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Models
JAKOB SVENSSON
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Abstract
Vascular Cognitive Disease (VCD), including Subcortical Small Vessel Disease
(SSVD), remains one of the most underdiagnosed cases of dementia. Given the
clinical need for early, accurate, and explainable diagnosis, this study explores ma-
chine learning techniques trained on real-world clinical data leveraged from the
Gothenburg Mild Cognitive Impairment (MCI) study to uncover key variables in
VCD diagnosis. The methodology was structured into three key parts: data pre-
processing, model training and evaluation, and model explainability. The original
dataset was partitioned into three subsets to reflect distinct clinical settings: primary
care, specialist care, and research data, each with varying levels of feature availability.
Given the high rate of missing values, multiple imputation techniques were explored
and assessed.

The model training part involved evaluating the performance of various machine learn-
ing algorithms across specific diagnostic tasks and clinical settings. These machine
learning algorithms included two gradient boosting tree algorithms XGBoost and
LightGBM, Support Vector Machine (SVM), Random Forest (RF), and Naive Bayes.
The model with the highest average F1 score (ranging from 0 to 1) across multiple
iterations was selected for final deployment and further refined through additional
training. An Explainable AI (XAI) approach, named SHapley Additive exPlanations
(SHAP), was applied to the final model to ensure transparency and clinical relevance
and identify the most influential features contributing to classification outcomes.

The majority of the final models could classify diagnoses with high precision and
recall, achieving high F1 scores. Some of the variables were previously known to be
associated with the diseases. Furthermore, new variables not previously linked to
the disease were identified, prompting further research. In conclusion, the machine
learning pipeline built in this study has the potential to act as a classifier to distinguish
VCD from AD and clinical prestages of cognitive impairment in a clinical setting.
Furthermore, it can be utilized to identify key variables associated with distinguishing
between these diseases.

Keywords: Cognitive diseases, machine learning, explainable ai (XAI), classification,
missing data imputation.
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1
Introduction

This study uses data from 10 years of following patients and controls in the Gothen-
burg Mild Cognitive Impairment (MCI) study at the Memory Clinic in Gothenburg.
The Gothenburg MCI study that started in 1999 has studied the effect and diagnostic
procedure in Alzheimer’s disease and related disorders in order to evolve the current
nosological knowledge in the field of cognitive impairment [1]. The Gothenburg MCI
study has made significant strides towards understanding cognitive impairment and
dementia. The Gothenburg MCI study comprises 954 participants (406 male, 548
female) with a mean age of 65 years. The cohort represents a spectrum of cognitive
health, from Healthy Controls (HC) and individuals with preclinical conditions like
Subjective Cognitive Impairment (SCI) and Mild Cognitive Impairment (MCI), to
patients with dementia diagnoses such as Alzheimer’s Disease (AD), Mixed Dementia
(MIX), and Subcortical Small Vessel Disease (SSVD). Figure 1.1 displays demo-
graphic data and the total scores of the baseline Mini Mental State Examination
(MMSE) for each subgroup. The total MMSE score, derived from the MMSE test,
is used to quantify an individual’s cognitive status where a lower score indicates
cognitive decline.

Figure 1.1: Table showing the number of participants, age, sex, and total MMSE
score for each diagnosis subgroup for the baseline test

Despite the advances in diagnostic procedures generated by studies such as the
Gothenburg MCI study, accurately distinguishing between the specific types of cog-
nitive impairments remains a challenge due to the amount of overlapping symptoms
and variability in disease progression.

1.1 Background
SSVD is a common and often underdiagnosed form of vascular cognitive disease
(VCD) with the latter making up around 25% of all dementia cases [2]. VCD is
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1. Introduction

characterized by damages to brain blood vessels and tissue and causes cognitive and
motor impairments, and psychological symptoms such as anxiety and depression.

At the moment, making an accurate diagnosis of VCD requires brain imaging
data from sources such as magnetic resonance imaging (MRI) along with detailed
symptomatology, cognitive testing, and evaluation of cardiovascular disease and risk
factors, which is both expensive and not always accessible, making VCD a highly
underdiagnosed disease. This is deeply unfortunate as VCD, unlike other forms of
dementia such as Alzheimer’s disease (AD), can possibly be prevented and treated if
an early diagnosis of the disease is established [3].

Traditional diagnostic techniques such as clinical assessments, using a specially
trained physician, have been used to consider specific diagnostics in patients with
a Global Deterioration Scale (GDS) level of 4 and above, indicating moderate to
severe dementia. This diagnostic procedure relies heavily on specialized data such as
certain levels of White Matter Hyperintensities (WMF) in the brain that are gathered
from MRI imaging and assessed using a modified Fazekas scale [4]. These imaging
techniques play a crucial role in detecting cognitive impairment in patients and are
used, along with biomarkers, cerebrospinal fluid (CSF) and neuropsychological tests,
to determine specific types of cognitive impairments such as SSVD or MIX, which
corresponds to patients with both AD and SSVD pathologies. However, due to the
unavailability of MRI imaging in both primary and specialist care, SSVD is generally
believed to be missed in patients with unclear symptoms.

The use of computational algorithms in medical diagnosis is a well-established concept
and has been studied and developed ever since electronic computers came into use
in the 1950s and 1960s [5]. With the rise of computational algorithms, three major
branches of machine learning have emerged: symbolic learning, statistical methods,
and neural networks. All three branches developed advanced statistical and pattern
recognition methods, including the k-nearest neighbor algorithm, decision trees, and
Artificial Neural Networks (ANNs).

While machine learning techniques provide good accuracy and efficiency in diagnostic
tasks, their interpretability varies across different methods. In the field of medical
science, model interpretability is crucial in order for clinicians to understand the rea-
soning behind the model and trust its decisions to identify key variables contributing
to disease classification. The interpretability of a model can be enhanced by the use
of Explainable AI (XAI) approaches to provide local and global explanations for
machine learning prediction. However, when the interpretability of the underlying
model is lacking, XAI approaches face challenges in producing robust and meaningful
explanations [6].

ANNs are notorious for providing excellent accuracy at the cost of interpretability.
They are great at identifying patterns in large and complex sets of data and usually
yield high accuracy and precision in classification tasks. However, ANNs are built
on an often huge number of interconnected neurons, forming a highly complex
network that lacks human interpretability. This makes them widely recognized as
"black box" models and may therefore not be suitable in implementations where high
interpretability is critical [7].

2



1. Introduction

Previous work in implementing machine learning techniques to identify key variables
in AD research using interpretable machine learning models has been extensive,
with researchers exploring various approaches to improve classification accuracy
and model interpretability. In [6], several different machine learning models were
implemented in trying to classify AD patients using the large and publicly available
AD dataset from the National Alzheimer’s Coordinating Center (NACC). Their study
compared performances between a number of different machine learning models while
highlighting the use of feature selection and explainable approaches such as the
use of a SHapley Additive exPlanations (SHAP) model to produce both local and
global explanations. Their findings demonstrated that ensemble learning methods, in
particular Random Forest (RF), and kernel-based methods such as Support Vector
Machine (SVM), yielded high classification performance while maintaining a balanced
trade-off between accuracy and interpretability.

Despite recent advances in the application of machine learning to nosological research,
relatively few studies have systematically evaluated algorithmic performance across a
broad spectrum of neurodegenerative diseases. Even fewer have focused specifically
on the classification and explainability of SSVD, particularly when utilizing a diverse
set of variables ranging from readily available clinical measures such as age, to more
complex biomarkers derived from CSF analyzes and MRI imaging.

