual intervention.
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5 Materials and Methods

This thesis includes four papers whose methods and materials are
summarised in Table 1. In Paper I, an ensemble search algorithm was
developed for selecting individual CNNs to include in an ensemble
model for classification of individuals with HLGD using T1-w brain MRI.
Paper II proposes a sequential fusion search algorithm (SFSA) to
determine the optimal stage for fusing multi-sequence CNN streams in
brain MRI-based classification tasks. Paper III applied the models from
the previous papers, together with conventional ML models using
radiomic features to predict shunt response in a cohort of shunted INPH
patients. Finally, Paper IV developed a fully automated image analysis
pipeline for gDESH estimation.

Table 1, Overview of the methods and materials in the papers.

Method\Paper I II 111 v
Method development | V4 v
CNN v N4 v
Radiomics based ML V4
Ensemble models V4 V4
Multimodal models V4 V4
Classification task V4 v v
Automatization task J
Patient group HLGD Epilepsy, INPH INPH
Alzheimer’s
disease
Control group v v v
MRI sequence Ti-w T1-w, T1-w, T1-w
T2-w, T2-w,
T2 FLAIR T2 FLAIR

5.1 Ethical approval

The datasets used in this thesis were obtained from five different
cohorts. The study in Paper I was approved by the Regional Ethical
Review Board in Umea (Dnr. 2017-335-31M; 2017-528-32M) and all
participants provided written and oral informed consent.
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Paper II included two publicly available datasets: an epilepsy cohort and
the OASIS-3 dataset. The epilepsy cohort is openly available for anyone
whereas OASIS-3 can be accessed by the research community after
accepting their data use agreement and include a research statement.

The study in Paper III was approved by the Swedish Ethical Review
Authority (no. 2020-04469), and patients were informed by letter with
the possibility to opt out, deceased individuals were included.

The study in Paper IV was approved by the Regional Ethical Review
Board in Umea (Dnr. 2017/252-31) and all participants provided written
and oral informed consent.

All data were analysed in de-identified form and handled in accordance
with applicable ethical and data protection requirements.

5.2 Cohorts

The cohort used in Paper I is a subset of the participants in the VESPR
(Ventriculomegaly and Gait Disturbance in the Senior Population in the
Region of Visterbotten) cohort [56]. The total cohort consists of 1047
participants living in Umea municipality, aged 65-86. It is a population-
based cohort, collected to investigate gait disorders in the older
population. The inclusion was based on self-reported gait problems
through a survey. The participants underwent clinical assessments
including tests of gait, balance, cognition, and brain imaging. Based on
clinical assessment, the participants were diagnosed according to gait
disorder, resulting in four groups: HLGD, (other) neurological gait
disorder, non-neurological gait disorder and no (objective) gait disorder.
Four age and gender matched controls were invited per participant with
HLGD, chosen among the survey responses with no subjective gait
disorder. From this cohort, all participants with HLGD and T1-w MRI (n
= 73) and twice the number of controls (n = 146) were included.

Two openly available datasets have been used in this thesis for Paper II:
Epilepsy [34] and OASIS-3 [35]. The Epilepsy dataset consists of 85
patients with epilepsy and 85 healthy adult controls, age range 11—60
years. The patients were treated at University Hospital Bonn between
2006 and 2021, with histologically confirmed or radiologically suspected
focal cortical dysplasia type II. Only participants who were adults at the
time of data preparation were included. The dataset also includes
regions of interest of the lesions, histopathologic grading, as well as the
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patients’ improvement post-surgery. However, in this thesis only the
group labels Epilepsy and Control and the corresponding MRI data (T1-
w and T2 FLAIR) were used. The OASIS-3 dataset regards Alzheimer’s
disease (AD) and the subset used in this study consists of 1098
participants, with different stages of AD and healthy controls, age range
42—95 years. The subset used in this thesis consists of the 339 patients
with AD and 508 controls, that had both T1-w and T2-w brain MRI
available.

The cohort used in Paper III (Shunted INPH) is part of a cohort of
patients investigated for INPH at Umeéa University Hospital in 2007—
2019. All participants underwent clinical investigation due to suspected
INPH. The ones manifesting clinical and radiological signs of INPH
together with a positive CSF tap test and/or an elevated CSF outflow
resistance were considered eligible for shunt treatment. The subset used
in this thesis were the ones that underwent shunt surgery, had available
outcome data and preoperative MRI including T1-w, T2-w, and T2
FLAIR sequences. Patients were excluded if the time between symptom
assessment and surgery surpassed 1 year, if the follow-up assessments
were more than 2 years after surgery, or if the patient had a non-
functional shunt, or other relevant adverse event, at the follow-up
assessments. The shunt response was determined based on
postoperative gait speed improvement, measured as the average of up to
6 repetitions of a 10 m maximum gait speed test. Patients were classified
as responders (n = 113) if their gait speed was improved 0.16 m/s or
more, or non-responders (n = 36) if the improvement was less than 0.1
m/s. The cutoff is based on a previous study estimating minimal
clinically important difference in gait speed to be 0.16 m/s [57]. Patients
with improvement between 0.1-0.16 m/s, or clear improvement in
balance but not in gait speed, were excluded to provide a clear
distinction between the groups.

For Paper IV a retrospective cohort was used (QDESH). It consists of 35
patients diagnosed with INPH at Umea University hospital and 45 age
and gender matched healthy controls. All participants underwent T1-w
MRI. The INPH diagnosis was based on patient history and clinical and
radiological findings in coherence with the American-European INPH
guidelines. In the INPH group, 31 patients were categorized as probable
INPH and 4 as possible INPH. The controls were volunteers with normal
neurological exams and no major illnesses or MRI contraindications.

The demographics of the datasets collected at our department are
presented in Table 2.
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Table 2, Demographics of the three cohorts from our department used in this
thesis.

Paper | Cohort Number of Female | Age
participants | (n) (year + SD)

I VESPR cohort

HLGD 73 27 77.2+4.8

Control 146 64 75.0£4.0
I Shunted INPH cohort

Non- 36 10 74.1£5.9

responder

Responder 113 38 74.3+5.6
1w qDESH cohort

INPH 35 10 74.9+7.1

control 45 13 72.245.7

Abbreviations; SD: standard deviation.

5.3 MRI data

The MRI data used in this thesis are T1-w, T2-w and T2 FLAIR brain
volumes.

In Paper I, MRI data were acquired using a 3D T1-w fast spoiled gradient
echo sequence (BRAVO) on a 3T scanner (Discovery MR 750, GE
Healthcare), with a 32 channel head coil. Images were obtained with 1
mm isotropic resolution and underwent intensity correction (PURE).

