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ABSTRACT

Dementia is a rapidly increasing global health problem and refers to a range of
progressive neurodegenerative conditions that result in the loss of memory, cognition
and independent functioning. Dementia currently affects more than 55 million people
globally and is expected to affect 139 million more by 2050, making the need for
efficient, accurate and scalable diagnostic techniques more urgent than ever.

Another important problem is the extreme class imbalance found in typical datasets
for dementia imaging, especially the clinical stage Moderate-Demented (MD), which
leads to a class-imbalanced diagnostic behavior of models trained on the conventional
way.

In this thesis, LW-DMNet (LightWeight Dementia MRI Network) is introduced, a
parameter-efficient deep learning network designed for automated multi-class demen-
tia stage classification using coronal MRI images, which is clinically feasible. LW-
DMNet stands for a lightweight custom Convolutional Neural Network (CNN) archi-
tecture designed from first principles for the features extracted using coronal brain
MRI, but using no pre-trained weights. It is built using four hierarchical convolutional
blocks, a global average pooling layer, and a three-layer fully connected classification
head, with only 13.39 million trainable parameters, which is about 90% fewer than the
number of parameters in VGG16 (approximately 138 million).

In order to solve the class imbalance problem in a principled way, the hybrid re-
sampling technique SMOTETomek is used. It combines the Synthetic Minority Over-
sampling Technique (SMOTE) to create new synthetic samples for the under-represented
classes by interpolating them in feature space, with the Tomek Link removal tech-
nique to remove samples in ambiguous regions at the class boundary to produce a
balanced and well-separated training distribution. The experiment results validate LW-
DMNet with an accuracy of 98.44% and F1-scores of 1.00 for the critically important
Moderate-Demented class, and 98.19% for macro-averaged scores, despite a small
number of 64 training instances for this class. The discriminative power of the pro-
posed model is further validated by the macro-average AUC, which is 0.998. These
findings motivate LW-DMNet as a clinically feasible, computationally efficient ap-
proach to dementia staging based on brain images.
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CHAPTER 1

INTRODUCTION

Dementia is not a single disease but rather an overarching clinical syndrome character-
ized by the progressive deterioration of cognitive functions severe enough to interfere
with a person’s daily life and activities. It affects many areas such as memory, lan-
guage, problem-solving, and executive functioning, and is the result of several differ-
ent underlying neuropathological conditions. The most common form is Alzheimer’s
disease (AD) which affects around 60-70

The impact of dementia is overwhelming. According to the World Health Organi-
zation, 55+ million people are currently suffering from dementia globally [1]. This
number is expected to rise almost two-fold to 78 million by 2030 and to 139 million
by 2050, with the majority of this increase attributable to demographic ageing in the
world. The economic effects are similarly huge; the cost of dementia to the world is
estimated to be greater than one trillion US dollars annually, with this cost projected
to double over the next 10 years. These costs include direct medical expenses, social

support and the unquantifiable informal care costs placed on families and communities.

Early and correct classification of the stage of dementia is of utmost clinical sig-
nificance in this context. Stage-specific diagnosis allows clinicians to start timely, ap-
propriate pharmacological and non-pharmacological treatments, advise patient and/or
family on prognosis, refer patients to relevant clinical trials and plan for long-term
treatment. The four known stages of clinical dementia severity (Non-Demented (ND),
Very Mild-Demented (VD), Mild-Demented (MiD), and Moderate-Demented (MD))
have different patterns of cognitive and structural brain changes, and making precision

distinctions between them is important for personalized patient management.

Structural Magnetic Resonance Imaging (MRI) emerged as the most informative
and most widely used neuro-imaging technique for the detection and follow-up of the
patterns of brain atrophy characteristic of dementia. T1-weighted MRI can be used to
obtain a detailed image of important biomarkers such as global cortical thinning, loss
of volume in the hippocampus, and enlargement of ventricles, all of which are asso-
ciated with the clinical phase of dementia and align well with the MRI’s high spatial



resolution and excellent soft-tissue contrast [2]. One of the many planes of acquisition,
the coronal plane is especially useful because it provides a direct view of the structures
of the medial temporal lobe including the hippocampus and entorhinal cortex, the ear-

liest and most reliably affected structures in Alzheimer’s disease pathology.

