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Abstract

As the global population ages, Alzheimer’s disease (AD) poses an increasing threat
to public health. Early diagnosis is critical to enable timely intervention, monitor-
ing, and trial recruitment before severe neurodegeneration occurs. Machine learning
(ML) can assist clinicians with diagnostic decision-making and aid researchers in
identifying biologically meaningful biomarkers. However, current diagnostic tools
face major challenges: high-dimensional, small-sample gene expression data; limited
interpretability of deep learning models; and the loss of complementary information
during heterogeneous multimodal data fusion.

This thesis addresses these challenges through three main contributions. First, a
stacked sparse autoencoder (SSAE) is developed for gene expression dimensionality
reduction. By incorporating sparsity constraints and stacking hidden layers, the
SSAE effectively models non-linear relationships, mitigates overfitting, and outper-
forms traditional dimensionality reduction algorithms in early AD classification.

Second, an interpretable feature selection framework is proposed, combining a
shallow sparse autoencoder (AE) with XGBoost-based feature importance ranking.
This approach captures complex non-linear data structures while retaining direct
mapping between hidden nodes and input probes. By providing transparent fea-
ture selection, it addresses the black-box limitation of conventional deep learning
and identifies gene expression probes with validated biological relevance through
enrichment analysis.

Third, a novel heterogeneous multimodal data fusion method is introduced to
integrate neuroimaging and gene expression data. Unlike existing fusion techniques
that focus primarily on cross-modal consistency, this framework preserves modality-
unique complementary information to construct a richer fused representation, out-
performing both unimodal baselines and consistency-only multimodal methods.

In summary, this thesis presents an interpretable deep learning framework for
multimodal data fusion, improving both diagnostic accuracy and biological inter-
pretability in early AD diagnosis. Future work will focus on validating the frame-
work across larger multi-cohort datasets, incorporating additional omics modalities,
and enhancing computational efficiency and model robustness for clinical decision

support.



Glossary and Acronyms

AD Alzheimer’s disease.

ADAS-Cog Alzheimer’s Disease Assessment Scale-Cognitive Subscale.
ADNI Alzheimer’s Disease Neuroimaging Initiative.

AE Autoencoder.

ANM AddNeuroMed.

AUC Area under the receiver operating characteristic curve.
CCA Canonical correlation analysis.

CDR Clinical Dementia Rating.

CNN Convolutional neural network.

CSF Cerebrospinal fluid.

DAE Denoising autoencoder.

DCCA Deep canonical correlation analysis.

DEG Differentially expressed gene.

DNN Deep neural network.

DTI Diffusion tensor imaging.

EEG Electroencephalography.

EHR Electronic health record.
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EMCI Early mild cognitive impairment.
FDG-PET Fluorodeoxyglucose positron emission tomography.
fMRI Functional magnetic resonance imaging.
GCN Graph convolutional network.

GBM Gradient boosting machine.

GO Gene Ontology.

ICA Independent component analysis.

ISOMAP Isometric feature mapping.

KEGG Kyoto Encyclopedia of Genes and Genomes.
KPCA Kernel principal component analysis.
LASSO Least absolute shrinkage and selection operator.
LLE Locally linear embedding.

MCI Mild cognitive impairment.

ML Machine learning.

MML Multimodal metric learning.

MMSE Mini-Mental State Examination.

MDML Multimodal deep metric learning.

MRI Magnetic resonance imaging.

NC Normal control.

PCA Principal component analysis.

PET Positron emission tomography.

PhFT Phonemic fluency test.



PRE Precision.

PMCI Progressive mild cognitive impairment.
PRS Polygenic risk score.

RF Random forest.

RFE Recursive feature elimination.

RAVLT Rey Auditory Verbal Learning Test.
ROC Receiver operating characteristic.

RR Ridge regression.

RMA Robust Multi-array Average.

ROI Region of interest.

SDAE Stacked denoising autoencoder.

SEN Sensitivity.

SFT Semantic fluency test.

sMCI Stable mild cognitive impairment.
sMRI Structural magnetic resonance imaging.
SPE Specificity.

SNP Single nucleotide polymorphism.

SSAE Stacked sparse autoencoder.

SVM Support vector machine.

TMT Trail-making test.

XGBoost Extreme Gradient Boosting.
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Chapter 1

Introduction

Alzheimer’s disease (AD) is a common neurodegenerative disease that occurs mostly
in older adults. With the ageing of the global population, AD has increasingly
become a major threat to human health. AD is a progressive, irreversible, and
fatal disease. The current therapies are ineffective for patients whose condition
has become advanced. However, early diagnosis enables the implementation of
supportive treatments that can mitigate the progression of the disease (Fathi et al.,
2022). This thesis will investigate interpretable machine learning (ML) and deep
learning techniques for supporting effective early diagnosis of AD patients. This
chapter provides an overview of the background and motivation for this thesis, its

stated aims and objectives, and the knowledge contributions it makes.

1.1 Background

AD is the most common cause of dementia, accounting for about 60%-80% of cases
(Alzheimer’s Association, 2024). The number of people affected by dementia and
AD has increased as populations age. For example, Wittenberg et al. (2019) es-
timate that about 850,000 people in the UK were living with dementia in 2019,
with an approximate prevalence of 7.1% among older people. The risk of AD also
increases sharply with age: around 10% of adults may suffer from AD at the age
of 65, rising to about 50% after the age of 85 (Kumar et al., 2018, World Health
Organization, 2022).
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AD was first discovered by German doctor Alois Alzheimer as a neurodegenera-
tive disease of the central nervous system (Goedert and Spillantini, 2006). Many re-
cent studies have shown that AD pathology involves the accumulation of S-amyloid
plaques outside neurons in the brain and twisted strands of 7 tangles inside neurons,
accompanied by neuronal death and brain tissue damage (Song et al., 2022). Previ-
ous studies of AD also have revealed that such brain changes can begin 20 years or
more before symptoms appear (Qin et al., 2022). Due to the death of specific func-
tional neurons, patients with AD gradually lose the ability to live independently
over time. This pathological process is called the AD continuum (Gustavsson et al.,
2023). In terms of AD progression, researchers have divided the AD continuum into

three phases (see Figure 1.1) (Alzheimer’s Association, 2024):

Preclinical AD MCI AD
Measurable brain changes Measurable brain changes Maoticeable cognitive symptoms
Mo symploms Mild cognitive prablems that impalr patient's daily activities

Figure 1.1: Progression of AD from preclinical changes through MCI and dementia,
illustrating the clinical continuum used in this thesis.

e Preclinical AD: Minor brain changes occur but the brain compensates for

them, enabling individuals to function as normal.

e MCI due to AD: Measurable biomarkers of brain changes occur. These
changes exceed the brain’s compensation capacity and cause mild cognitive

problems that may be noticed by people close to the individual.

e Dementia due to AD: Noticeable cognitive symptoms occur when the indi-
vidual’s condition enters this phase. The severity of the symptoms is related

to the degree of damage to the patient’s brain.

AD is a progressive, irreversible, and ultimately fatal condition. The progression
of AD is associated with the extent of neuronal damage in the brain. Currently,

no pharmacological or non-pharmacological treatments have been proven effective
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in curing or preventing AD (Alzheimer’s Association, 2024). However, emerging
evidence suggests that certain interventions can improve life expectancy and quality
of life in patients before they transition to the AD phase (Fessel, 2019, Lissek
and Suchan, 2021, Zanetti et al., 2009, Li et al., 2011). Consequently, early-stage
intervention is crucial, making early diagnosis essential (Prince et al., 2014).
Limited by the current understanding of AD, early diagnosis is mainly aimed
at patients in the MCI stage rather than the preclinical AD stage. The current
diagnostic techniques of preclinical AD depend on decreased metabolism of glucose
and abnormal levels of amyloid-342. However, only some research institutions have
the ability to recognise these brain changes that cause AD, and most clinical set-
tings do not yet have this ability. Furthermore, in an analysis of neuropathology
of cognitively normal elderly people, Knopman et al. (2021) found that very few
subjects with these AD-related brain changes had converted to AD. In contrast to
the low incidence of AD in individuals with preclinical AD, previous studies have
observed that MCI patients have a cumulative conversion rate of 38.2% within 5
years or more (Mitchell and Shiri-Feshki, 2009). Moreover, it has been established
that a series of testing methods — including cerebrospinal fluid tests, neuropsy-
chological tests, neuroimaging tests, genetic tests, and molecular probe tests — are
widely available in clinical settings and can be used to diagnose MCI. Therefore,
recent years have seen increased interest in MCI diagnosis as a route to early AD

diagnosis (Alzheimer’s Association, 2024).

1.2 Motivation

In recent years, medical doctors and computer scientists have attempted to achieve
early AD diagnosis using a variety of biomarkers. Depending on the modality,
biomarkers can be classified as molecular, neuropsychological, neuroimaging, and
genetic biomarkers. Cerebrospinal fluid (CSF) analysis is an effective method of
detecting molecule biomarkers. It can be used to detect levels of Amyloid-542,
Total 7 protein and Phosphorylated 7 protein in cerebrospinal fluid (Wattmo et al.,

2020). However, CSF testing is an invasive test that causes some damage to the
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human body, with contraindications and risk of infection, it is generally difficult for
patients to accept, despite its diagnostic reliability.

Neuroimaging techniques, including positron emission tomography, magnetic
resonance imaging, diffusion tensor imaging, and functional MRI, allow non-invasive
detection of structural and functional changes in brain tissue. Many studies have
shown that the combination of neuroimaging biomarkers such as MRI and PET
is an effective multimodal neuroimaging modality (Khagi and Kwon, 2020, Mila-
Aloma et al., 2021, Mayblyum et al., 2021). Song et al. (2021) developed a new
fusion modality called 'GM-PET" by aligning and mask coding grey matter (GM)
tissue regions from MRI and FDG-PET images, resulting in a synthetic image that
highlights the GM region essential for AD diagnosis while maintaining the con-
tours and metabolic features of the brain, achieving 94.11% accuracy for AD/NC
classification, though the accuracy decreased to 71.52% for the AD/MCI/NC clas-
sification task. Lu et al. (2018) proposed a deep learning-based framework for
diagnosing AD by integrating multimodal neuroimaging data from MRI and FDG-
PET, which allow for in vivo assessment of brain structure and glucose metabolism;
the proposed multiscale DNN achieved 82.4% accuracy in identifying patients with
MCI. However, the features it extracted for classification lacked pathophysiolog-
ically meaningful interpretations. Rallabandi and Seetharaman (2023) developed
an Inception-ResNet wrapper model to distinguish healthy controls, MCI, and AD
using joint MRI and PET. The accuracy was 95.5%, 94.1%, and 95.9% in classifying
healthy controls vs MCI, MCI vs AD, and AD vs healthy controls, respectively.

However, despite their utility, neuroimaging techniques have several limitations.
First, they are expensive and resource-intensive, making them impractical for large-
scale population screening. Second, while neuroimaging biomarkers provide valu-
able information about macroscopic changes in brain structure and function, they
do not capture the molecular and cellular processes underlying these changes. This
gap is particularly significant in the context of early diagnosis, as neuroimaging
may fail to detect subtle pathological changes that precede observable structural
abnormalities.

In contrast, gene expression data offers a complementary perspective by provid-
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ing insights into the molecular mechanisms driving AD progression. Gene expression
data, which measures mRNA abundance in cells, can reveal dysregulation in spe-
cific pathways and genes associated with AD. For instance, Karlsson Linnér et al.
(2019) demonstrated that gene expression profiles in peripheral blood are partially
correlated with those in brain tissue, suggesting that blood-based gene expression
data can serve as a surrogate marker for brain pathology. Similarly, Horvath and
Raj (2018) identified a common set of age-related co-methylated genes in human
brain and blood that are involved in functions such as embryonic morphogenesis,
transcriptional regulation, and neuronal differentiation.

The potential of gene expression data for AD diagnosis is further supported by
its advantages over traditional biomarkers. Unlike cerebrospinal fluid (CSF) testing,
which is invasive and associated with risks of infection, blood-based gene expression
tests are minimally invasive and more acceptable to patients. Additionally, gene
expression testing is relatively inexpensive, making it suitable for longitudinal stud-
ies and large-scale population screening. Furthermore, gene microarray technology
has matured to the point where it can measure the expression levels of thousands of
genes in a single experiment, enabling high-throughput analysis. This high through-
put, however, is both a strength and a challenge, as the large number of genes and
the complexity of their interactions necessitate advanced analytical methods.

One of the primary challenges in analysing gene expression data is its high di-
mensionality and the non-linear nature of its relationships. Gene expression datasets
typically contain tens of thousands of features (genes) but only a limited number
of samples, leading to the ”curse of dimensionality” and increasing the risk of over-
fitting. Moreover, the intricate, non-linear interactions between genes further com-
plicate the analysis, as traditional ML methods, such as PCA and clustering, are
primarily designed to capture linear relationships and often fail to model these com-
plex patterns effectively. To address these challenges, recent studies have turned to
deep learning methods, particularly AEs, which are well-suited for handling high-
dimensional, non-linear data. AEs are neural networks designed for unsupervised
learning, capable of reducing dimensionality while preserving non-linear dependen-

cies in the data. For example, Lee et al. (2019) demonstrated that AEs can extract
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meaningful, low-dimensional representations from high-dimensional gene expression
data, while Zhang and Bom (2021) applied AEs to AD gene expression datasets,
achieving superior classification performance compared to traditional methods by
capturing the underlying non-linear patterns.

Despite their promise, deep learning methods face a critical challenge in the form
of interpretability. The features learned by AEs and other deep learning models are
often abstract and difficult to map to specific biological processes or pathways. This
lack of transparency limits their utility in clinical settings, where interpretability
is essential for gaining the trust of medical professionals. Developing interpretable
feature selection algorithms that combine the strengths of deep learning with the
transparency of traditional ML is therefore a crucial research direction. Such algo-
rithms could ensure that the features extracted from gene expression data are not
only informative but also biologically meaningful, facilitating their integration into
diagnostic frameworks.

Another major challenge is the integration of gene expression data with neu-
roimaging data. These two modalities are heterogeneous in scale, format, and bio-
logical meaning: neuroimaging biomarkers primarily reflect macroscopic structural
or functional abnormalities, whereas gene expression data captures molecular pro-
cesses that may precede or accompany those abnormalities. Fusion does not solve
the cost of neuroimaging, but it can help ensure that expensive imaging measure-
ments are interpreted alongside lower-cost molecular evidence when both data types
are available. Effective multimodal fusion methods must therefore preserve com-
plementary information, avoid collapsing one modality into the other, and remain
interpretable enough to support biological analysis.

Existing multimodal ML approaches have important gaps in this setting. Some
methods emphasise consistency between modalities, which can suppress modality-
specific signals that are clinically informative. Other methods concatenate features
or learn a single shared representation without explicitly modelling the different
geometry and scale of gene expression and neuroimaging features. Metric learn-
ing algorithms, which learn task-specific distances or embeddings, offer a promis-

ing route because they can align heterogeneous data while preserving relationships
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within each modality (Venugopalan et al., 2021). This thesis therefore investigates
whether metric learning can support both improved classification performance and
more interpretable multimodal analysis.

In summary, the motivation of this research is to address the following three

research questions:

1. How can an AE be employed to improve the classification of AD gene expres-
sion datasets, especially when dealing with high-dimensional and non-linear

data?

2. How can an interpretable feature selection algorithm be developed to combine
the feature extraction capabilities of deep learning with the interpretability

of traditional ML to ensure the selection of biologically meaningful probes in

AD?

3. How can a heterogeneous multimodal fusion approach effectively integrate
gene expression and neuroimaging data, preserving the complementary infor-

mation from each modality, to improve the performance of AD classification?

1.3 Research Aims and Objectives

The aim of this research is to enhance the accuracy and interpretability of early
AD diagnosis by developing deep learning, feature selection, and multimodal fusion
methods for gene expression and neuroimaging data.

The preceding review of the problem identifies three gaps in existing ML ap-
proaches. First, many dimensionality reduction methods used for gene expression
data are linear or are not designed for small-sample, high-dimensional biomedical
data. Second, deep learning models can capture non-linear gene-expression pat-
terns, but their latent features are often difficult to interpret biologically. Third,
common multimodal fusion strategies tend to favour simple concatenation or consis-
tency learning, which may lose complementary molecular and imaging information.
These gaps motivate the following objectives:

The work of this thesis consists of the following objectives:
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e To review common biomarkers for AD diagnosis, dimensionality reduction
methods, feature selection methods, and multimodal data fusion methods,

with emphasis on their strengths and limitations for early diagnosis.

e To develop a methodology for using gene expression data and neuroimaging

data to support early AD diagnosis effectively.

e To develop an SSAE model that enhances classification performance for gene
expression datasets by addressing high dimensionality, small sample size, and
non-linear correlations. The stacked sparse architecture is motivated by the
need to learn hierarchical non-linear representations while controlling overfit-

ting through sparsity.

e To propose an interpretable feature selection framework that combines the
feature extraction capability of a shallow sparse AE with the interpretabil-
ity of model-based feature ranking, enabling the identification of biologically

significant gene expression probes.

e To design a heterogeneous multimodal data fusion method that integrates
neuroimaging data with gene expression data, emphasising complementarity
between modalities and creating a comprehensive representation to improve

AD classification.

e To validate the biological relevance of the selected gene expression probes
through enrichment analysis and assess the performance of the proposed mod-

els against existing unimodal and multimodal approaches.

1.4 Knowledge Contribution

To summarise, the main knowledge contributions are:

1. An SSAE has been proposed to solve the problem that mainstream dimension-
ality reduction algorithms in the medical field are unable to effectively perform
feature reduction on high-dimensional gene expression data with small sam-

ples. The proposed method improves the generalisation ability of the model
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by introducing sparsity constraints to help the AE prevent overfitting. Mean-
while, it maps high-dimensional data to a lower-dimensional space by stacking
hidden layers, retains important features, removes redundant information dur-
ing dimensionality reduction, and substantially outperforms traditional fea-
ture dimensionality reduction algorithms in terms of early AD classification

accuracy.

2. An interpretable deep learning feature selection framework is proposed inte-
grating a shallow sparse AE for dimensionality reduction, with hidden layer
nodes serving as features. Feature importance is ranked using XGBoost to
filter high-weighted gene expression probes. The proposed framework outper-
forms the traditional conventional linear classification algorithms in the task
of early diagnosis of AD due to the characteristic of the shallow sparse AE
that can capture the non-linear relationship of the data. Meanwhile, the pro-
posed framework solves the problem that traditional deep learning methods
cannot extract features with interpretability due to the characteristic of trans-
parency of shallow sparse AEs. The biological significance of the extracted

gene expression probes is also verified by enrichment analysis experiments.

3. A heterogeneous multimodal data fusion method is proposed to fuse neu-
roimaging data with gene expression data for AD classification. In contrast to
traditional multimodal fusion algorithms based on the consistency of different
modalities, the proposed algorithm fuses heterogeneous modalities based on
their complementarities, preserving the complementary information of each
modality in order to obtain a comprehensive representation after data fu-
sion. The proposed method outperforms unimodal methods that use only
neuroimaging or gene expression data, and also outperforms multimodal fu-
sion methods that consider only consistency in the task of fusing neuroimaging

data with gene expression data.



CHAPTER 1. INTRODUCTION 10

1.5 Thesis Organisation

The thesis is divided into seven main chapters. Chapter 1 introduces the motivation,
research questions, objectives, and knowledge contributions of this work. Chapter
2 reviews AD biomarkers, dimensionality reduction, feature selection, interpretabil-
ity, and multimodal data fusion methods, identifying the gaps that motivate the
contribution chapters. Chapter 3 summarises the common theory, datasets, pre-
processing protocols, and evaluation metrics used across the thesis. Chapter 4 pro-
poses and evaluates stacked AE-based dimensionality reduction for gene expression
data. Chapter 5 presents an interpretable deep learning framework for selecting
high-weight AD gene expression probes and validates the biological relevance of the
selected probes through enrichment analysis. Chapter 6 investigates a heteroge-
neous data fusion method for integrating gene expression and neuroimaging data
based on complementarity. Chapter 7 concludes the thesis and discusses limitations

and future research directions.

1.6 List of Publications

I have published one conference paper related to this thesis, and one journal pa-
per based on this thesis is in the major revision stage. They are listed below in

chronological order.

e S.Li, P. Yang, and V. Lanfranchi, ‘Examine and Evaluating Dimension Reduc-
tion Algorithms for Classifying Alzheimer’s Diseases using Gene Expression
Data’, in 2021 17th International Conference on Mobility, Sensing and Net-
working (MSN), Dec. 2021, pp. 687-693. doi: 10.1109/MSN53354.2021.00106.

e S. Li, K. Liu, and P. Yang, ‘An Interpretable Deep Learning Approach for the
Diagnosis of Alzheimer’s Disease Using Gene Expression Data’ IEEE/ACM
Transactions on Computational Biology and Bioinformatics (under major re-

vision)

The next chapter moves from the problem definition and research objectives to
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the literature base. It reviews the biomarkers and ML methods that inform the

technical choices made in the subsequent methodology and contribution chapters.



Chapter 2

Literature Review

2.1 AD and MCI Diagnosis Biomarkers

In the past century, researchers have attempted to explain the pathogenesis of AD
from different angles, and a variety of early diagnostic markers have been devel-
oped. The early diagnostic biomarkers that have been confirmed mainly include
biochemical markers, neuropsychological markers, neuroimaging markers, and ge-

netic markers.

