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Abstract

This thesis investigates the potential of using FLAIR imaging data and machine
learning (ML) to identify patients with vascular cognitive disease (VCD). VCD is
currently underdiagnosed, and diagnosis usually happens at the late stages of the
disease. Currently, there are no treatments available for VCD, but if caught early,

it is possible to stop the progression of the disease by, for example, lifestyle changes.
Therefore, early detection of VCD is essential.

A total of 750 magnetic resonance imaging (MRI) scans from a cohort of 506 women
and men between 50 and 79 years of age from the Gothenburg mild cognitive impair-
ment (MCI) study were analyzed. The cohort included controls, preclinical partici-
pants (subjective cognitive impairment and MCI), and patients with Alzheimer's dis-
ease (AD), subcortical small-vessel disease (SSVD), and mixed AD/SSVD. FLAIR
sequences from a 1.5 Tesla MRI scanner were used, together with previously an-
alyzed white matter hyperintensity (WMH) volumes acquired from the FreeSurfer
5.3 software.

The input to the model consisted of FLAIR MRI volumes, while the ground truth
data included clinical diagnoses and WMH volume measurements. A multi-task
learning (MTL) model based on ResNetl18 was implemented, combining regression
of WMH volumes and classi cation of patient diagnoses. The explainability method
Guided Grad-CAM was implemented to visualize the regions of the MRI images that
contributed most to the model's predictions or classi cations. The model was ana-
lyzed in a binary and two multi-classi cation cases. The regression head produced
WMH volume estimates comparable to those obtained from FreeSurfer. The clas-
si cation head achieved an F1-score of 0.5806 for binary classi cation, but did not
yield satisfactory results using three-class classi cation and ve-class classi cation,
with F1-scores of 0.5381 and 0.4465, respectively. This thesis demonstrates that it
is possible to quantify WMH volumes and identify patients with vascular cognitive
impairment based on FLAIR images using ML.

Keywords: machine learning, vascular cognitive disease, FLAIR, white matter hy-
perintensities, multi-task learning, guided Grad-CAM.
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1

Introduction

This chapter presents the background to this master's thesis, information on the
Gothenburg mild cognitive impairment (MCI) study, previous work, and scope and
limitations.

1.1 Background

Vascular cognitive disease (VCD), also known as vascular dementia, is the most
common type of cognitive disease after Alzheimer's disease (AD) [1]. It is caused by
vascular pathologies, the most common type being subcortical small vessel disease
(SSVD), i.e., damage to the small vessels in the brain, with common symptoms being
cognitive, behavioral, and motor problems. Cognitive impairment can be classi ed
into seven stages of deterioration using the Global Deterioration Scale (GDS) [2].
The patients in the study are all in stages 1 to 4, which are de ned in section 2.1.

One predictor of developing VCD is having large white matter hyperintensities
(WMH) [3], [4]. WMH are frequent in VCD but are also found in 30% of AD
cases [1]. Although they are a sign of vascular pathology, WMH can also be found
in asymptomatic patients [5]. Among people over 60 years of age, 10 20% have
WMH, while almost 100% of those 90 years of age or older exhibit WMH.

WMH can be seen as white patches on uid-attenuated inversion recovery (FLAIR)
magnetic resonance imaging (MRI) [5]. They also appear white on T2-weighted
MRI and dark on T1-weighted images, but are most clearly visualized on FLAIR
images [6]. The most common imaging method when clinically assessing cognitive
disease is computed tomography (CT) [7]. However, CT fails to capture vascular
pathologies such as WMH as accurately as FLAIR MRI imaging [6]. VCD is today an
underdiagnosed disease [8], and di culties in properly assessing vascular pathology
in the brain might be one of the reasons why. WMH is often caused by incomplete
infarction, where blood ow to deep areas of the brain is chronically reduced [1].
SSVD is the most common cause of these infarctions. Reduced blood ow in the
brain leads to hypoxia and breaks down the blood-brain barrier, which in turn
causes damage such as demyelination and axonal loss, causing cognitive issues [1],
[5]. Studies have shown that it is possible for the WMH to both increase and decrease
in size, as well as disappear altogether [5]. This suggests that the process may be

1



1. Introduction

reversible before it causes demyelination and axonal loss. Therefore, identifying
patients in the process of developing vascular pathologies in the brain might allow
for the delay of the development of SSVD.

1.1.1 The Gothenburg mild cognitive impairment study

The Gothenburg MCI study is an ongoing longitudinal cohort study at the memory
clinic at Sahlgrenska University Hospital in Mdlndal, Gothenburg [9]. It started in
1999 and focuses on investigating the early phases of AD and VCD, when cognitive
problems are emerging. The study includes patients with di erent stages of cogni-
tive impairment, ranging from subjective and mild cognitive impairment (SCI and
MCI) to mild cognitive disease (AD and VCD). Cognitively normal individuals are
included as healthy controls (HC).

The cohort consists of approximately 1,000 patients between the ages of 50 and
79 who sought medical help for cognitive problems [9]. A baseline examination
was conducted, followed by follow-up assessments in years two, four, six, and ten
after the baseline. Data collected for each patient included neuropsychological tests,
neuroimaging, and biomarker data. Follow-up visits allow researchers to track the

progression to cognitive disease (AD or VCD) from the patient's initial state.

Guidelines for inclusion in the cohort were age between 50 and 79, mini-mental
state examination (MMSE) score > 18 out of 30, and self- or informant-reported
cognitive decline lasting at least six months [9]. Another criterion for participating
in the study was that there were no obvious underlying causes of memory problems
other than cognitive disease, such as brain tumours, subdural hematoma, or major
stroke. A criterion for exclusion in the study was if the patient had a systemic or
other somatic disease that may have caused or was the cause of cognitive impairment.

Patients included in the healthy control group had inclusion criteria similar to those
of other participants [9]. However, they had to have an MMSE score greater than 26
and no current or past cognitive decline. All other inclusion and exclusion criteria
remained the same as those for the other patients.

1.2 Purpose and research questions

The purpose of this master's thesis is to investigate the use of machine learning (ML)
as a more accurate way to diagnose a patient with VCD compared to the clinical
method used today. The project aims to implement regression and classi cation
ML methods to predict the amount of WMH and distinguish between types of
cognitive disease from FLAIR MRI images. This is necessary since VCD is di cult
to diagnose, and the progression of the disease could be delayed if it is at GDS 4,
and even prevented if caught at GDS 2 or 3.

Our speci c research questions are:

Is it possible to identify patients with VCD based on FLAIR images using ML



1. Introduction

classi cation models?

Is it possible to di erentiate between di erent cognitive diseases based on
FLAIR images using ML classi cation models?

N

Can ML regression models be used to identify WMH volumes on brain FLAIR
images?

1.3 Previous work

Many studies have been conducted on using ML in the medical eld [10]. For this
thesis, the review of previous work has been narrowed down to using ML methods
to detect WMH and/or diagnose any type of cognitive disease.

In an article published by Ebrahim et al., ResNet-18 was used to detect AD using
MRI images and applied transfer learning in both 2D and 3D model architectures
[11]. Transfer learning was applied as a way of preventing over tting when training
the model, since the MRI dataset only had hundreds of images. The model was
pre-trained on the ImageNet dataset. They achieved an accuracy of 96.88% and a
sensitivity of 100% after applying an optimization method during model training.