Manual interpretation of magnetic resonance imaging (MRI) for dementia staging,
however, is a cognitively and complexly demanding task. It takes years of training and
there is significant interrater variability, and as the amount of neuroimaging data being
produced worldwide continues to increase, it becomes increasingly impractical. This
restriction is an urgent need for automated, objective, and scalable computational tools
to help clinicians in the diagnosis process, minimize diagnostic variability, and provide

expert-level diagnostic capability even in the absence of a specialist radiologist.

1.1 Deep Learning in Neuroimaging: Promise and Limitations

Deep learning (DL) and Convolutional Neural Networks (CNNs) are the most recent
paradigm for automated medical image analysis in the past decade. In the medical
imaging field, hundreds of applications of deep learning in radiology, pathology, oph-
thalmology, and other fields demonstrated “remarkable performance” according to a
recent survey of Litjens et al. [3]. Dementia classification based on DL has been
shown to yield accuracy rates comparable to or superior to other machine learning
techniques, and in some studies, comparable to that of expert clinicians for some parts

of the classification task in the classification of dementia using neuroimaging.

In the recent literature of DL-based dementia classification, the use of large-scale
transfer learning (TL) models are commonly used for dementia classification. These
models (VGG-family networks, ResNet variants, InceptionNet, DenseNet and Effi-
cientNet architectures) are pre-trained on a natural image dataset called ImageNet with
more than 1.2 million images across 1,000 categories, and then fine-tuned on the target
medical imaging dataset. The motivation for this is because the low level feature rep-
resentations learnt from natural images (edges, textures, gradients) can be transferable
to the medical imaging domains and serve as a good initialisation that doesn’t require
a lot of labelled medical data.

This has been found to be true for various cases, however, for coronal MRI dementia
classification, there are serious drawbacks in using the above architectures. VGG16 is
one of the popular transfer learning backbone architectures used for this task, which
has approximately 138 million trainable parameters. The number of parameters is
approximately 25 million for ResNet50, and approximately 20 million for the more

efficient EfficientNet base family. The features of coronal brain MRI image space are



much smaller than the space of natural image classification, where the discriminative
signal is found in subtle features such as the volume of the hippocampus, width of the

sulci and size of the ventricles.

They are also sensitive to overfitting on the small medical datasets, and need strong
regularization, data augmentation and hyperparameter tuning to ensure stable gener-
alization. Further, the latency of inferences is a clinically important concern for large
models that are valuable for quickly offering clinical assistance. These factors lead the
design of new compact, specialized architectures that can produce diagnostic perfor-

mance comparable to the original, but with much reduced computational needs.

The second major challenge that is frequently not addressed in the current literature
is that of dealing with the imbalanced nature of dementia neuroimaging datasets. The
public datasets used are heavily imbalanced, with thousands of samples having labels
Non-Demented, and as many as 64 original images having labels Moderate-Demented.
A model trained using such imbalanced distributions will learn biased decision bound-
aries such that it will achieve a higher accuracy on the majority classes while under-
performing on the minority classes. Though they show high headline accuracy rates,
the clinically significant or end-of-stage care planning step, known as the Moderate-
Demented stage, is absent from most models, making them almost useless in practice.

1.2 Problem Statement

The central research question for this thesis is as follows: How to design a deep learn-
ing architecture that achieves the state-of-the-art diagnostic accuracy for four classes
of dementia from coronal MRI images, with a number of parameters significantly less
than current transfer learning approaches, and that performs robustly and fairly across

all classes of dementia including the under-represented Moderate-Demented class?

This problem involves three technical challenges which are interrelated. The first is
architectural design, that is, the design of a CNN that is specifically tailored to the fea-
ture extraction needs of the coronal brain MRI without the need of pre-trained weights
or ensemble strategies. The second is data rebalancing where a principled hybrid re-
sampling technique not only generates meaningful synthetic data of minority classes
but also cleans decision boundary of noisy data. The third is rigorous evaluation, using
a complete and unbiased suite of performance measures including per-class precision,
recall, F1-score and AUC-ROC analysis, which provide a comprehensive picture of

the model’s performance across all clinical stages.