1.2 Aim
The aim of this project is to develop machine learning models to be able to classify
SSVD in patients with high precision while having a high model interpretability.
By leveraging real-world data gathered from the Gothenburg MCI study, this study
entails the development of machine learning models with the aim of classifying patients
into the different subgroups of cognitive impairment. Furthermore, this study will
explore the dataset and trained models in order to discover the features which
are most prominent when classifying the patients’ specific cognitive impairments,
focusing on the features associated with SSVD classification. High interpretability
is crucial in order for medical professionals and clinicians to trust the results and
adopt them in a clinical setting.

1.3 Specification of the Issue Being Investigated
To further specify the issue being investigated, the study will focus on the following
research questions:

• How can machine learning models effectively classify SSVD with high precision
and interpretability?

• Can machine learning models and XAI approaches identify variables that
contribute significantly to the diagnosis of SSVD?

• What methods can be used to optimize machine learning pipelines to handle
heterogeneous, noisy, or missing data in this context?

3



1. Introduction

These research questions will be answered by leveraging data-driven experiments,
model evaluation, and feature analysis techniques.

1.4 Limitations
Despite the potential advantages associated with developing classification models
for SSVD, several limitations have to be considered. One significant concern is
the bias of data. The models used in this study will be trained exclusively on the
data from the Gothenburg MCI study. Despite the several advantages of using this
dataset such as the huge feature variation, there exists a risk of bias due to the data
being gathered from patients in a single region. As a result, the models may not be
generalizable to a broader population.

Another limitation in this project is real-world clinical integration. Although inter-
pretability is a priority, this project does not further describe the implementation
into real-world clinical settings. The study does not include how well the extracted
features fare when used in real-world diagnosis and should not be considered definitive
indicators but rather as potential factors requiring further investigation by medical
professionals.

While data privacy and fairness are acknowledged, this project does not include a
detailed ethical or regulatory analysis regarding medical AI deployment. Issues such
as bias mitigation, explainability requirements, and legal approval processes are not
within the scope of this work.

4



2
Theory

2.1 Two-Sample Kolmogorov-Smirnov Test
The Two-Sample Kolmogorov-Smirnov (KS) test is a nonparametric statistical ap-
proach used to test the hypothesis that two samples have the same distributional
properties [8]. Nonparametric tests are defined by their lack of or minimal as-
sumptions about the underlying data distribution applicable to the analysis being
performed.

Figure 2.1: The red and blue lines each correspond to two separate empirical
cumulative distribution functions and the black arrow represents the KS-statistic or
the maximum absolute difference between them. From [9].

As Figure 2.1 depicts, the KS-statistic used in a Two-Sample KS-test is a quantitative
measure that directly compares two Empirical Cumulative Distribution Functions
(ECDFs). It measures the degree of separation of the two probability distribution by
determining the maximum discrepancy that exists between the two.

Let there be two cumulative distribution functions, F1,n(x) and F2,m(x), for samples
of sizes n and m, respectively. The KS-statistic Dn,m is defined as given in Eq. 2.1.

Dn,m = sup
x

|F1,n(x) − F2,m(x)| (2.1)

5



2. Theory

The supx notation symbolizes the maximum absolute difference for all values of x.
The null hypothesis (H0) assumes that the two samples have the same underlying
distribution, and the alternative hypothesis (HA) suggests that their underlying
distributions are not the same.

For large sample sizes, the null hypothesis is rejected if the inequality given in Eq.
2.2 holds [10].

Dn,m >

√
− ln (α

2 )
1 + m

n

2m
(2.2)

The p-value is the smallest α for which this inequality holds. A large KS-statistic
with a very low p-value indicates that there is a significant difference between the
distributions and that bias due to imputation might have occurred. It is crucial,
nonetheless, to accurately interpret the result of this test. Being unable to reject H0
is not a proof that the two distributions are the same. It only implies that there is not
enough statistical evidence to conclude that they are distinct. This is a significant
distinction, as the measure is being used here as a heuristic tool to uncover major
distortions created by imputation, rather than to validate the imputed data as in
some way completely representative of the underlying, unseen data.

2.2 Missing Data Mechanisms: MCAR, MAR,
and MNAR

Data missingness is usually split into three separate categories depending on the
underlying cause of missingness. If there is no obvious pattern to the missingness
and the missing values are independent of both observed and unobserved values, the
missingness can be categorized as Missing Completely At Random (MCAR) [11].

If the missing values, however, can be explained by the observed values, the miss-
ingness is categorized as Missing At Random (MAR). For example, it might be
found that patients scheduled for appointments on Fridays (an observed variable) are
less likely to submit their pain scores (the variable with missing data) for that day,
perhaps due to weekend plans or a different end-of-week routine. If this tendency
to miss Friday submissions is consistent across different actual pain levels, then
the missingness of pain scores is related to the observed day of the week, not the
unobserved pain score itself.

When missingness cannot be categorized into neither MCAR nor MAR, then miss-
ingness is related to unobserved values and can be categorized as Missing Not At
Random (MNAR). For example, again considering the study collecting self-reported
daily pain scores, if patients experiencing very high pain scores (the variable with
missing data) are too unwell or distressed to log their scores, then the missingness of
the pain score data is directly related to the high severity of the pain (the unobserved
values) they would have reported.

6



2. Theory

2.3 Imputation Methods

Multiple Imputation by Chained Equations (MICE) and K-nearest Neighbors Im-
putation (KNN imputation) are two advanced imputation methods for completing
datasets. MICE operates under the assumption that the data missingness, which is
to be imputed, is MAR. Using MICE when the missingness is not MAR could result
in biased estimates. KNN imputation is not affected by the missingness of the data
and can be used under any missingness mechanism [12].

2.3.1 K-Nearest Neighbors (KNN) Imputation
K-Nearest Neighbors (KNN) imputation is a method where, for a sample with a
missing value in a particular feature, the k most similar samples (nearest neighbors)
are identified from the dataset [13]. This similarity is determined using a distance
metric calculated across the other available features. The missing value is then
imputed using the weighted average of the neighbors’ values for that feature (if
numerical) or the most frequent value (mode) among the neighbors (if categorical).
The "closeness" or similarity between the nearest neighbors is based on a distance
metric, where Euclidean distance is the most commonly used.

Figure 2.2 illustrates how KNN imputation works in two dimensions. Here, the red
point has a missing value in Feature 3 and uses its closest neighbors (Euclidean
distance) to estimate the missing value, either by using the weighted average of its
neighbors’ values for Feature 3 (if Feature 3 is numerical) or by taking the mode (if
Feature 3 is categorical).

Figure 2.2: A two-dimensional illustration of KNN imputation. The central red point
(missing Feature 3) uses its 5 nearest neighbors (circled), found via Feature 1 and
Feature 2, to estimate the missing value.

7



2. Theory

2.3.2 Multiple Imputation by Chained Equations (MICE)
Multiple Imputation by Chained Equations (MICE) has emerged in statistical
literature as one principled method of addressing and imputing missing data [14].
Unlike single imputation methods such as KNN imputation, MICE generates multiple
imputations to account for the statistical uncertainty in the data and uses chained
equations in order to base the imputed values on observed values.

This method is also very flexible, due to chained equations being able to handle
varying types of data such as binary or continuous. The term "chained equations"
refers to the iterative process of imputing values for each variable, which is then
used as a predictor for imputing values in the next variable and so on [15]. This
process ensures that the imputed values are based on observed values. The multiple
imputation method involves filling in the missing values multiple times, which in
turn creates multiple complete sets of data, each reflecting a plausible variation of
the missingness pattern.