Feng et al. presented a method that employed a logistic regression model for detect-
ing cognitive impairment [12]. The study aimed to identify cognitive impairment

in patients with WMH using MRI, and to analyze the relationship between cogni-
tive decline and associated factors. They performed image registration to align the
T1 with the FLAIR images. This was done to perform segmentation of WMH on
the FLAIR images using their VB-net model. They also evaluated the ML models,
Gaussian process, random forest, and quadratic discriminant analysis algorithm.
Out of these four models, logistic regression based on WMH features performed the
best, achieving an area under the curve (AUC) score of 0.819 on a test set.

Studies that use ML to detect WMH mainly use segmentation. Ghafoorian et al.
implemented a convolutional neural network (CNN) to segment WMH in T1 and
FLAIR images [13]. They used image registration to align the images and could then
use location features to improve the accuracy of the model. Their model achieved a
Dice score of 0.792, compared to 0.805 achieved by a human expert. Another study
achieved a similar Dice score of 0.78 when segmenting WMH using a 2D UNet-based
deep learning method [14]. Neither of the studies used the WMH segmentations to
diagnose disease.

We have found few studies utilizing ML for diagnosing VCD. A PubMed search using
the terms machine learning detection and vascular dementiayielded 10 results, of
which two were identi ed as relevant to our work. In those studies, the ML model di-
agnosed patients with VCD using data from biomarkers [15], and neuropsychological
and electrophysiological measurements [16].

Most studies on ML and cognitive disease are done on AD, as it is the most common

3



1. Introduction

type of cognitive disease, and there are known uid biomarkers for this disease [17].
The detection of WMH using ML is mostly done using segmentation methods. We
have found studies that bear similarities to our thesis work. However, our work
is distinguished from previous studies by combining WMH volume identi cation
and VCD diagnosis using FLAIR MRI images and ML methods. We present a
multi-task learning (MTL) model combining regression methods for WMH volume
identi cation and classi cation for diagnosing VCD.

1.4 Scope and limitations

This project aims to implement an ML model that can, based on FLAIR MRI
images, distinguish VCD from healthy individuals and patients with other cognitive
diseases, such as AD. The focus on VCD rather than AD is what di erentiates this
work from previous studies.

This project was divided into two parts: (1) an MTL model to predict both WMH
volumes and patient diagnosis based on FLAIR MRI images and ground truth WMH
volumes and diagnosis; (2) an explainability model to show the regions the model
focuses on when predicting WMH volume and classifying VCD.

One of the limitations of this project was the 20-week time frame of the master's
thesis, which limited the overall scope and depth of the work. Another limitation
was our knowledge within the medical eld. With our background, the knowledge of
ML was enough to apply di erent methods to the project and achieve an acceptable
outcome. However, this project also required knowledge of the brain, various types of
cognitive disease, and how they are re ected in MRI images. That led to time spent
learning about these topics, and some knowledge had to be overlooked to complete
the project on time. A deeper knowledge of the data and the medical conditions
addressed in this project might have sped up processes such as data preprocessing,
allowing a bigger focus on the ML models. An additional challenge was the amount
of data. Reality will always be a limiting factor when working with medical data.

It is hard to acquire new data since a patient with the specic disease is needed,
and it is costly to perform an MRI examination. Strict patient con dentiality laws
slow down the process of getting new data. Patients have to consent to their images
being used in research, and ethical approval from the Ethical Review Authority is
needed to collect and use the data. For this thesis work, the amount of data was
enough to achieve an acceptable result, but more data would facilitate the work.



2

Preliminaries

The following chapter presents relevant background theory, including an overview of
the di erent cognitive disease types, current diagnostic procedures, and the methods
used in this work.

2.1 Stages and diseases

Cognitive impairment can be classi ed into seven stages of disease according to the
GDS. In the Gothenburg MCI study, stages 1 to 4 are represented in the cohort [9].
They are de ned as:

N

GDS 1: No cognitive impairment
" GDS 2: SCI

" GDS 3: MCI

GDS 4: Mild cognitive disease

GDS 1 is referred to as HC. GDS 4 is categorized into the type of cognitive disease
the patient has, either AD or VCD. The di erent diseases, HC, SCI, MClI, AD, and
VCD (including pure SSVD and mixed SSVD/AD), see Figure 2.1, are presented in
more detail below.

Figure 2.1: The dierent diseases and stages used in this thesis. HC = healthy
control, SCI = subjective cognitive impairment, MCI = mild cognitive impairment,
AD = Alzheimer's disease, VCD = vascular cognitive disease, SSVD = subcortical
small vessels disease, MIX = mixed SSVD/AD.



2. Preliminaries

2.1.1 Control subjects

The control subjects, HC, were recruited through senior citizen organizations and
had to be cognitively healthy and score over 26 points on the MMSE test [9]. They
were all in the same age range as the other patients.

2.1.2 Subjective cognitive impairment

SCI (GDS 2) is a less severe stage of cognitive disease than MCI, as the memory
loss or cognitive symptoms experienced by the patient are not as severe as in MCI
[9]. In follow-up visits, some SCI patients in the Gothenburg MCI study regressed
to HC, or progressed to MCI or cognitive disease.

2.1.3 Mild cognitive impairment

MCI (GDS 3) is a pre-stage of cognitive disease. The patient experiences some
measurable memory loss and cognitive symptoms, but it has not yet a ected daily
life [9]. In the Gothenburg MCI study, some patients regressed to HC after having
previously been classi ed at GDS 3, while some progressed to GDS 4. Some patients
stabilized and remained MCI. This showed that both progressive and regressive
movements exist in the pre-stages of cognitive disease.

2.1.4 Alzheimer's disease

With 32 million patients worldwide [18], AD is the most common cause of cognitive
disease, accounting for 50-75% cases [17]. The most common symptom of AD is
memory issues, and it is also the rst symptom. Other symptoms, such as di culties
multi-tasking and behavioral changes, appear as the disease progresses. AD is caused
by -amyloid plaques and neuro brillary tangles in the brain. This, in turn, causes
neurodegeneration and brain atrophy. -amyloid in cerebrospinal uid (CSF) is used

as a uid biomarker for AD. There exists a disease-modifying anti-body treatment
available for AD that reduces the -amyloid plaques in the brain and therefore
reduces the disease progression [19]. Since November 2024, this treatment called
Lecanemab/Legembi is approved by the European Medicines Agency [20]. Patients
will have regular MRI scans to monitor side e ects such as oedema and haemorrhage
of the brain. Unfortunately, AD patients who also have signi cant WMH or other
vascular pathologies are not eligible for this treatment, since cerebrovascular disease
Is thought to increase the risk of previously mentioned side e ects [21].

2.1.5 Vascular cognitive disease

VCD is the most common type of cognitive disease after AD, accounting for 15-20%
of cases [22]. The prevalence of VCD is higher than diagnosis rates reported by
memory clinics, indicating that it is underdiagnosed [8]. VCD is caused by vascular
pathologies, the most common form being SSVD, which is damage to small vessels in
the brain [1]. This causes locomotor, cognitive, and behavioral problems. Memory
loss is less prevalent in VCD, where issues with executive function are more common

6



2. Preliminaries

[22]. In the Gothenburg MCI study, patients with other causes of VCD (post-stroke
dementia or multi-infarct dementia) were excluded, therefore, there are only SSVD
and mixed SSVD/AD patients in the VCD data, see subsubsection 2.1.5.1 [9].