2.1.1 Neuropsychological Biomarkers

In 1984, the National Institute of Neurological and Communicative Disorders and
Stroke (NINDS) and the Alzheimer’s Disease and Related Disorders Association
(ADRDA) jointly formulated clinical diagnostic criteria for AD. Among the most
commonly used indicators are the Mini-Mental State Examination (MMSE) and
Clinical Dementia Rating (CDR) (Folstein et al., 1975, Morris, 1993). MMSE eval-
uates general cognitive status across abilities such as memory, orientation, compre-
hension, attention, reading, writing, and learning. It is simple to administer and is
widely used as a preliminary examination of cognitive impairment. CDR focuses on
six domains: memory, orientation, home and hobbies, personal care, judgement and
problem solving, and community affairs. MMSE and CDR are therefore useful clin-

ical indicators for distinguishing MCI and AD, although they should be interpreted

12
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alongside other clinical and biological evidence. In addition, cognitive assessment
scales include ADAS-Cog, RAVLT, PhFT, SFT, and TMT (Rosen et al., 1984,
Schmidt, 1996).

2.1.2 Neuroimaging-Based Biomarkers

Neuroimaging techniques, such as PET and MRI, are used to detect changes in the
structure and function of the brain (Alzheimer’s Association, 2024). PET is a func-
tional imaging method. By injecting radiotracers into the human body and observ-
ing metabolic activity, PET can reflect the activity of tissues or organs. It has been
used in AD diagnosis because it can reveal pathological information related to glu-
cose metabolism or amyloid deposition. However, this method requires radioactive
tracers, which may be difficult for some patients to accept despite the clinical value
of the information obtained. MRI is a commonly used neuroimaging method for
assisting AD diagnosis because it can reflect brain structure non-invasively. sMRI
can show regional atrophy associated with AD; bilateral hippocampal atrophy is
particularly important, and the amygdala, prefrontal lobe, and temporal lobe can
also be affected as the disease progresses (Liu, Pan, Li, Chen, Tang, Lu and Wang,
2018). Through the analysis of MRI images, researchers can extract grey matter
structure and other image-derived features, although the high dimensionality of

voxel data requires careful feature extraction and validation.

2.1.3 Gene Expression Biomarkers

Gene expression data in blood can also be used for the diagnosis of AD. Gene
expression is the process by which genes are transcribed and translated to produce
an active protein. Gene expression data, also known as transcriptomic data, refers to
data reflecting mRNA abundance based on DNA microarray experiments. Sullivan
et al. (2006a) showed that gene expression in peripheral blood partially correlated
with gene expression in brain tissue and that differentially expressed genes in blood
could be a surrogate marker for brain tissue lesions. Another study further found

that gene co-expression modules of brain tissue are significantly conserved in blood
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(Lunnon et al., 2013). Similarly, Horvath et al. (2012) found common age-related
co-methylated genes in human brain and blood. In this context, co-methylated
genes are genes whose DNA methylation patterns vary together across samples or
tissues; such patterns may indicate shared regulatory processes relevant to ageing
and neurodegeneration. From these study reports, the use of gene expression in
blood instead of brain tissue is a viable alternative. In addition, the use of gene
expression data for diagnosis has the following advantages over biochemical markers

and neuroimaging markers.

1. Gene expression data reflects the abundance of mRNA in cells, which can re-
flect the current physiological state of cells and can reflect the changing status
of the disease process earlier than the protein level detected by biochemical
markers and the structural changes in brain reflected by neuroimaging mark-
ers. It is also more helpful to decipher the pathological mechanism of AD at

the genetic level.

2. Compared with biochemical and imaging tests, gene expression tests are in-

expensive and can meet the need for continuous monitoring.

3. Gene microarray is a mature technology and can measure the expression levels
of thousands of genes simultaneously in one experiment, which has the feature

of high throughput.

4. The high throughput of gene expression data is both an advantage and a chal-
lenge. The large number of genes, intrinsic expression patterns that are not
yet fully understood, and the spatial-temporal specificity of gene expression
make the analysis of gene expression data a more challenging task for a vari-
ety of reasons. This is one of the reasons why gene expression data are rarely
used for diagnosis. However, with the development of analysis technology,

this difficulty should be overcome gradually.
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2.2 Dimensionality Reduction of High-Dimensional
Gene Expression Data

AD is a common neurodegenerative disease that occurs mostly in older adults. With
the ageing of the global population, AD has increasingly become a major threat to
human health. AD is a progressive, irreversible, and fatal disease and the cur-
rent therapies are not effective for patients whose condition has become advanced
(Castellani et al., 2010). In terms of AD progression, researchers have divided the
AD continuum into three phases: NC, MCI, and dementia due to AD (Alzheimer’s
Association, 2024). The progression of AD depends on the extent of neuronal dam-
age in the brain. At present, no pharmacological treatments or non-pharmacological
therapies have been proved to be effective in the treatment and prevention of AD
(Alzheimer’s Association, 2024). However, recent evidence suggests that some in-
terventional treatments have a positive effect on the life expectancy and quality of
life of patients whose condition has not entered the AD phase (Fessel, 2019, Lissek
and Suchan, 2021, Zanetti et al., 2009, Li et al., 2011). Therefore, recent studies
have begun to focus on early AD diagnosis (Prince et al., 2014).

To achieve early diagnosis of AD, scientists have experimented with data from
multiple modalities. Decreased levels of A542 and increased concentrations of T-
tau and P-tau in the CSF are now recognised as AD-specific biomarkers (Gatz
et al., 2006). However, these biomarkers are mainly obtained from solid brain
tissue. This method is damaging to the body, has contraindications and risks of
infection, and although diagnostic reliability is high, it is not acceptable to all
patients. Neuroimaging uses PET, MRI, DTI, and fMRI to detect structural and
functional changes in brain nerves to classify NC and AD&MCI (Liu, Pan, Li, Chen,
Tang, Lu and Wang, 2018). However, this method is expensive and therefore not
all hospitals are equipped to perform the test and not all patients can afford it.
Compared to these methods, extracting human peripheral blood is a less invasive
and more affordable method. Therefore, researchers are working to find alternative
diagnostic markers in the peripheral blood. Sullivan et al. (2006b) showed that

gene expression in peripheral blood correlates in part with gene expression in brain
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tissue, and that DEGs in blood can be a surrogate marker for brain tissue lesions.
This has made it possible to use gene expression data from peripheral blood for AD
classification.

Although gene expression data has the advantages of high throughput, afford-
ability and low invasiveness, researchers have used it less often for AD classification
studies because gene expression datasets are high-dimensional and usually have
small sample sizes (Espezua et al., 2015). High dimensionality can provide a de-
tailed description of the problem, but it also introduces redundant, irrelevant, and
noisy features. Due to these characteristics, high-dimensional small-sample data
can easily cause the “curse of dimensionality”, where the data space becomes sparse
and computational complexity increases rapidly. In addition, because the number
of samples is small, the effectiveness of traditional classification learning methods
is reduced and overfitting can easily occur. Dimensionality reduction is therefore

important for mitigating this problem while improving classifier generalisation.

2.2.1 PCA

PCA is a linear mapping. It transforms the data into a new coordinate system
such that the first greatest variance of any data projection is at the first coordinate
(called the first principal component), the second greatest variance is at the second
coordinate (the second principal component), and so on (Jolliffe and Cadima, 2016).
PCA is often used to reduce the dimensionality of a dataset while maintaining the

features of the dataset that contribute the most to the variance. The main steps of

PCA are as follows.

1. Using each feature of the original feature set as a column vector, construct a
sample matrix X of N*M, where X is the feature length and M is the number

of features
2. Calculating the mean vector of the samples: 7 = % sz\il x;
3. Calculating the residuals between vectors: 7, = x; — &

4. Constructing the matrix A = § [11, 7o, -+, T



CHAPTER 2. LITERATURE REVIEW 17

5. Calculating the covariance matrix:C' = % Zf\il 71 = AAT where C is an

mxm dimensional matrix to represent the scatter of the data

6. Calculating the eigenvalues and eigenvectors of the covariance matrix C. Sort
the eigenvalues from greatest to smallest, such that Ay > Ay > -+ > A,,,, and
adjust the positions of the eigenvectors accordingly to obtain the eigenvector

matrix.

7. The base formed by the eigenvectors corresponding to the first d(d < m)
eigenvalues is selected as the feature space and N samples are projected into
the feature space to obtain V; = UTx;,i = 1,2,*, N, thus we reduce the
samples from m dimensions to d dimensions. d values are usually set in
advance by the user and can be determined by setting a threshold for the

cumulative contribution rate (CR) (usually above 70%): CR = %di ’\

2.2.2 KPCA

KPCA is a non-linear extension of PCA obtained by applying the kernel method
to PCA. For linearly indistinguishable datasets, KPCA first maps the dataset to a
higher dimensional space and then performs standard PCA (Schélkopf et al., 1997).
In our study, we use the Gaussian kernel as the kernel function:

— =i — :ch?)

K(xi,a:j) = exp ( 5 (2.1)

o

2.2.3 ISOMAP

In 2000, Tenenbaum et al. (2000) proposed the ISOMAP algorithm. The algorithm
is based on multidimensional scaling (MDS). Its main idea is to minimise the change
in relative distance between data points in the original space and the corresponding
low-dimensional representation.

In the traditional MDS algorithm, the distance between data points is calculated
using Euclidean distance, which is only applicable to linear space data. ISOMAP

uses the geodesic distance to calculate the distance between data points, which can
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reflect the internal structure of the data in the non-linear space of the manifold
(Tenenbaum et al., 2000).
The main steps of ISOMAP are as follows.

1. Construct a weighted adjacency graph G. Use ¢ neighbourhood or k-nearest
neighbour to determine the edge of the adjacent graph, and the weight of the

edge is the Euclidean distance between the data points

2. Calculate the shortest path of every two points in the graph G, the distance
matrix is: Dg = {ds(4,J)}

3. Use MDS to calculate low-dimensional embedded coordinates

H=(H;) = (6, — L
coordinates : () = v) (2.2)

S = (Sij) = (D))

4. The obtained d-dimensional low-dimensional embedding coordinates are the

eigenvectors corresponding to the largest d eigenvalues of 7(D)

2.2.4 LLE

LLE is an unsupervised manifold learning algorithm (Roweis and Saul, 2000). It is
effective for non-linear data that lie on a manifold structure. The basic principle of
the LLE algorithm is to assume that each sample and its neighbouring data points
are locally linear or close to linear, so that the non-linear manifold space can be
approximated by local linear relationships and a local reconstruction weight matrix
can be calculated to obtain a low-dimensional mapping.

The main steps are as follows:

1. Calculate the distance between each sample point z; and its close points in
the original high-dimensional data and select k(k < n) points close to each

other as the adjacent points.

2. Calculate local reconstruction weight matrix: Define the error function:
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N

mine(w) = Z

=1

k
—

J

where z;;(j = 1,2, -- - , k) are the k neighbouring points of z;, w;; is the weight

and Zle w;; = 1, the error for any point z; is:

k

where Q%,, = (z; — ;)" (2; — ,,). Using the Lagrange multiplier method, the
local reconstruction weight matrix can be obtained:
k L \—
Zm:l( ;m)pql

’ zl;:1 Zl;:l E’t;=1( ;‘m);ql

3. Use the local neighbourhood structure learned in the high-dimensional space
to project the data into the low-dimensional space. Since the local structure of
the high-dimensional space needs to be preserved, the weight matrix remains

unchanged, and the mapping objective function is:

N

mine(Y) = Z

=1

k 2 N N
Yi — Z WijYij| = Z Z MijyiTyj (2.6)
j=1

j=1 m=1

And meet the condition:

>y =0

N
]%/ Zi:l 3/;[3/]' =1

(2.7)

In the objective function, M is an n x n symmetric matrix: M = (I—W)T(I—

W), using LaGrange multiplier method can get:
MYT =2y7T (2.8)

To minimize the objective function, Y takes the eigenvector corresponding to
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the smallest eigenvalue of M, and arranges the eigenvectors of M in descending
order of eigenvalues, we usually take the eigenvectors corresponding to 2 ~

(d+ 1) as the dimension of the low-dimensional space.

2.2.5 AE-Based Dimensionality Reduction

AEs have increasingly been used for dimensionality reduction in high-dimensional
biological data because they can learn non-linear latent representations. For ex-
ample, Xie et al. (2017) proposed a deep AE model for gene expression prediction,
demonstrating that neural representation learning can capture complex gene expres-
sion patterns. Wang and Gu (2018) proposed VASC, a variational AE for dimension
reduction and visualisation of single-cell RNA sequencing data, showing that proba-
bilistic AE architectures can be useful when biological expression data are noisy and
sparse. These studies indicate the potential of AEs for gene expression analysis, but
they also highlight limitations relevant to this thesis: deeper representations can
improve predictive performance while making it harder to trace latent features back
to biological probes, and many published studies focus on general expression repre-
sentation rather than early AD diagnosis. This motivates the comparison of stacked
AEs for classification in Chapter 4 and the use of a shallow sparse architecture for

interpretability in Chapter 5.

2.3 Feature Selection for (Gene Expression Data

Feature selection, which aims to optimise the performance of an ML algorithm by
discovering the smallest possible subset of features, is a challenging combinatorial
optimisation problem: firstly, the search space grows exponentially with the number
of features, and secondly, there are complex interactions between the features. For
example, two correlated features containing information of a similar class can lead to
redundancy. On the contrary, two weakly correlated traits can jointly provide com-
plementary information about the classification task and are called complementary
traits; thirdly, trait selection is essentially a multiple-objective optimisation prob-

lem, and its two main objectives are to maximise the classification performance
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and to minimise the number of selected traits. In today’s society, high-dimensional
data are widely available in many practical applications. In the task of disease
classification, biological data usually have high-dimensional features, including a
large number of irrelevant, noisy or redundant features, which severely affect the
classification performance. Specifically, irrelevant or noise features often degrade
classification performance due to their misleading information. Redundant features
do not improve the classification performance and result in longer computation
time. High-dimensional data also significantly increases storage space and process-
ing time, and makes ML models difficult to interpret. In addition, due to the
‘curse of dimensionality’, ML methods require a large number of training samples
to obtain reliable results, otherwise they are prone to overfitting. Feature selection
improves classification performance by selecting some important features to reduce
data dimensions, reduce storage space usage, improve computational efficiency, and
facilitate data visualisation. At the same time, it preserves the original semantics
of the data, making it an interpretable and easy-to-understand method.

The rapid development of information technology in the current era has gen-
erated a huge amount of high-dimensional data in the fields of biomedicine and
bioinformatics. In biological data, gene expression data is the activity of genes
at transcriptional levels under specific conditions, which can reveal how genes are
stimulated or repressed in specific environments, at specific time points, or in spe-
cific cell types. The analysis and interpretation of gene expression data are of great
significance to the research of gene expression data as they can help in the inter-
pretation and discovery of gene functions, understanding of disease mechanisms,
drug development and personalised medicine. The development of bioinformatics
has greatly facilitated the analysis and application of gene expression data, such
as single-cell RNA sequencing, microarrays, and other technologies that reflect the
expression of genes through different technological means, providing abundant data
support for the analysis and research of gene expression data.

At the same time, the growth of data has created demands for effective and
efficient data management. Data mining provides an effective approach to data

management. Feature selection plays a crucial role in the field of data mining,
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which essentially means selecting some features from the original set of features to
form a new subset of features without significantly losing the potential information
of the original set of data, and is commonly used in ML, data mining, and bioinfor-
matics (Wang et al., 2018, Li et al., 2017, Nag and Pal, 2015, Li et al., 2016). The
feature selection process can reduce the data dimensions and computational bur-
den, and further improve the performance and accuracy of ML algorithms, as well
as facilitate the interpretation and rationalisation of models (Zhou, Zhang, Zhang
and Liu, 2019). In the field of biomedicine, signature selection can be applied to
biological data for cancer detection, drug discovery and medical diagnosis. In high-
dimensional biological data, such as gene expression data, irrelevant features may
interfere with the true features, introduce heterogeneity in the data, and create
dependencies between features. At the same time, if there are dependencies among
the features, statistical analyses will no longer play an important role (Khaire and
Dhanalakshmi, 2022). Therefore, it is important to select key genes to improve the
accuracy of cancer diagnosis and the efficiency of drug discovery.

Existing feature selection methods can be divided into two categories depending
on whether they rely on a classifier. Classifier-dependent methods include wrap-
per and embedded methods, while classifier-independent methods are mainly filter

methods.

2.3.1 Wrapper methods

Wrapper methods for feature selection are a class of techniques that evaluate subsets
of features based on their ability to improve the performance of a predictive model.
These methods are highly effective as they directly assess the model’s performance
during the feature selection process, which allows for the identification of relevant
features tailored to the specific learning algorithm. In contrast to filter methods,
which evaluate individual features independently of any model, wrapper methods
account for feature dependencies and interactions, thus providing potentially better
feature subsets.

The process in a wrapper method involves selecting subsets of features and eval-

uating them by training a model on the selected subset and measuring its perfor-
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mance, typically using a criterion like accuracy, F1 score, or another suitable metric.
This approach, however, comes with high computational cost due to the need to
train and evaluate the model multiple times for different feature subsets. Despite
this, the advantage of wrapper methods lies in their ability to consider complex
relationships between features and to optimise feature subsets in conjunction with
model training, making them highly suitable for tasks where feature interactions
play a crucial role.

One of the most well-known wrapper methods is RFE. RFE works by recursively
removing features, one at a time, starting from the most irrelevant ones, based
on model performance. At each step, the model is trained, and the importance
of each feature is determined. Features that contribute the least to the model’s
performance are removed, and the process is repeated until the optimal feature
subset is achieved (Guyon et al., 2002a). RFE is particularly popular in SVM and
linear regression models, where feature importance is easily computed. However,
RFE’s efficiency decreases as the dimensionality of the feature set increases, making
it computationally expensive for datasets with a large number of features (Saeys
et al., 2007).

Forward selection is another widely-used wrapper method. In this method,
feature selection begins with an empty feature set and iteratively adds features
that lead to the best improvement in model performance, according to a predefined
criterion. The process continues until adding new features no longer improves the
model’s accuracy. Forward selection is often preferred for smaller datasets, as it is
more efficient than RFE in such contexts, but it can still suffer from overfitting if
the model is overly complex or if the dataset is noisy (Whitley, 1991). It is also
susceptible to the ”greedy” nature of the search process, which can sometimes lead
to suboptimal solutions if the global optimal feature subset is not reached.

Backward elimination, in contrast, begins with all available features and removes
the least important features one by one based on their contribution to model per-
formance. While backward elimination can handle more complex models and larger
feature sets better than forward selection, it is also computationally demanding due

to the necessity of evaluating all subsets at each step (Mandel et al., 2015). Like
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forward selection, backward elimination is vulnerable to overfitting and can be less
efficient when the number of features is large.

Stepwise selection is a hybrid of forward selection and backward elimination.
It adds features to the model one at a time, but it also considers the removal of
features that no longer contribute meaningfully to model performance. This hybrid
approach helps to balance the advantages of both forward and backward methods,
but it is also prone to overfitting and computational inefficiencies, particularly when
the dataset is large (Hocking, 2013).

More advanced wrapper methods, such as those using genetic algorithms (GAs),
offer a solution to the computational challenges posed by large feature spaces. GAs
are inspired by natural evolutionary processes and use mechanisms such as selection,
crossover, and mutation to generate new feature subsets. The algorithm evaluates
the fitness of each subset based on model performance, selects the best subsets,
and iterates through the evolutionary process until convergence. GA-based feature
selection has been successfully applied in various domains, including bioinformat-
ics (Vafaie and DeJong, 1995), pattern recognition (Michalewicz, 1995), and ML
(Kennedy and Eberhart, 2015). Although GAs can handle large feature sets ef-
fectively, they are computationally expensive and require careful tuning to avoid
premature convergence and ensure the algorithm does not get trapped in local op-
tima.

Simulated annealing (SA) is another optimisation technique that has been ap-
plied to feature selection. SA mimics the process of cooling metal to find the most
stable configuration. In feature selection, SA explores the feature space probabilisti-
cally, accepting worse solutions with decreasing likelihood as the process continues,
in order to escape local minima. This probabilistic approach helps to explore a
larger search space, but like genetic algorithms, SA can be computationally in-
tensive (Kirkpatrick et al., 1983). SA has been found useful in high-dimensional
feature selection tasks in bioinformatics, where feature interactions are complex and
high-quality subsets are critical.

The computational complexity of wrapper methods remains a major drawback,

particularly when dealing with high-dimensional datasets where the number of pos-
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sible feature subsets grows exponentially. Various heuristic and metaheuristic meth-
ods have been proposed to mitigate this issue. Greedy algorithms, for example,
make local optimisations, selecting or removing features based on immediate gains
in model performance. While greedy methods are efficient, they are susceptible to
local minima and may fail to find the optimal subset (Liu et al., 2005).

Moreover, wrapper methods are often prone to overfitting, especially in small
datasets. This occurs because wrapper methods optimise feature subsets based on
model performance on the training set, which can result in a feature set that is
too closely tailored to the training data, thus losing generalisability. To reduce the
risk of overfitting, cross-validation techniques are commonly used, where the data is
split into multiple training and validation sets to assess model performance. While
cross-validation helps ensure that the selected feature subset generalises well to new
data, wrapper methods can still suffer from overfitting, particularly when the model
is complex or the dataset is noisy (Kohavi, 1995).

Despite these challenges, wrapper methods have been successfully applied in
various domains. In bioinformatics, wrapper methods have been used to select gene
subsets for the diagnosis of diseases such as AD (Liu, Zhang, Li and Wang, 2018).
In medical image analysis, they have been used for feature selection in tasks like
tumour detection and organ segmentation (Tosic et al., 2019). In these applica-
tions, wrapper methods have been shown to improve the accuracy of predictions by
identifying feature subsets that are highly relevant to the problem at hand, often
outperforming simpler filter-based methods.

Furthermore, wrapper methods are frequently combined with dimensionality
reduction techniques like PCA. PCA reduces the dimensionality of the feature space
while retaining the most relevant information. By applying PCA prior to feature
selection, wrapper methods can operate more efficiently, as they focus on a reduced
set of features, maintaining the computational feasibility of the process while still
capturing the essential information (Deng et al., 2016).