In Paper II, for the OASIS-3 cohort, MRI was primarily acquired on 3T
Siemens scanners, most commonly the TrioTim system. T1-w MPRAGE
sequences with approximately 1 mm isotropic resolution and mainly two
T2-w acquisition protocols were used, a 3D SPACE sequence with
approximately 1 mm isotropic resolution and a 2D turbo spin echo (TSE)
sequence with 4 mm slice thickness. Because the dataset spans multiple
studies and acquisition protocols, imaging parameters vary between
sessions. For the epilepsy cohort, MRI was performed on a 3T scanner
(Magnetom Trio, Siemens Healthineers) including T1-w MPRAGE and
T2 FLAIR sequences. Two T1-w acquisition protocols were used,
resulting in differences in spatial resolution (1.0 mm vs 0.8 mm
isotropic). Most participants received isotropic 1 mm T2 FLAIR imaging,
while a small subset underwent a 2D FLAIR sequence.
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In Paper III, MRI was acquired across multiple scanners from Philips,
GE, and Siemens, with the majority obtained on Philips Achieva/Achieva
dStream scanners. Examinations were performed at 3T for 134 patients
and at 1.5T for 15 patients. The T1-w images consisted primarily of 3D
gradient echo sequences with near-isotropic voxel sizes ranging from
approximately 0.7-1.0 mm. T2-w and FLAIR sequences were mainly
acquired as 2D multi-slice turbo/fast spin echo acquisitions, with in-
plane resolution ranging from approximately 0.6-1.6 mm and slice
thickness typically between 3-5 mm.

In Paper IV, 3D T1-w fast spoiled gradient echo sequences were acquired
using four different scanners. Most MRI were conducted with 3T
scanners (Discovery MR 750, GE Healthcare, Philips Achieva) but three
were acquired using 1.5T systems, (Philips Achieva and Achieva
dStream), with reconstructed voxel sizes ranging from approximately
0.5—1.0 mma3.

5.3.1 Spatial preprocessing

To reduce inter-subject variability and differences in image orientation,
rigid-body alignment was applied to all brain MRI volumes prior to
analysis in Papers I, III, and IV. In Papers I and III, the volumes were
rigidly aligned to a MNI template brain using SPM12. The ICBM-152
template corresponding to each MRI sequence was used as the reference.
During this procedure, the images were resliced to match the grid of the
reference template. In Paper IV, the rigid-body alignment was instead
performed using the acpcdetect software [58], which aligns the brain
volume according to the AC-PC line and the mid-sagittal plane, with the
AC positioned at the centre of the image volume. This strategy was
selected to mimic the workup for the gDESH method.

5.3.2 Tissue extraction and segmentation

To reduce irrelevant information and for anonymization purposes, prior
to network training, brain extraction or segmentation methods were
applied in all papers. In Papers I and II, a publicly available U-Net-based
brain extraction tool [59] was used. In Paper III, SynthStrip was used for
the same purpose. In Paper IV, the CNN-based segmentation software
SynthSeg [47] was used to segment the brain into cortical regions, CSF
spaces, and white matter. This segmentation formed the basis for
subsequent analyses.
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5.3.3 Intensity normalization

Prior to use as input to CNNs, in Papers I and II, voxel intensity
distributions were examined and truncated to reduce the influence of
extreme values. The intensities were then scaled to the appropriate range
for each network. In Paper III, where data were acquired from multiple
scanners, voxel intensities were clipped at three standard deviations
above the mean before scaling, to mitigate scanner-related intensity
variations. In all three papers, background voxels were set to the
minimum value of the scaled intensity range. In Paper IV, bias field
correction was applied to the MRI volumes, in order to improve intensity
homogeneity and facilitate threshold-based analyses.

5.3.4 Radiomics and machine learning models

In Paper III, conventional ML models were used, in addition to CNNs.
Radiomic features were used as input to these. To extract these features,
Laplacian of Gaussian filters and wavelet transforms were applied to the
pre-processed MRI volumes generating several representations of each
image. Feature extraction was performed in three dimensions, treating
the segmented brain as one region of interest, resulting in 1030 radiomic
features. The final features were standardized using z-score
normalization.

Within each cross-validation fold, dimensionality reduction was applied
using the training set to limit redundancy and reduce the risk of
overfitting. Features with low variance and highly correlated features
were excluded. A random forest classifier ranked the remaining features
by feature importance, and the top 20 were selected for model training.
The same features were used for the corresponding validation and test
sets.

25 conventional ML classifiers were evaluated, including linear models
(e.g., logistic regression, ridge classifier), support vector machines,
discriminant analysis methods, probabilistic classifiers (e.g., Naive
Bayes), instance-based methods (e.g., k-nearest neighbors), and multiple
tree-based ensemble methods such as random forests and gradient
boosting. Shallow neural networks were also included.
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5.4 Neural networks

All CNNs in this work were implemented as the 3D versions to fit the
input MRI volumes. The different CNNs used in Papers I-III are
presented in Table 3, together with their pretraining. The specific
networks were chosen because they are well established or had
demonstrated good performance on similar tasks [60—64]. The
pretraining was based on models trained on data most similar to brain
MRI. In paper I, a modification of the ResNet-18 was also included,
which has an additional fully connected layer in the end, before the
classification output. Similarly, in Paper III, SFCN-FC is a simple fully
convolutional network (SFCN), with an additional fully connected layer
in the end. These modifications were added to investigate whether they
would influence classification performance. ResNet-18-MM is the
multimodal model used in Papers II and III, based on two (Paper II) and
three (Paper III) ResNet-18 streams, one for each sequence type.
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Table 3, Overview of the 3D convolutional neural networks used in this work
(Papers I, II and III), together with their corresponding pretraining datasets.
Resnet-18-MM is the multimodal network, with two streams in Paper II and

three streams in Paper III.

Architecture | Network Pretraining I [IT | III
family
Dense DenseNet-121 v v
g‘;’&‘;ﬁ(ﬁonal DenseNet-169 N4 N4
DenseNet-201 v
DenseNet-264 v
EfficientNet EfficientNet-Bo | ImageNet [65] V4
EfficientNet-B1 | ImageNet V4
Residual ResNet-10 Med3sD [66] v v
Network ResNet-18 MedsD N4 N4
ResNet-18-FC Med3sD v
ResNet-18-MM | Med3D v |V
ResNet-34 Med3sD v v
ResNet-50 Med3sD v v
ResNet-101 Med3sD v v
ResNet-152 Med3sD v
ResNet-200 Med3sD v
Squeeze and SENet-154 ImageNet v v
Excitation SEResNet-50 ImageNet J NG
Network
SEResNet-101 ImageNet v v
SEResNet-152 ImageNet v
SEResNeXt-50 | ImageNet v v
SEResNeXt-101 | ImageNet v v
Simple Fully SFCN UK Biobank [67] | v V4
Convolutional  "SFCN-FC UK Biobank v
Network
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5.5 Ensemble search

To improve performance beyond single CNNs, we developed an
ensemble search algorithm (Paper I). All CNNs were trained separately,
and their predictions were combined using late fusion. The goal of the
ensemble search was to construct the optimal ensemble, K*, consisting
of classifiers that are both accurate and diverse. To achieve this, we
defined following loss function

|E| (D]
1 1
F(K) = m;@ — e, (K)) + mj: 1 (1 - d,-(K)),

where K denotes a subset of classifiers C = {c;, c3, ...,c ¢}, E =

{e1, ey, ..., e} is the set of evaluation metrics and D = {dy,d,, ..., d|p } is
the set of diversity metrics. In this thesis, the evaluation metrics were B-
accuracy and F-score and the diversity metrics were Yule’s Q-statistic,
Pearson correlation and Cohen’s kappa.