Currently, there is no curative treatment for VCD [23]. It is, however, possible to
prevent it if the conditions leading to VCD are caught before the disease progresses.
Changes can be made to lifestyle and diet, which have proven e ects in preventing
VCD. If it is too late for prevention, it is still possible to slow the progression if
caught early. This makes early detection highly important. The progression can be
slowed by treating the underlying causes [24]. VCD risk factors, such as hypertension
and diabetes, can be treated with medication [23]. Further, untreated hypertension
causes WMH, which is common in VCD. There are also risk factors that cannot be
treated or changed [1]. Age and gender are known to have an impact on the risk of
developing VCD [22], [25]. Patients of older age and male sex have a greater risk of
VCD.

2.1.5.1 Mixed SSVD/AD

Mixed SSVD/AD is a subtype of VCD, where the vascular disease is combined with
AD [1]. A patient with mixed SSVD/AD exhibits the overlapping characteristics of
both conditions, i.e., they might have both memory problems and reduced cognitive
speed [9]. They present with clinical AD symptoms according to speci c criteria,
along with a certain amount of WMH, combined with a marked frontal lobe syn-
drome. Mixed SSVD/AD contributes to about 20% of cognitive disease cases [9],
[26].

2.2 Diagnostic procedure

According to the guidelines issued by the National Board of Social A airs and
Health, diagnosing cognitive disease should proceed as follows: a basal investigation
Is done as a rst step, where interviews with relatives, cognitive screening tests such
as the clock test and MMSE, CT, and blood tests are done to determine whether
the patient has cognitive impairment, and what type [7]. Even though CT is the
standard imaging procedure, MRI is sometimes used if the clinic has access to a ma-
chine. If the results of the initial investigation are not conclusive, a more extensive
investigation is conducted in a specialist unit. This can include neuropsycholog-
ical tests, MRI, single-photon emission computed tomography (SPECT), lumbar
puncture, or uorodeoxyglucose-positron emission tomography (PET), depending
on what is deemed necessary for the patient or available in the region.

The basal investigation described above is the standard at primary healthcare centers
in Sweden. The Memory Clinic at Sahlgrenska University Hospital conducts a more
extensive initial investigation. They perform tests required in the basal investigation,
but also MRI and lumbar puncture, to diagnose more accurately.

Clinicians accurately diagnose what type of cognitive disease a patient has in around
70% of cases [27]. Many patients su ering from cognitive disease have not been

7



2. Preliminaries

diagnosed appropriately. A cognitive disease screening study in Germany found
that out of all the patients that had cognitive disease, only 40% had previously been
diagnosed [28]. When the patients are eventually diagnosed, it is typically at a late
stage of the disease [29].

The method commonly used to assess WMH in MRI images in clinical settings is
the Fazekas scale [30]. It is a visual rating scale, where periventricular and deep
WMH are rated separately, with a score from 0 to 3, where 0 is no WMH and 3 is

large WMH.

2.3 Machine learning

This section covers the theory related to the ML model, loss functions, and MTL.
It also covers the theory behind the explainability method used in this work.

2.3.1 ResNetl8

ResNetl8 is an 18-layer deep Residual Neural Network, and was developed by
a Microsoft Research team [31]. It consists of convolutional layers and residual
skip/shortcut connections organized into residual blocks. The convolutional layers
apply a set of Iters, commonly of size 3x3. A shortcut connection is added to each
pair of Iters in the convolutional block. See Figure 2.2 for a representation of the
ResNet18 architecture.

Figure 2.2: An illustration of the ResNetl18 architecture with the added shortcut
connections [32]. conv. = convolutional layer, FC = fully connected layer.

2.3.2 Loss functions

The loss function is a measure of the cost of the model's predictions [33]. The
more mistakes the model makes, the higher the loss is. The goal of training is to
minimize the loss. This section presents the theoretical background of the di erent
loss functions evaluated during the project work. The rst three loss functions
presented are used for regression models, while the remaining ones are applied to
classi cation models.

8



2. Preliminaries

2.3.2.1 Mean squared error

Mean squared error (MSE) loss computes the error by taking the average squared
di erence between the model's predicted values and the ground truth values [34],
see Equation 2.1. In the equation, jyis the actual value,¥; is the predicted value,
and n is the total number of samples:

msE= 2 (97 2.2)

i=1
MSE loss assigns a higher penalty to larger errors.

2.3.2.2 Mean absolute error

Mean absolute error (MAE) loss calculates the average of the absolute di erences
between the model's predicted values and the actual values [34], see Equation 2.2.
In the equation, y; is the actual value,¥; is the predicted value, andn is the total
number of samples:

1 .
MAE = — jyi i (2.2)

i=1
MAE loss treats all errors with equal weight [35].

2.3.2.3 Huber loss

Huber loss combines both MAE loss and MSE [34]. The Huber loss will be quadratic
if the absolute value of the residuals is less than or equal to the threshold and
linear if the absolute value is greater than, see Equation 2.3. Huber loss uses the
threshold to switch between MSE and MAE loss, as shown below:

8
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2.3.2.4 Cross-entropy loss

The cross-entropy loss function is commonly used in multi-class classi cation [36].
In Equation 2.4, the loss function is de ned for k classes [37]. Hergy, is the true
probability of classm and data pointi, 1 for the correct class, and O for the other
classes, and; is the output of the network, as shown below:

XX
Lce = Ym:i log(softmax(x;)): (2.4)

i=1 m=0

Applying softmax to the classi cation model output produces k numbers that behave
like probabilities, meaning they are all between 0 and 1, and sum to 1.
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2.3.2.5 Focal loss

Focal loss is a modi cation to cross-entropy loss to combat class imbalances [38].
Adding the term (1 softmax(x;)) to the cross-entropy loss, where is an ad-
justable focusing parameter 0, focal loss is de ned as:

XX
Le = (1 softmax (X)) ymilog(softmax(x;)): (2.5)
i=1 m=0

2.3.3 Over tting

Over tting is a common issue in ML, where the model ts the training data too well

and is therefore unable to generalize to unseen data [39]. This is caused by noise, a
limited dataset, and a too complex model. This section presents methods that are
known to alleviate this problem.

2.3.3.1 Data augmentation

In real-world ML problems, the amount of data available to train a model is often
insu cient [40]. Data augmentation is an e ective way to mitigate this problem,
and still be able to train a generalized model. The training set can increase in size,
quality, and diversity using data augmentation. This gives a more complete data
set, which will help minimize over tting [41].

Data augmentation on image data sets can be performed in two ways, synthetic data
generation or data warping [41]. Synthetic data generation creates new synthetic
images, while data warping transforms the existing images using transforms such as
contrast changes, rotations, and translations.

2.3.3.2 Batch normalization

Batch normalization is used to normalize the activations of the hidden layers in the
deep learning model during training [42]. Each mini-batch is normalized to have a
mean of 0 and a variance of 1 [43]. The normalization during training ensures that
the model is less sensitive to the initial training parameters, allowing larger learning
rates. As a result, batch normalization can speed up training and improve accuracy
and generalization.

2.3.3.3 Dropout

Dropout is used to prevent neural network units from co-adapting [44]. During
training, units are randomly dropped from the neural network. The nal model will
then act like a combination of multiple network architectures, which will improve
model performance and prevent over tting. Research has found that performance
can be improved by regularization using dropout [45]. However, dropout can slow
down the training, since di erent units are dropped in every training step.

10
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2.3.3.4 Reduce learning rate on plateau

Using a constant learning rate is not always ideal when learning a complex pattern
[46]. To improve the learning of these complex patterns, the learning rate can be
decayed during training. Learning rate decay is a method used to improve both
optimization and generalization. One implementation is to automatically reduce

the learning rate when the validation loss plateaus.