In conclusion, wrapper methods are powerful tools for feature selection that can
effectively optimise feature subsets based on model performance. Although they

can be computationally expensive and prone to overfitting, they are particularly
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useful when feature interactions are important and when fine-tuning is required to
achieve optimal performance. As computational resources continue to improve and
new optimisation techniques are developed, wrapper methods are likely to remain

a popular choice for feature selection in complex, high-dimensional datasets.

2.3.2 Embedded Methods

Embedded methods are feature selection techniques that perform feature selection
during the process of model training. Unlike filter methods, which independently
evaluate features, or wrapper methods, which evaluate feature subsets by training
a model multiple times, embedded methods integrate feature selection directly into
the model training process. This integration allows them to take into account
feature interactions, providing an efficient way to identify relevant features while
also ensuring that the selected features are optimally suited for the model at hand.

One of the most popular embedded methods is regularisation, which incorporates
a penalty term into the objective function of the model to constrain the number of
features used. Regularisation techniques such as Lasso (Least Absolute Shrinkage
and Selection Operator) and Ridge Regression are widely used for linear models.
Lasso, in particular, encourages sparsity by shrinking the coefficients of less im-
portant features to zero, effectively performing feature selection (Tibshirani, 1996).
The regularisation parameter in Lasso controls the strength of this shrinkage, and
by tuning this parameter, it is possible to select the most relevant features. Ridge
regression, on the other hand, penalises large coefficients but does not typically
shrink them to zero, making it more suitable for situations where all features are
expected to contribute to the model (Hoerl and Kennard, 1970).

Elastic Net is a regularisation technique that combines both Lasso and Ridge
regression. It was introduced to address the limitations of Lasso when there are
highly correlated features in the dataset. While Lasso can perform poorly when
features are highly correlated, Elastic Net balances the advantages of both Lasso
and Ridge, making it more effective for datasets with complex feature relationships
(Zou and Hastie, 2005). By combining the L1 (Lasso) and L2 (Ridge) penalties,

Elastic Net can select relevant features while maintaining regularisation.
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Another well-known embedded method is decision tree-based algorithms, such
as RF and GBM. Decision trees inherently perform feature selection during their
construction process. In decision trees, features are selected at each node based on
criteria that maximise information gain or minimise impurity. In RF, an ensem-
ble method that aggregates multiple decision trees, feature selection is performed
implicitly through the random selection of features at each node. The importance
of each feature can be determined by measuring how much it improves the perfor-
mance of the model, usually using metrics like Gini impurity or information gain
(Breiman, 2001). RF provides a robust method for feature selection, particularly
when dealing with datasets that have a large number of features.

Gradient Boosting Machines (GBM), another ensemble method, build decision
trees sequentially, with each tree attempting to correct the errors of the previous
one. GBMs also perform feature selection implicitly by focusing on the most im-
portant features in the model’s residuals, effectively selecting relevant features over
iterations. Feature importance in GBMs is typically measured using metrics like
Mean Decrease Impurity (MDI) or Mean Decrease Accuracy (MDA) (Friedman,
2001).

SVM with a linear kernel can also be considered an embedded method for feature
selection. In the case of linear SVM, the features are weighted by their importance
in defining the optimal hyperplane. Features with low weights contribute little
to the model and can be discarded. SVM-based feature selection can be seen as
an inherent part of the training process, making it an efficient embedded method
(Guyon et al., 2002a). When combined with techniques like RFE, SVM can be
used to select the most relevant features in high-dimensional datasets, particularly
in domains such as bioinformatics and image classification.

Embedded methods offer several advantages over filter and wrapper methods.
One key benefit is their efficiency. Because feature selection is performed during the
model training process, there is no need to train multiple models or evaluate subsets
of features independently, as in wrapper methods. This reduces computational
cost and allows embedded methods to scale better to large datasets. Additionally,

embedded methods often provide better generalisation by selecting features that are



CHAPTER 2. LITERATURE REVIEW 28

specifically suited to the learning algorithm, thus reducing the risk of overfitting.

Despite these advantages, embedded methods have their limitations. One chal-
lenge is that they are often model-specific, meaning that feature selection is tied
to the particular ML algorithm being used. For example, Lasso is only applicable
to linear regression models, and decision tree-based methods are more effective for
datasets with hierarchical feature interactions. This makes embedded methods less
flexible than filter and wrapper methods, which can be applied to any model.

Moreover, embedded methods may not perform well when there are highly cor-
related features in the dataset. While techniques like Elastic Net and RF can handle
correlated features to some extent, other methods may struggle to select a mini-
mal set of features when correlations exist (Zou and Hastie, 2005). In these cases,
additional preprocessing, such as dimensionality reduction or feature decorrelation,
may be required to improve the performance of embedded methods.

In conclusion, embedded methods are powerful tools for feature selection, of-
fering a balance between efficiency and model-specific optimisation. By selecting
features during the model training process, these methods can effectively identify
relevant features that improve model performance while reducing computational
cost. Regularisation-based techniques like Lasso, Elastic Net, and RR, as well as
decision tree-based methods like RF and gradient boosting, are among the most
commonly used embedded methods. Although they are model-dependent and can
struggle with correlated features, embedded methods remain a popular choice in
many ML tasks, especially for high-dimensional datasets where computational effi-

ciency is crucial.

2.3.3 Filter Methods

Filter methods are a family of feature selection techniques that evaluate the rel-
evance of features independently of any ML algorithm. Unlike wrapper and em-
bedded methods, which assess feature subsets based on model performance, filter
methods rely on statistical techniques to rank and select features before the model
is trained. This characteristic makes filter methods computationally efficient, par-

ticularly in high-dimensional datasets, as they avoid the need to repeatedly train
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and evaluate models on feature subsets. The primary advantage of filter methods
is their speed and scalability, as they can handle datasets with large numbers of
features without significant computational cost.

Filter methods typically evaluate features using statistical measures of relevance,
such as correlation, mutual information, or chi-squared tests. These measures assess
the relationship between each feature and the target variable, enabling the identi-
fication of features that are strongly associated with the output. Based on these
evaluations, features that are deemed irrelevant or redundant are removed, leaving
a subset of features that are most likely to improve model performance.

One of the most commonly used filter methods is the Pearson correlation coeffi-
cient, which measures the linear relationship between two variables. In the context
of feature selection, Pearson correlation is used to identify features that are highly
correlated with the target variable. Features that have low correlation with the
target are considered less informative and are removed. Pearson correlation can
also be used to identify redundant features by evaluating the pairwise correlation
between features. Features that are highly correlated with each other are likely to
provide redundant information, and one of the correlated features can be removed
to reduce dimensionality without sacrificing much information (Hall, 1999).

Another widely used filter method is mutual information (MI), which measures
the amount of information that one feature provides about another. MI is a non-
parametric method that does not assume any specific distribution for the data,
making it suitable for both linear and nonlinear relationships. By calculating the
mutual information between each feature and the target variable, MI can identify
features that provide the most relevant information for predicting the output. Fea-
tures that have low mutual information with the target variable can be discarded.
MI-based methods are particularly useful when dealing with categorical data or
when the relationships between features and the target are complex (Kullback and
Leibler, 1959).

The chi-squared test is another statistical measure commonly used in filter-based
feature selection, especially when the data is categorical. The chi-squared test eval-

uates the independence between each feature and the target variable by comparing
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the observed frequencies of feature-target combinations with the expected frequen-
cies under the assumption of independence. Features that have a high chi-squared
statistic are considered to be significantly related to the target variable and are re-
tained, while features with low chi-squared values are discarded (Duda et al., 2001).
The chi-squared test is particularly effective in classification tasks with categorical
data, as it identifies features that are most relevant for distinguishing between dif-
ferent classes.

ReliefF is an extension of the Relief algorithm, which is designed to select rel-
evant features by evaluating their ability to distinguish between instances that are
near each other in the feature space. Unlike methods like correlation or mutual infor-
mation, which evaluate the relevance of each feature in isolation, ReliefF takes into
account feature interactions by considering the local neighbourhood of instances.
The algorithm assigns weights to features based on how well they differentiate be-
tween similar instances from different classes. Features with low weights are deemed
irrelevant and are discarded. ReliefF is particularly useful in high-dimensional and
noisy datasets, where feature interactions are complex (Kira and Rendell, 1992).

Another popular filter method is the Fisher score, which ranks features based
on the ratio of between-class variance to within-class variance. The Fisher score is
widely used in classification tasks, where it evaluates how well each feature separates
the different classes in the target variable. Features with high Fisher scores are those
that provide the most information about the class labels, while features with low
scores are less informative and can be removed (Fisher, 1936). The Fisher score is
simple to compute and can be applied to both continuous and categorical data.

While filter methods are computationally efficient and scalable, they have several
limitations. One of the main drawbacks is that they do not consider feature inter-
actions or dependencies. Since filter methods evaluate each feature independently,
they may overlook interactions between features that are important for the model.
For example, two features that individually have weak relationships with the target
variable may, when combined, provide strong predictive power. Filter methods may
fail to capture such interactions, leading to suboptimal feature subsets.

Furthermore, filter methods do not always account for the specific characteristics
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of the learning algorithm being used. Since feature selection is performed indepen-
dently of the model, the selected feature subset may not be the most suitable for a
particular ML algorithm. This is in contrast to wrapper and embedded methods,
which take into account the model’s performance when selecting features, ensuring
that the selected features are optimally suited for the algorithm.

Despite these limitations, filter methods are often used as a preprocessing step in
ML pipelines. They provide a quick and efficient way to reduce the dimensionality
of the dataset before applying more computationally intensive methods, such as
wrapper or embedded methods. By removing irrelevant or redundant features,
filter methods can help improve the overall performance of the model and reduce
the risk of overfitting.

In conclusion, filter methods are a fast and efficient approach to feature selection,
particularly suited for high-dimensional datasets. They rely on statistical measures
of relevance, such as correlation, mutual information, chi-squared tests, and Fisher
scores, to identify features that are strongly associated with the target variable.
While filter methods have the advantage of being computationally efficient and
scalable, they do not consider feature interactions and may not always select the
most suitable features for a given learning algorithm. Nevertheless, filter methods
remain an important tool in feature selection, particularly when combined with

other methods in a hybrid approach.

2.3.4 Interpretability in Feature Selection

Interpretability is particularly important in biomedical feature selection because a
useful diagnostic model should not only classify samples accurately but also sup-
port biological understanding. Model-agnostic explanation methods such as LIME
(Ribeiro et al., 2016) and SHAP (Lundberg and Lee, 2017) can explain individ-
ual predictions or estimate feature contributions, but they do not by themselves
reduce a high-dimensional gene expression input into a compact, experimentally
tractable probe set. Attention mechanisms can also highlight influential inputs in
neural models, but their weights are not always equivalent to causal or biological

importance. For this reason, Chapter 5 focuses on a shallow sparse AE whose first
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hidden layer remains directly connected to input probes, combined with XGBoost
feature ranking and enrichment analysis. The one-layer design is less expressive
than a deep network, but it improves traceability from latent features back to gene

expression probes, which is central to the interpretability contribution of this thesis.

2.4 Feature Selection Applications on Gene Ex-
pression Data

Gene expression data, typically generated through high-throughput technologies
like microarrays and RNA sequencing, contain thousands of features (genes) with
relatively few samples. This high-dimensional nature of gene expression data ex-
acerbates the curse of dimensionality, increasing the likelihood of overfitting and
reducing generalisation in ML models. Therefore, feature selection is an essential
step in the analysis of gene expression data, helping to reduce dimensionality, im-
prove model accuracy, and ensure interpretability. Feature selection methods aim
to identify a subset of genes that are most relevant for the target task, such as
classification, disease diagnosis, or biomarker discovery.

One of the most prominent applications of feature selection in gene expres-
sion data is in disease diagnosis, particularly cancer classification. For example, in
breast cancer classification, gene expression data are used to distinguish between
benign and malignant tumours or to predict cancer subtypes. Several studies have
demonstrated the effectiveness of feature selection in improving the accuracy of clas-
sification models. Recent approaches have employed methods like Lasso regression,
RF, and SVM to identify key genes that are predictive of cancer outcomes. Feature
selection not only improves the model’s performance but also helps reduce the com-
plexity of the data, which is particularly beneficial when dealing with large-scale
datasets with a high number of features (Xia et al., 2019).

In the context of lung cancer, feature selection methods have been employed to
identify biomarkers that can predict patient survival or response to treatment. A

study by Yang et al. (2020) used a combination of filter-based methods and ML
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classifiers to identify a small set of genes that could effectively classify lung cancer
subtypes. The authors found that the selected genes were highly informative for
predicting survival, and their model outperformed traditional classifiers in terms
of predictive accuracy. Similar studies have demonstrated the potential of feature
selection for identifying biomarkers for colorectal cancer, where the ability to select
relevant genes has led to the discovery of novel biomarkers for early diagnosis (Wang,
Li and Sun, 2021).

Another important application of feature selection in gene expression data is
in the field of AD research. AD is a complex neurodegenerative disorder with a
multifactorial aetiology, where gene expression data can provide valuable insights
into the genetic underpinnings of the disease. However, as with cancer data, the
high dimensionality of gene expression data in AD research poses challenges. Recent
advancements in feature selection have facilitated the identification of genes that
are significantly associated with AD progression and diagnosis. Methods such as
Lasso and Elastic Net have been used to identify genes whose expression levels
are predictive of cognitive decline in AD patients (Liu et al., 2022). These studies
highlight the growing importance of ML and feature selection in precision medicine,
enabling more accurate predictions and facilitating early diagnosis of AD.

Recent advancements in ML-based feature selection methods, such as deep learn-
ing and ensemble techniques, have also shown promise in gene expression analysis.
AEs have been applied to gene expression data for dimensionality reduction and fea-
ture selection. By training an AE to reconstruct gene expression data, researchers
can identify the most relevant features (genes) that contribute to the data recon-
struction. This method allows for the selection of non-linear relationships between
genes, which traditional methods like correlation or mutual information may miss
(Chen et al., 2021). Additionally, ensemble methods such as RF and GBM have
been employed to rank genes based on their importance in classification tasks. These
methods have proven particularly useful for selecting genes that interact in com-
plex, non-linear ways, making them valuable for disease classification tasks (Zhou
et al., 2023).

A particularly innovative approach has been the integration of feature selection
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with multi-omics data, where gene expression data is combined with other types
of omics data, such as proteomics or metabolomics. Multi-omics analysis aims to
provide a more comprehensive understanding of biological systems by incorporating
various types of molecular data. Feature selection techniques, such as RFE and
mutual information-based methods, have been successfully applied to identify key
features across multiple omics layers. In one study, feature selection techniques
were used to integrate gene expression data with DNA methylation and proteomics
data to build predictive models for cancer prognosis (Li et al., 2022). By selecting
features across different omics layers, the model was able to provide more robust
and accurate predictions than those based on a single data source.

Despite the advances in feature selection for gene expression data, several chal-
lenges remain. One of the main difficulties is the inherent noise in gene expression
data, which can lead to the selection of irrelevant or redundant features. Addition-
ally, the interactions between genes are often complex and non-linear, making it
difficult to identify a truly relevant subset of genes using traditional linear meth-
ods. Recent research has focused on developing more sophisticated feature selection
algorithms, such as hybrid methods that combine filter and wrapper approaches,
or deep learning-based methods that can capture non-linear relationships between
genes (Zhou et al., 2023).

In conclusion, feature selection plays a crucial role in the analysis of gene ex-
pression data, particularly in the context of disease diagnosis, biomarker discovery,
and precision medicine. Recent advancements in feature selection techniques, par-
ticularly those based on ML and deep learning, have improved the accuracy and
efficiency of models built from gene expression data. These methods enable the
identification of key biomarkers for cancer, AD, and other complex diseases. As
new technologies and algorithms continue to emerge, the role of feature selection
in gene expression analysis will become increasingly important in facilitating the

discovery of novel biomarkers and improving the precision of disease diagnosis.
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Figure 2.1: Pixel-level data fusion, where raw or minimally processed data from
different modalities are fused before feature extraction.

2.5 Multimodal Data Fusion for AD Diagnosis

Brain image genetics has brought unprecedented opportunities for in-depth analyses
of brain function and pathogenesis of brain diseases, and has greatly facilitated the
research of brain diseases. From the perspective of the hierarchy of multimodal data
fusion, brain image genetics analysis methods based on multimodal data fusion can
be divided into three levels in the diagnosis of brain diseases and identification of
pathogenic mechanisms: pixel level fusion, feature level fusion, and decision level

fusion.

2.5.1 Pixel level fusion

Pixel-level fusion methods (as shown in Figure 2.1) usually directly fuse raw data
from different modalities to alleviate inconsistency across modalities, and typical
methods include data-driven approaches such as ICA and CCA. For example, Du
et al. (Du, Liu, Yao, Risacher, Han, Saykin, Guo and Shen, 2020) proposed a struc-
tured sparse CCA (SCCA) method for detecting the association between genetic
variants and brain phenotypes of AD patients. This method represents genetic data
and brain imaging features as matrices and explores their potential relationships
through SCCA, which can reveal underlying pathological mechanisms of AD. Qi
et al. (Qi et al., 2022) proposed a risk assessment method combining multimodal
brain imaging and PRS, and identified a PRS-associated brain pattern associated
with reduced grey matter volume and functional activity in the anterior temporal
cortex. Zhang et al. (Wang, Shao, Hao and Zhang, 2021) performed a fusion analy-
sis of brain image and genetic data through an auto-expression network to identify

complex imaging genetic patterns. These studies demonstrate the potential of data-
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Figure 2.2: Feature-level data fusion, where modality-specific features are extracted
or selected before being combined into a joint representation.

layer fusion in the diagnosis and identification of pathogenic mechanisms of brain
diseases, but raw-data fusion often requires strong assumptions about feature cor-

respondence and may be sensitive to preprocessing choices.

2.5.2 Feature level fusion

Feature-level fusion methods (as shown in Figure 2.2) are usually achieved by fea-
ture selection, feature extraction, or feature transformation. These methods can
extract common features between different modalities and generate a new joint fea-
ture space to represent their correlations. For example, Zhou et al. (Zhou, Liu,
Thung and Shen, 2019) proposed a method based on latent co-expression space
learning to extract common and complementary features in complete and incom-
plete multimodal data. Du et al. (Du, Liu, Liu, Yao, Risacher, Han, Saykin and
Shen, 2020) proposed a multitask learning method called Dirty Multi-Task Learn-
ing (DMTL) to correlate multimodal brain image representations with genetic risk
factors. Ghosal et al. (Ghosal, Chen, Pergola, Goldman, Ulrich, Berman, Blasi,
Fazio, Rampino, Bertolino et al., 2021) proposed a DNN architecture for combining
neuroimaging and genetic data, and Ghosal et al. (Ghosal, Chen, Pergola, Gold-
man, Ulrich, Weinberger and Venkataraman, 2021) further proposed an end-to-end
deep learning framework based on whole-brain and whole-genome fusion. These
methods improve diagnostic performance and biomarker identification, but they
can still introduce redundant features and may under-represent modality-specific

information if the shared feature space is too restrictive.
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Figure 2.3: Decision-level data fusion, where separate models are trained for each
modality and their predictions are combined.

2.5.3 Decision level fusion

Decision-level fusion methods (as shown in Figure 2.3) refer to the strategy of
using different models for each modality and fusing the resulting decisions. The
decision-layer fusion model has an independent semantic space, which provides more
flexibility. Lyu et al. (Lyu et al., 2021) proposed a deep learning-based decision-
layer fusion model that automatically learns the weighting ratio of image and gene
features, allowing the model to analyse brain diseases from different perspectives.
The experimental results show that the classification performance of the fusion
model is better than that of a single data source. The results suggest that combining
information from multiple data sources can improve MCI classification performance,
which can help to detect cognitive impairment earlier.

These three fusion strategies have their own advantages and disadvantages.
Compared with data- and feature-level fusion, decision-level fusion can be more
flexible when modality correlation is low but complementary, and it can be more
robust when some modalities are absent. However, decision-layer fusion ignores
direct correlations between modality features and cannot provide a comprehensive
view of interactions between disease-causing factors in different modalities. Data-
layer fusion can perform well when redundancy between modalities is high, but it
is often dependent on handcrafted features driven by specific hypotheses. Feature-
layer fusion can represent correlations between multimodal data through explicit
representation learning, but it often introduces redundant features and may not

fully preserve complementarity between modalities.
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2.6 Metric Learning for Heterogeneous Multimodal

Fusion

Metric learning is an ML approach where the goal is to learn a distance metric that
reflects the similarity between data points in a feature space. The learned metric
can then be used in classification, clustering, and retrieval tasks. It is included
here because Chapter 6 uses metric learning as the technical basis for heteroge-
neous multimodal fusion: rather than simply concatenating gene expression and
neuroimaging features, metric learning can align modalities in a task-specific space

while preserving discriminative relationships.

2.6.1 Metric Learning for Unimodal Data

In unimodal data, the objective of metric learning is to learn a similarity measure
that is effective for the given single modality, such as images, text, or gene expression
data. The goal is to adjust the feature space so that similar data points are closer
together, while dissimilar points are farther apart. Commonly used techniques in
metric learning for unimodal data include contrastive loss, triplet loss, and large
margin nearest neighbour loss.

One of the earliest and most widely used approaches in metric learning for
unimodal data is the Contrastive Loss (Chopra et al., 2005). Contrastive loss is de-
signed for learning embeddings that preserve the similarity between pairs of points.
The model is trained to bring similar data points closer and push dissimilar points
further apart in the learned feature space. This approach has been applied to vari-
ous tasks, such as face verification (Schroff et al., 2015), where the goal is to learn
an embedding that accurately reflects the similarity between images of the same
person.

Another popular method is the Triplet Loss (Schultz and Joachims, 2003), which
uses triplets of samples: an anchor, a positive sample (similar to the anchor), and a
negative sample (dissimilar to the anchor). The triplet loss function is designed to

ensure that the anchor is closer to the positive sample than to the negative sample
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by a predefined margin. This technique has been successfully applied in image
retrieval and face recognition tasks, where the goal is to learn an embedding space
that reflects the similarity between images of the same class.