The backwards search algorithm starts with the full set of trained
networks C. At each iteration, the current subset K is evaluated by
temporarily excluding one network at a time and calculating the
resulting value of the loss function F. The subset that results in the
lowest value of F is selected for the next iteration. This iterative process
is repeated until removing an additional network no longer decreases F.

To compute F(K), a decision profile DP is created for each input,
consisting of the posterior class probabilities from all separate networks.
These probabilities are then combined, using an aggregation function, to
determine the joint predicted probability. In this thesis, maximum
probability, product of class probabilities, and averaging the class
probabilities were evaluated as aggregation functions. The final
predicted label was determined using the maximum membership rule.
After performing this for the whole validation set, the evaluation metrics
are computed, by comparing the ensemble predictions to the true labels.
The diversity metrics are calculated pairwise between the single
networks’ classifications. For consistency, all evaluation and diversity
metrics are normalized to the range [0,1], with 1 being the most accurate,
or most diverse, respectively. The computation of F(K) is illustrated in
Figure 4.
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Figure 4, The ensemble search. The algorithm starts with the full set of
networks and iteratively removes one network at a time until the cost function
Fis no longer decreased, yielding the optimal ensemble K*. In the illustrated
example for the fusion, the ensemble K consists of three networks. Their
posterior probabilities are combined into a decision profile (DP) and an
aggregation function (a) is applied to produce the ensemble prediction. From
this prediction, the evaluation metrics E are computed. The individual
networks’ predictions (here the networks c; and c;) are used pairwise to
compute the diversity metrics D. The evaluation and diversity are then
combined to compute F(K). Adapted from Paper I [68], © Elsevier.
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5.6 Sequential forward search

To make use of different MRI sequences for the same patient, we
developed another search algorithm (Paper II), to optimize where to fuse
the data in an intermediate fusion architecture. The base architecture
was ResNet-18, with one modality specific stream per sequence type,
interconnected with n fusion modules, see Figure 5. In our case n = 4,
implemented as Multimodal Transfer Modules (MMTM) [69], placed
after each residual block. Each fusion module can be activated (allowing
interaction between modalities) or deactivated (keeping the modality
streams separate). The posterior class probabilities are combined at
prediction stage.

Y2

Figure 5, The sequential forward search setup. Schematic drawing of two
ResNet-18 (yellow and blue), each processing one MRI sequence from the same
patient. The streams are interconnected by four multimodal transfer modules
(MMTMs). When an MMTM is activated (turquoise), the modality-specific
feature representations can interact across the two streams. When all MMTMs
are deactivated, the streams remain independent until prediction stage. The
configuration of activated MMTMs is determined by the sequential forward
search algorithm.

To determine which fusion modules should be activated, we developed a
Sequential Forward Search Algorithm (SFSA). For the baseline
configuration, no fusion modules are activated. After training, the loss is
calculated on the validation set. Next, the algorithm evaluates the
configurations where one fusion module is activated at a time. For each
candidate configuration, training is initialized from the final weights of
the baseline configuration, and the validation loss is computed. The
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fusion module that yields the largest decrease in validation loss is
selected. This procedure is repeated iteratively by activating one
additional fusion module per stage. At each stage, the weights are
initialized from the current best configuration from the previous stage.
The search terminates when activating an additional fusion module no
longer decreases the validation loss, and the final model is chosen as the
configuration with the lowest validation loss during the search.

5.7 Auto-gDESH pipeline

For the computation of auto-qDESH (Paper IV), the automated qDESH,
the brain segmentation was used together with the MRI aligned to the
AC-PC line. The segmentation maps were used to identify the
corresponding voxels in the MRI volume belonging to the lateral
ventricles. For coherence with the semiautomatic gDESH method, this
ventricular volume was dilated by 7 mm, and a voxel intensity histogram
was created from the dilated region. The midpoint between the grey
matter peak and the CSF peak was used as the intensity threshold for
CSF for the rest of the algorithm. The overall search volume was defined
as a slab extending 20 mm anterior to the PC (along the AC-PC line).

For the quantification of the CSF volume in the high convexity, the outer
boundary of the brain segmentation was used instead of the manually
defined dural boundary in the semiautomatic qDESH method. The
upper 30 ml of the search volume was filtered using the CSF intensity
threshold to compute the high-convexity CSF volume.

For quantification of the CSF volumes in the Sylvian fissures, the
segmentation map was used. The lateral borders of the cerebellum were
first identified to determine the appropriate sagittal slices for defining
the Sylvian fissure midline. Within these two slices, cortical labels were
used to identify the inferior boundary of the Sylvian fissure, defined by
the transition from superiotemporal or transversetemporal cortex labels
to CSF. The superior boundary of the Sylvian fissure was determined by
detecting the transition from CSF back to non-CSF tissue labels. Based
on these two boundaries, the midline of the Sylvian fissure was
estimated. A restricted search region was then defined by extending 10
mm superiorly and inferiorly perpendicular from this midline, as in the
original gDESH method. This restriction was applied to all sagittal slices
lateral to the cerebellar border.
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Within the resulting search region, defined by the overall anterior-
posterior limits and the lateral restriction relative to the cerebellum,
voxels labelled as CSF were grouped into connected three-dimensional
objects. These objects were dilated using a spherical kernel with a
diameter of 4 mm. Finally, the corresponding voxels in the MRI volume
were filtered using the previously determined CSF intensity cutoff to
compute the Sylvian fissure CSF volume. The process for determining
the CSF spaces is illustrated in Figure 6.

Figure 6, Different steps of the gDESH algorithm. Top row: Sagittal view of a
brain in the same sagittal slice as the lateral border of the cerebellum. Bottom
row: Coronal view of the same brain. Left: The rigid body rotated T1-weighted
brain MRI, where the mid-sagittal section is aligned with the anterior
commissure-posterior commissure line. Middle: The segmentation map
overlayed on the brain MRI, segmenting the cortex and cerebrospinal fluid
(CSF) spaces into different regions. Right: The final, segmented volumes for
the Sylvian fissures’ and high convexities CSF spaces, here marked in orange.