2.3.3.5 Weight decay

Weight decay is a popular method used for regularization [47]. The weights of the
model are kept small by penalizing large weights [48]. This reduces the model's
complexity, which improves the model's generalization.

2.3.3.6 Label smoothing

Label smoothing is a regularization method that creates soft targets from the orig-
inal, hard targets [49]. The soft targets are drawn from a weighted average of the
hard targets and a uniform distribution. This improves accuracy and generalization

by preventing the model from becoming overcon dent.

2.3.3.7 Early stopping

Early stopping is a regularization technique that uses the average error on the val-
idation set to determine when to stop training the model [50]. It is based on the
assumption that the validation error approximates the test error, and is used to im-
prove generalization by stopping training once the validation error stops decreasing.
Early stopping is widely used since it is easy to implement and has been found to
be superior to other methods in mitigating over tting. However, it is possible that
early stopping can occur before the model has converged, and the validation error
can temporarily increase before decreasing further.

2.3.4 Multi-task learning

MTL trains multiple ML tasks simultaneously [51]. This can improve generalization
by sharing representations across related tasks [52]. The assumption is that related
tasks share a common feature representation of the input features, and training
them together could produce a more robust representation [53]. Apart from mini-
mizing over tting, MTL can improve the performance of the original task. However,
the tasks must be related; training unrelated tasks can instead greatly reduce per-
formance. The most common implementation of MTL is by using hard parameter
sharing. Hidden layers are shared between all tasks, while each task has its task-
speci ¢ output layer (head) [52].

2.3.5 Explainability model

The explainability method selected for this work was Guided gradient weighted class
activation mapping (Grad-CAM), which combines Grad-CAM and guided backprop-
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agation.

Grad-CAM is a white-box ML model. A white-box model refers to a transpar-
ent ML model, which allows users to understand the internal workings and what
features in uence the outcome and decision [54]. It identi es and analyzes the gra-
dient information that a ects the nal convolutional layer in the network, assigning
importance values to individual neurons [55]. The class-discriminative localization
map, Grad-CAM, can be de ned according to Equation 2.6. Here, c represents the
class, and | is de ned in Equation 2.7, and is the neuron importance weights. The
weights are obtained by rst evaluating how the class scoreychanges in response
to the feature map activations A from a convolutional layer. These weights are
applied to the forward activation maps, and a recti ed linear unit (ReLU) function

is then used to generate the nal class-speci c localization map (heatmap), as shown
in:

X
L(érad—CAM = ReLU( EAk): (2-6)
k

The neuron importance weights ; are computed as follows:

1X X @y

“Z, ) o4

X (2.7)

The generated heatmap then shows where the model fetches information from in
the image.

Guided backpropagation identi es which parts of an image contribute to activating
speci ¢ neurons in the model. This is achieved by Itering out negative gradients
using backpropagation through a ReLU layer [55]. It merges the principles of stan-
dard backpropagation and deconvolutional networks [56]. While deconvolutional
networks allow only positive gradients to pass backward, backpropagation focuses
on features with positive activations in earlier layers.

Guided Grad-CAM combines the visualizations of Grad-CAM and Guided back-
propagation using element-wise multiplication [55].

2.4 Evaluation metrics

Seven di erent evaluation metrics were used to evaluate how well the models per-
form. Pearson correlation coe cient, Spearman's rank correlation coe cient, and
R-squared R?) were used to evaluate the regression head. Accuracy, precision,
recall, and F1-score were used to assess the classi cation head.

12
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2.4.1 Pearson correlation coe cient

One of the most common performance metrics for evaluating regression models is
the Pearson correlation coe cient (R) [57]. It measures the linear correlation be-
tween two variables, the target(t) and the predicted value(p). R is a normalized
measurement of correlation calculated in the following equation,

_ Cov(t;p) .
"~ Std(t) Std(p)’

(2.8)

and is a value between -1 and 1. A value of O indicates no correlation, while -1 and
1 represent strong negative and positive relationships, respectively.

2.4.2 Spearman's rank correlation coe cient

When the target (t) and predicted valug(p) do not follow a normal probability distri-
bution, the assumptions required for calculating the Pearson correlation coe cient
are violated [58]. Instead, the non-parametric measure Spearman'’s rank correlation
coe cient () can be used to measure the correlation. When calculating t and p
need to be ordered and assigned ranks, so that the largest value has réhkand the
smallest 1. The calculation is then the same as for Pearson, except on the ranked t
and p, as in the following equation:

_  Cov(rank(t);rank(p)) .
~ Std(rank(t)) Std(rank(p))"

(2.9)

243 R?

The third evaluation metric used for the regression head R2. The R? value indi-
cates how well the data ts the regression model [59]. It shows the proportion of
variance in the dependent variable that is accounted for by the independent variable
in the model. R? is a value between 0 and 1, and a highd®? value indicates a
better t of the model to the data. The formula for calculating R? can be seen in
the equation below:

Unexplained Variation

R2=1 _
Total Variation

(2.10)

2.4.4 Accuracy

Accuracy measures the proportion of correctly predicted data points by the model
[34]. It indicates how many percent of the model's predictions are correct, and is
de ned below:

TP + TN

ACCUraCY= 45 FE T TN+ EN

(2.11)
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where TP is true positives, TN is true negatives, FP is false positives, and FN is
false negatives.

2.4.5 Precision

Precision is the ratio of true positives to the total number of predicted positives [34].

It measures how often the model correctly identi es positive data points. Precision
also accounts for false positives, where the model incorrectly labels negative data
points as positive, and is de ned below:

TP

Precision= ——:
SION= TP )

(2.12)

2.4.6 Recall

Recall measures the model's ability to identify all of the actual true positive cases
[34]. Recall accounts for false negatives, where the model falsely identi es data
points as negative, and is de ned below:

TP

Recall= ———
(TP + FN)

(2.13)

2.4.7 F1-score

F1-score is a combination of precision, see subsection 2.4.5, and recall [34], and is
de ned below:

2 Precision Recall
Precision + Recall’

F1 score is useful in scenarios where accuracy can be misleading, such as when
dealing with imbalanced datasets where positive cases are rare.

F1-score=

(2.14)

2.4.8 K-fold cross-validation

K-fold cross-validation is a method to evaluate how well an ML model generalizes
[60]. The training data is split into K equally sized sets, where one is used as
validation data, and the rest as training data [61]. Di erent model training runs are
then performed, where each of the K sets is used as validation once. The results of
the model are then averaged over the runs, which gives a more robust estimate of
how well the model performs. K-fold cross-validation can also be used to nd the
optimal hyperparameters to train the model [60].
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Methods

This section describes the work carried out during the project and outlines the
implementation process. It covers everything from data retrieval and preprocessing
to e orts aimed at minimizing over tting and developing the ML models.

3.1 Data acquisition and preprocessing

This section describes the data available in the project and how it was collected.
It also presents the class divisions and the preprocessing steps applied to the data.
This includes conversion and normalization.

3.1.1 Data acquisition

The Gothenburg MCI study's data contains unprocessed brain MRI images in T1,
T2, and FLAIR modality using a 1.5 Tesla MRI scanner, clinical data, each patient's
diagnosis, and brain region masks and WMH measurements made from the T1
volume using the software FreeSurfer 5.3. The data was reviewed, and data irrelevant
to this project was discarded. Only FLAIR MRI images, WMH measurements, and
diagnosis data were used.