Figure 2.3: Numerical illustration of the MICE process. From [15] (CC BY 4.0).

MICE works, as illustrated in Figure 2.3, by using a simple imputation method to get
a temporary value for all missing values. Then, for every variable, it treats it as the
dependent variable and uses other variables as predictors. It then sets the missing
values for the variable back to NaN and uses a regression model to predict a new
value for all missing values for this variable, drawing from the posterior predictive
distribution to maintain uncertainty. This process continues until a fixed number of
iterations has been reached or the model is stable, i.e., the difference between the
last two imputed values is zero or very small.

8



2. Theory

2.4 Synthetic Minority Over-sampling Technique
(SMOTE)

Synthetic Minority Over-sampling Technique (SMOTE), as proposed in [16], is
an over-sampling technique used to balance datasets with an imbalanced class
distribution. An imbalanced class distribution in a dataset occurs when there are
fewer instances of one class compared to another, often leading to models biased
towards the majority class. One way of balancing the classes is to under-sample the
majority class by excluding rows corresponding to the majority class until there are
a similar amount of rows in both classes. This method, however, removes valuable
information about the data that could be used to distinguish the two classes which
is sub-optimal.

SMOTE works by over-sampling the minority class by creating "synthetic" examples
rather than over-sampling with replacement. These synthetic examples are generated
by interpolating between already existing examples of the minority class. In more
detail, for each example or data point in the minority class, SMOTE selects one or
more of its k-nearest neighbors and generates new instances along the line segments
that are connecting them, as shown in Figure 2.4.

Figure 2.4: Scatter plots illustrating two-dimensional data before and after applying
SMOTE.

By generating synthetic samples rather than simply duplicating existing ones, which
can lead to overfitting, SMOTE helps create a more generalizable decision boundary
for classification models. However, SMOTE assumes that minority class samples
are well covered in their local vicinity, which is not guaranteed. Furthermore, if the
minority class is highly overlapping with the majority class, SMOTE can generate
synthetic samples that do not assist the classifier to distinguish between classes.

9



2. Theory

2.5 Machine Learning Models
This study employs a variety of machine learning models for classification. Each model
offers different advantages depending on the nature of the data, the dimensionality,
and the relationships between the variables. The following subsections describe the
core principles of the machine learning models used in this study.

2.5.1 Random Forest (RF)
Random Forest (RF) is an ensemble learning method that works by constructing
a large number of decision trees and outputting the mode or mean of the classes
outputted by the individual trees. RF was first introduced in [17] and combines
the concept of "bagging" with random feature selection to build a collection of de-
correlated trees whose prediction by majority vote is more accurate than that of any
individual tree.

More formally, given a dataset D = {(xi, yi)}n
i=1, RF builds multiple decision trees

T1, T2, . . . , TB, where each tree is trained on a "bootstrap" sample from D. For every
node in the decision tree, a random subset of features is selected to determine the best
split. This in turn introduces variability and reduces variance without significantly
increasing bias.

2.5.2 Gradient Boosted Trees
Gradient Boosted Trees (GBT) is, similarly to RF, an ensemble learning method
that uses decision trees as weak learners. Unlike bagging-based methods such as
RF, GBT is based on the concept of boosting. Boosting focuses on reducing bias by
sequentially training models that attempt to correct the errors made by previous
models. First introduced in [18], Gradient Boosting optimizes a loss function over a
function space by iteratively choosing a function which is typically a decision tree
that points in the negative gradient direction.

Formally, at every iteration, a new decision tree hm(x) is fit to the negative gradient
of the loss function L with respect to the current model prediction Fm−1(x) as seen
in Eq. 2.3 and the updated model can be seen in Eq. 2.4.

hm(x) = arg min
h

n∑
i=1

[
−∂L(yi, Fm−1(xi))

∂Fm−1(xi)
− h(xi)

]2

(2.3)

The updated model becomes:

Fm(x) = Fm−1(x) + νhm(x) (2.4)

where ν is the learning rate used to control the contribution of each tree.

10



2. Theory

2.5.2.1 XGBoost

There are several optimized implementations of GBT. Extreme Gradient Boosting
(XGBoost) is a highly efficient and scalable implementation that introduces additional
regularization terms to the loss function to prevent overfitting and optimization
techniques such as approximate greedy algorithms for split finding [19].

2.5.2.2 LightGBM

LightGBM is another example of an implementation of GBT. Introduced by Microsoft,
LightGBM further improves training speed and model efficiency by using a histogram
based algorithm and leaf-wise tree growth instead of level-wise which makes it
effective for large datasets and high-dimensional feature spaces [20].

2.5.3 Support Vector Machine (SVM)
Support Vector Machine (SVM) is a learning method used predominantly in classifi-
cation tasks. SVM attempts to find the optimal hyperplane that separates classes
with the highest margin [21]. Supposing data cannot be separated linearly in input
space. SVM can then make use of kernel functions, such as the radial basis function
or polynomial kernels, to transform data into higher spaces where a linear separator
may exist.

Formally, given labeled training data {(xi, yi)}n
i=1 where yi ∈ {−1, 1}, SVM solves

the optimization problem seen in Eq. 2.5.

min
w,b,ξ

1
2∥w∥2 + C

n∑
i=1

ξi

s.t. yi(w · xi + b) ≥ 1 − ξi,

ξi ≥ 0

(2.5)

where w and b define the hyperplane, ξi are slack variables allowing some misclassifi-
cations, and C is a regularization parameter balancing margin maximization and
classification error.

2.5.4 Naive Bayes
Naive Bayes is a Bayes’ Theorem-based probabilistic classifier assuming the "naive"
hypothesis that features are conditionally independent of one another given the class
label [22]. Despite this naive hypothesis, Naive Bayes classifiers generally perform
well in practice, particularly in high-dimensional settings.

Bayes’ Theorem can be seen in Eq. 2.6.

P (y | x1, . . . , xn) = P (y) ∏n
i=1 P (xi | y)

P (x1, . . . , xn) (2.6)
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Since P (x1, . . . , xn) is constant for all classes, the classifier simplifies to choosing the
class y that maximizes Eq. 2.7.

ŷ = arg max
y

P (y)
n∏

i=1
P (xi | y) (2.7)

Where ŷ is the class that maximizes the conditional probability P (y | x1, . . . , xn).

2.6 Explainable AI (XAI)
Explainable AI (XAI) refers to a collection of methods and techniques that allows
human users to understand, interpret, and trust the outcomes generated by complex
machine learning models [23]. By describing how the models arrive at the specific
decisions, XAI enhances transparency and supports accountability in AI models and
improves the interpretability of complex AI models. It plays a key role in evaluating
accuracy, fairness, and outcomes in AI-driven decision making.

2.6.1 SHapley Additive exPlanations (SHAP)
SHapley Additive exPlanations (SHAP) is an XAI method first introduced in [24].
The SHAP method assigns so-called "SHAP values" to features in a dataset using
the concept of cooperative game theory. The cooperative game theory framework
can be interpreted as follows: imagine there are several players cooperating in
completing a game; how would the reward for each player be assigned when each
player contributed differently [25]? The reward, or the SHAP values, is assigned
to each player depending on the player’s marginal contribution to the game. The
marginal contribution of each player is defined by four axioms:

• Efficiency - The total reward has to be fully distributed between all contribut-
ing players

• Symmetry - Players that contribute equally receives an equal reward

• Dummy - Players that do not contribute receives no reward

• Additivity - If a game consists of multiple components, a player’s reward
should reflect their contributions to each part individually rather than just the
overall outcome.