5.8 Training of networks and algorithms

All CNN s were trained in a tenfold stratified cross-validation, for Paper I
and IIT with eight sets for training, one for validation and one for testing,
and in Paper II, with seven sets for training, two for validation and one
for testing.
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Data augmentation was applied, consisting of random shifts (+3 voxels)
along each spatial axis and random left-right flipping (reflection across
the sagittal plane) and was applied on the training set. In paper I and III
the minority class (HLGD and shunt non-responders) were duplicated in
the training and validation sets.

All CNN s were trained with a cross-entropy loss function and the Adam
optimizer with an initial learning rate of 105 (104 in Study II). The
learning rate was reduced by one order of magnitude if the validation
loss did not reduce for 10 consecutive epochs. The maximum number of
epochs was 300, and early stopping was applied if the validation loss did
not decrease for 50 consecutive epochs. Minibatch size was 16 and
default hyper parameters were used. All the computations were
performed using PyTorch as the main deep learning library.

For the shunt outcome prediction, the single CNNs obtaining a
specificity and sensitivity above 60% on the validation set were included
in the ensemble search. This was decided to reduce the number of
networks at starting point and avoid early local minima.

For the conventional ML models, the same cross-validation folds were
used as for the CNNs. Default hyperparameters from the Python libraries
scikit-learn and XGBoost were used.

For the auto-qDESH development, a smaller group of 14 participants,
selected based on age, gender, image quality and diagnosis, were used
during testing and development of the algorithm, whereas the remaining
66 were used to evaluate the final algorithm.

5.8.1 Competitors and baselines

To validate our method choices, we introduced competing
methodologies or baselines.

In Paper I, an ablation study was conducted to investigate the
importance of the diversity metrics together with the evaluation metrics
in the ensemble search cost function. In this, all possible combinations
of the available evaluation and diversity metrics were used in the cost
function F, and through a brute force search, the ensemble of networks
minimising each F the most, on the validation set, were chosen as
competing ensembles. The ensemble found when F was computed based
only on evaluation metrics is denoted Kj.
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To be put in perspective, the performance of the networks were also
compared to the best linear radiological measure to distinguish between
the two groups in the cohort, previously detected to be z-EI [70].

In Paper II, several competitors were evaluated. The first, referred to as
brute force, corresponded to the best configuration obtained by testing
all possible combinations of active MMTMs and training each
configuration from scratch. We also evaluated a late fusion approach, in
which no MMTMs were active. In addition, two unimodal models were
trained, each using a single MRI sequence.

In Paper III, results from a previous study by Leary et al [71] were used
for comparison. In the study, they presented a late fusion model based
on two ResNet-50 streams, classifying shunt responders versus non-
responders using dual-sequence (T2-w and T2 FLAIR) MRI. We
implemented a similar model, also consisting of two ResNet-50 streams
using the same two sequences, for comparison.

In Paper IV, the qDESH values assessed by two external raters who used
the semi-automatic gQDESH method were used for comparison with the
auto-qDESH pipeline. Rater A was considered to hold the ground truth,
since she had the main responsibility of the development of the gDESH
method. Rater B represented a typical clinical rater. The intraclass
correlation between the two was ICC = 0.99. The images had also been
assessed by two neuroradiologists [72], who categorized the images into
three groups: No DESH, Mild-Moderate DESH and Severe DESH. In the
case the two clinicians did not agree, the more severe label was chosen.

5.9 Statistics and validation

To test whether the CNNs could distinguish differences in brain
structure between the participants with HLGD and controls in Paper I, a
chi-square test of independence was performed. Statistical significance
was defined as p < 0.05.

In Papers I-III, model performance was evaluated using B-accuracy, F-
score, and AUROC and is presented as the mean + standard error of the
mean (SEM) across the cross-validation folds. The performance metrics
were computed in Python.

In Paper IV, agreement between auto-qDESH and qDESH assessments
from Rater A and Rater B was evaluated using the ICC, a pairwise two-
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way mixed effects model, for absolute agreement and single measures.
For comparisons with the visual DESH categories, the nonparametric
test Kruskal-Wallis test with Dunn-Sidak post hoc test was conducted.
Statistical analyses were performed using IBM SPSS Statistics (version
25.0.0.2) and MATLAB R2024b.
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6 Results

6.1 HLGD classification

In Paper [, all trained single networks could distinguish between
participants with HLGD and control according to a chi-square test of
independence, p < 0.001.

The highest B-accuracy and F-score were obtained by the ensemble K*,
which was a combination of two networks, ResNet34 and DenseNet-169
with a B-accuracy of 76.0+2.9% and an F-score of 67.7+3.7. This
ensemble also performed better than the combination of all the single
networks, C, see Figure 7. The best performing single networks were
DenseNet-121 which achieved a B-accuracy of 73.5+ 2.3% and ResNet-18
with an F-score of 64.4+2.8. The results are presented using averaging
as the aggregation function, as all aggregation functions provided very
similar predictions. The best radiological linear measure to distinguish
between these groups is z-EI, presented in a previous study [70]. For this
cohort, the best cutoff was determined to z-EI = 0.34, which yielded a B-
accuracy of 66.7% and F-score of 52.2%.

6.1.1 Ensemble search

The use of both evaluation and diversity metrics in our search algorithm
to find K* was tested through an ablation study, where all possible
combinations of the included evaluation and diversity metrics were
tested. Through a brute force search, the ensemble that minimised F (K)
on the validation set, for each combination of metrics, was identified.
The ensemble obtained using only evaluation metrics (B-accuracy and F-
score) was denoted K. Many combinations resulted in the same
ensemble, which is why only five ensembles are presented in Figure 8. As
shown in the figure, K *achieved the best performance in terms of B-
accuracy, F-score and recall.
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Figure 7, The performance of all the single networks and the ensembles C and
K* in terms of Balanced-Accuracy and F-score. C is the ensemble consisting of
all single networks and K* is the optimal ensemble, determined by the
ensemble search algorithm. K* consists of the two networks c,: DenseNet-169
and c,: ResNet-34. The lengths of the ellipses correspond to the standard error
of the mean of the metric. Reproduced from Paper I [68], © Elsevier.
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Figure 8, The ablation study. By basing F(K) on all subsets of the included
evaluation and diversity metrics, different ensembles were created. K* is the
ensemble based on all five metrics while K is based on only the two evaluation
metrics. The remaining configurations are denoted Other. Adapted from Paper
1/68], © Elsevier.
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6.2 Multimodal fusion

When using our newly introduced SFSA to conduct a guided search for
the optimal fusion points between two ResNet-18 streams, the resulting
model configurations obtained the best results, for both OASIS-3 and
Epilepsy datasets. In both cases the SFSA chose a configuration with one
MMTM active. For the OASIS-3 dataset the activated MMTM was the
second and for the Epilepsy dataset it was the first. The brute force
method (testing all possible combinations of active MMTMS) had similar
results, while the late fusion and the unimodal models showed inferior
performance, see Table 4.