1.3 Proposed Solution: LW-DMNet

To address these problems, this work introduces a custom CNN architecture, LW-
DMNet (LightWeight Dementia MRI Network), specifically designed for dementia
stage classification on a coronal MRI. Constructed from scratch without using pre-
trained weights, LW-DMNet is able to learn a small and domain specific feature repre-
sentation directly from the neuroimaging data. The architecture consists of four con-
secutive convolutional blocks of differing filter depth (32, 64, 128, and 256) followed
by global average pooling and a three-layer fully connected classification head, for a
total of 13.39 million parameters that are trainable. It has about 90

To address the problem of class imbalance, LW-DMNet uses the hybrid resam-
pling method SMOTETomek only in the training partition so as to avoid any possible
data leakage into the evaluation sets. The SMOTETomek algorithm is a fusion of
the SMOTE oversampling algorithm, which generates synthetic minority instances by
interpolating between existing minority instances in feature space, and Tomek links
cleaning procedure, which identifies and removes borderline instances that lie close to
the inter-class boundaries, enhancing the quality and separability of the training distri-
bution.

The experimental results on the Kaggle Alzheimer’s MRI Dataset [4] show the test
accuracy of 98.44%, the test F1-score of 98.19% and the macro-average AUC of 0.998.
Importantly, the model achieves perfect precision and recall (1.00) for the Moderate-
Demented class, indicating the effectiveness of the SMOTETomek rebalancing strat-
egy. The outcomes of this study are in agreement with other works that have shown
that LW-DMNet offers a practical and effective alternative to more complex transfer
learning-based approaches in automated dementia staging, while avoiding the compu-
tational complexity of these methods.

1.4 Objectives of the Study

The specific aims setting the framework of the research in this thesis are listed be-
low. The main goal is to develop and apply a parameter-efficient Convolutional Neural
Network (CNN) architecture for the four-class dementia staging problem from coronal
T1-weighted MRI images with the absence of pre-trained weight and transfer learning
components. The second goal was to tackle the large class imbalance that is common
in most dementia neuroimaging data sets by using SMOTETomek hybrid resampling
method in the training partition to enhance the sensitivity of the model to the under-

represented classes of dementia, specifically the Moderate-Demented class. The third



objective consisted of a thorough analysis of the proposed model with the use of a large
set of performance metrics (accuracy, precision, recall, F1-score, AUC-ROC, and con-
fusion matrix analysis) in all four dementia stages to guarantee that the results were
unbiased and relevant to clinical use. The fourth aim is to systematically compare the
diagnostic performance of LW-DMNet to state-of-the-art competing approaches found
in the literature as well as the model complexity with regard to trainable number of
model parameters. The fifth objective is to discuss the applicability of the proposed
framework to clinical settings, its deployment advantages in low resource settings and
directions for future research to create a complete and comprehensible diagnostic sup-
port system based on neuroimaging.



CHAPTER 2

TECHNICAL BACKGROUND

This chapter lays the theoretical and technical groundwork on which the proposed will
be based. LW-DMNet model is constructed. It starts with a review of the clinical
and neuropathological. foundation of dementia, its grading, and the pivotal place of
MRI in its diagnosis. It then describes the main concepts of deep learning that the
suggested model is based on, such as the design and workings of Convolutional Neural
Networks. This is then a discussion of transfer learning, and its use in medical image
analysis. and its intrinsic constraints when used in neuroimaging tasks. The chapter
concludes including a step-by-step discussion of the imbalance in medical data classes
and the theory. of the SMOTETomek hybrid resampling approach used in this work.

2.1 Dementia: Clinical Presentation and Neuropathological Basis

Dementia refers to acquired progressive loss of cognitive impairment severe. to the
extent of crippling everyday activities, due to underlying brain disease. It does not
occur as a usual age-related effect but occurs as a pathological condition that is based
on certain neurodegenerative or cerebrovascular disease mechanisms. The most com-
mon etiology is Alzheimer disease which is histopathologically defined by extracellu-
lar aggregation of amyloid-beta. plaques and intraneuronal structure of neurofibrillary
tangles made of hyperphosphorylated tau protein. These molecular actions cause a cas-
cade of synaptic dysfunction, neuroinflammation, and eventually the loss of neurons,

resulting in progressive macroscopic brain. atrophy.