Using this, SHAP can be utilized in healthcare to identify biomarkers and clinical
features (players) contributing to a specific disease outcome (reward).

Mathematically, SHAP utilizes an additive feature attribution method that is a linear
function of binary variables, as seen in Eq. 2.8 [26].

g(z′) = ϕ0 +
M∑

i=1
ϕiz

′
i (2.8)
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Where g(z′) is the explanation model, z′ ∈ {0, 1}M is the binary vector representing
the presence or absence of each of the M input features. ϕ0 is the baseline prediction
of the explanation model. ϕi is the SHAP value of feature i.

SHAP values ϕi for each feature i are calculated in Eq. 2.9.

ϕi =
∑

S⊆F \{i}

|S|! (|F | − |S| − 1)!
|F |!

[
fS∪{i}(xS∪{i}) − fS(xS)

]
(2.9)

Where F is the set of all features and S is the subset of features not including feature
i. fS(xS) is the expected model output using only features in S. This represents a
weighted average contribution over all possible feature subsets.

[25] reviewed 45 studies that implemented SHAP and found that more than three-
quarters of them had proposed machine learning models to be used with SHAP, with
XGBoost being the most frequently used (14 studies), followed by RF (10 studies).
This preference may be explained by the high-speed exact SHAP algorithm which is
specifically designed for tree-ensemble models such as XGBoost, RF, LightGBM, and
CatBoost. Additionally, they found that SHAP has been widely used in hospital man-
agement applications (17 studies), including mortality prediction in Intensive Care
Unit (ICU) patients, hospital admissions and readmissions, surgical complications,
and other adverse outcomes of treatment.
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3
Methods

The methodology of the study can be divided up into three main parts: pre-processing,
model training and evaluation, and model explainability. Figure 3.1 outlines these
main parts and their sub-processes in a flowchart. All analyses were conducted using
Python, leveraging libraries such as Scikit-learn for preprocessing and model training
in addition to LightGBM and XGBoost, and Imbalanced-learn for SMOTE. Data
handling and visualization were performed using Pandas and Matplotlib, respectively.

Figure 3.1: A flowchart outlining the methodology used in this study, divided into
three main stages: (a) Pre-Processing, (b) Model Training and Evaluation, and (c)
Model Explainability.

3.1 Pre-Processing
A series of steps must be taken to appropriately incorporate the raw data into a
machine learning classification pipeline. These include using imputation methods
to fill in the missing values in the data and render it complete, dropping columns
(features) and rows that contain rare values, and transforming the dataset into an
appropriate structure, i.e. the formation of paired data and corresponding labels
paired with aligned instances.
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3.1.1 Dataset Generation
The raw dataset from the Gothenburg MCI study, gathered in an Excel document,
contains several sheets representing four different diagnostic domains with around
700 variables across all of them. The types of variables include integer-encoded
categorical and continuous. Although most data were gathered during patients first
visits, there were five rounds of testing conducted at two-year intervals. This study
is interested in investigating the classification performance and feature extraction
in three clinical settings: primary care (PC), specialist care (SC), and research
study (RE). Thus, features accurately representing these clinical settings had to be
identified and split into three separate datasets.

Identifying features for the clinical settings was done by studying literature, such
as the yearly report from SweDem [27], consulting clinical experts, and analyzing
the data. Each clinical setting differs in terms of the number of variables. The
relationship between the variables used in each clinical setting can be seen in Figure
3.2. The final number of variables in each setting can be seen in Table 3.1, this is
the number of variables before any data pre-processing has been performed.

Figure 3.2: Venn diagram highlighting the relationship between the variables (feature
sets) used in all three clinical settings.

Setting # Variables
PC 71
SC 137
RE 606

Table 3.1: Number of variables included in each setting.

In primary care settings, features used are typically those that are available in general
practice, such as basic anamnesis and status information, basic cognitive tests, and
easily accessible biomarker data [27]. These features were chosen to reflect real-world
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limitations of primary care, where advanced imaging or specialized biomarkers and
neuropsychological tests may not be accessible.

The features or variables used for the specialist care setting expand upon the
primary care feature set by adding specialized cognitive test features, biomarkers,
and neuropsychological tests. This reflects the more thorough diagnostic process
available in specialist care, where patients are referred for further evaluation after
initial concerns arise.

Finally, the research feature set includes all available features from the Gothenburg
MCI study and incorporates advanced imaging data such as WMH volumes and
intracranial volume. This setting represents the most comprehensive data, typically
only available in research environments or highly specialized clinics.

Once the feature sets were compiled for all three settings, the data were split into
three separate setting datasets containing all the setting features, patient numbers,
and all five rounds of testing.

3.1.2 Handling Missing Values
Missing values in large datasets are a very common problem, especially in medical
datasets, and the dataset used in this study is not an exception. There are several
methods used to handle missing values; this study has employed some of these
methods.

The main goal of imputation in this context is to fill in missing values in a way that
preserves the original statistical properties and underlying relationships between
variables in the dataset. If an imputation method significantly alters the distribution
of a variable, it can introduce bias. Furthermore, this bias can mislead machine
learning models to learn incorrect patterns, which in turn diminishes their predictive
accuracy and undermines the reliability of explainability methods such as SHAP to
uncover variables with high predictive contribution. Evaluating the performance of
an imputation method by measuring the distributional similarity is therefore crucial.
The Two-Sample KS test serves as a quantitative measure for this specific purpose
and helps to ensure that the imputation does not fundamentally distort the integrity
of the data which is essential for robust and trustworthy diagnostic models.

The missing data in this dataset can be considered MAR since their occurrence is
systematically related to observed variables, i.e., the year of study and the type of
variable. Specifically, missingness is more common in later years, presumably because
the frequency of testing diminishes with time rather than being completely random.
Furthermore, there are some variables with higher rates of missing data, potentially
due to changes in clinical practice, test availability, or study protocol. Since the
nature of the missing values depends on these observed variables and not on the
unobserved values themselves, the MAR assumption is reasonable, which allows the
use of imputation techniques such as MICE or KNN imputation.

To further investigate the missingness of the data, a missingness matrix was generated
to better visualize the missingness of the data where the missing values are represented
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by white blocks and observed values by black blocks. If the missingness is scattered
randomly, the missing values suggest MCAR. Patterns among the missing values in
the matrix may indicate conditional missingness MAR or MNAR. Additionally, a
missingness heatmap will be generated that indicates correlated missingness, or nullity
correlation, between the features of the data. The nullity correlation ranges from
-1 to 1. A nullity correlation value of -1 represents a perfectly negative relationship
where if one variable appears, the other definitely does not. A value of 0 represents
no correlation and a value of 1 represents a perfectly positive relationship where if
one variable appears, the other one is also present.

In the first step of the missing data handling an analysis of the variables was
employed to figure out if some of the variables were relaying the same information
and, if so, merge these variables into one variable. For example, there were three
different variables indicating if the patient had, or has, diabetes and if they were
using some sort of treatment. These three variables were merged into one variable,
simply indicating if the patient has had or is currently having diabetes. This reduced
redundancy, simplified the dataset, and increased the amount of information captured
within a single variable.

Secondly, many of the variables only had available data for the first round or rounds,
where some of these are time-invariant variables. Time-invariant variables are those
that do not change over time, such as sex, birth date, and some anamnesis and status
variables. To handle missing values for these time-invariant variables, a forward fill
method was employed where the last known values for the variable are propagated
forward, maintaining the trend of the previous data. An algorithm was used to
estimate the missing values in the age variable by calculating the difference in years
between known age values and filling in the gaps accordingly.