These methods have also been extended to the analysis of gene expression data,
where the goal is to learn a metric that captures the similarities between gene ex-
pression profiles associated with disease states. For instance, in cancer classification,
metric learning methods have been used to learn a distance metric that improves
the accuracy of classifying tumour subtypes based on gene expression data (Xia
et al., 2021). By learning an appropriate metric, the model can better differen-
tiate between similar and dissimilar samples, thus improving the performance of

downstream classification algorithms.

2.6.2 Metric Learning for Multimodal Data

Multimodal data refers to data that comes from multiple sources or modalities, such
as combining imaging data (e.g., MRI or PET scans) with genetic data, clinical
data, or other forms of biosignals. The goal of metric learning for multimodal
data is to learn a shared space where data from different modalities can be directly
compared, and the relationships between them can be better understood. This
allows the integration of complementary information from multiple sources, leading
to more robust models that can provide richer insights.

Learning a distance metric for multimodal data is more complex than for uni-
modal data because the data from each modality may lie in a different feature space.
Approaches for multimodal metric learning often involve joint embedding learning,
where the features from different modalities are mapped into a shared space using
methods like CCA, DCCA (Andrew et al., 2013), and Multimodal Neural Networks
(Ngiam et al., 2011).

DCCA is a popular approach that aims to maximise the correlation between
representations of multimodal data in a common space. DCCA is based on neural
networks, and it learns the projection of each modality’s feature space into a shared
space in a way that preserves the correlations between them. This approach has

been successfully used in multimodal data integration, such as combining visual and
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textual information for multimedia applications (Ngiam et al., 2011), or combining
neuroimaging and genetic data in neuroscience.

In multimodal metric learning, the challenge is to learn a shared representation
that effectively captures the relationships across modalities, especially when the
modalities are heterogeneous or the feature distributions differ significantly. Some
approaches, like MDML (Vinyals et al., 2015), have focused on learning a distance
metric that aligns the representations from multiple modalities while preserving
their individual characteristics.

Multimodal metric learning has been particularly useful in healthcare applica-
tions, where data from different sources (e.g., neuroimaging, genetic, and clinical
data) must be combined for improved diagnosis and prognosis. For example, the in-
tegration of neuroimaging and genomic data for AD classification can benefit from
a shared metric space that brings together the complementary information from
both modalities (Liu et al., 2019). This approach helps improve the diagnostic ac-
curacy of AD, as it allows for a more comprehensive representation of the patient’s
condition by combining the genetic and neuroimaging features in a common metric

space.

2.6.3 Metric Learning for AD Classification

AD is a neurodegenerative disorder that leads to cognitive decline, and early diag-
nosis is critical for improving patient outcomes. AD is complex, with multiple con-
tributing factors, including genetic, environmental, and neurobiological elements.
As a result, there is often a need to integrate data from multiple modalities, such
as gene expression, neuroimaging (MRI and PET), and clinical data, to improve
diagnostic accuracy.

A promising approach is the use of Deep Metric Learning to integrate func-
tional MRI (fMRI) data with clinical assessments. Liu et al. (2020) used a deep
learning-based metric learning method to combine fMRI data and clinical scores for
AD classification. By learning an embedding space where both neuroimaging fea-
tures and clinical scores are aligned, the model was able to improve the predictive

power for AD detection, especially in the early stages of the disease, where clinical
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symptoms are minimal.

In addition to neuroimaging, gene expression data have been integrated with
neuroimaging data for AD classification using metric learning. Wang, Shao, Hao
and Zhang (2021) applied a metric learning framework to combine gene expression
profiles with sMRI data to classify AD patients from healthy controls. The learned
distance metric was able to capture the complex relationships between genetic fac-
tors and brain structure, leading to improved diagnostic accuracy.

In conclusion, metric learning has shown significant promise in the classifica-
tion of AD, especially when combining data from different modalities. The ability
to learn a shared distance metric between multimodal data sources enables more
accurate and interpretable models that can assist in early diagnosis and prognosis
prediction for AD. As the field continues to evolve, the integration of additional
modalities, such as blood biomarkers or EEG, may further enhance the power of

metric learning models in AD classification.

2.7 Review Findings and Research Gaps

This review identifies three research directions for the thesis. First, blood-based
gene expression data are attractive for early AD diagnosis because they are less
invasive and can reflect molecular processes, but they are high-dimensional, noisy,
and usually available with limited sample size. This creates a need for dimension-
ality reduction methods that can capture non-linear structure without overfitting.
Second, feature selection methods for gene expression data must balance predic-
tive performance with biological interpretability. Existing wrapper, embedded, and
filter methods each have strengths, but deep learning-based representations often
lack direct biological traceability. Third, multimodal AD diagnosis can benefit from
integrating gene expression and neuroimaging data, but conventional fusion strate-
gies may either lose modality-specific information or fail to model heterogeneous
feature spaces. These gaps motivate the methods developed in Chapters 4, 5, and

6.
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2.8 Summary

The literature review explores various biomarkers used for the early diagnosis of AD
and MCI. These biomarkers include neuropsychological markers like MMSE and
CDR, neuroimaging markers such as PET and MRI, and gene expression markers
from blood samples. Each type of biomarker has its advantages and limitations in
terms of accuracy, invasiveness, and cost.

The chapter also discusses dimensionality reduction techniques for high-dimensional
gene expression data, such as PCA, KPCA, ISOMAP, and LLE. These techniques
help in reducing the complexity of the data while retaining essential features.

Additionally, the review covers feature selection methods for gene expression
data, highlighting the importance of selecting relevant features to improve diagnos-
tic accuracy. Various studies and methods, including ML approaches, are examined
to identify the most effective techniques for AD diagnosis.

Finally, the chapter delves into multimodal data fusion for biomedical data,
emphasising the need to combine different types of data to enhance diagnostic
performance. The review highlights various metric learning algorithms and their
applications in multimodal classification, which are crucial for integrating diverse

data sources effectively.



Chapter 3

Common Methodological

Framework

Chapter 2 reviewed the biomarkers and ML methods relevant to early AD diagnosis.
This chapter now provides the common methodological foundation used by the three
contribution chapters. It summarises the shared theory and techniques, the datasets
and preprocessing protocols, and the evaluation metrics used to assess diagnostic
performance. The purpose is to avoid repeating background material in Chapters
4-6 and to make the experimental assumptions explicit before the individual studies

are presented.

3.1 Common Theory and Techniques

3.1.1 AEs for Gene Expression Representation

An AE is a neural network trained to reconstruct its input. Given an input vector
x, the encoder maps it into a latent representation h, and the decoder reconstructs
Z:

h=f(Wzx+b), & =g(Wh+1¥). (3.1)

For gene expression data, where the number of probes is much larger than the
number of samples, the latent representation can be used as a lower-dimensional

feature set for downstream classification. The reconstruction loss encourages the

43
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latent features to preserve information from the original expression profile, while
the reduced dimensionality helps mitigate overfitting.

This thesis uses sparse and denoising variants of the AE. A sparse AE adds a
penalty that encourages most hidden units to remain inactive, forcing the model
to identify a compact set of informative patterns. A DAE corrupts the input and
learns to reconstruct the original version, encouraging robust features. Stacked
AEs combine multiple hidden layers to learn hierarchical representations; this is
useful for classification performance, but deeper layers are harder to map back to
individual probes. For this reason, Chapter 4 evaluates stacked architectures for
dimensionality reduction, while Chapter 5 uses a shallow sparse architecture to

preserve interpretability.

3.1.2 Feature Ranking and RFE

Feature selection is used to reduce a large feature set to a smaller subset that
is informative for classification and easier to interpret. RFE repeatedly trains a
model, ranks features by importance, removes the least important features, and
retrains until a target subset is reached. This strategy can be effective for small-
sample biomedical data, but standard RFE is computationally expensive when tens
of thousands of probes are present.

Chapter 5 therefore uses XGBoost to rank features and a faster RFE-style se-
lection procedure to reduce the hidden-node and probe sets. XGBoost is suitable
for this role because it handles structured tabular data, includes regularisation, and
provides gain-based feature importance. Gain measures the improvement in the
model objective attributable to a feature split, which makes it useful for identifying

features that contribute strongly to classification.

3.1.3 Metric Learning for Heterogeneous Fusion

Metric learning aims to learn a task-specific distance function so that samples from
the same class are closer together and samples from different classes are farther

apart. For heterogeneous multimodal data, this is useful because gene expression
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and neuroimaging features differ in scale, dimensionality, and biological meaning.
Rather than simply concatenating the modalities, the method in Chapter 6 learns
modality-specific transformations and a shared metric space in which complemen-
tary information can be preserved.

In this thesis, MML is used to fuse gene expression features with neuroimag-
ing features and to classify pMCI and sMCI. Here, pMCI denotes MCI cases that
progress to AD during follow-up, while sMCI denotes MCI cases that remain stable

during follow-up.

3.2 Datasets and Preprocessing

3.2.1 ADNI Gene Expression Dataset

The primary gene expression dataset used in Chapters 4 and 5 was obtained from
ADNI. ADNI was established to develop clinical, imaging, genetic, and biochemical
biomarkers for early detection and tracking of AD. The gene expression data were
obtained from peripheral blood and measured using Affymetrix Human Genome
U219 arrays. The chapter-specific experiments use 744 ADNI samples: 246 NC,
382 MCI samples, and 116 AD samples.

The gene expression profiles were normalised using RMA, which performs back-
ground correction, quantile normalisation, and summarisation for microarray probe
intensities. Chapter 4 uses the ADNI gene expression data to evaluate dimension-
ality reduction and classification. Chapter 5 further harmonises the probe set with

ANM datasets for cross-dataset validation.

3.2.2 ADNI, ANM1, and ANM2 Cross-Dataset Validation

Chapter 5 evaluates generalisability using ADNI, ANM1, and ANM2. ADNI uses
Affymetrix Human Genome U219 arrays, whereas ANM1 and ANM2 use [llumina
HumanHT-12 Expression BeadChip platforms. Because these platforms do not
contain identical probes, the preprocessing retains probes that can be matched

across the three datasets. This harmonised probe set is then used for model training
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and validation so that performance is not driven by platform-specific probes.

3.2.3 Multimodal ADNI Dataset

Chapter 6 uses a multimodal ADNI subset containing complete neuroimaging and
genetic information. The dataset contains 263 samples labelled as pMCI or sMCI
according to longitudinal disease progression. sMRI, fMRI, PET-derived features,
and genetic features are preprocessed before fusion. Neuroimaging features are rep-
resented through ROIs, while genetic information is represented through selected
genes and SNPs. This multimodal subset supports the evaluation of whether molec-

ular and imaging information provide complementary diagnostic evidence.

3.3 Evaluation Protocol

Across the contribution chapters, model evaluation is designed to reduce overfitting
and to separate model selection from performance estimation. Where hyperpa-
rameters are selected, the selection is carried out within the training portion of the
data. Test folds or held-out test sets are excluded from parameter optimisation. For
cross-validation experiments, folds are stratified where possible so that diagnostic
classes remain approximately balanced across folds.

The 10-fold cross-validation protocol is used to estimate classification perfor-
mance on small-sample datasets. For each fold, the training split is used for prepro-
cessing steps that require fitting, dimensionality reduction model training, classifier
training, and hyperparameter selection. The held-out fold is then transformed us-
ing the fitted training parameters and evaluated once. This protocol is especially
important for gene expression data, because leakage from test folds during feature

selection or normalisation can inflate performance estimates.

3.4 Evaluation Metrics

Classification performance is evaluated using ACC, PRE, SEN, SPE, F1 score,
and AUC. For binary classification, true positives (TP), true negatives (TN), false
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positives (FP), and false negatives (FN) are defined with respect to the positive

class. The metrics are:

TP+TN

Aceuracy = TN+ FP+ FN' (3:2)
PRE — TPT+—PFP, (3.3)

SEN = TPZ—PFN, (3.4)

SPE - %, (3.5)
F1=2x %. (3.6)

SEN is also known as the true positive rate. SPE is the proportion of true
negatives correctly identified among all actual negative samples. AUC summarises
the ROC curve, which plots SEN against the false positive rate (1 — SPE). For
multi-class AD classification, metrics are computed using one-vs-rest comparisons

and then averaged across classes.

3.5 Summary

This chapter has centralised the common theory, datasets, preprocessing assump-
tions, and evaluation metrics used in the thesis. Chapter 4 applies this foundation
to stacked AE-based dimensionality reduction for gene expression data. Chapter
5 extends the gene expression analysis toward interpretable feature selection and
biological validation. Chapter 6 then uses the selected molecular information with

neuroimaging features in a heterogeneous multimodal fusion framework.



Chapter 4

Stacked AE-Based Dimensionality
Reduction for AD Gene

Expression Classification

This chapter contributes an evaluation of stacked AE-based dimensionality reduc-
tion for high-dimensional, non-linear gene expression data in AD classification. The
contribution is not merely an empirical comparison of existing dimensionality re-
duction methods; it investigates whether sparse and denoising AE representations
can preserve diagnostically useful expression patterns better than conventional lin-
ear and manifold-learning baselines, and whether the resulting latent dimensions

improve downstream classification.

4.1 Introduction

The rapid progression of high-throughput technologies in genomics has led to an
explosion of gene expression data, providing unprecedented opportunities to un-
cover the genetic underpinnings of complex diseases such as AD. However, the
curse of dimensionality inherent in gene expression data presents significant chal-
lenges to traditional ML methods, particularly for classification tasks. This chapter
addresses the first research question introduced in Chapter 1 and supported by the

methodological background in Section 3.1.1: how can an AE be employed to im-
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prove the classification of AD gene expression datasets, especially in the context of
high-dimensional and non-linear data?

To tackle this question, we explore the potential of deep learning-based dimen-
sionality reduction techniques, focusing specifically on AEs. Two AE methods
are investigated: SDAE and SSAE. These methods are applied to gene expression
datasets derived from the ADNI database to extract meaningful patterns associated
with AD. The extracted features are subsequently evaluated for their effectiveness
in classification tasks.

For comparative purposes, this study also considers one linear dimensionality
reduction algorithm, PCA, and three non-linear algorithms: KPCA, ISOMAP, and
LLE. These algorithms provide a benchmark for assessing the performance of AEs
in feature extraction.

The choice of linear SVM as the classifier is motivated by its robustness and
effectiveness in high-dimensional spaces, where it can yield strong classification
results with relatively simple hyperparameter tuning. By employing linear SVMs to
classify features extracted by different dimensionality reduction methods, this study
provides a systematic comparison of their performance, highlighting the advantages
of AE-based approaches.

The structure of the present chapter is as follows: Section 4.2 provides a descrip-
tion of the dataset, the implementation of the AEs and the baseline algorithms;
Section 4.3 presents the experimental results; and Section 4.4 discusses the findings

in the context of existing literature.

4.2 Data and Methods

4.2.1 Data and preprocessing

The gene expression data used in this chapter were obtained from the ADNI database,
described centrally in Section 3.2. ADNI was initiated to develop clinical, imag-
ing, genetic, and biochemical biomarkers for the early detection and follow-up of

AD. The project recruits volunteers aged 55-90 years from research centres in the
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United States and Canada, including cognitively normal older adults, people with
MCI, and people with AD.

The ADNI data were collected in three phases. In the first phase (ADNI-1),
more than 800 volunteers aged 50-90 years from more than 50 research institutions
in the United States and Canada were classified into a healthy control group (NC),
a group of patients with MCI, and a group of patients with AD. ADNI-1 followed
up the data of each group at a determined time (e.g., every 6 or 12 months), in-
cluding neuroimaging (MRI, PET), blood and cerebrospinal fluid markers (ApoE,
A, tau protein), gene expression, and so on. Neuroimaging (MRI, PET), blood
and cerebrospinal fluid markers (ApoE, A3, tau protein), and gene expression data
were collected from each group at a defined time (e.g., 6 months or 12 months).
In this phase, the transition of MCI patients to AD was objectively counted and
the diagnostic features of the transition from MCI to AD were analysed and ob-
tained, including structural changes in MRI, §-like protein deposition in PET, and
abnormalities in biological or genetic markers such as tau and ApoE. ADNI-2 is
the third phase of ADNI. In addition to the follow-up of NC and MCI subjects in
ADNI-1, 150 NC controls, 250 MCI patients, and 150 AD patients were recruited in
ADNI-2, which subdivided MCI subjects into EMCI and advanced MCI. The data
collection process of the three phases of the ADNI database is basically the same.
Since its establishment, the ADNI database has provided an open database with
a large sample size and longitudinal tracking pattern for the study of AD-related
diseases, and has provided important data support for the study of early diagnosis
of AD, and thousands of colleges and research institutes all over the world have
carried out a large number of AD-related researches using its data.

A gene expression dataset consisting of 744 samples was selected from the ADNI
database because these participants had complete peripheral blood microarray data
and diagnostic labels suitable for the NC versus AD/MCI classification task. Table
4.1 shows the detailed information of the selected data, including 246 NC sam-
ples and 498 samples from AD and MCI patients. The gene expression data were
obtained from human peripheral blood and measured using Affymetrix U219 gene

chips, each containing 49,293 probes. The microarray data were normalised by
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Class Number of sample Male/Female Age MMSE CDR
NC 246 117/129 76.20+6.49 29.06+1.23 0.07+0.28
MCI 382 216/166 72.96+7.96 28.03+1.69 1.45+1.01
AD 116 75/41 77.314+7.65 21.26+4.42 5.78+1.01

Table 4.1: ADNI gene expression dataset used for the dimensionality reduction
experiments, including diagnostic group sizes and clinical score summaries.

RMA (Irizarry et al., 2003) to ensure comparable probe intensity values.

4.2.2 Methods

The main objective of this study was to investigate the performance of different
dimensionality reduction algorithms on ADNI gene expression data for the AD
classification task. Dimensionality reduction maps data points from the original
high-dimensional space to a lower-dimensional space; this mapping may be linear
or non-linear. In this study, we used one linear algorithm (PCA), three non-linear
algorithms (KPCA, ISOMAP, and LLE), and two deep learning algorithms (SDAE
and SSAE) for comparison. We then classified the features obtained after dimen-
sionality reduction using linear SVMs and radial basis function kernel SVMs. For
every classifier and dimensionality reduction setting reported in this chapter, we
used random stratified 10-fold cross-validation. In each fold, the dimensionality
reduction model and SVM classifier were fitted on the training split only. Hyper-
parameters were selected within the training portion of that fold, and the held-out
fold was used only for final performance estimation. The detailed pipeline of the

experiments is shown in Figure 4.1.

Dimensionality reduction and classification workflow

The theoretical background for PCA, KPCA, ISOMAP, LLE, sparse AEs, and de-
noising AEs is reviewed in Chapter 2, and the common AF rationale used across the
thesis is summarised in Section 3.1.1. This chapter therefore treats these methods
as experimental feature extractors rather than repeating their full derivations.
The baseline methods were selected to cover both linear and non-linear dimen-

sionality reduction. PCA provides a linear variance-preserving baseline; KPCA
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ADNI
Gene expression data
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10-fold cross | | D":L?j;ﬁgihty - SVM Performance
validation . classifier Test set evaluation
algorithms

Figure 4.1: Pipeline of the dimensionality reduction experiments. Gene expression
data are normalised, reduced using baseline and AE methods, and evaluated using
SVM classifiers under cross-validation.

10-times repeat

introduces a kernel-based non-linear extension; ISOMAP evaluates global mani-
fold structure; and LLE evaluates local neighbourhood preservation. The proposed
SDAE and SSAE are compared against these baselines because they can learn non-
linear latent representations from high-dimensional gene expression data. All di-
mensionality reduction models were fitted within the training split of each cross-
validation fold, and the fitted transformations were then applied to the held-out
fold.

The reduced features were classified using SVMs rather than a direct DNN clas-
sifier. The reason is that the chapter focuses on whether dimensionality reduction
improves representation quality in a small-sample, high-dimensional gene expres-
sion setting. Training a supervised deep classifier directly on 744 samples with
49,293 probes would substantially increase the risk of overfitting and would make
it harder to separate the value of the learned representation from the capacity of
the classifier. A linear SVM provides a more controlled downstream classifier for
comparing feature representations.

The complete evaluation metric definitions used in the thesis are provided in

Section 3.4. In this chapter, the dimensionality sweep tables report mean 10-fold
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cross-validation accuracy as the primary summary statistic because the purpose is
to compare representation quality across many reduced dimensions and algorithms.
PRE, SEN, SPE, F1 score, and AUC are used as complementary diagnostic metrics
in the subsequent contribution chapters where full classifier outputs are analysed

in more detail.

4.3 Experiments

In the benchmark, we applied different dimensionality reduction algorithms to the
ADNI gene expression data for dimensionality reduction, and the obtained features
were fed into a linear SVM classifier to classify NC and AD&MCI patients.

The input to the SDAE is a vector of elements with values [0,1]. Therefore,
before constructing the SDAE, it is necessary to normalise the expression data by
probes 0-1.

There are many parameters that need to be adjusted in SDAE, such as batch
size, number of training sessions, learning rate, damage level, number of hidden lay-
ers, and number of nodes per layer. The selection of parameters for neural networks
is a difficult problem, and a commonly used method is to use cross-validation exper-
iments to select relatively better parameters, and at the same time, cross-validation
can also prevent the model from overfitting to the training data. In order to obtain
the appropriate parameters, 10-fold cross-validation was used to train the SDAE
model with various parameter combinations, and the parameter combination that
minimised the average reconstruction error across the training folds was selected.