Alzheimer-type dementia is clinical progression that can be broadly classified to
four. stages that are commonly used as targets of classification in computational de-
mentia staging studies. The first is Non-Demented (ND) which is associated with
cognitively normal individuals where no clinical significant cognitive impairment is
involved. Structural MRI of this group would reveal mild age changes and no patterns
of pathological atrophy. The second level, Very Mild-Demented (VD), is similar to
the clinical concept ofMild Cognitive Impairment (MCI): in this case, patients have
subjective and objective experience. fairly severe memory problems out of proportion

10



to age, but not yet sufficiently serious to be of any effective concern to day-to-day life.
The stage is the critical period of therapeutic intervention as it comes before the onset
of complete dementia. Structural MRI is initiated by present minor loss of hippocam-

pal and entorhinal cortex in this phase.

The third phase, Mild-Demented (MiD), is marked by a distinctly noticeable cog-
nitive impairment which starts to disrupt everyday capabilities. Memory deteriorates,
and language, visuospatial, and executive deficits can occur. emerge. At this phase,
MRI is usually characterized by more severe atrophy of the medial temporal lobe, a
significant loss of hippocampal volume and a slight loss of cortical thickness. The
fourth and the most serious level is Moderate-Demented (MD) which is characterized
by severe cognitive impairment that is in need of full-time care. People cannot carry
out the simple tasks of daily living and memory loss, disorientation and behavioral
abnormalities are the most common. MRI results contain widespread cortical atrophy,
considerable ventricular enlargement. and extensive subcortical changes. This capa-
bility to automatically and correctly distinguish between these four stages based on
MRI data has direct clinical use and is the key task discussed in this thesis.

2.2 Magnetic Resonance Imaging in Dementia Diagnosis

Structural MRI is the new neuroimaging modality of diagnosis and. clinical and re-
search monitoring of dementia [2]. The physics concept behind MRI is the process of
measuring nuclear magnetic resonance signatures of hydrogen. protons in tissue water
which are manipulated by radiofrequency pulse sequences to produce tissue contrast.
T1-weighted sequences are the most popular used in. structural brain studies, give an
excellent comparison between gray matter, white matter, and cerebrospinal fluid, and
are peculiarly adapted to the detection of the volumetric changes in neurodegenerative

disease brain parenchyma.

The coronal acquisition plane is of particular diagnostic relevance in dementia as-
sessment. This plane provides a direct, orthogonal view of the medial temporal lobe
structures — specifically the hippocampus, parahippocampal gyrus, and entorhinal
cortex — that are known to exhibit the earliest and most consistent atrophy in Alzheimer’s
disease. Radiologists and neuroimaging specialists routinely assess hippocampal vol-
ume and morphology on coronal slices as a key component of dementia workup, and
the visual rating scales commonly used in clinical practice (such as the Scheltens
medial temporal lobe atrophy scale) are standardized for coronal orientation. This
anatomical and clinical basis justifies the focus on coronal MRI images in the present

work.
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Quantitative MRI-derived biomarkers of neurodegeneration — particularly hippocam-
pal volume, total brain volume, and cortical thickness measurements — have been
validated as sensitive and specific markers for dementia staging. Automated volu-
metric tools such as FreeSurfer can extract these measures from high-quality T1 MRI
scans, but their computational requirements, need for high-quality input data, and the
time required for processing make them impractical for routine clinical triage. Deep
learning-based approaches offer a complementary strategy that can provide rapid, au-
tomated staging directly from raw MRI images without requiring explicit anatomical

segmentation.

2.3 Fundamentals of Convolutional Neural Networks

Convolutional Neural Networks are a type of artificial neural network that uses the
spatial organization of image data with a sequence of learnable convolutional filters
[5].CNNs use weight sharing and in contrast to fully connected networks. local con-
nectivity, scaling down the number of parameters to process highdimensional image
inputs by a very large factor, and also capturing strong inductive biases about the

translation-invariant character of visual features.