Before imputation, removal of rows and columns with high counts of missing values is
crucial for reliable imputation performance. A test was therefore employed in order
to evaluate the influence of threshold differences on row and column elimination
by percentage missing data. Rows and columns with percentage missing values
greater than the thresholds were removed. The experiment systematically tested
all combinations of row and column deletion thresholds at the levels of 40%, 50%,
60%, 70%, 80%, and 90%. For every threshold combination, several measurements
were recorded, such as the KS statistic for measuring imputation performance, the
number of variables remaining, and the number of SSVD labels remaining. The test
was to discover the pair of row and column thresholds that sufficiently preserved
the original data distribution while minimizing the loss of both variables and SSVD
labels. Columns were removed first, followed by rows, as preserving data points was
deemed more important.

Finally, two different imputation methods were utilized, including MICE and KNN
imputation. A Two-Sample KS test was performed to test the effectiveness of the
imputation methods by comparing the distributions of the whole dataset before and
after imputation using a Kernel Density Estimation (KDE) technique. Furthermore,
a comparison of the distributions of the top-6 variables with the highest amount of
missing values were generated to see how the distribution of features with a high
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missing rate will be handled using these imputation methods.

Standard imputation methods, such as scikit-learn’s KNNImputer (KNN imputation)
and IterativeImputer (MICE) do not inherently handle categorical values but rather
treat them as numerical values, which can lead to misleading imputations or the
creation of non-existent categories. This is especially critical for ordinal variables
with a given order, but where differences between successive values do not increase
uniformly (for example, the clinical difference of scoring 0 compared to 1 will probably
not be the same as for the difference of scoring 1 and 2). The use of imputation
methods that rely on distance or regression inherently makes the assumption that
the intervals are equally spaced.

To visually assess the impact of imputation, KDE plots are used. It is acknowledged
that KDE plots create a smooth, continuous curve from discrete data points, which
can give the impression of "smearing". However, their purpose here is not to perfectly
represent the discrete nature of the data, but to provide a visual approximation for
comparing the overall shape, centering, and spread of a variable’s distribution before
and after imputation. This allows for the detection of significant distortions.

To manage the issue of non-existent categories, a pragmatic approach was taken. The
categories were saved before imputation, and the imputed values for all categorical
features were subsequently clipped to the nearest valid category. While this does
not resolve the underlying assumption of equal intervals, it ensures that the final
imputed dataset contains only valid categorical values. In addition to this approach, a
custom KNN imputation method were employed and compared to the aforementioned
technique. By adhering to theory, this method imputes categorical variables using
the mode and numerical variables using the mean, each calculated from the values of
their k-nearest neighbors.

3.2 Model Training and Evaluation
A flow chart of the training part of the methodology is illustrated in Figure 3.3.

For model training, a stratified group k-fold cross-validation strategy was used, where,
in each iteration, the training set was split into five folds, with one fold held for
testing while the rest was used for training. In addition to maintaining patient group
integrity and preventing any data leakage by ensuring that the same patient does not
end up in both training and test set, the approach also preserves class distribution
in each split by using stratified sampling. This k-fold cross-validation approach
helps evaluate the model performance across several folds and achieving a robust
evaluation by averaging the metrics across all folds.

3.2.1 Handling Class Imbalance
The data set exhibited significant class imbalance, with SSVD cases being the least
frequent class. Without any countermeasures, class imbalance could impact model
generalization during training by biasing towards the majority class. Therefore,
SMOTE was employed during model training to over-sample the minority class and

19



3. Methods

Figure 3.3: A flowchart outlining the full training phase. The orange blocks represent
the model selection part and the blue blocks represent the final training part using
the best performing model.
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balance out the class distribution for the training set while the test set remained the
same. In addition to using SMOTE, a stratified sampling technique was implemented
during training to further address class imbalance challenges.

Stratified sampling is used to fairly represent each class in both the training and test
splits by preserving the original class distribution in each split. This ensures that
performance are not biased due to uneven class distribution across different splits.
By combining both SMOTE and stratified sampling, the model was trained on a
more balanced data set while the test set remained untouched, reflecting the real
distribution of diagnoses. This approach aimed to improve the model’s ability to
generalize across all classes, particularly the underrepresented SSVD group.

3.2.2 Machine Learning Models
When training using a specific setting dataset and diagnoses, several different models
were trained and evaluated using stratified group k-fold and an average F1 score
over five folds. The model that achieved the highest average F1 score for the specific
dataset and diagnoses was subsequently trained and evaluated again. Performance
metrics, confusion matrices, and SHAP values were averaged over all five folds,
achieving a more robust performance evaluation. The models used include the
following: XGBoost, LightGBM, Random Forest (RF), Support Vector Machine
(SVM), and Naive Bayes (NB).

RF was chosen for its ability to handle noisy clinical data while maintaining high
performance and interpretability. It was also proven in [6], in addition to SVM,
to perform well on medical data. XGBoost and LightGBM were included due to
their high performance on structured data tasks, particularly on healthcare tasks,
where they have a tendency to outperform traditional models by modeling complex
feature interactions and handling missing values more gracefully. For example,
studies have shown that XGBoost and LightGBM outperform other models such
as Logistic Regression and SVM in myocardial infarction prediction, highlighting
their potential in healthcare settings [28]. NB was included as a comparison model
due to its simplicity, and a high performance by NB could indicate an approximate
independency between the variables used in the classification.

3.2.3 Evaluation Metrics
Model performance was assessed using standard classification metrics, including
accuracy, precision, recall, F1 score, and the area under the receiver operating
characteristic curve (AUC ROC). For these metrics, values range from 0 to 1, where
a score closer to 1 signifies better performance. Accuracy is a naive approach to
model evaluation that measures the share of correctly predicted labels among the
total number of instances. This provides a general sense of the model performance.
However, on for example imbalanced datasets, this metric may be misleading as
it may be biased towards the majority class while neglecting the minority class
performance. Other metrics such as precision, recall and F1 score were therefore
employed to more accurately represent the model performance.
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Precision measures the quantity of true positive predictions among all positive
predictions, indicating how reliable the model is when predicting the positive class.
Recall measures the number of true positive predictions relative to all actual positive
instances, indicating how well the model finds all positive instances. The F1 score is
a harmonic mean of both precision and recall which balances the trade off between
them, and is especially useful when the classes are imbalanced. Precision, recall, and
F1 score were macro-averaged which give equal weight to each class regardless of
sample size, which is a good indication of performance on imbalanced datasets.

AUC-ROC assesses the model’s ability to distinguish between classes across all
possible classification thresholds (between 0 and 1) and calculates the area under the
curve (AUC) generated by plotting the true positive rate against the false positive
rate. Values close to 1 indicates great discriminative ability and robustness and
values near 0.5 suggest that the model performs no better than random chance.

3.3 Model Explainability and Feature Extraction
To identify key features for the specific classification task and dataset, the XAI
approach SHAP was employed. At each fold of the best performing model for the
specific task and dataset, SHAP values were generated for each feature and data
point in the test set. After all folds were used, the SHAP values were averaged
to get a more realistic estimate of the feature’s overall contribution to the model’s
predictions. The standard deviation of the features SHAP values were also calculated,
indicating if the feature’s influence was consistent across folds or not.