We constructed a three-layer SDAE, and for the selection of parameters in each
layer, a layer-by-layer greedy strategy was used to minimise the reconstruction error
in each layer. A smaller batch size can obtain more training gradients, so the batch
size is set to 10; the learning rate affects the convergence effect, and a larger learning
rate is prone to oscillations, so the learning rate is set to 0.001 to ensure convergence;
for the SDAE model, the reconstruction error starts to stabilise after 800 trainings,
so the number of trainings is set to 1,000; the damage level is set to 0-0.4; the loss

level is set to 0.4; in SDAE, the reconstruction error in each layer is set to 1,000; in



CHAPTER 4. DIMENSIONALITY REDUCTION OF GENE EXPRESSION DATA54

Corruption Level

0 0.05 0.1 0.2 0.4

50 | 34443.84 33257.56 33110.55 33801.98 34055.69

500 | 33994.43 33483.30 32707.64 32773.95 33116.87
2000 | 32573.32 32200.38 32074.02 32057.40 32145.62
5000 | 31724.02 30973.59 30575.53 31247.60 32607.75
10000 | 33030.60 32461.72 31724.02 32350.77 33030.60
20000 | 34086.04 33466.92 33056.21  32855.24 33827.02

Reconstruction Error

Number of Nodes

Table 4.2: Average reconstruction error for the first SDAE layer under different
hidden-node counts and corruption levels. Corruption level denotes the proportion
of input values randomly masked or perturbed during DAE training.

Corruption Level

0 0.05 0.1 0.2 0.4
50 | 18.12 17.40 15.34 16.08 22.80
100 | 16.08 13.79 11.18 11.75 18.15
200 | 11.54 9.90 8.77 9.63 15.75
500 | 11.95 1045 8.07 5.89 13.33
1000 | 10.54 11.13 9.59 7.79 14.16
2000 | 13.13 10.68 9.86 7.95 14.08

Reconstruction Error

Number of Nodes

Table 4.3: Average reconstruction error for the second SDAE layer under different
hidden-node counts and corruption levels.

SDAE, the reconstruction error in each layer is set to 2.5; and the loss level is set
to 0.4. In SDAE, since the input nodes of the current layer are the hidden nodes
of the previous layer, for the number of nodes, the number of nodes in the first
layer should be determined first, and then the nodes of the second layer should be
selected on the basis of this. The third layer node selection depends on the number
of nodes in the second layer.

Tables 4.2 to 4.4 list the average reconstruction errors of the three hidden layers
under each combination, in which the underlined values are the smallest average
reconstruction errors and correspond to the optimal number of nodes and damage
level. After the 10-fold cross-validation experiments, the number of nodes in the
first layer was set to 5000 with a damage level of 0.1; the number of nodes in the
second layer was set to 500 with a damage level of 0.2; and the number of nodes in
the third layer was set to 50 with a damage level of 0.1.

Tables 4.2-4.4 show how reconstruction error changes with hidden-layer size
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Corruption Level
0 0.05 0.1 0.2 0.4
20 | 198.02 195.30 193.29 193.32 200.14
50 | 195.11 193.15 190.21 192.52 194.64
100 | 196.90 195.37 192.20 194.13 198.04
200 | 197.22 19498 19292 195.30 199.17

Reconstruction Error

Number of Nodes

Table 4.4: Average reconstruction error for the third SDAE layer under different
hidden-node counts and corruption levels.

}Ti(()i. dZIfl Layers ioéazilllzssrs Learning rate Epochs Batch size Sparsity parameter
1 20000 0.001 1000 10 0.0005
20000
2 5000 0.001 1000 10 0.001
20000
3 5000 0.001 1000 10 0.05
2000

Table 4.5: Parameter settings used for the SSAE models with one, two, and three
hidden layers.

and corruption level. In this context, lower reconstruction error indicates that the
reduced representation preserves more information from the original gene expres-
sion profile after denoising. However, reconstruction error alone does not guarantee
better classification, because a representation can reconstruct noise or redundant
variation. The classification experiments below therefore evaluate whether the re-
duced features are also discriminative for AD-related labels.

It is worth mentioning that before comparing the results of these dimensionality
reduction algorithms, we first experimented with each of the two stacked AEs to
find the most appropriate number of hidden layers. The specific parameter settings
for the SSAE are shown in Table 4.5, and those for the SDAE are shown in Table
4.6.

Next, we performed dimensionality reduction on the gene expression data using
these two types of AE with different numbers of hidden layers, and then identified
the optimal number of layers for each AE after classification using a linear SVM.
All accuracy values in Table 4.7 and Table 4.8 are mean held-out-fold accuracies

from the 10-fold cross-validation protocol described in Section 4.2.
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No. of No. of nodes . . .
hidden Layers in each layer Learning rate Epochs Batch size Corruption level
1 20000 0.001 1000 10 0.1

20000
2 5000 0.001 1000 10 0.2

20000
3 5000 0.001 1000 10 0.1

50

Table 4.6: Parameter settings used for the SDAE models with one, two, and three
hidden layers.

Dimensionality 1 hidden layer 2 hidden layers 3 hidden layers

5000 0.9154 0.9415 0.9425
2000 0.9331 0.9405 0.9413
500 0.8748 0.9440 0.9485
50 0.8255 0.8924 0.9245

Table 4.7: Mean 10-fold cross-validation classification accuracy of SSAEs with dif-
ferent numbers of hidden layers and reduced dimensions.

Dimensionality 1 hidden layer 2 hidden layers 3 hidden layers

5000 0.8832 0.9341 0.9047
2000 0.8415 0.8951 0.9104
500 0.7941 0.9081 0.8171
50 0.7605 0.8405 0.7102

Table 4.8: Mean 10-fold cross-validation classification accuracy of SDAEs with dif-
ferent numbers of hidden layers and reduced dimensions.
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From the experimental results, with the increase of the number of training layers,
the indexes of SDAE gradually decrease, especially the third layer, whose classifi-
cation accuracy is only 0.71. The reconstruction error of the third layer is much
higher than that of the second layer in the model construction, which may result in a
larger distortion of the features during the increase of the number of layers, leading
to the decrease of the classification effect. During the experiment, we examined the
classification results of SDAE three-layer features in depth and found that samples
that were false-positive in one classifier were not necessarily false-positive in the
other classifiers. This indicates that there are differences in the features extracted
from each layer. Deep learning theory suggests that as the depth increases, the
deep network extracts features at different levels of abstraction.

The SSAE achieves the highest accuracy in all four dimensionality reduction
levels when the number of hidden layers is 3. For the SDAE, the best classifi-
cation accuracy is achieved when the number of hidden layers is 2, except when
reducing dimensionality to 2000. Therefore, in the following experiments we used a
3-layer SSAFE and a 2-layer SDAE to compare with other dimensionality reduction

algorithms.

4.4 Discussions

Table 4.9 and Figure 4.2 demonstrate the performance of six dimensionality reduc-
tion algorithms in AD classification tasks under the same 10-fold cross-validation
protocol. We also use SVM to directly classify the unreduced data (abbreviated as
RAW in the figure and table) as a comparison. The performance of most algorithms
is greatly reduced when the dimensionality is reduced to 50. A likely reason is that
excessive dimensionality reduction removes information relevant to AD. The only
exception is SDAE-2, which maintains a classification accuracy of nearly 90% when
dimensionality is reduced to 50, reflecting the algorithm’s robustness. The overall
performance of PCA is worse than other algorithms in this classification task, while
KPCA has good classification accuracy, confirming that the relationship between

gene expression data and pathogenesis is non-linear. ISOMAP performs worse in
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Algorithm 50 Dim 500 Dim 1000 Dim 2000 Dim 3000 Dim 4000 Dim 5000 Dim

PCA 0.7462  0.8242 0.8354 0.8475 0.8921 0.8722 0.8964
KPCA 0.7954  0.9243 0.8956 0.8943 0.897 0.9016 0.891
I[SOMAP  0.8284  0.9347 0.9247 0.895 0.8756 0.8594 0.8146
LLE 0.8462  0.8563 0.915 0.9099 0.9202 0.9129 0.9052
SDAE-2  0.8405  0.9031 0.9004 0.9132 0.9101 0.9582 0.9341
SSAE-3  0.8924  0.9329 0.9252 0.9501 0.927 0.9453 0.9415
RAW 0.882

Table 4.9: Mean 10-fold cross-validation NC versus AD/MCI classification accuracy
obtained after applying different dimensionality reduction algorithms across target
dimensions. RAW denotes classification without dimensionality reduction.

higher-dimensional classification tasks, which may indicate that ADNI gene expres-
sion data do not lie on an internally flat low-dimensional manifold. In contrast, LLE
has good overall performance, suggesting that local neighbourhood information is
useful for this dataset. Finally, SDAE is not as robust as SSAE across all settings,
but when the dimensionality is reduced to 4000 it achieves the highest classifica-
tion accuracy in this experiment. This suggests that there is a “sweet spot” in
dimensionality reduction: too much or too little reduction can lead to performance

loss.

4.5 Summary

This chapter investigated six dimensionality reduction methods for ADNI gene ex-
pression classification, using SVM classifiers to evaluate the discriminative value
of the extracted features. We constructed SDAEs and SSAEs to extract AD-
related gene expression representations from 246 NC samples and 498 MCI/AD
samples. After 10-fold cross-validation experiments, a three-layer SSAE and a two-
layer SDAE showed the strongest performance among the AE configurations tested.
The results indicate that sparse and denoising AE representations can improve
classification over several mainstream dimensionality reduction methods, especially
when the reduced dimension is chosen carefully.

These findings also motivate the next chapter. Although stacked AEs improve

classification performance, their deeper latent features are difficult to interpret bi-
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Figure 4.2: Mean 10-fold cross-validation NC versus AD/MCI classification accu-
racy trends for the dimensionality reduction algorithms compared in Table 4.9.
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ologically. Chapter 5 therefore focuses on a shallow sparse AE and feature ranking
framework, preserving a direct link between input probes and hidden nodes so that

selected features can be analysed through biological enrichment.



Chapter 5

Feature Selection and
Interpretability Study for Gene
Expression Data for Early AD

Diagnosis

Chapter 4 examines the feasibility of the proposed AEs for processing gene ex-
pression data, and validates their effectiveness in dealing with non-linear high-
dimensional data through comparative experiments. The focus of this chapter is
to further address the issue of interpretability in the utilisation of gene expression

data for AD early diagnosis tasks.

5.1 Introduction

Advancements in deep learning have provided powerful tools for feature extraction
from complex datasets. However, the interpretability of these features often falls
short, particularly in applications such as genomics, where biological insights are
paramount. This chapter addresses the second research question introduced in
Chapter 1: how can an interpretable feature selection algorithm combine the feature
extraction capabilities of deep learning with the interpretability of traditional ML

to ensure the selection of biologically meaningful probes in AD?
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Building upon the sparse AE framework introduced in Chapter 4, this study
proposes a novel feature selection method based on a shallow sparse AE. Sparse
AEs are particularly suited for dimensionality reduction in gene expression data
due to their ability to enforce sparsity constraints, which encourage the model to
identify a smaller subset of informative features. This characteristic makes sparse
AEs ideal for addressing the high-dimensional and noisy nature of gene expression
data while maintaining interpretability. Unlike deeper layers of AEs, where nodes
represent high-dimensional mappings of previous layers, the first layer nodes are
directly connected to the input probes, making them more interpretable in the
context of biological data. Experimental results from Section 4.3 demonstrate that
the classification accuracy of the first layer of the SSAE reaches 96%, indicating its
strong discriminative capabilities. Thus, this chapter focuses on analysing the first
layer nodes to identify high-contribution features that are effective for classification.

The first layer of the SSAE contains 5000 nodes, a dimensionality that remains
too large for meaningful interpretability. To address this, a feature selection process
is required to pinpoint the most influential nodes for classification. Additionally,
due to variations in probe designs across different gene expression microarrays, re-
ducing the probe set further improves the transferability of selected features to
other platforms. Inspired by SVM-RFE, we develop a feature selection algorithm,
Fast-RFE, which leverages XGBoost. XGBoost is chosen as the classifier for its
ability to handle high-dimensional datasets efficiently, its robustness to noise, and
its strong performance in tabular ML tasks. Furthermore, XGBoost provides fea-
ture importance metrics such as “gain”, which measures the improvement in model
objective brought by a particular feature. Gain is suitable for RFE in this study
because it captures the contribution of each feature in a hierarchical tree ensemble,
aligning well with the goal of selecting biologically meaningful probes.

Alternative explainable AT methods were considered. SHAP (Lundberg and Lee,
2017) and LIME (Ribeiro et al., 2016) can explain model predictions, and attention
mechanisms can highlight influential inputs in neural models. However, the aim of
this chapter is not only to explain a trained classifier, but also to reduce thousands

of gene expression probes to a smaller biologically interpretable set. The shallow
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sparse AE plus XGBoost-RFE design therefore provides a more direct route from
latent features back to input probes, while enrichment analysis provides biological
validation of the selected probe set.

To evaluate the biological relevance of the selected probes, we perform GO and
KEGG pathway enrichment analyses, uncovering their potential biological signifi-
cance in the context of AD.

The structure of this chapter is as follows. Section 5.2 outlines data processing,
the proposed methods, and their implementation. Section 5.3 presents the experi-

mental results, comparative analyses, and biological interpretation of the findings.

5.2 Data and Methods

The proposed method is divided into four steps: preprocessing the data, reducing
the dimensionality of the sparse AE, XGBoost classification, and interpretability
analysis. In the data pre-processing, we constructed a dataset based on ADNI
by selecting probes common to the ANM1 and ANM2 datasets. The vectorised
probe data were then fed into the sparse AE as input for feature selection. At the
same time, dimensionality reduction is achieved by limiting the number of nodes
in the hidden layer of the sparse AE. Hence, the nodes in the hidden layer of
the sparse AE were used as selected features and input to the XGboost classifier,
which was trained and performs the classification task. Finally, we performed an
interpretability analysis. We first ranked the features in terms of importance using
XGBoost, and then filtered out the high-contributing nodes and high-contributing
probes, which were used for enrichment analysis to verify the interpretability of the

extracted probes. The general framework is shown in Figure 5.1.

5.2.1 Data Pre-Processing

The experiments in this study used peripheral blood gene expression data. As
described in Section 3.2, we used the ADNI gene expression dataset to train and
validate the feature selection and classification model. In addition to ADNI, we

used gene expression data from ANM1 and ANM2 to validate model generalisability
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Figure 5.1: Architecture of the proposed Sparse AE-XGBoost model for AD clas-
sification. Common probes are selected across datasets, sparse AE hidden nodes
are used as features, XGBoost classifies the hidden features, and high-contribution

probes are selected for enrichment analysis.
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ADNI ANM1 ANM?2
NC AD MCI NC AD MCI NC AD MCI
Number of Cases 246 116 382 104 145 80 134 139 109
Gender, % Males 47.6% 63.8% 56.5% 37.1% 30.0% 47.3% 31.5% 36.4% 32.8%
Age 76.246.5 77.3£7.7 72.9+8.0 73.7£7.5 76.0+£6.6 74.9+5.3 75.7£6.1 78.6+£5.4 77.243.2
MMSE 29.1+1.2 21.3+4.4 28.1+1.7 29.141.1 20.944.7 26.8+1.7 28.4+1.7 19.91+4.6 28.1+1.1

Table 5.1: Details of participants from ADNI, ANMI1, and ANM2 used for cross-

dataset validation of the feature selection framework.

across databases. Participants in the three databases were classified using diagnostic
labels supported by Mini-Mental State Examination (MMSE) scores (Folstein et al.,
1975). In this study we included 744 samples from ADNI (246 NC, 382 MCI and
116 AD), 329 samples from ANM1 (104 NC, 80 MCI and 145 AD), and 382 samples
from ANM2 (134 NC, 109 MCI and 139 AD). Details of the dataset are given in
Table 5.1.

Regarding the collection chip of gene expression data, ADNI uses Affymetrix
Human Genome U219, while ANM1 and ANM2 use Illumina HumanHT-12 Ex-
pression BeadChip v3 and v4, respectively. As the genes and probes targeted by
the Affymetrix Human Genome U219 and the [llumina HumanHT-12 Expression
BeadChip are not identical, we performed data pre-processing on the three datasets
to enable controlled experiments between the datasets. The first step was to remove
probes that were not common to the three datasets: we removed genes that were
unique to each of the three datasets, leaving 14,498 genes, which reduced the num-
ber of probes from 49,386 to 38,947 for ADNI, from 48,804 to 29,485 for ANMI,
and from 47,231 to 20,177 for ANM2. We selected the probes common to all three
datasets, so the final number of probes selected was 16,482. The second step is
to normalise the three datasets. Although all three datasets provided normalised
probe data, the median RNA expression values for ADNI, ANM1 and ANM2 were
calculated to be 3.897, 7.584 and 6.154 respectively. This indicated that the gene
expression intensity of ADNI dataset is significantly lower than that of ANM1 and
ANM2. To ensure the quality of the cross-dataset experiments by mitigating the
influence of batch effects and differences between the datasets, we renormalised the

three datasets by performing RMA (Irizarry et al., 2003).
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5.2.2 Shallow Sparse AE for Dimensionality Reduction

An AE is an unsupervised learning model based on artificial neural networks (Rumel-
hart et al., 1986), which aims to capture the hidden features of the input data so
as to complete the efficient reconstruction of the original data. Its advantage lies
in the fact that the AE can learn both linear and non-linear information in the
original data, and by using a DNN structure and non-linear activation function for
non-linear mapping, it enables the AE to better capture the complex features of the
data. In gene expression data, genes are associated with each other in a complex
non-linear relationship through their transcription factors, their pathway member-
ship, and other biological properties. Traditional linear dimensionality reduction
methods (e.g., PCA) are often used to achieve dimensionality reduction by finding
suitable transformation matrices for linear mapping, which often fails to capture
the association distribution information of gene expression data. In contrast to
PCA, which attempts to discover low-dimensional hyperplanes describing the origi-
nal data, AEs are capable of learning and describing non-linear manifolds to better
handle the association complexity of gene expression data.

The AE network can be divided into an encoding stage and a decoding stage.
These two phases can be selected with different activation functions depending on

the goal of the task. The process of encoding can be represented as follows:
h(z) = s(Wizx + by) (5.1)

x and W7 are the input vector and the activation values of the nodes in the hidden
layer, respectively. s is the sigmoid, a common activation function for encoders. W
is the weight matrix. b; is the bias vector of the hidden layer.

The process of decoding can be represented as follow:
x = s(Wax + by) (5.2)

where " is the output vector of the network and W is the weight matrix connecting

the hidden and output layers. by is the bias vector of the output layer.



CHAPTER 5. FEATURE SELECTION OF GENE EXPRESSION DATA 67

When training AE, a loss function is needed to judge the training results, in-
cluding a reconstruction error term, i.e., the mean square error between the re-
constructed values and the actual values of the input vectors, and an L2 regular
penalty term for the weights (to avoid training overfitting) as shown in the following

equation:
L AN~y 0\
NZ n—Tp) +§ZZZ <wji> (5.3)

Where,L, N and k are the number of hidden layers, samples and variables in the
training dataset, respectively, and wj(.? is the weight of the hidden layer.

Sparse AEs are based on the AE by adding a limit on the number of activated
neurons in the hidden layer (Ng et al., 2011), thus obtaining stronger feature ex-
traction and noise immunity compared with a general stacked AE by forcing the
neural network to focus on the main features in the data and ignoring secondary
signals.

Assuming input x is given, h;(z) denotes the activation value of the hidden

neuron j, the average activation value of a hidden neuron j is denoted by:

;= % Z hi(x;) (5.4)

where n is the number of samples in the training dataset, x; is the j-th training
data sample. This function of the average output activation value of a neuron
is denoted as the regularisation factor. The sparsity of the AE is improved by
adding this regularisation factor to the loss function of the network structure thereby

creating the SSAE. The sparsity regularisation term is defined as:

D)

1_
ZKLPH ps) Z(plog§+(1—p)log1_f)) (5.5)
J

Pj

where K L scatter is a measure of the difference between the two distributions. D)
denotes the number of neurons in the hidden layer, and the above equation shows
that when p and p; are close to each other, the sparsity penalty is close to 0, and

when p and p; deviate from each other, the sparsity penalty becomes larger. In
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the process of minimising the loss function, the sparsity regularisation term will be
very small, so p and p; will be close to each other eventually. Bringing the sparsity
regularisation term into the loss function J(w,b) in Eq. 5.3 yields the loss function

for the sparse AE:

D)
Jsan(w,b) = J(w,b) + 8 KL(p|| /) (5.6)

i=1
where  controls the weighting of sparsity penalty factors. The sparsity regularisa-
tion term can make the model simpler and have better generalisation performance.
When the average activation value p; of a neuron 7 is not close to its expected value
p, the value of the sparsity regularisation term in the loss function will increase and
the goal of sparsity will be achieved.

By constructing a stacked AE with multiple hidden layers, a network model with
deep structure can be obtained, and more representative high-level features can be
extracted from the original data to achieve better training results (Romeu et al.,
2015, Vincent et al., 2010). However, since only the first hidden layer is directly
connected to the original probe, in order to carry out interpretable analysis, this
study uses a shallow sparse AE with only one hidden layer for feature extraction

and dimensionality reduction.