The basic computing block of a CNN is the convolutional layer, which implements.
a collection of (learnable) filters (also known as kernels) to the input feature map via a
sliding. window operation. The dots between the weights of each filter and the local are
computed by each filter. response at every spatial location, and outputs a feature map
of response that represents. the power of the detection of the respective learned feature
at every location in the image. The hierarchy in learning can be learnt by piling up
several convolutional layers. representations: lower layers encode primitive features,
like edges and gradients, intermediate layers represent more complex patterns, e.g.
textures and shapes and even deeper. layers are high-level semantic representations

that are pertinent to the classification problem.

The method of batch normalization is an important regularization/optimization method

that is used extensively in current CNNs. The implementation of batch normalization
was introduced to solve the internal covariate shift issue in deep networks, normalizing
the activations of all the layers. in the mini-batch, to be zero-mean and unit-variance,
followed by the use of learnable scale and shift parameters. This normalizes the train-
ing process, permits higher learning rates, is a mild regularizer, and has proven to
consistently enhance both. speed of training and end model. When the training data is
limited and typically noisy, as is the case in medical image CNN:ss, it is especially the

batch normalization that contributes to the model stability.

12



Max-pooling (most often referred to as pooling operations) is used to reduce pro-
gressively the. spatial dimensions of feature maps as they are filtered by successive
convolutional blocks. A 2x2 max-pooling layer that uses a stride of 2 helps cut each
spatial dimension in half, in effect summarizing the most salient feature activations in
local regions. This spatial subsampling allows a form of translation invariance, helps
reduce the computational load of the later layers, and has a more modest regularization
effect of eliminating accurate spatial information in favor of more high-level feature

presence.

The ReL.U (Rectified Linear Unit) activation function, which isf(x) = max(0,x), is
the conventional non-linearity of modern CNN models. Its computational simplicity
and the lack of the gradient saturation issue of sigmoid and It has been the activation of
choice in deep networks due to hyperbolic tangent activations. Randomizing dropout,
randomly choosing a certain percentage of neuron activations to zero. during each
forward pass in training, provides an effective mechanism for preventing introducing
stochastic noise to overfit the network to learn in a stronger way. and overlapping
representation of features.

Global Average Pooling (GAP) is an alternative to the traditional practice of flatten-
ing the final convolutional feature maps into a fully connected layer. GAP computes
the spatial average of each feature map, producing a single scalar per channel and re-
ducing the multi-dimensional feature tensor to a one-dimensional vector regardless of
input spatial size. This provides several advantages: it dramatically reduces the number
of parameters at the interface between the convolutional backbone and the classifica-
tion head, it is more robust to spatial translations in the input, and it acts as a structural
regularizer that reduces the risk of overfitting in the fully connected component of the

network.

2.4 Transfer Learning and Its Limitations in Medical Imaging

Transfer learning refers to the practice of initializing a neural network with weights
pre-trained on a large source task (typically ImageNet classification) and then fine-
tuning the resulting model on a smaller target task. The theoretical basis for this
approach is the hypothesis that the feature representations learned in early and in-
termediate layers of a deep network are sufficiently general — capturing basic visual
primitives such as edges, textures, and color gradients — that they provide useful initial

representations for target tasks with different but visually related content.

In the medical imaging domain, transfer learning has been widely adopted as a prac-

tical strategy for compensating for the limited availability of annotated training data.

13



Large annotated medical imaging datasets remain far scarcer than their natural image
counterparts due to the cost and expertise required for expert annotation, patient pri-
vacy constraints, and the relative homogeneity of medical imaging data compared to
the broad visual diversity of natural photographs. Transfer learning from ImageNet
pre-trained models has been shown in numerous studies to provide a useful initializa-
tion that reduces the labeled data requirement and often improves final model perfor-

mance compared to training from scratch on small medical datasets.