The top-k features with highest mean SHAP values were plotted on a bar chart along
with their standard deviations in order to visualize their impact on the model and
if the impact were consistent during the training iterations. A beeswarm plot of
the SHAP values for the top-k features were also employed in order to visualize the
distribution of SHAP values for each data point and which values of a feature were
associated with which diagnosis. The models were retrained using only the top-k
features to see how well they performed using purely these features.
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4.1 Handling Missing Values
Figure 4.1 shows the missingness matrix and the missingness correlation heatmap,
both using the specialist care dataset and the top two hundred variables with the
highest level of missingness. Both the missingness matrix and missingness correlation
heatmap show that missingness tends to occur in structured patterns and particularly
across subsets of features which rules out the possibility of MCAR. This pattern is
consistent with the MAR assumption, where missingness is dependent on observed
variables. Although these figures alone cannot rule out the possibility of MNAR, the
patterns observed and the knowledge that missingness is mostly related to testing
round makes an assumption of MAR on the missingness of this dataset reasonable.

Figure 4.2 shows the variables and SSVD labels remaining using all pairs of column
and row thresholds. This shows that using a row and column threshold of 0.9 (90%)
retains most of the original variables while ensuring a sufficient number of SSVD
labels and achieves a reasonable KS-statistic of 0.0777.

Table 4.1 shows the percentage of missing values before and after forward filling
time-invariant variables, merging some variables, imputing age, and removing rows
and columns with over 90% missing values.

Setting % Missing
(Before)

% Missing
(After)

# Variables
(Before)

# Variables
(After)

PC 65.47% 32.74% 71 68
SC 68.87% 40.56% 137 131
RE 75.50% 44.60% 606 487

Table 4.1: Percentage of missing values before and after forward filling time-invariant
variables, merging some variables, imputing age, and removing rows and columns
with over 90% missing values.

Table 4.2 shows the average KS-statistic and the p-value of the three different setting
data sets averaged over all columns using MICE and KNN imputation.
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(a) Missingness correlation heatmap of the top 200 features with the highest missing rates.

(b) Missingness matrix of the same 200 features, showing the distribution of missing values
across samples.

Figure 4.1: Visualizations of missing data patterns in the dataset.
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(a) Heatmap showing the KS-statistic
achieved by KNN imputation at different row
and column elimination thresholds.

(b) Heatmap showing the number of SSVD labels and variables retained at different row
and column elimination thresholds.

Figure 4.2: Heatmaps showing the KS-statistic achieved and SSVD labels and
variables remaining at different thresholds for column and row elimination where a
row or a column with a missing value level over this threshold was eliminated.

Setting D (KNN) D (MICE) p-value (KNN) p-value (MICE)

PC 0.0608 0.1028 0.3264 0.3548
SC 0.0777 0.1202 0.2701 0.2522
RE 0.0898 0.1112 0.1974 0.2155

Table 4.2: Two-Sample KS test using MICE and KNN imputation. D represents the
average KS-statistic over all columns before and after imputation.
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The result of the Two-Sample KS tests using MICE and KNN imputation indicates
that KNN imputation, on average, preserves the distribution of the original columns
better than MICE. The high p-value implies that the null hypothesis, stating that
the distributions before and after imputation are similar, cannot be rejected.

For MICE, the KS-statistic is less variable across PC, SC, and RE datasets compared
to KNN imputation and is actually lower for the RE dataset than SC. This could
indicate that MICE is more resistant to increasing dimensionality and operates better
in higher-dimensional contexts than KNN. On the other hand, the comparatively
stable or even improved performance of MICE with increasing features indicates that
the datasets employed in this study are perhaps not very high-dimensional, since
extremely high-dimensionality would have the effect of degrading the performance of
both methods.

To further investigate the performance in imputation between MICE and KNN im-
putation, individual column distributions before and after imputation were analyzed.
The distributions of the six variables with the highest levels of missingness in the
specialist care dataset can be seen in Figure 4.3. Both imputation methods strug-
gle to perfectly capture the distributions of the original dataset. The distribution
plots, in addition to their KS-statistics and p-values, seem to suggest that KNN
imputation does a better job than MICE in preserving the original distributions.
KNN imputation also does not impute values outside the observed value range which
seems to be the case for MICE, which is evident in the Figure 4.3a1 and Figure
4.3b1 distribution plots showing the same variable imputed using MICE and KNN
imputation respectively.

Table 4.3 highlights the classification performance (F1 score and ROC AUC) using
both imputation methods, all setting datasets, and five different classification scenar-
ios, including SSVD in each. Models trained on data imputed by KNN imputation
more frequently achieved higher F1 and ROC AUC scores. This seems to suggest
that KNN imputation does a better job at preserving the predictive structure of the
data.

Classification
Scenario

F1
(KNN)

F1
(MICE)

ROC AUC
(KNN)

ROC AUC
(MICE)

SSVD vs AD 0.789 0.772 0.772 0.732
SSVD vs MIX 0.749 0.743 0.775 0.768
SSVD vs HC 0.960 0.956 0.970 0.963
SSVD vs MCI 0.757 0.745 0.725 0.715

Table 4.3: Performance metrics for KNN imputation and MICE on the SC dataset.

A custom KNN imputation method was implemented, which inherently handled
categorical and numerical variables. Although this method adheres to theory, by
taking the mode of the nearest neighbors for missing values in categorical columns, it
still performed worse than using KNN imputation and clipping imputed categorical
values to the nearest category. The custom KNN implementation achieved an average
KS-statistic of 0.1306 over all columns on the research dataset and, compared to KNN
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(a) MICE

(b) KNN imputation

Figure 4.3: Distributions of the six variables with the highest levels of missingness in
the specialist care dataset, shown before and after imputation using MICE (4.3a)
and KNN imputation (4.3b).
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imputation and clipping, a higher or equal KS-statistic on a sample of categorical
variables. This can be seen in Appendix A.1. The KNN imputation with clipping
were used in all results onward due to the observed superiority of the KNN imputation
implementation compared to MICE and the custom KNN imputation method.

4.2 Model Evaluation
The following tables show the classification results using all models and several
scenarios, including SSVD and using the specialist care dataset. Table 4.4 shows the
classification performance of all models discriminating between HC and SSVD, where
RF achieved the highest F1 score of 0.96. Table 4.5 shows classification performance
between MCI and SSVD, where RF achieved the highest F1 score of 0.757. Table 4.6
is between AD and SSVD, where LightGBM achieved the highest F1 score of 0.789.
Table 4.7 show the performance between MIX and SSVD, where SVM performed
the best with a F1 score of 0.749. These results show that ensemble methods are
highly effective in discriminating between SSVD and other cognitive diseases such as
AD. This seems to be the case even when using a larger feature set in the research
dataset. The only scenario when ensemble methods were not superior, were in MIX vs
SSVD classification, where SVM performed much better than the ensemble methods
achieving a F1 score of 0.749 compared to 0.689 for the best performing ensemble
model. Classification difficulty increases progressively from HC vs SSVD to MCI vs
SSVD, and then to AD vs SSVD, which is expected.

Table 4.4: Model Performance Metrics (HC vs SSVD) using SC dataset

Model Name Accuracy Precision Recall F1 ROC AUC

XGBoost 0.966 0.939 0.955 0.946 0.955
LightGBM 0.971 0.954 0.959 0.956 0.959
RF 0.973 0.952 0.970 0.960 0.970
SVM 0.965 0.955 0.947 0.948 0.947
NB 0.907 0.840 0.900 0.861 0.900

Table 4.5: Model Performance Metrics (MCI vs SSVD) using SC dataset

Model Name Accuracy Precision Recall F1 ROC AUC

XGBoost 0.885 0.774 0.724 0.731 0.724
LightGBM 0.885 0.776 0.714 0.728 0.714
RF 0.900 0.834 0.725 0.757 0.725
SVM 0.846 0.688 0.684 0.678 0.684
NB 0.397 0.514 0.532 0.371 0.532

Figure 4.4 shows confusion matrices, averaged over all five cross-validation folds,
as a result of classification between SSVD and three other cognitive diseases and
healthy control and using the SC dataset. There is a noticeable class imbalance
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(a) Confusion matrix of AD vs SSVD classi-
fication using the SC dataset.