Table 4, Performance metrics on the two cohorts of Paper II. The configuration
decided by the sequential fusion search algorithm (SFSA) based on two
ResNet-18 streams with 4 multi-modal transfer modules, and its competitors.
For the OASIS-3 dataset, the model used T1-weughted and T2-weighted
images, whereas for the Epilepsy cohort, the model used T1-weighted and T2
FLAIR images. Results are presented as the mean+tstandard error of the mean
of the test set over the ten cross-validation folds.

OASIS-3 Epilepsy
Model AUROC B- F-score AUROC B- F-score
accuracy accuracy
SESA 80.6+0.3 | 72.3+1.4 | 80.9+0.9 | 87.9+3.0 | 81.5+£3.0 | 83.5+2.6
Brute- 79.2+1.7 | 72.0+1.7 | 79.8+1.3 | 87.4+2.8 | 80.5+3.3 | 82.2+3.2
force
Late 75.7+£1.4 70.3+1.5 | 80.6+0.8 | 84.4+t2.5 | 80.8+2.0 | 82.7+3.0
Fusion
Unimodal | 79.6+1.8 | 69.3+1.7 | 80.0+1.0 | 81.5+3.0 | 71.0£3.1 | 71.5+3.1
(T1-w)
Unimodal | 70.6+2.2 | 60.442.0 | 74.9+0.8 | 74.54+3.5 | 77.843.7 | 79.6+4.0
(T2-w/
FLAIR)
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6.3 Shunt outcome prediction

For the shunt outcome prediction, none of the networks could
distinguish in a clinically relevant way between the shunt responders and
the non-responders, with the best performing network in terms of B-
accuracy being Linear discriminant analysis based on T1-w radiomic
features with 63.8+7.1%. The best model in terms of AUROC was the
model mimicking the one presented by Leary et. al [71], with an AUROC
of 68.8+6.7%. The best network performance per sequence and modality
type is presented in Figure 9. Even though the models did not achieve
clinically predictive performance, when testing the group division with a
chi-square test of independence, there is still difference between the
groups.

To investigate if a clearer group separation would improve the results, in
a post hoc analysis, we used all the non-responders (n = 36) and only the
most improving responders (n = 36) and reran the training for all
networks. The gait speed improvement in the shunt responder group was
then > 0.42 m/s. The results remained modest, see Figure 9. The best-
performing model in terms of B-accuracy was ResNet34 on T2-w images
with 62.5+3.7%, and in terms of AUROC, the best performing model was
the ensemble model found by the search algorithm, based on five CNNss,
with 69.2+5.2%.
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Figure 9, Shunt outcome prediction for the whole dataset (top) and the reduced
dataset (bottom). The mean test set performance is presented in terms of
balanced accuracy and area under the receiver operating characteristic curve.
The lengths of the axes correspond to the standard error of the mean over the
ten cross-validation folds. The best performing model for each sequence and
modality type is presented.



6.4 Auto-qDESH

During preprocessing, two images did not pass the AC-PC rotation step,
hence the evaluation results are based on 64 subjects. After the
preprocessing steps were finalized, the algorithm processed each MRI in
approximately 2 seconds. When comparing the auto-qDESH with the
gDESH values from Rater A and Rater B, an ICC of 0.90 was obtained,
see Table 5.

Table 5, The intraclass correlation (ICC) between the auto-gDESH and Rater A
and Rater B using the semi-automatic gDESH method. The first section
presents the values for the calculated combined measure, and the following
sections present the three different volumes that are used in the calculations,
High convexities and left and right Sylvian fissure.

Rater Pair ICC [95% CI] Mean | SD of
Diff. | Diff.

gDESH

Auto-gDESH — qDESH Rater A 0.90 [0.81-0.95] -0.26 | 0.55
Auto-gDESH — qDESH Rater B 0.91[0.83-0.95] -0.22 | 0.53
gDESH Rater B — gDESH Rater A | 0.99 [0.99—1.00] 0.04 0.18
High convexities volume

Auto-gDESH —Rater A 0.90 [0.84-0.94] | -0.43 | 1.62
Auto-gDESH —Rater B 0.89[0.82-0.93] | -0.46 | 1.71

Rater B —Rater A 0.99 [0.99-1.00] -0.03 | 0.46
Left Sylvian fissure volume

Auto-gDESH —Rater A 0.90 [0.085-0.97] | -0.72 | 0.46
Auto-gDESH —Rater B 0.85[0.26-0.95] -0.76 | 0.69
Rater B —Rater A 0.95[0.92-0.97] -0.05 | 0.56
Right Sylvian fissure volume

Auto-gDESH —Rater A 0.88 [0.60-0.95] | -0.53 | 0.68
Auto-gDESH —Rater B 0.86 [0.58-0.94] | -0.57 | 0.76
Rater B —Rater A 0.96 [0.94—0.98] -0.04 | 0.47

Abbreviations; CI: confidence interval, SD: standard deviation, Diff: Difference

The auto-qDESH systematically underestimated all three volumes.
However, because the qDESH score is computed as a ratio of the
volumes of the Sylvian fissures and the high convexity, this systematic
underestimation is partly compensated for. As a result, the ICC for the
gDESH score was higher than for the individual volume measurements.
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The auto-qDESH values were not normally distributed. Therefore, the
ICC was also calculated for the inverse of auto-qDESH and qDESH, as
this resulted in values that more closely approximated a normal
distribution. The results were ICC = 0.95 (95% CI: 0.90—0.97) between
auto-gDESH and Rater A, and ICC = 0.93 (95% CI: 0.86—0.96) between
auto-qDESH and Rater B. The difference compared to the original ICC
analysis is mainly explained by a reduced influence of the highest
gDESH values.

Auto-gDESH was also compared to visual assessment of DESH, see
Figure 10. There was a difference in auto-qDESH values between no
DESH and mild-moderate DESH as well as no DESH and severe DESH
(p < 0.001). There was no statistically significant difference between
mild-moderate and severe DESH (p = 0.21).