Instead of using personal information, each patient was given a random pseudo-
number, which was connected to the patient's MRI images at a speci ¢ time point
during the study. The imaging dataset contains three di erent MRI sequencing
techniques: T1, T2, and FLAIR, and can dier in scan angle (sagittal, axial, and
coronal angles), but only the FLAIR MRI was used for this work in the end. Every
slice in the FLAIR MRI had a resolution of 416 x 512 (height x width) and was
made up of approximately 28 slices.

The dataset contained more scans than patients, because some patients had done
the MRI scan more than once. If a patient had more than one MRI examination, all
images were connected to the same pseudo-number. When splitting into training,
validation, and test sets, we made sure that every FLAIR MRI connected to the
same pseudo-number was in the same set. This gave us a cohort of 506 patients and
750 FLAIR MRI images.

No additional curation of the MRI images was required, as the dataset had already

15



3. Methods

been used in a previous master's thesis project conducted in 2022 [62]. The dataset
was well-sorted, and duplicates had been removed. In our project, an assessment
was conducted to determine which of the available FLAIR modalities were best
suited. The FLAIR images used in this project were acquired from a coronal angle,
meaning the patient's brain was scanned from top to bottom. Two types of FLAIR
images were available: slice thickness of 4 mm or 5 mm.

Figure 3.1 shows the number of images with their diagnosis category, which are: HC
(146), SCI (212), MCI (207), AD (103), and VCD (82), where VCD includes pure
SSVD and mixed SSVD/AD. This gave us a total of 750 MRI images to use.

Originally, we started with a ve-class classi cation setup, where all the diagnostic
categories presented above were treated as separate classes. However, due to issues
with over tting (see subsection 3.2.8) and the limited performance observed in this
con guration, we decided to explore a three-class and a binary classi cation setup
to investigate whether these approaches would yield improved results. The three-
class classi cation consisted of "healthy" patients, AD, and VCD. While the binary
classi cation case consisted of one class with vascular pathology and one without.
Figure 3.2 shows the distribution of the images for the three-class classi cation and
the binary classi cation. The three-class classi cation is divided such that HC and
SCI belong to one class, AD and MCI patients with WMH volumes less than 4820
mm? belong to the second class, and VCD and MCI patients with 4820 n¥nor
more belong to class three. The binary classi cation case was similar, but the AD
and MCI with less WMH were placed in the same class as HC and SCI. The WMH
volume threshold of 4820 mrhfor classifying vascular pathology in MCI patients
was derived from a separate, ongoing study conducted at the memory clinic and was
given to us verbally.

Figure 3.1: The dataset diagnosis distribution for ve-class classi cation.
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(a) Distribution for three-class classi cation. 1 = HC/SCI,
2 = AD/MCI with WMH < 4820 mm 3, 3 = VCD/MCI
with WMH 4820 mns.

(b) Distribution for binary classication. 1 = HC/S-
CI/AD/MCI with WMH < 4820 mm 3, 2 = VCD/MCI with
WMH 4820 mn¥.

Figure 3.2: The dataset diagnosis distribution for the cases with fewer categories.

3.1.2 NIfTI conversion

The original MRI images were Digital Imaging and Communications in Medicine
(DICOM) les, but they were converted to Neuroimaging Informatics Technology

Initiative (NIfTI) format. When doing this conversion, only the necessary metadata

Is stored in the header along with the image [63]. We created a Python script to
convert the DICOM volumes to NIfTI format using the Python library nibabel [64].
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3.1.3 Normalization

We normalized both the FLAIR MRI images and the ground truth volumes. The
MRI images were individually normalized using an ML library called Medical Open
Network for Al (MONAI)'s Scalelntensity function [65]. The WMH volumes
were normalized due to their high values, which caused the loss function to return
extremely large values without normalization. The formula for the Z-normalization
can be seen in Equation 3.1, where is the average WMH volume and is the
standard deviation.

. WMH
Normalized WMH= —— (3.1)

3.2 Machine learning model

To address the two main problems our work focused on, we initially implemented
a regression model to predict WMH volumes using FLAIR MRI images. The plan
was to use these predicted volumes to classify VCD based on WMH burden. How-
ever, this approach was not successful, as we were only able to implement a linear
classi cation model. As a result, we implemented a more advanced MTL model,
which allowed for simultaneous regression and classi cation, see Figure 3.3, aiming
to improve the classi cation performance.

For all models described in this section, measured WMH volumes were used as
ground truth for the regression methods, while diagnosis labels served as ground
truth for the classi cation methods.

3.2.1 Regression model

A regression task involves training a model on labeled data, where each input is
associated with a real-valued target (ground truth), and the goal is to minimize the
di erence between predicted and actual values. As an initial step, several model
architectures were compared to identify the most suitable approach for our regres-
sion task. The models evaluated included relevance vector machine (RVM) [66], a
simple CNN [67], UNet (MONAI) [68], and ResNet18 (MONAI) [31]. In the initial
experiments, the RVM performed poorly and was therefore excluded from further
evaluation. Both the simple CNN and UNet models yielded reasonably good results,
but the ResNet18 model outperformed both models when looking at the prediction
plots and metrics. As a result, ResNetl8 was selected as the base model for the
regression task and later used as the foundation for the MTL model.

3.2.2 Classi cation model

A classi cation model is used to classify the correct label of the input data. In this
project, the aim is to use classi cation to classify what cognitive disease diagnosis
a patient has. Initially, the predicted WMH volumes from the regression model
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were the only input to the classi cation model. This meant it was not possible
to implement a more advanced model than a linear model. A logistic regression
model was implemented using the scikit-learn LogisticRegression and applied to
both multi-classi cation and binary classi cation.

3.2.3 Multi-task learning

To improve the results of the classi cation model, an MTL model was implemented.
It was implemented with one regression head and one for classi cation, see Fig-
ure 3.3. The rationale was that by training shared weights for both regression and
classi cation tasks, the classi cation head could bene t from knowing which image
regions are important for estimating WMH volumes, based on the hypothesis that
VCD can be diagnosed from WMH volume measurements.

Figure 3.3: A schematic of the MTL model architecture.

To implement the MTL model, a classi cation head was added to the MONAI
ResNet18 model used for regression. Two di erent loss functions were used to pe-
nalize both classi cation and regression error. They were combined as follows:

Total loss=3 Regression loss Classi cation loss (3.2)

The learning rate wasl0 4, and the optimizer used was adaptive moment estimation
(Adam). The base MTL model was then implemented using binary classi cation,
three-class classi cation, and ve-class classi cation, where some layers and param-
eters were changed based on the results of experiments described in subsection 3.2.8
and subsection 3.2.9.

3.2.4 Evaluation metrics

We used the evaluation metrics presented in section 2.4 to evaluate the results from
the MTL model. For Pearson correlation coe cient [69], we usechumpy.corrcoef ,

and for Spearman's rank coe cient, we used a function from SciPy [70]. For?R
accuracy, F1-score, precision, and recall, we used scikit-learn's built-in functions [71].
The weighted versions of F1-score, precision, and recall were selected to account for
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class imbalance. The di erence between the original and the weighted versions of the
evaluation metrics is that the weighted metrics compute an average that is weighted
by the number of true instances in each class.

We used the weighted metrics for the cases with three and ve classes. Additionally,
we applied them to the binary classi cation task to evaluate an ideal scenario. This
could demonstrate the model's potential performance if the dataset had a more
balanced distribution between the classes. However, since this does not re ect the
actual distribution in our dataset (around 600 images for the non-vascular patients,
and 150 for the vascular), we also used the original, unweighted equations presented
in section 2.4 to illustrate how the model performs on our dataset.