(b) Confusion matrix of HC vs SSVD classi-
fication using the SC dataset.

(c) Confusion matrix of MCI vs SSVD classi-
fication using the SC dataset.

(d) Confusion matrix of MIX vs SSVD clas-
sification using the SC dataset.

Figure 4.4: Confusion matrices showing the results of classification between SSVD
and three other cognitive diseases and healthy control, averaged over five cross-
validation folds.
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Table 4.6: Model Performance Metrics (AD vs SSVD) using SC dataset

Model Name Accuracy Precision Recall F1 ROC AUC

XGBoost 0.828 0.774 0.762 0.765 0.762
LightGBM 0.852 0.814 0.772 0.789 0.772
RF 0.823 0.789 0.700 0.725 0.700
SVM 0.760 0.693 0.714 0.699 0.714
NB 0.789 0.725 0.688 0.700 0.688

Table 4.7: Model Performance Metrics (MIX vs SSVD) using SC dataset

Model Name Accuracy Precision Recall F1 ROC AUC

XGBoost 0.724 0.706 0.702 0.689 0.702
LightGBM 0.737 0.716 0.689 0.689 0.689
RF 0.732 0.735 0.694 0.684 0.694
SVM 0.769 0.754 0.775 0.749 0.775
NB 0.66 0.657 0.678 0.642 0.678

between SSVD and all four other classes which is most noticeable in Figure 4.4c
where the number of MCI instances is nearly six times higher than the number
of SSVD instances. This leads to the model showing signs of biasing towards the
majority class due to the low recall for the minority class compared to the high recall
for the majority class.

Table 4.8 shows a comparison in model performance when using SMOTE and not
using SMOTE. It is evident that SMOTE enhances the classification performance,
especially in distinguishing between SSVD and AD and SSVD and MCI. In all
of these four scenarios, SSVD is the minority class, which means that it was the
class being subjected to oversampling using SMOTE. Due to the improvement in
performance using SMOTE by oversampling the SSVD class, this would indicate
that SSVD samples are well covered in their local vicinity. As previously observed,
the best performing model in the SSVD vs MIX scenario was SVM and this scenario
using SVM did not see as much increase in performance as the other scenarios
which uses ensemble models. This could indicate that SVM is more robust to class
imbalance compared to the ensemble methods used.

4.3 Feature Importance
Figure 4.5 illustrates SHAP values for AD vs SSVD classification in all three settings,
focusing on the 10 variables with the highest mean absolute SHAP values. The figure
shows both the complete distribution of SHAP values for these top 10 variables and
their mean absolute SHAP values. Additionally, the graphs on the left depict these
mean absolute SHAP values along with their standard deviations across the five
cross-validation folds. The graphs on the right side depict the complete distribution
of SHAP values for these top 10 variables. Here, a high SHAP value pushes the
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Scenario F1
(SMOTE)

F1
(No SMOTE)

ROC AUC
(SMOTE)

ROC AUC
(No SMOTE)

SSVD vs AD 0.789 0.739 0.772 0.721
SSVD vs MIX 0.749 0.749 0.775 0.767
SSVD vs HC 0.960 0.958 0.970 0.966
SSVD vs MCI 0.757 0.713 0.725 0.688

Table 4.8: Results of SMOTE analysis on the SC dataset. The table shows F1 and
ROC AUC using the best performing model for each scenario with and without the
use of SMOTE during training.

model’s decisions towards a positive class classification, and a low SHAP value pushes
it towards the negative class. In this example, the positive class is SSVD and the
negative class is AD. They also show the value distribution of the variables and their
relation to the SHAP values. In this example, we can see that for example, a high
value in the stroke variable, indicating if the patient has had a stroke in the past, is
related to higher SHAP values and subsequently SSVD (positive class). Note that
the SHAP values are not directly comparable across different scenarios (datasets,
feature sets, and models). This is because SHAP values measure the impact of an
observation relative to a specific model’s unique baseline prediction, the learned
hyperparameters, and the particular dataset on which it was trained.

Table 4.9 and Table 4.10 show the model performance of using the entire feature set
and only the top 10 features with the highest mean absolute SHAP value, respectively.
These tables show how similar the performance is when the models rely on only
the top 10 features, as opposed to the entire feature set. Most metrics demonstrate
only marginal differences across all settings. For example, the accuracy for the SC
setting, decreases minimally from 0.852 to 0.844 when using the top 10 features.
While the accuracy decreases in all three settings, the F1 and ROC AUC scores
are maintained or even improved when using only the top 10 features. Table 4.11
show the model performance when using the top 30 features with the highest mean
absolute SHAP value. While performance using the PC dataset remains roughly the
same, performance using the SC and especially the RE dataset increases dramatically,
which could be explained by the reduction in complexity as less features are used
compared to using the entire feature set. Another unexpected result is that the best
performing model when using only the top 10 features and the PC and SC dataset
was NB, which could indicate a relatively strong independence between these top 10
features.
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(a) PC Setting: Mean absolute SHAP values
for the top 10 features.

(b) PC Setting: SHAP summary plot for
the top 10 features.

(c) SC Setting: Mean absolute SHAP values
for the top 10 features.

(d) SC Setting: SHAP summary plot for the
top 10 features.

(e) RE Setting: Mean absolute SHAP values
for the top 10 features.

(f) RE Setting: SHAP summary plot for the
top 10 features.

Figure 4.5: SHAP analysis for AD vs SSVD classification highlighting the top 10
most discriminative features for the PC, SC, and RE settings. Left panels (a, c, e)
display the mean absolute SHAP values for these features, with error bars indicating
standard deviations across five cross-validation folds. Right panels (b, d, f) present
SHAP summary plots, illustrating the distribution of SHAP values for each feature
and how higher (red) or lower (blue) feature values impact the model’s prediction
towards SSVD (positive class) or AD (negative class).
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Setting Accuracy Precision Recall F1 ROC AUC

PC 0.817 0.778 0.692 0.714 0.692
SC 0.852 0.814 0.772 0.789 0.772
RE 0.819 0.770 0.750 0.748 0.750

Table 4.9: Performance metrics on AD vs SSVD classification using the entire feature
set.

Setting Accuracy Precision Recall F1 ROC AUC

PC 0.837 0.798 0.754 0.770 0.754
SC 0.844 0.807 0.770 0.784 0.777
RE 0.813 0.747 0.763 0.751 0.763

Table 4.10: Performance metrics on AD vs SSVD classification using only the top 10
features with the highest mean absolute SHAP values.

Setting Accuracy Precision Recall F1 ROC AUC

PC 0.840 0.808 0.741 0.764 0.741
SC 0.851 0.800 0.802 0.800 0.802
RE 0.872 0.827 0.837 0.829 0.837

Table 4.11: Performance metrics on AD vs SSVD classification using only the top 30
features with the highest mean absolute SHAP values.
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5
Conclusion

This chapter discusses the findings of the study in relation to the research questions,
evaluates the methodologies employed, and considers the implications for clinical
practice and future research. It concludes by summarizing the key contributions of
this work.