5.2.3 XGBoost for Multi-Class Classification

XGBoost is an ML system based on boosted trees proposed by Chen and Guestrin
(2016) based on the work of gradient boosting algorithm (GBDT). The algorithm
consists of a collection of iterative residual trees, i.e., the Nth decision tree learns
the residuals of the previous N-1 trees, and the predicted outputs of each tree are
summed up to be the final output of the sample. At the same time, the splitting
strategy adopted by XGBoost in constructing residual trees can be used to evaluate
the importance of features by metrics. It has been proved that XGBoost achieves
excellent results compared with other classifiers in classifying small samples and

unbalanced data.
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Assume that in the sample dataset D = (x;,y;), z; is the feature data of the
i-th sample, and y; is the label output value. XGBoost consists of K CART trees,
which assign scores to each leaf node, and finally the predicted scores of each CART
are summed up to obtain the final total score, which is evaluated by K additive

functions as shown in the following equation:

K

Y= ka(xi)7 JkE€F (5.7)

k=1

fr denotes the independent tree structure with leaf node weights, and fi(x;)

denotes the weight value of the i-th sample x; that falls on a leaf node in the k-th

tree. F is the overall space of the K trees. To optimise the function objective Obj(€)
is:

<W@:§M%m+2mm (5.8)

Qf) =~T + %AZU@ (5.9)

t(+) is the differential loss function,which measures the error between the true
value and the predicted value of the model. €(-) is the regularisation term, which
represents the complexity of each CART tree, T represents the number of leaf nodes
in each CART tree, and w; represents the fraction of each leaf node, and in this
way it is used to constrain the objective function to prevent overfitting. v and A
are the constants that control the degree of regularisation of the constants. Since
the algorithm uses additive training to generate trees one by one, then for round ¢

the predicted value g, and the loss function Obj(6) can be expressed as:

g0 =S fulz) =970 + ful@) (5.10)

0bj(0) =20 1y, 5" + fulw) + Qf) (5.11)

Gradient boosting decision tree using first order derivative information in opti-

misation. While XGBoost transforms ¢(-) using second order Taylor’s formula for
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faster convergence of the objective function. The second order Taylor expansion is

given as:

flo+Az) = f(z) + f'(z) Az + 3 f"(2) Az (5.12)

Let fi(z;) be Az in Taylor’s formula, and a Taylor second order expansion of

the loss function Obj(6)® has:

Obj () 22 2 (1(ys, 5:"V) + gifi (1)

+ hi fE () + Q(f)

(5.13)

giand h; denote the first and second order derivatives of I(y;, ;") with respect
to 2;""V. The function I(y;, 7" ") in round ¢ can be treated as a constant term.

Hence, substituting Eq. 5.9 into Eq. 5.13, the following equation is obtained:

Obj(0) ") = 2 (g: filws) + hif?(xs))

Lo, (5.14)

Let w € RT | w be the sequence of weights of the leaf nodes, ¢ : RY — {1,2,..T},
q be the tree structure. Therefore ¢(z) is denoted as the position of the sample x

falling in the leaf node. f;(z;) can be expressed by the following equation:
fi(zi) = wywy,w € R, q: R* — {1,2,..T} (5.15)

Convert the loss function for traversing the sample data to a loss function for

traversing the leaf nodes:

Obj(0)® = =1 (Gjw; + S(H; + Nw?) +~T (5.16)

I; is the set of samples belonging to the leaf node j,and subsequently its deriva-

tive on Obj(0)® yields the extreme points with extreme values of:

wi = — (5.17)
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2

Y =L — AT (5.18)
T=VH; + A

1

Obj* = ——
T
XGboost uses Egs. 5.19 to evaluate whether or not a node splits, and ultimately

determine the structure of the tree:

Coin — L[_GL” Gr®  (Gr+Gp)?

-7

The number of times a feature acts as a split node throughout the construction

of the model is weight and the average gain of the feature as a split node is gain:

gain = Z Jweight (5.20)

Gain

5.2.4 Fast RFE for Feature Selection

Medical tasks place more emphasis on interpretability than traditional ML tasks.
This requires not only generating classification results, but also interpreting these
results in a biologically meaningful way. Since the sparse AE has only the first layer
of nodes directly connected to the probes, and the deeper nodes represent a high-
dimensional mapping of the upper features, which poses a challenge in recognising
the relationship between the representations and the probes, the dimensionality of
the features was not reduced in this study by using a stacked AE. Nonetheless, the
dimensionality of the features after dimensionality reduction using a sparse AE with
a single hidden layer, while allowing the classifier to achieve optimal classification, is
still too high for interpretable biological analysis. Therefore, to achieve interpretable
analyses, we need to perform further feature selection on these features.

One advantage of using the gradient boosting algorithm is that after the boosting
tree has been created, the importance score of each feature can be obtained for
effective feature selection. The importance score measures the value of features
in boosting decision tree construction. The more often a feature is used for node

segmentation in the model, the higher its relative importance. Feature importance is
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obtained by calculating and ranking each feature in the sample dataset. In decision-
tree models, split-point quality is commonly measured using impurity criteria such
as the Gini index (Breiman, 2001). The larger a feature’s performance measure
for split-point improvement, i.e., the closer it is to the root node, the larger its
importance weight is. Finally, the results of a feature in all boosting trees are
weighted, summed, and averaged to obtain the importance score.

Inspired by the RFE feature selection algorithm proposed by Guyon et al.
(2002b), we proposed an improved version of RFE optimised for high-dimensional
data called Fast-RFE. RFE is based on the importance of model features, elim-
inating a number of low-ranked features at each iteration based on the feature
importance ranking, and using the dataset containing the retained features as the
training samples for the next round until the features are reduced to a certain dimen-
sion. RFE is effective for small-sample classification tasks, but its computational
complexity and costs are high when the feature dimensions are high.

We proposed Fast-RFE to accommodate the high-dimensional nature of the gene
expression data classification task. The XGBoost model can be used to rank feature
importance by the feature importance metric, and in this work, the normalised
weight score of gain in Eq. 5.20 is used as the metric for feature importance
ranking. The Fast-RFE algorithm, as presented in Algorithm 1, employs a two-
phase approach to identify significant features efficiently. Initially, features are
sorted based on their gain values, and the mean (1) and standard deviation (o) of
these gains are calculated. The algorithm begins with an initial threshold § = u and
iteratively refines it. In the first phase, features with gain exceeding ¢ are selected
to construct an XGBoost classifier. If the resulting model’s accuracy decrease is
less than 0.01 compared to the original model, § is incremented by . This process
continues until a significant accuracy drop is observed, establishing an interval [a, b]
for further refinement. The second phase employs a binary search within [a,b] to
optimise the feature selection. At each iteration, features with |w| > §, where
d = (a+b)/2, are chosen to train an XGBoost classifier. Based on the model’s
performance, either a or b is updated to 6. This binary search persists until the

interval [a, b] contains only one feature, at which point features with |w| > a are
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selected as the optimal feature subset.

Algorithm 1 Fast-RFE

1: Sort features by gain values

2: Calculate p and o of all features’ gain values

3: Set initial threshold 6 =

4: a0, b+ ©

5: while true do

6: Select features with gain > ¢

7 Build XGBoost classifier with selected features

8: Calculate classification accuracy

9: if accuracy drop < 0.01 compared to original model then
10: a<—9

11: d<d+o

12: else

13: b<o

14: break

15: end if

16: end while

17: while a < b do

18: d <« (a+10)/2

19: Select nodes with |w| >
20: Train XGBoost classifier with selected features
21: Calculate classification accuracy
22: if accuracy drop < 0.01 compared to original model then
23: a9

24: else

25: b<o

26: end if

27 if only 1 node satisfies a < |w| < b then

28: Select features with |w| > a to construct the optimal feature subset
29: break

30: end if
31: end while

5.3 Experimental Results and analysis

To validate the effectiveness of our proposed approach in classifying AD and to
verify the biological significance of the extracted features. First, we used feature
extraction algorithms and classifiers that have previously been shown to be effective
for AD classification in the literature as a control group to demonstrate the effective-

ness of our proposed method. The detailed flow of the control experiment is shown



CHAPTER 5. FEATURE SELECTION OF GENE EXPRESSION DATA 74

in the Figure 5.2. We introduced feature extraction algorithms and classifiers that
have previously been shown to be effective in the literature as a control group to
demonstrate the effectiveness of our proposed method. Three feature extraction al-
gorithms are included: PCA, LASSO regression, and DEG analysis. Four classifiers
are included: SVM, RF, L1 regularisation Logistic Regression (L1-LR), and DNN.
Then, using the feature selection method proposed in Section 5.2.4, we selected
the high contributing nodes from the hidden layer of the sparse AE. Further, we
filtered out the high contributing gene expression probes from the high contributing
nodes. Last but not least, GO biological enrichment analysis and KEGG pathway
enrichment analysis uncovered the biological significance of the high contributing

probes.

5.3.1 Evaluation Metrics for Classification

(Classification performance is evaluated using the metrics defined in Section 3.4:
ACC, PRE, SEN, SPE, ROC curves, and AUC. SPE is the proportion of true neg-
atives correctly identified among all actual negative samples, not the false positive
rate. The ROC curve plots SEN against the false positive rate (1 — SPE). Because
this experiment evaluates multi-class classification among AD, MCI, and NC, ROC
curves are calculated using one-vs-rest comparisons and then averaged across the

three classes.

5.3.2 Optimal Hyperparameter Selection for the Models

The experimental environment of this study is: Intel i19-13900k, Nvidia RTX 3090,
64gb Ram, windows 11. In order to obtain appropriate hyperparameters for SSAE,
we use 10-fold cross-validation to train each combination of hyperparameters of the
model, while avoiding over-training that leads to over-fitting. Finally, the hyper-
parameter combination that minimises the average reconstruction error is selected.
For the XGBoost classifier, we randomly divided the ADNI dataset into training
and testing sets with a ratio of 7:3. Then we optimise the model hyperparameters

by learning curve and grid search. The model hyperparameters are also adjusted
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Figure 5.2: The pipeline of the control experiment. We utilise three of the most
commonly employed feature selection methods in the field of gene expression re-
search, namely DEG, LASSO, and PCA, in conjunction with four commonly used
classifiers, namely RF, SVM, and L1-LR. The various feature selection algorithms
were combined with the classifiers one by one in order to train the model, and their
performance was compared with that of the proposed algorithms using SSAE as the
feature selection method and XGBoost as the classifier. The performance on three
datasets of each model was then compared with that of the proposed algorithm
using SSAE as the feature selection method and XGBoost as the classifier.
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Table 5.2: Parameters of the sparse AE

Parameter Value
Active Function  Sigmoid
Batch Size 256
Decay 0.99
Sparsity Parameter  0.001
Penalty factor 1.00

Table 5.3: Parameters of XGBoost

Parameter Value
Booster ghtree
eta 0.003
max depth 6
gamma 0.3
objective  multi:softprob
subsample 1
num class 3

to avoid overfitting by 10-fold cross-validation on the training set. The parame-
ter settings for the sparse AE and XGBoost are shown in Table 5.2 and Table 5.3

respectively.

5.3.3 Comparison of Different Models

We use the preprocessed ADNI dataset to train SSAE and XGBoost for classi-
fication tasks on AD, MCI and NC. The experiments are compared with three
dimensionality reduction algorithms and four classifiers commonly used in the gene
expression field. Figure 5.3 shows the comparison of Average Area Under the Re-
ceiver Operating Characteristic (AUROC) curve. As shown in the figure 5.3, the

proposed method outperforms other comparative methods.

5.3.4 Analysis of Bioinformatics Interpretability

In order to obtain biologically significant gene expression probes, we firstly used the
proposed Fast-RFE algorithm to extract high weight nodes from the high weight
features obtained by SSAE, and then we used the algorithm to extract high weight
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Figure 5.3: Average AUROC comparison between the proposed SSAE-XGBoost
model and baseline feature selection and classification combinations.

Table 5.4: Evaluation of model performance using selected hidden nodes and se-
lected gene expression probes for classifying CN, AD, and MCI.

Features ACC SPE SEN PRE

Nodes 93.23 94.51 93.12 90.51
Probes 85.18 86.10 85.12 81.48

probes from the high weight nodes.

As shown in Figure 5.4, the gain value of the nodes is heavily clustered around
0, and the contribution of these nodes to the classification is negligible. Further, as
shown in Figure 5.5, we plot the weight density curve of the nodes, which shows that
the weights of all probes on a single node approximately follow a normal distribution
with mean 0. In other words, in a node, the weights of all probes on a single node
are distributed in the same way as the weights of all probes on a single node. That
is to say, in a node, there are always a large number of probes whose weights are
enriched around 0, and the influence of these probes on the value of the node is
very small, while the probes distributed at the two ends of the weight density curve
affect the value of the node to a great extent, and these probes with larger weights

are called high-weight probes.
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Figure 5.4: Histogram of normalised XGBoost gain scores for sparse AE hidden
nodes, using discrete bins to show the concentration of low-contribution features.
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Figure 5.5: Distribution of probe weights inside node 2, illustrating how high-weight
probes are selected from the tails of the node-weight distribution.
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Figure 5.6: ROC curves comparing classification performance using high-
contribution hidden nodes and reconstructed high-contribution probes.
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As shown in Figure 5.5, we plotted the weight density curve of a node, which
shows that the weights of all probes on a single node approximately follow a normal
distribution with mean 0 . That is to say, in a node, there are always a large number
of probes whose weights are enriched around 0, and the influence of these probes
on the value of the node is very small, while the probes distributed at the two ends
of the weight density curve affect the value of the node to a large extent, and these
probes with larger weights are called high-weight probes.

For a normal distribution N(u, c?), the probability that the weights fall outside
(i — 30, + 30) is less than three in a thousand. Therefore, we select the nodes
whose weights take values outside (1 — 30, 1 + 30) as high-weight probes.

High-weight probes have a great influence on nodes, but whether they are ef-
fective for AD classification remains to be verified. We investigated two options:
firstly, the expression values of the high-weight probes are not processed in any way
and directly used for classification; secondly, the high-weight probes are recombined
into high-contribution nodes, and the generated nodes are used for classification.

The experimental procedure is as follows:

1. Extracting the expression matrix of 5467 high-weight probes from the raw

probe expression values X;

2. Extract the weights corresponding to the high-weight probes and high-contributing
nodes from the weight matrix of the first layer of SSAE, and form a new fea-
ture weight matrix Wy; from the bias vector of the first layer of SSAE, take
out the elements corresponding to the high-contributing nodes, and form a

new feature bias vector by;
3. Calculate the new feature nodes: Yy = sigmoid(WyXy) + by;
4. Constructing classifiers for X; and Y; and comparing their performance.

We finally selected 37 high contributing nodes from 5000 nodes, and then filtered
4790 high weight probes from these 37 high weight nodes. Table 5.5 shows the
statistics of high-weight probes in each node. We constructed XGBoost classifiers

using high weighted nodes and high weighted probes respectively. Table 5.4 shows
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Average Standard deviation Maximum Minimum Sum

200 82 361 30 4790

Table 5.5: Statistical information on high-weight probes

the performance metrics of the two classifiers after cross-validation, and Figure 5.6
plots their ROC curves. Combining the classification performance of Table 5.4
and Figure 5.6, the effect of the classifier constructed by the high weight probe is
only slightly decreased compared with that of the high weight node, which indicates
that the feature nodes have largely retained the information of the high-contributing
nodes, and further proves that the selection of the high weight probe is effective. At
the same time, it can be seen that the classifier constructed by the feature nodes is
stronger than the high weight probe in every aspect, which may be due to a series
of nonlinear transformations performed by the feature nodes on the high weight
probe to improve its feature expressiveness, and thus it is more suitable for the AD
classification problem. Compared with the original 5000 nodes classification, the
accuracy decreases less than 2%, which shows that the feature nodes can represent
the original nodes well. In conclusion, from the ADNI dataset alone, the feature
nodes we constructed can significantly enhance the AD classification effect.

Taking the intersection of high-weighted probes and 2045 differentially expressed
probes with false discovery rate (FDR) below 0.05, only 298 probes existed in both
categories. In other words, only 220 of the high-weighted probes were differentially
expressed in NC and MCI&AD, suggesting that the pattern represented by the high-
weighted probes is very different from that of differential expression. The expression
heatmaps of the high-weighted probes and the differentially expressed probes were
plotted separately to visually compare their distributions as shown in Figure 5.7,
with the heatmaps representing the probes in the horizontal direction and the sam-
ples in the vertical direction. The comparison indicates that the expression pattern
of the high-weighted probes does not simply reproduce differential expression, so
the biological significance of the high-weighted probes is further examined through
enrichment analysis.

Firstly, we selected 28 significant AD-related genes from the OMIM and AlzGene
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(a) High-weighted probe heat map (b) Differential expression probe heat map

Figure 5.7: Comparison of heat maps for high-weighted probes selected by the pro-
posed framework and differentially expressed probes selected by statistical testing.

databases, and examined their distribution in the high weighted (HW) probes and
differential expression (DE) probes. Table 5.6 lists the names and descriptions of
these 28 genes, and the genes marked with * indicate that the gene is present in
the corresponding probes. Of the 28 AD-related genes, 14 were found in the high-
weighted probes, while only 5 were found in the differentially expressed probes.

Comparing the GO enrichment results in Tables 5.7 and 5.8, neither the high-
weighted probes nor the differentially expressed probes were directly enriched in the
biological processes related to AD. However, from the KEGG enrichment results in
Tables 5.9 and 5.10, it can be seen that the high weight probes are significantly
enriched in three metabolic pathways, namely AD, Parkinson’s disease and Hunt-
ington’s disease, but no similar pathway enrichment can be seen in the differential
expression probes. Figure 5.8 demonstrates the enrichment of high weighted probes
in KEGG and GO. From the perspective of metabolic pathways, the high weight
probes may be more representative of the expression pattern in AD.

At the same time, DAVID provides KEGG CLUSTER function to cluster the
enriched pathways with similar genes. Table 5.11 shows the other pathways related
to AD, and we can see that there is a strong correlation between AD, Parkinson’s
disease and Huntington’s disease, which are neurological disorders and may share
similar metabolic processes. In addition, we found that NAFLD and oxidative

phosphorylation pathways are also strongly associated with AD, which is consistent
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Gene Description HW probe DE probe
A2M Alpha-2-macroglobulin

ABCA2  ATP-binding cassette sub-family
A (ABC1) member 2
ABCA7  ATP-binding cassette sub-family
A (ABC1) member 7
APOE Apolipoprotein E
APP amyloid beta (A4) precursor pro- * *
tein
ATP5G2  ATP synthase H+ transporting
mitochondrial Fo complex sub-
unit C2 (subunit 9)
BIN1 Bridging integrator 1
CD2AP CD2-associated protein
CD33 CD33 molecule
CLU [CLU] Clusterin
CR1 complement component (3b/4b) *
receptor 1 (Knops blood group)
HFE Hemochromatosis
LRP1 [LRP1] *
MPO Myeloperoxidase
MS4A4E  Membrane-spanning  4-domains
subfamily A member 4E
MS4A6A  Membrane-spanning 4-domains *
subfamily A member 6A
NOS3 nitric oxide synthase 3 (endothe-
lial cell)
PICALM  Phosphatidylinositol binding * *
clathrin assembly protein
PLAU Plasminogen activator urokinase
PSEN1 Presenilin 1 *
PSEN2 Presenilin 2 (Alzheimer disease 4)
SHROOM?2 shroom family member 2
SLC9AT  solute carrier family 9 subfam-
ily A (NHE7 cation proton an-
tiporter 7) member 7
TF Transferrin *
TNF Tumor necrosis factor
VEGF Vascular endothelial growth fac- * *
tor A
VPS13 Vacuolar protein sorting 13 ho- *
molog A (S. cerevisiae)
ZNF673  Zinc finger protein 673 *

Table 5.6: AD-related genes in the database

83
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Figure 5.8: Enriched Pathways dot plot. This dot plot illustrates the results of the
gene enrichment pathway analysis, with each dot representing an enriched pathway:.
The horizontal axis displays the gene ratio, calculated as the number of genes in
a pathway divided by the total number of genes analysed, where a higher ratio
indicates a greater proportion of genes from the dataset present in that pathway.
The size of each dot corresponds to the number of genes from the dataset found
in the pathway, with larger dots signifying pathways containing more genes. The
colour of the dots represents the statistical significance of the enrichment, shown as
-log10(p-value), transitioning from blue (less significant) to red (more significant).
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Figure 5.9: ROC curves for model generalisability evaluation across ADNI, ANMI,
and ANM2 datasets.

with some of the current findings. Liver disease has been reported to be a risk factor
for cognitive decline in the elderly (Yilmaz and Ozdogan, 2009), and the study by
Seo et al. (2016) showed that NAFLD was directly associated with cognitive decline,
and that NAFLD accelerated the emergence of AD pathology in a rat model of AD
(Kim et al., 2016). From these results, it is clear that high weight probes have

better biological performance in AD.