3.2.5 Using T1 and FLAIR vs FLAIR alone as input

Since the dataset included both T1 and FLAIR MRI images, an experiment was
conducted to evaluate whether combining both modalities as input would improve
model performance compared to using FLAIR alone. The results of this comparison
are presented in more detail in section 4.1. Although the results show improvements
when including T1, we ultimately chose to proceed with FLAIR-only input due to
its faster training time and clinical relevance in diagnosing VCD.

3.2.6 Adding covariates or not

To explore whether performance could be improved for both regression and clas-
si cation, we included the covariates age and gender as additional inputs. They
were added both separately and together using feature concatenation before the -
nal output layers of the model. However, this did not lead to any improvement in
results, and in one case, performance even deteriorated. Therefore, it was ultimately
decided not to include any covariates. Due to limited time, we were only able to test
a subset of the covariates suggested as risk factors for WMH. As a result, we cannot
rule out the possibility that other covariates might have had a di erent impact on
the outcome, but there was not su cient time to investigate these.

3.2.7 Choosing loss function

We compared di erent loss functions to evaluate which were most suitable for our

problem, three for the regression head and three for the classi cation head. For the
regression head, we compared Huber loss, MSE, and MAE loss. For the classi cation
head, we evaluated di erent loss functions for each classi cation case separately.

Each loss function tested on the regression head was trained for 10 epochs with a
learning rate of 0.0001. The models were then evaluated using metrics commonly
used for regression tasksR, , and R2.

For the classi cation head, cross-entropy loss and focal loss were compared in both
the ve-class and three-class classi cation setups. The performance of each loss
function was evaluated by analyzing the loss curves over time and assessing the
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standard classi cation metrics: accuracy, F1-score, precision, and recall. Each model
was trained for 15 epochs with a learning rate of 0.0001. In addition, for the binary
classi cation case, binary cross-entropy with logits loss [72] was also included in the
comparison and trained under the same conditions.

The results of this comparison are presented in more detail in section 4.2, but we
ultimately chose to proceed with MSE for the regression head, cross-entropy for
binary classi cation and the three-class classi cation, and focal loss for the ve-
class classi cation case.

3.2.8 Over tting

This section presents the methods used to minimize over tting. Some of the methods
described below were applied in combination with each other. Due to the limited
time frame of the project, we aimed to evaluate as many strategies as possible to
minimize over tting. Therefore, we chose to combine certain methods when it was
feasible and e cient, while still testing others individually to isolate their e ects.
See Figure 3.4 for an example of how the over tting could look.

Figure 3.4: An example of the loss curves when the over tting was at its worst.
The loss function used in the gure was cross-entropy.

3.2.8.1 Data augmentation

To improve the generalization of the model, data augmentations were performed
on the dataset. Augmentations that would be representative of the dataset were
included and visually inspected to ensure that the images were not changed beyond
recognition. To further ensure that this would help the model, an ablation study
was done.

Starting with six di erent augmentations thought to be relevant in medical imaging
tasks, each one was removed once to see what the e ect of each one was. This was
tested using the ve-class classi cation case with both focal loss and cross-entropy
loss functions. When applying focal loss, none of the di erent augmentations tested
improved the results, nor did a combination of them. In the cross-entropy case,
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when using Gaussian smoothing and Gaussian noise the results declined, so the
nal data augmentations were image translations up to 5 pixels, rotations up to
5° scaling up to 1.1x, and contrast adjustments using gamma transformations with
values sampled between 0.8 and 1.2, all chosen at random with a probability of 0.3.

3.2.8.2 Dropout

To minimize over tting, we added dropout layers at two di erent locations in the
ResNet18 model and tested at two separate stages. First, dropout was applied in
the backbone of the model, before it branched into the classi cation and regression
heads. In the second case, the dropout layer was placed within the classi cation
head, as it was primarily the classi cation loss that over tted, see Figure 3.4. In
both cases, dropout was set to 0.5 for a rst try and 0.3 for a second. Adding a
dropout layer did not a ect the over tting and was therefore not used when running
the nal tests. Dropout was not combined with any other method when attempting
to reduce over tting.

3.2.8.3 Weight decay

Weight decay was incorporated into the optimizer as a regularization technique to
prevent the model weights from becoming excessively large and improve general-
ization. The weight decay was set td0 ° since it penalizes larger weights, which
can help prevent over tting, but it did not lead to any signi cant improvement in
reducing over tting. Due to a limited time frame, we were unable to test additional
values. As a result, we cannot rule out the possibility that this method could help
minimize over tting; however, the value we had time to test did not improve the
results. Weight decay was combined with batch normalization and label smoothing,
and once with batch normalization only.

3.2.8.4 Batch normalization

We implemented batch normalization in an attempt to minimize over tting. How-
ever, the results did not improve, and batch normalization was not included in the
nal tests. Batch normalization was combined with label smoothing and weight
decay, and once with weight decay only.

3.2.8.5 Label smoothing

When using cross-entropy as the loss function, we experimented with label smooth-
ing to prevent the model from becoming overly con dent in its predictions and min-
imize the over tting. We tried label smoothing values of 0.1 and 0.3, but neither
resulted in signi cant improvements, so they were not included in the nal tests. La-
bel smoothing was used in combination with weight decay and batch normalization.
It was also used alone once.
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3.2.8.6 Reduce learning rate on plateau

Another measure to minimize over tting was to reduce learning rate on plateau.
This method was implemented to monitor the classi cation validation loss and to
reduce the learning rate after 10 epochs, if no improvement had occurred. The initial
learning rate was10 “. This method was evaluated using cross-validation k-fold, see
section 4.4. These results showed that this method helped reduce over tting to some
extent, but the improvement was not as substantial as with other methods that we
tried, and for one of the classi cation cases, the result worsened. Therefore, it was
not included in the nal tests.

3.2.8.7 Early stopping

We implemented early stopping together with checkpointing, where the model's
weights were saved at the best validation loss, so testing was done on the best
state of the model. This was done by exploring two di erent approaches. The
rst approach monitored the total average validation loss. The model was set to
stop training if the total validation loss did not improve after a certain number of
consecutive epochs.

The second approach monitored the total average validation loss for the classi ca-
tion, since this was where over tting occurred. Instead of stopping based on the
total validation loss, training was stopped if the classi cation validation loss did not
improve after a certain number of epochs. We experimented with early stopping
thresholds of 10 and 15 epochs, depending on the total number of planned training
epochs.

3.2.9 K-fold cross-validation

K-fold cross-validation was applied to all three classi cation cases. To ensure that
data from the same patient did not appear in multiple folds, theGroupKFoldfrom
scikit-learn was employed. For each task, 10% of the data was held out as a test
set, and the remaining 90% was patrtitioned into eight folds. The model was trained
eight times, using a di erent fold for validation in each iteration. Validation metrics
were computed after each training run and subsequently averaged across all folds.
For the ve-class and three-class classi cation cases, weighted F1-score, recall, and
precision were used, but for the binary case, only unweighted metrics were evaluated.
Early stopping was applied during cross-validation to determine the median number
of training epochs across folds, which was then used for nal model training.