Auto-gDESH compared to visual DESH
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Figure 10, Boxplots of auto-qDESH compared to visual DESH, assessed by two
neuroradiologists. If the raters did not agree, the more severe label was
chosen.
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7 Discussion

In this thesis, ML and DL models were applied to investigate the
relationship between brain structure and gait impairment, as well as
shunt outcome in INPH. There was a significant relationship in both
cases, however, the performance of the models was not sufficient to
improve shunt selection in clinical practice. Regarding the developed
search algorithms, the ensemble K* reached the highest performance in
classifying HLGD, and the SFSA resulted in the best performing models
compared to its competitors, motivating the use of a guided search when
working with network ensembles. The proposed auto-qDESH pipeline
showed high agreement with the semi-automatic gDESH method,
although not as high as the agreement between two raters assessing with
gDESH. The results further show that the method can distinguish
between the presence and absence of DESH, although it is less accurate
in grading the severity of DESH.

7.1 Assessing brain changes with Al

7.1.1 HLGD

For HLGD, all CNNs identified a relationship between brain structure
and gait impairment supporting that there is a difference in brain
structure between individuals with HLGD and controls (Paper I). Most
single models obtained better performance than the best linear
radiological measure, z-EI, indicating that DL can capture more patterns
linked to HLGD than what is captured by established linear metrics.

The improved results from the ensemble model could indicate that
different models complement each other by basing their predictions on
distinct features in the brain related to HLGD. This may suggest that
there is more than one pattern in the brain that can be related to the gait
impairment or that distinct morphological patterns characterize
different subgroups of individuals of HLGD, which are detected by
different models.

The cohort used in Paper I is unique, as the participants were divided
into different gait impairment groups, with focus on the INPH specific
gait pattern, independently of the MRI data. Because the cohort is
population-based and not selected based on radiological findings, it
enables an unbiased investigation of the relationship between brain
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structure and gait. This reduces the risk of information leakage or
selection bias introduced by imaging-based assessments. The uniqueness
of the cohort limits direct benchmarking against other studies. However,
a previous study shows associations between gait speed impairment and
disproportion between ventricular and sulcal CSF volumes [73] and the
INPH Radscale was developed on a population-based cohort, showing a
strong correlation between INPH symptoms and Radscale score [38]. In
INPH patients, one study has reported associations between gait
impairment and white matter hyperintensities in specific white matter
tracts [74]. In addition, specific gait patterns in INPH have been
associated with the height of the third ventricle [75]. These findings
support our conclusion.

The developed model was never intended to be part of a clinical
investigation, but rather to assess the relationship between brain
structure and symptoms. This is relevant since HLGD is often the
earliest symptom in patients with INPH [31], and the gait disturbance is
the symptom that most often improves after surgery [2]. Further
investigation of this relationship could benefit from the use of
explainable AI (XAI) methods [76] which might reveal what brain
features the networks rely on when making predictions, i.e. which
features are seemingly related to HLGD. In addition, methods that could
be used to distinguish brain changes related to gait disturbance from
those associated with normal aging could provide further insights [77].
Such approaches may contribute to a better understanding of the
underlying mechanisms of INPH.

7.1.2 Shunt outcome prediction in INPH

In Paper III, shunt outcome could not be predicted with sufficient
accuracy to be clinically useful by the previously developed models,
CNNs, or radiomics-based ML, even though additional MRI sequences
were included compared with Paper I. However, a statistical association
between brain morphology and shunt outcome was observed in the chi-
squared analysis, indicating that structural MRI may contain
information related to shunt response, although not enough to support
reliable outcome prediction.

The findings highlight that outcome prediction is a complex task that
puts high demands on both data quality and model generalizability. This
further suggests that structural MRI alone may provide limited
prognostic information and that shunt response is influenced by other
factors that are not visible on structural MRI. The shunt outcome
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prediction performance did not improve with larger group separation in
the post-hoc analysis, which implies that the cohort size, rather than the
class imbalance, is a limiting factor. This may indicate that the available
dataset is too small to capture subtle morphological patterns associated
with treatment response, and that additional clinical or physiological
information may be necessary to improve prediction performance.

In the previous study by Leary et al [71], who inspired one of our
competitor models, an AUROC of 88 % was presented for shunt
prediction. This result was indeed promising, and our version of their
proposed network architecture performed among the best on the full
dataset though not as well as in the previous study or sufficiently well to
be clinically useful. The difference in performance can be due to several
reasons, such as cohort size and image quality, but the main reason is
probably the clinical investigations performed before patients were
selected for shunt surgery. While the Leary study selected patients based
on clinical assessment and radiological findings, our patients underwent
a more rigorous investigation with invasive testing. This means that we
investigate whether the images contain additional information to
improve shunt selection, when physiological tests have been conducted.
It is reasonable to think that this is a more challenging task. The
outcome measures also differed between the studies, where Leary et al
based their improvement on the modified Rankin scale [78] or the
Hellstrom INPH scale [79], instead of gait speed improvement. This
INPH scale was presented after the start of the data collection of our
cohort, which is why it was not possible to include in our study.
Otherwise, it would have been interesting to train the networks with this
outcome measure, to assess how it would affect the results. Our outcome
metric, maximum gait speed is a suitable metric for this task since gait
and balance are the only symptoms that have been shown to improve in
a randomized, double-blinded study [2]. Furthermore, gait speed is an
objective and quantitative measure, facilitating comparison between
other cohorts.

In terms of other studies that have attempted to predict shunt outcome
based on imaging data, one study used conventional ML approaches on
clinical and radiological data, obtaining an AUROC of 80% [80]. This
indicates that combining imaging with additional clinical information
may improve prediction performance. Other studies attempting this task
use lumbar drainage response as the outcome measure [81,82], which
complicates comparison with our study since this measure is not
equivalent to shunt response [83]. The benefit of using lumbar drainage
is that the cohorts may be larger, since more of the patients evaluated for
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shunt surgery can be included, instead of only the ones undergoing
shunt surgery. This can lead to more balanced datasets, since the non-
responder group is likely to be larger. The variability in the groups might
also increase, since the risk connected to shunt surgery might exclude
certain patient groups. However, drainage tests are themselves imperfect
predictors of shunt outcome [28,83], meaning that models trained on
this outcome are effectively learning from an uncertain ground truth. In
contrast, the present study focuses on actual postoperative
improvement, which provides a more direct measure of treatment
response, although at the cost of smaller cohorts. Future progress in this
area will likely require larger multicentre datasets with standardized
definitions of shunt outcome.

7.2 Auto-qDESH

Auto-qDESH showed a good to excellent [84] agreement with the semi-
automatic gDESH method. However, it did not demonstrate the same
level of agreement as the two raters using the gDESH method, with the
largest discrepancies observed for large qDESH values. When comparing
auto-qDESH with visual DESH ratings, a significant difference in auto-
gDESH values was observed between subjects without DESH and those
with mild-moderate or severe DESH. This suggests that the method can
distinguish between the presence and absence of DESH, even though it
compared to the semi-automatic gDESH was less accurate in capturing
the exact severity [41]. From a clinical perspective, DESH present or
absent is likely the most important distinction regarding DESH, since
that is what is considered in the INPH guidelines [10].