5.1 Discussion
This study aimed to develop machine learning models capable of classifying subcor-
tical small vessel disease (SSVD) with high precision and interpretability, identify
significant diagnostic variables, and optimize machine learning pipelines for handling
real-world complex clinical data. The research successfully demonstrated that ma-
chine learning models, especially ensemble methods like LightGBM, XGBoost and
Random Forests, can effectively classify SSVD against other cognitive impairments
and healthy control (HC). For instance, RF achieved a high F1 score of 0.96 when
differentiating SSVD from HC using the specialist care dataset, and LightGBM a F1
score of 0.789 against AD. Support Vector Machines also showed promise, particularly
in SSVD vs MIX classification.

In some cases, such as the SSVD vs MCI scenario using the SC data set as shown in
Table 4.5, the performance worsened due to low recall for the minority class (SSVD)
which can be attributed to the class imbalance present. When one class, such as
SSVD, is heavily underrepresented, models, even with techniques such as SMOTE
during training, can struggle to sufficiently learn the full spectrum of the minority
class or may learn to be conservative in predicting it to avoid missclassifying the
majority class. This often leads to a high number of false negatives for the minority
class which lowers its recall. To mitigate this and improve the model performance on
the minority class, SMOTE is a strong approach, which is evident in Table 4.8. Other
strong approaches include variants of SMOTE such as Borderline-SMOTE which only
oversamples minority class instances along the class boundary [29]. Undersampling
the majority class is another approach to mitigate majority bias, however, this method
can lead to a loss of important information if not done carefully. Although these
methods can help mitigate model bias, the most effective and real-world solution
would be to collect more instances of the minority class.

The variability observed in the best performing model across these different diagnostic
comparisons such as RF for HC, LightGBM for AD, and SVM for MIX all when

35



5. Conclusion

contrasted with SSVD is noteworthy. This is likely due to the variability of the under-
lying data characteristics in different diagnostic pairings. For example, distinguishing
SSVD from HC, where cognitive and biomarker profiles are expected to be more
distinct, might favor models such as RF that are great at identifying and learning
these clear separating boundaries between the classes. In contrast, distinguishing
between SSVD and MIX which inherently involves overlapping pathologies, might
benefit from the margin-maximizing capabilities of SVMs in specific feature spaces.
This observations implies that a universally optimal machine learning model may
not exist for all SSVD-related diagnostic challenges. Instead, future clinical decision
support systems could be more effective if they employed a range of specialized mod-
els tailored to specific diagnostic challenges or an adaptive model which could adapt
to the specific diagnostic challenge requested by adjusting its internal mechanism.

The use of SHAP as an XAI approach successfully identified variables that are
known to contribute to SSVD diagnosis, some that are known to contribute to other
diagnoses, and some that are not known to contribute to any of these diagnoses.
Across different clinical settings in AD vs SSVD classification, variables such as
stroke, hypertension and TIA consistently emerged as important discriminators
which are all generally known to be associated with SSVD and is backed up by
previous research in the field [30], [31]. Other identified variables such as IgM are not
generally known to be associated with either AD or SSVD which prompts further
research into the effect of these variables in SSVD diagnosis. To our knowledge, no
associations of IgM and SSVD has been reported although low levels of IgM has been
associated with stroke [32]. Interestingly, accumulation of IgM has been observed in
in cutaneous small vessel vasculitis, a disease that affects the vessels in the skin [33].
The ability to identify key variables is crucial for enhancing the clinical utility and
trustworthiness of the models, as it provides clinicians with insights into the factors
driving the diagnostic classifications. Retraining the models using only the top 10
most influential variables resulted in only marginal performance differences, and in
some cases, using the top 30 variables even improved performance which suggests a
potential for more focused and efficient diagnostic tools which uses only a subset of
variables.

The study systematically addressed optimizing machine learning pipelines for het-
erogeneous and missing data. This was done by, among other methods, comparing
KNN imputation and MICE and adjusting row and column elimination thresholds
to maximize the number of rows and columns retained after deletion while having a
reasonable imputation performance. The results showed a superior performance for
the KNN imputation method with clipping to the nearest category for categorical
imputed values compared to using MICE, also with clipping. This was evidenced by
the higher average KS-statistic across all columns and the individual KS-statistics
and well preserved distributions for the top 6 variables with highest missing value
levels. Additionally, the KNN imputed dataset for the SC setting performed better in
SSVD classification tasks compared to the MICE imputed dataset. A reason for KNN
imputation performing better than MICE could be due to the non-parametric nature
of the KNN imputation technique compared to the use of parametric regression
models in MICE. Clinical datasets often contain complex, non-linear relationships
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between variables which KNN imputation can adapt to without making strong
assumptions about the underlying data distributions. On the other hand, MICE
relies on parametric regression models to capture the complexity of the underlying
data, which, if unable to do so adequately, can result in less accurate imputations
compared to KNN imputation. The custom KNN imputation method for categorical
features, while theoretically sound, did not outperform the standard KNN approach
with clipping. The reason for this could be that some of the categorical variables
are also ordinal, which means that the order of the categories have meaning and
taking the mode does not respect this order. A solution for this would be to split
categorical variables into ordinal and non-ordinal variables and use the mode only for
the non-ordinal variables although this was not explored in this study. The robust
handling of missing data alongside techniques like SMOTE for class imbalance and
stratified group k-fold cross-validation for robust evaluation, represents a significant
methodological strength of this research.

The main strengths of the employed methodology include the use of real-world clinical
data from the Gothenburg MCI study, the comprehensive comparison of different
imputation techniques, the application of various machine learning algorithms, and
the incorporation of XAI to ensure model explainability. Some weaknesses must be
acknowledged however. The data originated from the same region, which may limit
the generalizability of the results to a broader population. Similarly, the relatively low
amount of SSVD instances compared to other cognitive impairments may also hinder
model generalizability. It is also important to note that, while the top variables with
the highest mean absolute SHAP values are effective at explaining the discriminative
ability of these variables for the specific classification model, it is not certain these
can be generalized to the real world. The assumption of MAR for missing data,
while supported by observed patterns and domain knowledge, is an assumption.
Additionally, while the custom KNN imputation technique for categorical variables
was explored, its performance indicated a need for further refinement.

The potential for future clinical implementation of these findings is considerable.
The developed models could serve as decision support tools for clinicians, aiding
in distinguishing SSVD from other cognitive impairments. The identification of
key diagnostic variables can also guide clinical assessment and potentially highlight
diagnostic variables for SSVD. Despite this potential, practical challenges include
the need for validation on larger, more diverse datasets to ensure generalizability.
Integrating such AI tools into existing clinical workflows would require careful
consideration of ethical implications and the development of user-friendly interfaces
that can be adopted by clinicians. This study did not delve into a detailed ethical or
regulatory analysis which would be crucial for real-world development.

5.2 Conclusion
The study successfully demonstrated the utility of machine learning techniques in
developing precise and interpretable diagnostic models for SSVD using real-world
clinical data. The main contribution of the study lie in the effective classification of
SSVD from other cognitive impairments, the identification of variables which are
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both known as being strongly indicative of SSVD and potentially other candidate
variables, and a systematic approach to optimizing data pre-processing, particularly
for handling missing values. The results underscore the potential for machine learning,
augmented by XAI to enhance diagnostic accuracy in congitive diseases.
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A. Appendix 1

(a) KNN with clipping

(b) Custom KNN imputation

Figure A.1: Distributions of a sample of 9 categorical variables in the research dataset,
shown before and after imputation using KNN with clipping to nearest category
(A.1a) and Custom KNN imputation using the mode for categorical variables (A.1b).
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