Cross-validation was also utilized to evaluate di erent regression loss functions. The
mean validation metrics, particularly the F1-score, were compared across loss func-
tions, and the one yielding the best performance was selected for the nal training
phase. A similar approach was applied to assess the impact of reducing the learning
rate on plateau. However, as shown in section 4.4, this technique did not lead to a
substantial improvement and was therefore not adopted in the nal model con gu-
ration.
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After the k-fold cross validation was performed, nal training of the three models
(binary, three-class, and ve-class) was carried out using the full training dataset,
excluding the reserved test set. The full training dataset included both the prior
training and validation sets, resulting in only a training and a test set. The nal
training was not based on the best-performing fold, but on a combination of all
folds. The choice of loss function and number of training epochs was informed by
the cross-validation results. Final model performance was evaluated on the held-out
test set, with results presented in section 4.5.

3.3 Explainability model

To verify that the model focused on and extracted information from areas commonly
a ected by WMH, an explainability method was employed. Guided Grad-CAM is a
visual explainability technique that highlights activations from di erent layers of the
model, which can then be overlaid on the original image to identify the speci c brain
regions involved in the model's decision-making process. The Guided Grad-CAM
method was imported from Captum, a model interpretability library developed for
PyTorch, and the implementation script was developed based on this framework
[73]. A threshold value of 0.05 and a gamma value of 0.8 were chosen.

A preprocessing stage is conducted to enhance the clarity of the Grad-CAM visu-
alizations. This includes data cleaning and normalization, removing background
and minor noise, and enhancing important patterns. In this step, the threshold
value is applied to remove background noise, while the gamma value is used to en-
hance weaker signals for improved visualization. We then normalized the heatmap
to improve visualization quality and enhance the clarity of the resulting images. See
Listing 3.1 for the code used for the preprocessing and normalization of the heatmap.

We added the possibility to select which patient's FLAIR MRI to visualize. The
model generated and displayed the resulting Guided Grad-CAM heatmap over the
selected FLAIR image by entering the random number corresponding to the patient.

It was possible to display all the slices from one FLAIR image, but due to it resulting

in 64 images, we limited it to slices 10 to 35. For some cases, slice 15 to 40 was
used instead. A slice corresponded to each 2D FLAIR MRI image, with a 4 or 5
mm space between each slice.

Listing 3.1: The preprocessing code and normalization of the heatmap.

def preprocess_gradcam(attributions, threshold=0.2, gamma=0.5):
attributions = attributions.squeeze()

p5, p95 = np.percentile(attributions, [5, 95])
attributions = np.clip((attributions - p5) / (p95 - p5), 0, 1)

attributions[attributions < threshold] = 0
attributions = np.power(attributions, gamma)

return attributions
def normalize_heatmap(hm, min_val, max_val):
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""Normalizing heatmap"""
return ((hm - min_val) / (max_val - min_val) * 255).clip(0,
255).astype(np.uint8)

3.4 Use of articial intelligence

During this thesis work, we utilized arti cial intelligence (Al) tools to support both
code development and report writing. ChatGPT was used to assist in generat-
ing code, troubleshooting, and improving existing code. For re ning the written
report, ChatGPT was primarily used to correct grammar, improve formatting, sug-
gest better word choices, eliminate repetition, and provide synonyms. Additionally,
Grammarly was used to further enhance the quality of the text, and LaTeX's built-in
Al assistance was also employed.

25



3. Methods

26



A

Results

This section presents the relevant results of the project work. It includes outcomes
related to the choice of input, selection of loss function, e orts to reduce over tting,
and model performance.

4.1 Using T1 and FLAIR vs FLAIR alone as in-
put

The results showed that a di erence in performance was notable. The model per-
formed slightly better when using both T1 and FLAIR images. As shown in the
Figure 4.2, the loss becomes more stable toward the end of training, compared to
the curve in Figure 4.1. The , R, and R? coe cients were also slightly higher when
both image types were used, see Table 4.1. Ultimately, FLAIR was selected as the
sole input modality. The reasoning behind this decision is discussed in section 5.1.

R R?
FLAIR 0.7254 0.6073 0.5087
T1 and FLAIR | 0.7690 0.6705 0.5642

Table 4.1: The resulting metrics on the validation dataset for FLAIR and
T1/FLAIR as input.

Figure 4.1: The loss curve using FLAIR as input over 150 epochs.
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Figure 4.2: The loss curve using both T1 and FLAIR as input over 150 epochs.

4.2 Choosing loss function

This section presents the results of the loss function comparison for both the regres-
sion head and classi cation head, and their three di erent classi cation cases.

4.2.1 Regression head

Table 4.2 shows the resulting metrics for the loss functions Huber loss, MSE, and
MAE loss for the regression head on the validation dataset. As shown in Table 4.2,
MSE was the loss function that yielded the best metric results in two out of three
metrics, while Huber loss achieved the highest result in the third. Although MSE and
Huber loss were relatively close in performance, MAE loss performed notably worse
in two out of the three metrics compared to the other two loss functions. Figure 4.3
shows the loss curves for each loss function. While they all appear similar, the
gure illustrates that the Huber loss may be better suited, as it results in both a
lower total loss and a lower regression loss compared to the other two loss functions
evaluated. Since MSE yielded the best metric values and the loss curves appeared
similar across the tested functions, it was selected for continued use.

\ R R?
Huber Loss 0.7039 0.7673 0.4533
Mean squared error| 0.7161 0.7307 0.4642
Mean absolute error| 0.5992 0.7073 0.2962

Table 4.2: The resulting metrics for the di erent loss functions for the regression
head on the validation set.
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(@ The loss curves using MAE loss.

(b) The loss curves using MSE loss.

(c) The loss curves using Huber loss.

Figure 4.3: The loss curves for MAE loss, MSE, and Huber loss.

4.2.2 Binary classi cation

Table 4.3 shows the resulting metrics for the loss functions: binary cross-entropy
with logits loss, cross-entropy, and focal loss for the classi cation head on binary
classi cation. Figure 4.4 shows the resulting loss curves for each loss function. It
can be seen in Table 4.3 that cross-entropy was the loss function yielding the best
results for binary classi cation and was therefore selected for further use.
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\ Accuracy Fl-score Precision Recall
Binary Cross-Entropy with logits loss| 0.8091 0.7237 0.6546  0.8091
Cross-Entropy 0.8455 0.8408 0.8378  0.8455
Focal loss 0.8273 0.7860 0.8041 0.8273

Table 4.3: The resulting metrics for the di erent loss functions using binary clas-
si cation on the validation set.

(@ The loss curve using binary cross-entropy with lo-
gistic loss.

(b) The loss curve using cross-entropy loss.

(c) The loss curve using focal loss.

Figure 4.4. The loss curves for binary cross-entropy with logistic loss, cross-
entropy, and focal loss.
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4.2.3 Three-class classi cation

Table 4.4 presents the resulting metrics for the loss functions cross-entropy and

focal loss, applied to the three-class classi cation task. Figure 4.5 displays the

corresponding loss curves. Based on the metrics in Table 4.4, cross-entropy provided
the most favorable results and was therefore chosen for further use.

\ Accuracy F1-score Precision Recall
Cross-Entropy | 0.5909 0.4941 0.4322 0.5909
Focal loss 0.5727 0.4680 0.4193 0.5727

Table 4.4: The resulting metrics for the di erent loss functions for the three-class
classi cation case on the validation set.

(@) The loss curve using cross-entropy loss.

(b) The loss curve using focal loss.

Figure 4.5: The loss curves for cross-entropy and focal loss applied on three-class
classi cation.

4.2.4 Five-class classi cation

Table 4.5 shows the resulting metrics for the loss functions cross-entropy and focal
loss, for the classi cation head using ve classes. Figure 4.6 shows the resulting loss
curves for each loss function. It can be seen in Table 4.5 that focal loss yielded the
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best metrics results and loss curves. Therefore, focal loss was selected for further
use.