Though the auto-qDESH algorithm worked well it tended to
underestimate the CSF volumes included in the metric. This limitation
mainly arises from the estimation of the dural border. In the semi-
automatic qDESH method, the border is manually delineated, whereas
in the auto-qDESH method it is derived from the brain segmentation
using SynthSeg. Differentiating CSF from bone or the dural border on
T1-w MRI is challenging. Therefore, incorporating T2-w MRI into the
analysis could improve the estimation of the dural border and thereby
increase the accuracy of auto-qDESH. Since acquiring both T1-w and
T2-w MRI is common in an INPH investigation, the method would still
be feasible for clinical application.

A major advantage of auto-qDESH is the reduction in manual workload.
While the semi-automatic gDESH method requires approximately 10—15
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minutes of manual work per subject, auto-qDESH performs the analysis
automatically, and is user independent. This facilitates the investigation
of larger cohorts and supports future clinical implementations.

The search for quantitative and automated radiological markers is
ongoing. There are several studies presenting methods that automate the
already used metrics, such as EI [85,86], and callosal angle [87], and
alternative approaches to qDESH are also presented. The Silver Index is
one example, computed through manual delineation of CSF spaces in a
2D-slice [88]. Another example is the DESI index, a volumetric metric
computed through a fully automatic U-net based software [89]. Auto-
gDESH is both fully automated and volume-based, while maintaining
transparency in its computations rather than relying on a black-box
model. Another strength is that a semi-automatic version of gDESH
exists, which can be used in cases where the automated pipeline fails. In
addition, the software used to calculate auto-qDESH, once preprocessing
is completed, is lightweight and computationally efficient, which further
supports its practical use.

7.3 Development of search algorithms

The classification tasks investigated in this thesis are complex since we
do not know which imaging patterns that influence the outcome.
Approaches such as ensemble models and multimodal imaging data may
therefore be beneficial, as they can capture complementary information.
However, determining how to optimally combine networks or imaging
modalities is not trivial. Search algorithms were therefore explored as a
data-driven approach to identify effective ensemble compositions and
multimodal fusion strategies.

7.3.1 Ensemble search

The performance of predicting HLGD versus controls was improved by
the ensemble model found by the ensemble search algorithm developed
in Paper I. The ensemble, chosen based on both evaluation and diversity
metrics, performed better than the ensemble based on only evaluation
metrics. These findings highlight the importance of diversity in the
search algorithm, suggesting that this contributes to improved
performance.

The ensemble search showed good performance in Paper I but did not

reach highest performance on the full dataset in Paper III. This could be
an indication that the cohort size was too small, creating large
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differences between the cross-validation folds. The search algorithm is
optimized on the validation set, but if this set does not accurately reflect
the data distribution in the test set, the chosen ensemble may perform
poorly. This can occur particularly when the dataset is small, as the
composition of individual folds may vary substantially. In such cases, the
search algorithm may favour ensembles that perform well on specific
characteristics present in the validation set but that are not
representative of the overall dataset. Consequently, the selected
ensemble may capture patterns that do not generalize well, leading to
reduced performance on the independent test set.

The importance of diversity between models is not something new [90],
but it can be approached in different ways. Bagging (or bootstrapping) is
a common way of creating diverse models, but is infeasible when the
data set is small [91]. Another common approach is to pick one
architecture and train it multiple times, initialized with different random
seeds or other hyperparameters [92]. However, this raises the question
of which architecture to choose, that may not always be straightforward.
The ensemble algorithm presented here is one approach to facilitate this.
The different aggregation functions did not alter the ensemble
performance in Paper I, indicating that the selection of which networks
to combine was more important than how the predictions were
aggregated. This could suggest that the individual CNNs produced
reasonably calibrated probabilities, assigning lower confidence to
predictions when the models were less certain. As a result, the ensemble
predictions were relatively insensitive to the specific aggregation
function among those evaluated here.

Ensemble models are used in medical imaging research, but search
algorithms for ensemble selection do not appear to be widely used. The
approach proposed in this thesis therefore contributes with a simple
method for identifying optimal ensemble combinations. Ensembles are
more often manually designed than identified through systematic search
[93]. In the broader Al field, studies have explored searching for or
pruning ensembles based on diversity [94]. One advantage of the
ensemble search method presented in this thesis is its simplicity and
ease of implementation which means it can be used in other similar tasks
in the future.

7.3.2 Sequential Fusion Search Algorithm

The model configuration decided by the SFSA, developed in Paper II,
provided the best results on the two classification tasks, while
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substantially reducing computational cost, compared to the brute force
method. This indicates that guided fusion can capture complementary
multimodal information without increasing the computational burden.

Apart from the computational burden, one difference between the brute-
force approach and the model identified by the SFSA is that, in the SFSA,
the weights are retained from previous training when a new fusion
module is activated. This type of progressive training may facilitate
optimization, as the weights can adapt to each sequence before more
complex multimodal representations are introduced.

In medical brain imaging, relatively few studies have investigated
multimodal network architecture search for classification tasks [95].
Among the limited studies, one study [96] searched the modality-specific
feature extraction networks, but it did not explicitly search the fusion
timing or fusion strategy. Existing approaches surrounding this topic
involve fusing complementary information from multiple medical
imaging modalities into a single image [97,98]. Another example [99]
targeted searching for the optimal architecture but it is not a multimodal
framework. Outside the medical field, there are approaches which
investigate more complex ways of combining modalities [100,101]. Our
method focuses specifically on identifying the optimal fusion timing, i.e.,
where the fusion between sequence types should occur. By limiting the
search to four fusion modules, the proposed SFSA substantially reduces
the complexity of the search while still providing good performance.
Overall, these works indicate that multimodal network architecture
search for brain-image classification remains an interesting research
area.

The work in Paper II was conducted to compare fusion strategies, rather
than maximizing performance on the task. Nonetheless, the performance
is similar to another study on the OASIS-3 dataset when using only MRI
data [102]. Interestingly, a study using only T2-w images achieved an
accuracy of 91 %, but they used substantially more images since they did
not need to consider the multimodal aspect. The epilepsy cohort also
includes segmentations of lesions, which has made it suitable for
segmentation tasks [103,104], but one study, using a subset of patients
and controls, achieved an accuracy of 97.5 % when trained on 2D image
slices from the 3D MRI volumes [105]. The downside of this
methodology is that not all slices can be used, and it requires manual
selection of anatomically appropriate slices. Our results should however
primarily be interpreted in relation to the methodological aim of the
study.
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7.4 Methodological considerations

Even though the ensemble search algorithm was implemented for
specific medical brain imaging tasks in this thesis, the algorithm is
generalizable to a wide range of classification tasks and model
architectures. Depending on the task, the cost function can be defined
using different evaluation and diversity metrics. For example, in some
applications specificity may be particularly important, or certain
diversity metrics may be more suitable for multilabel classification.
Similarly, the SFSA is not restricted to specific input types or network
architectures. Rather, it is a methodology that can be integrated into
multimodal networks with predefined fusion points and arbitrary fusion
modules. The approaches developed in this work may therefore also be
relevant for other neurological disorders in which MRI is central to
diagnosis, suggesting a broader applicability of the proposed methods
within neuroimaging research.