5.3.5 Evaluation of Model Generalisability Performance

In order to validate the generalisability of the proposed method and to test whether
it can be generalised to other AD gene expression datasets, we carried out this work
using the gene expression datasets of ANM1 and ANM2. We first preprocessed all
the datasets using the method as described in the previous chapter, and then used
SSAE and XGBoost to extract and classify features from the data of ANM1 and
ANM2, and plotted the ROC curves respectively. From the results, it can be seen
that the classification performance of the proposed method on ANMI1 and ANM?2
datasets is only slightly degraded compared with ADNI, and the feature nodes have
proved to be effective for the AD classification problem, considering that the high
weight probes on ANM1 and ANM2 datasets are partially missing.
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GO _Term Number of Genes p-value
Translational initiation 79 1.8E-23
SRP-dependent cotranslational 58 2.4E-19
protein targeting to membrane

Viral transcription 63 3.9E-18
Nuclear-transcribed mRNA 65 8.1E-18
catabolic  process,  nonsense-

mediated decay

rRNA processing 90 6.8E-15
Viral process 112 4.3E-14
Cell-cell adhesion 99 8.0E-12
mRNA processing 73 1.7E-11
mRNA splicing, via spliceosome 84 4.5E-11
Translation 92 6.2E-11
RNA splicing 66 6.2E-10
Negative regulation of transcrip- 194 3.8E-8

tion from RNA polymerase II pro-

moter

Regulation of mRNA stability 44 5.5E-8

RNA processing 42 7.3E-8

T cell receptor signaling pathway 5Y) 2.TE-7

Negative regulation of apoptotic 127 1.5E-6

process

Transcription, DNA-templated 444 2.2E-6

Leukocyte migration 45 4.7E-6

Stimulatory C-type lectin recep- 40 7.2E-6

tor signaling pathway

Positive regulation of transcrip- 238 8.4E-6

tion from RNA polymerase II pro-

moter

Protein polyubiquitination 60 9.8E-6

Negative regulation of transcrip- 131 2.9E-5

tion, DNA-templated

Protein folding o7 4.3E-5

Protein stabilization 46 4.6E-5

Covalent chromatin modification 40 5.0E-5

Table 5.7: High weight probe GO-enriched pathway
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GO _Term Number of Genes P-Value
Homophilic cell adhesion via 35 1.9E-7
plasma membrane adhesion

Positive regulation of endothelial 15 1.4E-3
cell proliferation

Peptidyl-serine phosphorylation 22 1.4E-3
Phosphorylation 18 3.4E-3
Activation of GTPase activity 15 5.1E-3
Ephrin receptor signaling path- 15 1.1E-2
way

Negative regulation of transcrip- 78 1.2E-2
tion from RNA polymerase II pro-

moter

Positive regulation of apoptotic 36 2.5E-2
process

Spermatogenesis 44 2.7E-2
Positive regulation of angiogene- 17 2.8E-2
sis

Peptidyl-tyrosine  phosphoryla- 21 2.8E-2
tion

Cellular response to DNA damage 26 3.8E-2
stimulus

Endocytosis 19 3.8E-2
Single organismal cell-cell adhe- 15 3.9E-2
sion

Transcription from RNA poly- 55 4.0E-2
merase II promoter

Negative regulation of cell prolif- 44 4.1E-2
eration

Positive regulation of I-kappaB 21 4.4E-2

kinase/NF-kappaB signaling

Table 5.8: Differentiate expression probe GO-enriched pathway
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KEGG _Term Number of gene P-Value
Ribosome 71 1.1E-15
Protein processing in endoplasmic 63 1.0E-6
reticulum

Spliceosome 51 5.0E-6
Ubiquitin mediated proteolysis 49 6.5E-5
Epstein-Barr virus infection 62 1.4E-4
Phagosome 52 1.7E-4
Tuberculosis 58 2.0E-4
Endocytosis 78 2.8E-4
Prostate cancer 33 4.9E-4
Lysosome 41 9.8E-4
RNA transport 54 1.1E-3
T cell receptor signaling pathway 36 1.2E-3
Viral carcinogenesis 62 1.3E-3
Insulin resistance 37 1.5E-3
HTLV-I infection 74 1.6E-3
Herpes simplex infection 56 1.7E-3
Hepatitis B 46 2.1E-3
Measles 42 3.7TE-3
Alzheimer’s disease 50 5.6E-3
FoxO signaling pathway 41 7.6E-3
Proteoglycans in cancer 57 8.1E-3
Cell cycle 38 1.0E-2
Oxidative phosphorylation 40 1.1E-2
Transcriptional misregulation in cancer 48 1.5E-2
Oocyte meiosis 33 2.0E-2
Platelet activation 38 2.2E-2
Thyroid hormone signaling pathway 34 2.3E-2
HIF-1 signaling pathway 30 2.4E-2
Regulation of actin cytoskeleton 57 2.4E-2
Huntington’s disease 52 3.0E-2
Chagas disease (American trypanoso- 31 3.1E-2
miasis)

Parkinson’s disease 40 3.2E-2
TNF signaling pathway 31 3.9E-2
Neurotrophin signaling pathway 34 4.6E-2
Sphingolipid signaling pathway 34 4.6E-2

Table 5.9: High weight probe KEGG-enriched pathway
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KEGG _Term Number of gene P-Value
Proteoglycans in cancer 31 1.5E-3
FoxO signaling pathway 23 1.9E-3
Toxoplasmosis 21 2.1E-3
Leishmaniasis 15 2.3E-3
Dilated cardiomyopathy 16 4.4E-3
Hypertrophic cardiomyopathy (HCM) 15 5.5E-3
Prostate cancer 16 6.8E-3
TNF signaling pathway 18 7.7E-3
Chagas disease (American trypanoso- 17 1.4E-2
miasis)

Pathways in cancer 47 1.5E-2
Hepatitis B 21 2.1E-2
Oxytocin signaling pathway 22 2.6E-2
Inflammatory mediator regulation of 15 3.7TE-2
TRP channels

Dopaminergic synapse 18 4.3E-2
Tuberculosis 23 4.5E-2
Sphingolipid signaling pathway 17 4.7TE-2

Table 5.10: Differentiate expression probe KEGG-enriched pathway

Term Correlation
Alzheimer’s disease 1.00
Parkinson’s disease 0.62
Non-alcoholic fatty liver disease (NAFLD) 0.59
Huntington’s disease 0.58
Oxidative phosphorylation 0.57
Mitochondrion inner membrane 0.42
Electron transport 0.36
Respiratory chain 0.35
Cardiac muscle contraction 0.32
Hydrogen ion transmembrane transport 0.31

Table 5.11: AD-associated pathways in high weight probes
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5.4 Summary

In this study, we proposed an interpretable deep learning approach for the diagnosis
of AD using gene expression data. By integrating a sparse AE for dimensionality
reduction and XGBoost for classification, our method effectively addresses the chal-
lenges posed by high-dimensional gene expression data. The experimental results
on the ADNI dataset, as well as the validation on ANM1 and ANM2 datasets,
demonstrate the robustness and generalisability of our approach. The enrichment
analysis further confirms the biological relevance of the extracted features, providing
valuable insights into the underlying mechanisms of AD.

Our method not only achieves high diagnostic accuracy but also ensures inter-
pretability, making it a promising tool for early diagnosis and intervention in AD.
The ability to interpret the model’s decisions is crucial in medical applications, as
it allows clinicians to understand the underlying reasons for a diagnosis, thereby
increasing trust in the model’s predictions. This interpretability is achieved through
the use of enrichment analysis, which helps in identifying the biological pathways
and processes associated with the features extracted by the sparse AE. These in-
sights can potentially lead to the discovery of new biomarkers and therapeutic
targets for AD.

Furthermore, the integration of deep learning and traditional ML techniques
in our approach highlights the importance of combining different methodologies to
leverage their respective strengths. The sparse AE effectively reduces the dimen-
sionality of the gene expression data, capturing the most relevant features, while
XGBoost provides robust and accurate classification. This combination not only
improves the performance of the model but also enhances its interpretability, mak-
ing it more suitable for clinical applications.

Future work will focus on enhancing the model’s performance and exploring
its applicability to other neurodegenerative diseases. Omne potential direction is
to incorporate more advanced techniques such as attention mechanisms, which can
further improve the interpretability of the model by highlighting the most important

features for each prediction. Additionally, integrating multi-omics data, including
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proteomics, metabolomics, and imaging data, could provide a more comprehensive
view of the disease pathology, leading to more accurate and reliable diagnoses.

The potential for clinical application of our model could revolutionise the ap-
proach to AD diagnosis, offering a non-invasive, cost-effective, and accurate method
that could be widely adopted in clinical settings. The use of gene expression data
for diagnosis is particularly advantageous as it can be obtained through less invasive
procedures compared to traditional methods such as brain imaging or CSF analysis.
This makes the diagnostic process more accessible and less burdensome for patients.

Moreover, the insights gained from the biological interpretation of the model’s
features could pave the way for new therapeutic strategies. By understanding the
specific biological pathways and processes involved in AD, researchers can develop
targeted therapies that address the root causes of the disease. This could lead to
more effective treatments and improved patient outcomes, ultimately contributing
to a better quality of life for individuals affected by AD.

In conclusion, our study presents a novel and interpretable deep learning ap-
proach for the diagnosis of AD using gene expression data. The combination of
sparse AE and XGBoost not only improves diagnostic accuracy but also supports
interpretability, making it a valuable tool for early diagnosis research. The poten-
tial clinical applications and the insights gained from the biological interpretation
of the model’s features highlight the significance of this approach in advancing AD
research. Future work will continue to build on these findings, exploring new tech-
niques and data sources to further enhance model performance and applicability to
other neurodegenerative diseases.

The selected probes and their biological interpretation provide the molecular
foundation for the multimodal work in the next chapter. Chapter 6 extends the
thesis from gene expression alone to heterogeneous fusion, asking whether the molec-
ular information identified here can be integrated with neuroimaging features to

improve early AD diagnosis.



Chapter 6

Heterogeneous Multimodal Data

Fusion for AD Diagnosis

In this chapter, we propose an MML method, which can effectively fuse heteroge-
neous neuroimaging data and genetic data, and mine their direct relationship, thus

achieving effective early diagnosis of AD.

6.1 Introduction

In this chapter, we developed an MML method for fusing neuroimaging and gene
expression data for early diagnosis of AD. We detail the experimental settings used
to evaluate the proposed algorithm for early AD diagnosis. The primary goal of the
experiments is to assess the ability of the MML algorithm to classify pMCI from
sMCI based on multimodal data, which include both gene expression data and
neuroimaging data. In this thesis, pMCI means MCI that progresses to AD during
follow-up, whereas sMCI means MCI that remains stable. Correct classification of
these stages is critical for early intervention in AD, making this task important for
advancing clinical diagnostics.

The experimental design incorporates several traditional ML algorithms — SVM,
RR, and RF — which serve as baseline methods for comparison. These methods are
widely used in the ML community for classification tasks and offer a solid benchmark

for evaluating the proposed MML algorithm. Additionally, we introduce GCNs as

92



CHAPTER 6. HETEROGENEOUS MULTIMODAL DATA FUSION 93

a deep learning approach that can handle non-Euclidean data, which is typical
of neuroimaging and genomic datasets. By comparing these methods, we aim to
demonstrate the efficacy of MML in effectively fusing multimodal data for AD
classification.

The chapter also provides a detailed discussion of the evaluation metrics used
to assess the diagnostic performance of each method. These metrics — ACC, PRE,
SEN, SPE, AUC, and F1 score — are essential for measuring both the overall clas-
sification performance and the ability of the model to distinguish between the two
types of MCI, which are key to early AD detection.

Metric learning is selected over attention-based or generic joint-embedding ap-
proaches because the central challenge in this chapter is heterogeneity: gene expres-
sion and neuroimaging features differ in scale, dimension, and biological interpre-
tation. Attention mechanisms can highlight influential inputs but usually require a
shared representation before attention can be applied. Generic joint embeddings can
align modalities, but they do not necessarily preserve modality-specific distances
or complementary structure. MML is therefore used because it explicitly learns
modality-specific projections and a shared distance metric, allowing the model to
preserve within-modality structure while aligning information across modalities.

Finally, the experimental settings are structured around several specific anal-
yses: Risk ROI analysis, Risk Gene analysis, ROI-Gene pair analysis, and ROI
Connectivity analysis. These analyses aim to extract the most relevant features
from both neuroimaging and gene expression data, which are then used to evalu-
ate the performance of the MML algorithm and its ability to provide meaningful
multimodal fusion. The results obtained from these experiments are crucial for un-
derstanding the potential of MML in improving the early diagnosis of AD through

effective data fusion and classification.
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Diagnose Age Gender (Female/male) MMSE CDR-SB
pMCI  73.01 £7.73 65 / 63 24.42 £ 292 3.70 £ 1.96
sMCI 71.91 £ 7.09 69 / 66 28.10 £ 1.72 1.36 + 0.80

Table 6.1: Demographic and clinical summary of the multimodal ADNI subset used
for pMCI and sMCI classification.

6.2 Methods

6.2.1 Dataset and Pre-Processing

The neuroimaging phenotypic data (PET and MRI) and gene expression data used
in this work were obtained from the ADNI dataset, as summarised in Section 3.2.
This study involved 263 samples, all of which had complete modality data, including
MRI, PET, and genetic data. Detailed statistics on these samples are shown in
Table 6.1.

The sMRI and fMRI data of the samples were pre-processed using the CAT12
toolbox, FreeSurfer image analysis suite and DPABI software package, respectively,
and the VBM, SBM and functional time series of 210 cortical regions were obtained
based on the Brainnetome brain template. At the same time, the sequences of SNPs
corresponding to the genes were extracted using the PLINK software package.

The gene expression data are the high-weight probes selected in Chapter 5 by
utilising the proposed shallow sparse AE. Their relevant genes (85 SNP loci within
the APOE gene, including the AD-related risk locis APOEe4 SNP 1rs429358) were

further been used for interpretability analysis.

6.2.2 Multimodal Metric Learning Overview

Metric learning algorithms aim to learn a distance metric that better captures the
relationships between data points compared to traditional distance metrics, such
as Euclidean distance. In the context of multimodal data, this involves learning a
set of metrics, one for each modality, and finding a way to relate these metrics in a
common space. The proposed MML method extends traditional metric learning to
handle heterogeneous data sources, specifically focusing on MRI and gene expression

data, both of which differ significantly in their nature and representation.
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The general goal is to learn a shared metric that aligns the data from differ-
ent modalities into a common space while maintaining the inherent structure and
relationships within each modality. This is achieved by constructing a composite
metric, where each modality’s metric is represented by a modality-specific part and

a common part shared across all modalities.

6.2.3 Mathematical Formulation of the MML Algorithm

Let XMEI denote the matrix of MRI data, where each row represents an MRI scan
of a subject, and X“"¢ denote the matrix of gene expression data, where each row
corresponds to the gene expression profile of a subject. The goal is to learn a metric
space that can simultaneously handle both types of data and project them into a
common space where the relationship between the subjects is well-preserved.

We define the distance metric for each modality as follows:

dMRI(Il, .%'2) = (I‘l — ZEQ)TMMRI(Il - l‘g), (61)

A% (y1,y2) = (y1 — ya) T M (yy — o), (6.2)

where MME! and M are the learned Mahalanobis distance matrices for the MRI
and gene expression data, respectively. These matrices are symmetric and positive
semi-definite (p.s.d), which ensures they define a valid distance metric.

The key challenge is to align these distances in a common space. We introduce
a shared metric M“°™m°" that connects the modality-specific distances through a
weighted fusion approach. The metric for each modality is defined as:

Modality __ Modality Common
M _Mspecific x M ,

(6.3)

where M ;ﬁﬁ%ﬁy represents the modality-specific matrix that captures the relevant
subspace for each modality, and M“°™m" is a shared matrix that applies across all
modalities. The multiplication of these matrices ensures that the distance metric
captures both the specific structure of each modality and the common underlying

relationship across modalities.
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6.2.4 Modality-Specific Projections

Given the substantial differences in the representation of MRI and gene expression
data, the first step in our approach is to apply modality-specific projections to
each modality. This step transforms the data into a space where the features are
more comparable across modalities. The projections are learned by optimising a
projection matrix for each modality, denoted as PMF! for MRI and P%"¢ for gene
expression data.

For MRI data, the projection is defined as:

XMRI — XMRIPMRI, (64)

proj

and for gene expression data, the projection is:

XGene — XGenePGene. (65)

proj

These projection matrices are learned during the training process to map each
modality into a common feature space, ensuring that the features from both modal-

ities are comparable.

6.2.5 Fusion in Common Space

After applying the modality-specific projections, the features from both modalities
are mapped into a common feature space using the shared metric M ™" This
ensures that the features from both MRI and gene expression data are aligned in a

common space, where a meaningful distance measure can be computed.

X MRI

The goal of this fusion step is to project the modality-specific features X,..;

and ngj]?e into a shared space such that the resulting fused representation reflects
the true similarity between samples across modalities.

Let Xzﬁ\f{gl € R MR and Xﬁfge € R™*dGene represent the projected features of
the MRI and gene expression data, respectively, where n is the number of samples,
and dy;rr and dgene are the dimensionalities of the respective feature spaces after

projection.
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To perform the fusion, we define the distance between a pair of samples ¢ and j

in the common space as:

qoemmen (X1, XGone) | XM — X2 o, (6.6)

where || « || ycommon denotes the weighted Mahalanobis distance in the common
space, and MEe™mon ig the shared metric matrix. This distance is computed by
applying the shared metric to the difference between the projected features of each
modality.

To explicitly calculate this distance, let:

Common MRI Gene\ __ MRI Gene\ T Common MRI Gene

where XMB and X jG‘me represent the feature vectors of samples ¢ and j in the
MRI and gene expression modalities, respectively. This distance measures how
similar the samples are in the common space defined by Mcommon,

The fusion procedure involves ensuring that the learned distance metric M ¢ommor
effectively aligns the data from both modalities. To do so, we need to consider how
the shared metric M ©°™™m°" can be learned in such a way that it optimally represents
the relationships between the features in the common space.

The projection of both the MRI and gene expression data into a common space
is done by applying the shared metric M ™™ to the projected data points. The

resulting fused features are:

Xfused — [XMRI XGene] MCommon’ (68)

proj proj

where Xy,qeq is the fused feature matrix representing the common space, com-
bining both MRI and gene expression data. This fusion process ensures that both
sets of features are integrated and aligned according to the learned common metric.
In practice, the fusion is performed by calculating the distances between all pairs

of samples from both modalities in the common space. The distance matrix D fyseq
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for all sample pairs ¢, 7 is computed as:

dCommon (X{\/[RI’ XlGene) dCommon (XiMRI, XQGene) . dC’ommon (XfVIRI, Xgene)
dCommon (XQ]\/IRI’ XlGene) dCOmmon (Xé\/[RI’ XQGene) .. dC’ommon (‘X'é\/[RI7 Xgene)
Dfused =
dCommon (X,,JZMRI, XlGene) dCommon (erz\/[RI? XQGene) . dC’ommon (XTJL\/[Rlﬂ Xgene)
(6.9)

where Dyyseq € R is the pairwise distance matrix in the common space. This
matrix captures the relationships between all samples across both modalities, and
is used for further analysis or classification tasks.

The distance matrix D yseq is then used to compute a similarity matrix S'tysed,
where each entry represents the similarity between two samples in the common

space. The similarity matrix is derived from the distance matrix as:

Sfused - exp(_Dfused)7 (610)

where the exponential function is applied element-wise to the distance matrix to
convert the distances into similarities, where smaller distances correspond to higher
similarities. This similarity matrix Sy,sq is then used as input for downstream
tasks, such as classification or clustering.

MEemmon ig learned to

To ensure the fusion process is effective, the shared metric
minimise the fusion loss function, which encourages similar samples from different

modalities to be closer in the common space. The fusion loss function is defined as:

'Cfusion _ Z ||dcomm0n(XiMRI,XjGene) _ yinQa (6.11)
(1,5)€8
where: - (i,7) € S represents the set of pairs of samples (i,j) with known

similarity (based on side information), - y;; € {0,1} is the similarity label for the
pair (4, 7), where 1 indicates a similar pair and 0 indicates a dissimilar pair.
The goal of the fusion procedure is to minimise this loss function, ensuring that

the features from both modalities are aligned in the common space in a way that
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enhances their representational power for downstream tasks.

Thus, the fusion of multimodal data is achieved through the shared metric
MCEommon which aligns the projected MRI and gene expression features into a com-
mon space, enabling more meaningful relationships to be captured and allowing for

more accurate classification and diagnosis of AD.

6.2.6 Loss Function for Metric Learning

To learn the appropriate metrics for the MRI and gene expression data, we define
a loss function that encourages similar samples to be closer in the common space

while pushing dissimilar samples apart. The loss function is formulated as follows:

Z ||dCommon XMRI XGene) yinQ—{—)\HMMRIH%—F/\HMGWWH%] : (6.12)

proj »<Yproj
(3,5)€S

where: - S is the set of pairs of samples (i, j) for which we have side information
on their similarity (i.e., whether the samples belong to the same class or not), -
yi; € {0,1} indicates the label of the pair (4, j), where 1 denotes similar pairs and 0
denotes dissimilar pairs, - || - || denotes the Frobenius norm, - X is a regularisation
parameter that controls the complexity of the learned metrics.

The first term encourages the model to minimise the distance between similar
pairs and maximise the distance between dissimilar pairs. The second and third
terms regularise the learned metrics by penalising the Frobenius norm of the metric

matrices, ensuring that they are not too large and helping to prevent overfitting.

6.2.7 Optimisation Procedure

The goal of the proposed MML algorithm is to jointly optimise the projection
matrices PMRI pGere  the modality-specific metric matrices M™ME!L AfGene  and
the shared metric matrix M“°™m"  This can be formulated as a joint optimisation

problem:
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L= ‘Cfusion + /Crega (613)

where: - Lfysi0n 1s the fusion loss that measures the discrepancy between the fused
features in the common space (as described in Equation (5)), - L, = A1 || PP ||+
Ao|| PEeme||% + Ag|| MMEL|2 4+ \g||MEeme||2 + As||MEom™men |12 is the regularisation
term that penalises large values of the projection matrices and metric matrices,
preventing overfitting.

The gradient of the loss function with respect to the model parameters is com-
puted via backpropagation, and the optimisation is performed using an iterative
gradient-based method such as Stochastic Gradient Descent (SGD) or Adam.

The gradients with respect to the matrices PMEL pGene  NfMRI - prGene  and

MEommon are computed as follows:

oL o aﬁfusion a‘Creg

OPMRI — 9pMRI ' §pMRI’ (6.14)
azfcfene = aafiéii"f ;Zféffle? (6.15)
8]\316112[ - gﬁﬁ% + 3?\517\;?{1’ (6.16)
s = b Sl (6.17
0L _ OLjusin L, o1

aMCommon 8MCommon aMC’ommon '

Each of these gradients involves calculating the contribution of both the fusion
loss and the regularisation term, ensuring that the optimisation process encourages
both accurate fusion of multimodal features and well-regularised learned metrics.

After the gradients are computed, the model parameters are updated iteratively
using a gradient descent-based optimisation algorithm. This process continues until
the loss function converges to a minimum, indicating that the model has learned an

optimal set of projection matrices and metric matrices for multimodal data fusion.
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Figure 6.1: Overall analysis procedure of the proposed MML method, from
modality-specific preprocessing through multimodal fusion, classification, and in-
terpretation of genes, ROIs, SNP-ROI pairs, and functional connectivity.

6.3 Experimental Settings

In this section, we present the experimental settings used to evaluate the proposed
MML algorithm for the early diagnosis of AD. The focus of the experiments is to
classify pMCI and sMCI, which represent two key stages in the AD continuum. We
compare the performance of the MML algorithm with traditional ML methods, such
as SVM, RR, and RF, as well as deep learning models, specifically GCNs, which

are better suited to handling non-Euclidean data.