\ Accuracy Fl-score Precision Recall
Cross-Entropy | 0.3455 0.3209 0.3368  0.3455
Focal loss 0.4455 0.3300 0.4108  0.4455

Table 4.5: The resulting metrics for the di erent loss functions for the ve-class
classi cation on the validation set.

(@) The loss curve using cross-entropy loss.

(b) The loss curve using focal loss.

Figure 4.6: The loss curves for cross-entropy and focal loss for ve-class classi ca-
tion.
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4.3 Over tting

Among the investigated methods to combat over tting, only data augmentation and
early stopping led to substantial improvement. The other approaches discussed in
subsection 3.2.8 showed no notable results and are therefore not reported. Presented
below are the results of using data augmentation and early stopping.

4.3.1 Data augmentation

The data augmentation ablation study was applied to the ve-class classi cation
case. It showed that removing the transforms Gaussian noise and Gaussian smooth-
ing improved the F1-score when using cross-entropy loss, as seen in Table 4.6. When
using focal loss, the results did not improve when using data augmentation, as seen
in Table A.1 in the Appendix.

Accuracy F1-score Precision Recall
All augmentations 0.3277 0.2573 0.3151 0.3277
No augmentations 0.1750 0.1426 0.1828 0.1750
No Gaussian noise 0.3950 0.3521 0.4436 0.3950

No scaling 0.3445 0.2894  0.3479 0.3445

No rotation 0.3193 0.2467 0.2098 0.3193

No contrast adjustment| 0.3025  0.2480 0.2426 0.3025
No Gaussian smoothing 0.3361  0.3227 0.3375 0.3361
No translation 0.2689 0.2532 0.3079 0.2689

Table 4.6: The validation set results of the data augmentation ablation study using
cross-entropy loss using ve-class classi cation.

The example in Figure 4.7 shows the loss graph when removing the Gaussian smooth-
ing transform, using cross-entropy loss.

Figure 4.7: The loss graph when not including Gaussian smoothing in the data
augmentation transforms.
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4.3.2 Early stopping

Early stopping and checkpointing generated better results for all evaluation metrics,
both regression and classi cation. See Table 4.7 for comparison.

| R | | Ry | Accuracy | F1-score| Precision| Recall
Without | 0.7873| 0.6827| 0.5241| 0.2182 0.2246 0.4881 | 0.2182
With 0.8061| 0.8132| 0.5540| 0.3091 | 0.3040 | 0.3734 | 0.3091

Table 4.7: The validation set metrics with and without using early stopping on
the ve-class classi cation case.

4.4 K-fold cross-validation

The average validation metrics for the three cases with their best hyperparameters
chosen are presented in Table 4.8, Table 4.9, Table 4.10.

Mean Std

Accuracy | 0.8326 0.0667
F1-score| 0.6533 0.1040
Precision| 0.5708 0.1354
Recall | 0.7893 0.0845

Table 4.8: The average validation set results for binary classi cation using K-fold
cross-validation.

Mean Std

Accuracy | 0.5394 0.0488
F1l-score| 0.5182 0.0671
Precision| 0.5408 0.1073
Recall | 0.5394 0.0488

Table 4.9: The average validation set results for the three-class classi cation case
using K-fold cross-validation.

Mean Std

Accuracy | 0.2991 0.0760
F1-score| 0.2315 0.0805
Precision| 0.2315 0.0798
Recall | 0.2991 0.0760

Table 4.10: The average validation set results for ve-class classi cation using K-
fold cross-validation.
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Reducing the learning rate on plateau did not improve the results notably, and for

ve-class classi cation, it worsened the results, which can be seen in Table 4.11.
The result shown in Table 4.11 uses focal loss and early stopping, with or without
reducing the learning rate on plateau.

\ Accuracy F1-score Precision Recall
Without | 0.2991 0.0760 0.2315 0.0805 0.2315 0.0799 0.2991 0.0760
With 0.2954 0.0505 0.2167 0.0557 0.2143 0.0804 0.2954 0.0505

Table 4.11: The results of reducing the learning rate on plateau in the ve-class

classi cation case, evaluated using K-fold cross-validation. At the top is without

using learning rate reduction, and below is with. The results are presented as mean
standard deviation.

4.5 Multitask learning

This section presents the nal results from the three cases. The nal outcomes were
obtained by training on the entire training and validation set combined, and testing
on an unseen test set. Early stopping was used during K-fold cross-validation to
nd out the best number of epochs for training the three classi cation cases.

4.5.1 Binary classi cation

Table 4.12 presents the evaluation metrics for the test set in the binary classi cation
case. The weighted evaluation metrics are shown in Table 4.13, illustrating the
potential improvement in performance if a balanced dataset were used. Figure 4.8
shows the nal confusion matrix along with a plot over the predicted volumes. In
the prediction plot, pink dots represent the test set predictions, while blue dots
correspond to the predictions from the training and validation sets.

R | R, | Accuracy | F1-score| Precision| Recall
0.8387| 0.8679| 0.5969| 0.8312 | 0.5806 | 0.5000 | 0.6923

Table 4.12: The resulting test set metrics for binary classi cation using the original
equations for F1-score, precision, and recall. This result represents the reality of the
image distribution for our work.

R | | R | Accuracy | F1-score| Precision| Recall
0.8387| 0.8679] 0.5969| 0.8312 | 0.8414 | 0.8592 | 0.8312

Table 4.13: The resulting test set metrics for binary classi cation using weighted
F1-score, precision, and recall, creating an ideal case where the distribution of images
Is even between the classes.
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(@) The confusion matrix for the test set. 0 =
HC/SCI/AD/MCI with WMH < 4820 mm 3,1 =
VCD/MCI with WMH 4820 mnd.

(b) The model's nal volume predictions.

Figure 4.8: Confusion matrix and prediction plot for the test set in the binary
classi cation case.

45.2 Three-class classi cation

Table 4.14 shows the resulting evaluation metrics for the test set on the three-class
classi cation case. Figure 4.9 presents the confusion matrix and a plot over the
predicted values. In the volume prediction plot, pink dots represent predictions
from the test set, and blue dots represent predictions from the training/validation
set.
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R | | R | Accuracy | F1-score| Precision| Recall
0.8419| 0.8584] 0.4818] 05714 | 0.5381 | 0.5533 | 0.5714

Table 4.14: The resulting test set metrics for three-class classi cation.

(@) The confusion matrix for the test set. 0
= HC/SCI, 1 = AD/MCI with WMH < 4820
mm?, 2 = VCD/MCI with WMH 4820 mny.

(b) The model's nal volume predictions.

Figure 4.9: Confusion matrix and prediction plot for the test set in the three-class
classi cation case.

45.3 Five-class classi cation

Table 4.15 contains the nal evaluation metrics for the ve-class classi cation case.
Figure 4.10 displays the confusion matrix and plot over the predicted values. Like
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the above prediction plots, pink represents the test set prediction, and blue dots the
training/validation set predictions.

R | | Ry | Accuracy | F1-score| Precision| Recall
0.8204| 0.8612| 0.5409| 0.4935 | 0.4465 | 0.4226 | 0.4935

Table 4.15: The resulting test set metrics for ve-class classi cation.

(a) The confusion matrix for the test set. 0 = HC,
1=SCl, 2=MCI, 3=AD, 4 =VCD.

(b) The model's nal volume predictions.

Figure 4.10: Confusion matrix and prediction plot for the test set in the ve-class
classi cation case.
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