A limitation with the SFSA is that the fusion points must be predefined.
There might be better places to fuse the data, that are not explored with
this search algorithm. However, in Paper II all dual-sequence models
showed good performance, highlighting the advantage of using multiple
MRI sequences when available.

In this thesis, the focus was not on extensive hyperparameter tuning of a
single model. Instead, many different network architectures were
trained. The intention was to introduce diversity through different
network designs and allow different CNNs to capture complementary
information. If the results in Paper III had been substantially stronger,
further exploration of hyperparameter tuning and architecture
optimization would have been motivated. With the current results, and
given the large number of models already evaluated, such optimization
would likely not have substantially changed the results.

Expected anatomical inter-individual variations unrelated to shunt
outcome may have interfered with relevant information during training,
particularly as the dataset in Paper III was limited. As the cohort is
retrospective, different scanners and imaging protocols were used. These
differences may also have affected the networks, even though the images
underwent the same preprocessing. While variability in the dataset
reflects real clinical conditions, the relatively small number of subjects in
each cross-validation fold means that an unfavourable distribution of
outliers, either in terms of brain morphology or imaging-related factors,
may still have affected the results. In addition, the datasets in both
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Papers I and III were imbalanced. This was handled through
oversampling during training and a weighted loss function, but the risk
of not capturing the full variability of the data, particularly in the smaller
group, remains. A larger cohort could have been obtained in Paper I by
including individuals with “other neurological reasons for gait
impairment”, either as part of a general gait disorder group or as a
separate third group. However, since the aim was not general gait
classification, but understanding the relationship between brain
structure and HLGD, the first option would have altered the research
question. In the second case, the HLGD group would have become
proportionally even smaller, and therefore would probably not have
improved performance.

For the auto-qDESH pipeline, openly available tools such as acpcdetect
and SynthSeg were used. These tools have been validated across many
studies and using established softwares facilitates reproducibility and
enables other researchers to apply the same pipeline. After further
development of the dural border estimation, the aim is to make the
pipeline openly available to the research community. The intention is to
implement the finalized pipeline in a user-friendly manner, where the
user only needs to select a file or folder containing MRI volumes and the
analysis (from pre-processing to computation) is then performed
automatically. This would lower the threshold for clinically oriented
users to apply the method in research settings.

7.5 Future outlook

In this thesis, several approaches have been presented to analyse and
assess brain MRI. With increasing computational power and improved
image analysis algorithms and models, such methods are likely to
become more accessible for both research centres and clinics.

A major limitation in Al research, particularly in medical imaging, is the
lack of large datasets. Many models are benchmarked on relatively
simple datasets, whereas complex diseases such as INPH likely require
substantially larger cohorts to capture the full variability of the disorder.
To achieve this, datasets collected across multiple clinical centres will
likely be necessary. Future Al-approaches for INPH should also include
multimodal data. Imaging could be combined with both clinical and
physiological measures, such as duration of symptoms, cognitive level
and CSF outflow resistance, as well as CSF biomarkers [106,107]. This
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would likely better capture the complexity of the condition and thereby
improve the potential for predicting shunt response.

Standardized data collection protocols would facilitate such efforts.
Ideally INPH investigations should include consistent MRI sequences,
standardized clinical assessments, and comparable time intervals for
evaluation before and after shunting. A wider range of quantitative
outcome measures should also be consistently recorded. Several
initiatives already aim to standardize INPH assessment, including the
INPH scale and INPH Radscale. The development of automatically
computed metrics such as auto-qDESH also represents a step towards
this standardized analysis.

The auto-qDESH pipeline already shows sufficient reliability for use in
research cohorts where analyses are performed at the group level rather
than for individual clinical decisions. Even though DESH is a commonly
used metric to assess INPH, other measures should be adopted into the
pipeline for best clinical use. Volumetric measures of both cortical
regions and CSF spaces are easily extracted from the segmentation
process, and have shown potential for shunt prediction [82], and could
therefore be included. Other metrics from the INPH Radscale could also
be added, such as callosal angle or width of the temporal horns. Further
improvements of the algorithm could involve evaluating alternative
segmentation approaches in addition to SynthSeg, for example methods
using more age-specific atlases [108], or alternative techniques for
identifying the AC-PC landmarks [109], which could improve stability
and segmentation accuracy. In particular, improving the delineation of
the dural border should be a priority, as this remains a key source of
uncertainty in the current pipeline. With such modifications, and
validation on additional datasets, the pipeline can hopefully be
incorporated into future clinical workflows.

Finally, even though none of the models presented in this thesis were
able to predict shunt outcome based only on MRI, this type of analysis
remains valuable. Applying neural networks to investigate whether
patterns in the data are associated with clinical outcomes can serve as an
exploratory step. If such relationships are detected, they can guide
further research into the underlying mechanisms and inform the
development of more advanced predictive models.
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8 Conclusions

This thesis demonstrates that MRI contains meaningful information
related to HLGD that can be assessed by CNN classifiers, applied to
brain MRI. This motivates further investigations on INPH cohorts since
HLGD is the gait impairment typically seen in patients with INPH.

The fact that both the DL ensemble model and the multimodal model,
identified by the search algorithms developed within this thesis, showed
improved performance highlights the benefit of a guided search for the
optimal network configuration. The efficient search strategies enabled
these improvements with a relatively low computational cost, which
supports their practical applicability in clinical imaging studies.

Despite these advances, MRI alone was insufficient for reliable
prediction of shunt outcome for INPH patients. Neither DL-based nor
radiomics-based ML models were able to achieve clinically useful
performance, suggesting that treatment response is influenced by
additional clinical markers that are not captured by structural brain
MRI. Future studies should be conducted with clinical and physiological
data, in addition to MRI.

Complementing the Al-based analyses, automated calculation of the
quantitative measure qDESH was shown to be feasible for research
cohorts, which supports future objective and scalable investigations of
INPH.

Overall, the methodological developments and findings of this work

demonstrate both the potential and the current limitations of using AI-
based and automated MRI analysis in INPH for shunt decision support.
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