6.3.1 AD Early Diagnostic Performance Analysis

The primary aim of the experiments is to assess the diagnostic performance of the
proposed MML algorithm in classifying pMCI and sMCI from neuroimaging data
(MRI) and gene expression data. These metrics are computed to evaluate how well
the proposed model distinguishes between the two classes of MCI, which are critical

for early AD diagnosis.



CHAPTER 6. HETEROGENEOUS MULTIMODAL DATA FUSION 102

Evaluation Metrics

To evaluate the performance of different models, we use the following standard

evaluation metrics:
e ACC: The proportion of correctly classified samples out of all samples.

TP+ TN
A = 1
ce TP+TN+ FP+FN (6.19)

where T'P is the number of true positives, T'N is the number of true negatives,

F'P is the number of false positives, and F'N is the number of false negatives.

e PRE: The proportion of true positive predictions among all positive predic-
tions.
TP

PRE = ———— 2
"= 7pFp (6.20)

e SEN: The proportion of true positives correctly identified out of all actual
positive instances.
TP

EN = —— 21
S TP+ FN (6:21)

e SPE: The proportion of true negatives correctly identified out of all actual
negative instances.
TN

PE = —+— 22
S TN+ FP (6:22)

e AUC: AUC measures the ability of the model to discriminate between classes.
It is the area under the ROC curve, which plots the true positive rate (SEN)

against the false positive rate (1 - SPE).

e F1 score: The harmonic mean of PRE and SEN, providing a balance between
the two.
PRE x SEN

Fl =9 x Loz XobA 2
" PRE 1 SEN (6.23)

Comparative Methods

The proposed MML algorithm is compared with several baseline models to evaluate

its effectiveness in the multimodal fusion task:
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e SVM: We use SVM with a radial basis function (RBF) kernel as a conven-

tional non-linear classifier baseline.

e RR: RRis a linear regression method that applies L2 regularisation to prevent
overfitting. In the context of classification, RR can be used with a logistic

loss function to predict binary outcomes (progressive or stable MCI).

e RF: RF is an ensemble method that constructs multiple decision trees during
training and outputs the class that is the mode of the classes predicted by indi-
vidual trees. This method is known for its robustness and high generalisation

performance.

e GCNs: GCNs are a deep learning method designed to operate on graph-
structured data. GCNs extend the concept of convolutional layers to non-
Euclidean spaces by processing data represented as graphs. In this study, we
use GCNs to model the relationships between ROIs in MRI data and genes
in gene expression data. GCNs naturally capture the structural dependencies

between different nodes (e.g., brain regions or genes) in the data.

6.3.2 Experimental Design

As can be seen in Figure 6.1, the experimental project is designed around four key

components that capture the various aspects of AD progression:

e Risk ROI Analysis: This step involves identifying and analysing the ROIs
in the brain that are most strongly associated with the risk of AD. Using
MRI data, we perform a feature extraction process to focus on ROIs that
show significant differences between pMCI and sMCI groups. These ROIs are

then used as input for the classification models.

e Risk Gene Analysis: This component analyses gene expression data to
identify genes that are associated with the risk of AD progression. By lever-
aging feature selection techniques, such as sparse AEs, we focus on the most

informative genes that help distinguish between pMCI and sMCI. These gene
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expression features are used alongside MRI data in the multimodal classifica-

tion models.

e ROI-Gene Pair Analysis: In this step, we investigate the relationships be-
tween brain regions (ROIs) and gene expression patterns. By pairing each
ROI with corresponding gene expression data, we form multimodal feature
vectors that represent both structural and molecular data. These paired fea-
tures are used to evaluate the performance of the multimodal fusion methods,

including the proposed MML algorithm.

e ROI Connectivity Analysis: This component focuses on the connectivity
between brain regions and its relationship to AD. Using MRI data, we model
the brain’s network by considering the connectivity between different ROIs.
This network representation is then used in the classification models to capture
the interactions between brain regions, which could provide critical insights

into the progression of AD.

6.3.3 Training and Testing Procedure

For all the methods, we perform a 5-fold cross-validation to evaluate the perfor-
mance of the models. In each fold, the data is split into a training set (80% of the
data) and a test set (20% of the data). The training set is used to train the models,
and the test set is used to evaluate the classification performance. The performance
metrics described in Section 3.4 are computed on the test set for each fold, and the

final performance is obtained by averaging the results across all folds.

6.3.4 Implementation Details

For the traditional ML methods (SVM, RR, RF), we use standard implementations
available in Python libraries such as scikit-learn. For SVM, we employ an RBF
kernel with an optimised regularisation parameter, and for RF, we use the default
settings with 100 trees.

The GCN is implemented using the PyTorch Geometric library, which provides
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an efficient framework for graph-based deep learning. The GCN model is trained
using the Adam optimiser with a learning rate of 0.001, and the number of layers is
set to 2. We use a ReLLU activation function between layers and a softmax activation
at the output layer for classification.

The MML algorithm is implemented in TensorFlow, and the shared metric ma-
trix MEemmon ig learned via stochastic gradient descent (SGD). The regularisation
parameters A\, Ag, A3, Ay, A5 are tuned using cross-validation to balance the loss func-

tion’s fusion and regularisation components.

6.4 Results and discussion

6.4.1 Results of comparative experiments

Traditional ML methods, SVM, RR, and RF, were used for comparison. Two
types of deep learning-based methods, CNNs based on Euclidean space and GCN
methods based on non-Euclidean space, were also considered. The classification
performance of all comparison methods on varied modality data is documented in
detail in Tables 6.2, 6.3, and 6.4. These tables present a comparative analysis of
the proposed MML method across three datasets: gene expression data (Gene),
ROIs extracted from sMRI and fMRI (ROI), and the fusion of gene expression data
with ROI data (Dual). The metrics evaluated include ACC, SEN, SPE, AUC, and
F1-score. The results demonstrate the superior performance of the proposed MML
method across all modalities, particularly in the Dual dataset.

For the Gene dataset, MML achieves the highest ACC (0.6597), SPE (0.6301),
and AUC (0.6577), significantly outperforming traditional methods. Notably, the
Fl-score of MML (0.6335) is slightly lower than CNN (0.6577), but the overall
balance across metrics indicates robust performance. GCN achieves the highest
SEN (0.7167) in this dataset but suffers from poor SPE (0.3808), highlighting its
tendency to overfit positive samples.

For the ROI dataset, MML achieves the best performance across all metrics,

including ACC (0.7900), SEN (0.8039), SPE (0.8045), AUC (0.7897), and F1-score
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Gene

Methods | "y~ N sPE AUC  F1

SVM 04837 05077 04500 04833 0.4647
RR 05380 05141 05615 05378  0.5445
RF 05395  0.5327 05442 05385 0.5357
CNN 0.6329  0.6304 0.6026 0.6301 0.6577
GCN 05511 0.7167 03808 05487  0.3424
MML | 0.6597 0.6853 0.6301 0.6577 0.6335

Table 6.2: Classification performance of the proposed MML method and baseline
methods using gene expression data only.

(0.7750). These results underscore the method’s capacity to handle complex struc-
tural and functional imaging data effectively. GCN performs well with high SEN
(0.7744), but its SPE (0.6494) and overall ACC (0.7109) are lower than those of
MML, indicating reduced reliability in distinguishing between classes.

The Dual dataset, which fuses gene expression data with ROI data, highlights
the strength of MML in multimodal data integration. MML achieves the highest
ACC (0.7968), SEN (0.7955), SPE (0.8564), AUC (0.7346), and F1-score (0.8066),
outperforming all other methods by a substantial margin. The performance gains in
this dataset validate the proposed method’s capability to leverage complementary
information from genomic and imaging data. While GCN also performs well in this
dataset, its metrics are consistently lower than those of MML, particularly in SPE
(0.6827), emphasising the advantage of MML’s multimodal learning framework.

Overall, the proposed MML method consistently demonstrates superior perfor-
mance across all datasets and metrics, particularly excelling in the integration of
gene expression and ROI data. These results highlight the effectiveness of MML
in handling both unimodal and multimodal data, making it a robust approach for

early diagnosis of AD.

6.4.2 Interpretability Analysis

This section focuses on the interpretability of the proposed methodology. Firstly,
we ranked the feature importance of ROIs and gene features extracted during MML

preprocessing and visualised them for further analysis; then, we performed a corre-
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ROI
Methods |y~ N SPE AUC F1
SVM 0.6445 05923 0.6955 0.6439 0.6575
RR 0.6289  0.6481 0.6096 0.6288  0.6158
RF 0.6883  0.6750 0.7026  0.6888  0.6892
CNN 0.6211 0.6186 0.7413  0.5673  0.6699
GCN 0.7109 0.7744 0.6494 0.7119  0.6824
MML | 0.7900 0.8039 0.8045 0.7897 0.7750

Table 6.3: Classification performance of the proposed MML method and baseline
methods using neuroimaging ROI features only.

Multimodal Data

Methods |~ yo N SPE AUC Tl

SVM | 05629 05077 0.6179 05628 0.5766
RR 05508 05231 05782 05506 0.5584
RF 0.6952  0.6968 0.6936 0.6952 0.6918

CNN 0.6412 0.6413 0.7163  0.5462  0.7365
GCN 0.7183  0.7474 0.6827 0.7151 0.6911
MML 0.7968 0.7955 0.8564 0.7346 0.8066

Table 6.4: Classification performance of the proposed MML method and baseline
methods using fused gene expression and neuroimaging ROI features.

lation analysis between the top 10 ROIs and the top 10 genes to confirm pairwise
associations in each SNP-ROI pair. Finally, we compared brain functional connec-
tivity patterns of sMCI and pMCI cases classified by the model to examine the
medical significance of the classification results.

For neuroscientists and clinicians, fused features are most useful when they can
be traced back to recognisable brain regions, genes, and gene-region relationships.
The interpretation strategy in this chapter therefore decomposes the fused represen-
tation into modality-specific evidence: risk genes are examined through enrichment
analysis, risk ROIs are mapped back to anatomical regions, SNP-ROI pairs are
analysed as genotype-phenotype associations, and reconstructed functional connec-
tivity is compared between sMCI and pMCI. This does not make the MML model
fully transparent, but it provides a structured route from fused features to biological

hypotheses that can be externally validated.
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Figure 6.2: Gene enrichment visualisation for high-risk genes identified by MML,
illustrating biological processes, pathways, and disease associations relevant to AD
and neurological disorders.
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Significance Analysis of High Risk Genes

The enrichment visualisation in Figure 6.2.a illustrates how the genes identified by
the MML interpretation analysis may be interpreted in relation to biological pro-
cesses and pathways associated with AD and related neurological disorders. The
enriched terms include processes such as learning, memory, cognition, and axon
guidance, which are fundamental to proper neural function and cognitive health.
Pathways like ” Notch signalling” and "EPH-Ephrin signalling” further support this
form of interpretation, as these pathways are essential for neural development,
synaptic plasticity, and cellular organisation. The inclusion of AD-specific path-
ways, such as "miRNA effects in AD,” demonstrates how the selected genes can be
linked to mechanisms underlying neurodegeneration.

The disease-association panel in Figure 6.2.b also highlights associations with
neurological diseases and comorbidities, including vascular dementia, presenile de-
mentia, and sensorineural hearing loss. These conditions are known contributors
to or manifestations of cognitive decline in AD, underscoring the genes’ potential
involvement in broader neurodegenerative and cerebrovascular processes. Addi-
tionally, links to "mental disorders” and other nervous system disorders point to a

wide-ranging impact of these genes on brain health and disease.

Significance Analysis of High Risk ROIs

The ROI visualisation in Figure 6.3 illustrates how high-contribution neuroimaging
features can be mapped back to recognisable brain regions. The visualised regions
include the hippocampus, amygdala, temporal lobe, posterior cingulate, precuneus,
entorhinal cortex, insula, and fusiform gyrus. These regions are commonly impli-
cated in memory, emotion regulation, and neural connectivity, and therefore provide
a clinically interpretable route from the fused MML representation back to brain
anatomy. The contribution ranking shows the type of ROI-level explanation that

can be produced by the proposed interpretation pipeline.
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Figure 6.3: Visualisation of risk ROIs identified by MML, showing brain regions
with high contribution to pMCI and sMCI classification.
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Figure 6.4: SNP-ROI pairs identified by the MML interpretation analysis, linking
genetic variants with brain regions relevant to cognition and AD progression.
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High Risk ROI-Gene pairwise Correlation Analysis

The network in Figure 6.4 illustrates SNP-ROI pairwise associations, mapping ge-
netic variants to brain regions associated with cognition and neurological function.
Different edge colours represent the direction of the association, while line thick-
ness indicates relative association strength. Notable ROIs include the hippocampus
(rHipp, cHipp), amygdala (mAmyg), and temporal lobe, regions heavily implicated
in memory, emotion regulation, and neural connectivity. These ROIs are critical
for maintaining cognitive health, and disruptions in their function are strongly as-
sociated with neurodegenerative diseases such as AD.

Several key SNPs used in the visualisation (e.g., rs429358, rs449647) are already
well-documented in AD research. For instance, rs429358 is part of the APOE
gene, a well-known genetic risk factor for AD, linked to amyloid plaque deposition
and neuroinflammation. The illustrated connections between these SNPs and the
highlighted brain regions emphasise their potential influence on the structural and
functional integrity of areas involved in learning and memory, making them strong
candidates for further investigation in understanding the genetic underpinnings of
neurodegeneration.

This mapping also provides insights into possible genotype-phenotype correla-
tions. For example, the interaction of SNPs with specific ROIs such as the hip-
pocampus, a region critical for memory consolidation, suggests a mechanistic link
between genetic risk factors and the early symptoms of AD, such as memory loss.
These findings pave the way for targeted research on how these genetic variations
influence neural circuits, potentially informing biomarker development and individ-

ualised therapeutic strategies for AD and related neurological disorders.

Interpretability analysis of classification results

The functional connectivity patterns for sMCI and pMCI illustrate potential dif-
ferences in brain network integrity. In the sMCI visualisation in Figure 6.5, the
functional connections appear more robust, with dense and widespread connectiv-

ity represented by coloured strings. This illustrates the expected interpretation
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Figure 6.5: Functional connectivity pattern for sMCI cases, showing salience-
associated ROI connections in the foreground and remaining ROI connections in

the background.
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Figure 6.6: Functional connectivity pattern for pMCI cases, showing reduced

salience-associated and background connectivity relative to sMCI.
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that, while these individuals have cognitive impairment, their brain networks may
maintain a degree of functional integration, possibly contributing to their stable
condition.

In contrast, the pMCI visualisation in Figure 6.6 shows a marked reduction
in functional connectivity, particularly in salience-associated connections. This re-
duction illustrates the interpretation that progressive breakdown of critical neural
networks may affect higher-order cognitive functions. The decline in connectivity
indicates that the brain’s ability to compensate for cognitive decline may diminish
over time, contributing to progression toward AD or more severe dementia.

By mapping brain functional connectivity, we found that the proposed MML not
only improves the performance of sMCI and pMCI classification, but also provides
biologically meaningful differences at the level of brain functional connectivity. The
sMCI and pMCI cases classified by the proposed method show significant differences

in brain connectivity.

6.5 Summary

In summary, the MML algorithm presented in this chapter demonstrates significant
potential for advancing early AD diagnosis, particularly in the context of pMCI.
Here, progressive refers to MCI cases that later convert to AD, while sMCI refers
to cases that do not convert during follow-up. By combining data from PET and
MRI scans with SNP information, the MML algorithm identifies high-risk ROIs and
genetic markers associated with AD pathogenesis. The achieved accuracy of 84.4%
and AUC of 0.843 in early pMCI diagnosis further underscore the efficacy of this
approach.

Moreover, MML’s ability to capture and synthesise complex interactions between
multimodal data types offers valuable insights into the underlying mechanisms of
pMCI progression. The identification of potential pathogenic factors highlights the
algorithm’s utility in unravelling the biological processes that may precede AD,
fostering new avenues for early intervention.

Nevertheless, there are inherent limitations within this study, such as the un-
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confirmed pathogenic factors and the need for additional collaborative efforts to
validate these findings. Further research will be essential in refining the algorithm,
expanding the dataset, and confirming the identified markers’ relevance in larger
and more diverse populations. Future work should also explore integrating addi-
tional modalities, especially EHRs and proteomics. EHRs could add longitudinal
clinical context such as medication, comorbidity, and cognitive trajectories, while
proteomics could provide a molecular layer closer to disease mechanisms than tran-
scriptomic measurements alone. Ethical issues also require attention: algorithmic
bias should be assessed across demographic groups, consent and data governance
must be explicit for multimodal patient data, and clinically deployed models should
provide auditable explanations for high-risk predictions.

Ultimately, the work presented here lays the foundation for more precise, data-
driven tools in the early diagnosis and monitoring of AD, with the potential to
improve patient outcomes through earlier interventions and personalised treatment

strategies.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

The early diagnosis of AD is critical for timely intervention, monitoring, and clini-
cal trial recruitment, yet it remains challenging because AD is biologically complex
and because available data are often high-dimensional, heterogeneous, and limited
in sample size. This thesis addressed these challenges through three linked contri-
butions: stacked AE-based dimensionality reduction for gene expression data, in-
terpretable feature selection for biologically meaningful probes, and heterogeneous
multimodal fusion of gene expression and neuroimaging data.

The first contribution was the development and evaluation of stacked sparse
and denoising AEs for dimensionality reduction of high-dimensional gene expression
data. Traditional dimensionality reduction methods, such as PCA and manifold-
learning baselines, can struggle to capture non-linear gene expression patterns when
sample sizes are limited. The results in Chapter 4 show that AE-based representa-
tions can improve downstream classification when the reduced dimension and net-
work depth are selected carefully. This contribution addresses the high-dimensional,
small-sample, non-linear data problem identified in the literature review.

The second contribution was an interpretable deep learning-based feature se-
lection framework. Chapter 5 combined a shallow sparse AE with XGBoost-based
feature ranking and Fast-RFE feature selection. The shallow architecture was de-

liberately chosen because the first hidden layer remains directly connected to input
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probes, making it more suitable for biological interpretation than deeper latent
representations. Enrichment analysis provided evidence that the selected probes
were biologically meaningful and not merely predictive artefacts. This contribution
addresses the interpretability gap in deep learning-based gene expression analysis.
The third contribution was a heterogeneous multimodal fusion method based
on multimodal metric learning. Chapter 6 integrated neuroimaging and gene ex-
pression data while preserving modality-specific and complementary information.
The proposed method outperformed unimodal baselines and several comparison
methods in pMCI and sMCI classification, while the interpretation analysis linked
fused features back to risk genes, ROIs, SNP-ROI pairs, and functional connectiv-
ity patterns. This contribution addresses the challenge of combining molecular and
imaging biomarkers without collapsing their distinct biological meanings.
Collectively, these contributions show that diagnostic performance and inter-
pretability should be developed together. For early AD diagnosis, improved clas-
sification accuracy is valuable only if the model can also support biological under-

standing, external validation, and eventual clinical trust.

7.2 Limitations

Several limitations should be acknowledged. First, the gene expression and multi-
modal datasets remain relatively small compared with the feature dimensionality,
which increases the risk of overfitting and limits generalisability. Second, the ex-
periments rely primarily on retrospective cohort data; prospective validation would
be required before clinical use. Third, cross-cohort differences in gene expression
platforms and preprocessing pipelines may affect reproducibility, even after probe
harmonisation and normalisation. Fourth, the biological findings from enrichment
and SNP-ROI analysis are hypothesis-generating and require independent experi-
mental or clinical validation. Finally, although the models include interpretability
analyses, they are not yet complete clinical explanation systems and would need

further refinement for clinician-facing decision support.
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7.3 Future Work

Larger and More Diverse Validation

Future work should validate the proposed methods on larger multi-centre datasets
with broader demographic coverage. This would allow more reliable assessment of
generalisability across age, sex, ethnicity, scanner type, cohort recruitment crite-
ria, and disease stage. External validation should include locked test cohorts and

prospective studies to reduce the risk of optimistic performance estimates.

Additional Modalities

The next modality to add should be EHR, because EHR data can provide longi-
tudinal clinical context such as medication history, comorbidities, cognitive assess-
ments, and disease progression timelines. Proteomics is also a strong candidate
because protein-level changes are closer to many disease mechanisms than tran-
scriptomic measurements alone. Combining EHR, proteomics, gene expression, and
neuroimaging could improve diagnosis by linking molecular signals, brain structure

and function, and real-world clinical trajectories.

Clinical Deployment

Moving these methods toward clinical deployment would require external valida-
tion, calibration analysis, robustness testing, regulatory review, cost-effectiveness
assessment, and integration with clinical workflow. The models would need to pro-
vide auditable outputs, clear uncertainty estimates, and explanations that clinicians
can inspect. Deployment would also require standardised data acquisition and pre-
processing pipelines so that predictions are stable across hospitals and laboratory

platforms.

Interpretability and Biological Validation

Further work should strengthen the biological validation of selected biomarkers.

This could include systematic comparison with known AD-related genes, literature
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mining, pathway databases, independent omics cohorts, and collaboration with lab-
oratory researchers. For multimodal fusion, future work should quantify modality-
specific contributions and develop visual explanations that connect model decisions

to genes, ROIs, and clinical variables.

Ethical and Governance Considerations

Ethical issues must be handled as part of future development rather than after
deployment. Algorithmic bias should be evaluated across demographic and clinical
subgroups, especially because AD datasets can under-represent some populations.
Patient consent must clearly cover multimodal data linkage and secondary analysis.
Data privacy, governance, and auditability are also essential, particularly when
genetic and imaging data are combined. Clinically used systems should support

human oversight rather than replacing clinical judgement.

7.4 Closing Remarks

This thesis has demonstrated the potential of interpretable deep learning and het-
erogeneous multimodal fusion for early AD diagnosis. By addressing dimensionality
reduction, feature interpretability, and multimodal complementarity, the work pro-
vides a foundation for future diagnostic models that are not only accurate, but also

biologically meaningful and more suitable for responsible clinical translation.
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