However, the adoption of transfer learning for medical imaging tasks carries a set of
important limitations that are particularly relevant in the context of dementia staging
from coronal MRI. The most fundamental concern is over-parameterization. Models
such as VGG16, with its approximately 138 million parameters, were designed to dis-
tinguish between 1,000 diverse natural image categories with high intra-class visual
variability. The dementia staging task, by contrast, requires discrimination between
four classes of brain MRI images whose visual differences — primarily in the degree
of hippocampal atrophy and cortical thinning — are subtle, localized, and confined to
a narrow region of the image. The vast majority of the representational capacity of a
VGG16 network is therefore irrelevant to this task and constitutes parameter overhead
that increases computational cost, training time, and the risk of overfitting without

proportionate diagnostic benefit.

Furthermore, there is a fundamental distributional mismatch between natural RGB
photographs and grayscale MRI images. MRI images have a single intensity chan-
nel, exhibit a radically different statistical distribution of pixel intensities, and contain
domain-specific structural regularity (fixed orientation, consistent anatomical layout)
that has no analogue in natural image collections. Converting grayscale MRI images
to three-channel format to accommodate ImageNet-pretrained architectures is a com-
mon workaround but introduces artificial redundancy and does not resolve the under-
lying domain mismatch. These considerations collectively motivate the development
of compact, task-specific architectures that learn domain-relevant representations from
the medical data itself, without inheriting the over-parameterization and domain mis-
match of transfer learning baselines.

2.5 Handling Class Imbalance with SMOTETomek

Class imbalance is a widespread issue in medical machine learning, which is caused
by the prevalence differences which occur in the patient population between disease
states. In the context Standard publicly available datasets have a severe imbalance of

dementia staging: the Thousands of instances are normal in Non-Demented class, but

14



there are the Moderate-Demented. class can contain less than 100. Training a classifier
on this imbalanced distribution when it is not corrected appropriately will lead to the
classifier being trained to give low probability to the minority. classes not because of
any inherent discriminative difficulty but simply because minimizing the training loss
on an imbalanced dataset is most easily achieved by predicting the majority class. This
contributes to exaggerated total accuracy values which masks weak sensitivity. on the

minority classes which are frequently most clinically important.

The SMOTE (Synthetic Minority Over-sampling Technique) algorithm [6] takes
care of. class imbalance by creating new synthetic minority-class examples by in-
terpolating in feature space instead of simply duplicating. In each sample of minority
classes, SMOTE finds its k nearest classmates, and randomly picks one of these nearest
classmates and generates a new synthetic sample at a random point. the line segment
between original sample and line neighbor chosen. This interpolation process makes
sure that synthetic samples are realistic instances that are part of the feature-space dis-
tribution of the minority class, not literal copies, which simply happen to lie in this
distribution add number without any new data.

The Tomek Links algorithm [7] offers a complementary undersampling operation.
that specifically targets the decision boundary region. A pair of Tomek links is called
a pair. of samples of various classes which are nearest neighbors to each other (mutual
nearest neighbors) close friend of the other, although of different classes. These pairs
of samples are categorized as the borderline or grey cases that are near the inter-class
line. and the presence of which may confuse the classifier. By eliminating the member
of the majority-class. of each Tomek link, the algorithm clears ambiguous samples

from the class boundary, optimally making the resulting training distribution sharper.

A hybrid method called SMOTETomek hybrid method [8] performs both of the
operations one after the other: SMOTE. is initially used to oversample the minority
group(s) to a desired number, and Tomek Link. then removal is used to eliminate
boundary noise of the resulting distribution. This two step process is a solution to the
problem of class imbalance on both ends: it boosts the representation. of minor classes
and at the same time eliminating the vaguity of samples of majority classes. that the
learning process is confused by most. The outcome is that the training dataset is more.
balanced classes in a better proportion and more explicitly organized in inter-class
division. Importantly, in the current work SMOTETomek is used on the training only.
partition; the validation and test sets are kept with their original uneven distribution to.
make sure that performance evaluation is based on realistic data distribution of clinical
data.
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CHAPTER 3

RELATED WORK

Deep learning in automated staging and classification of dementia. based on neu-
roimaging information has been a dynamic and fast developing field of study since
more than a. decade. This chapter will give a detailed overview of the most pertinent
and powerful. Research in this field, which locates the suggested LW-DMNet frame-
work into a wider context. research landscape and determining the particular limita-
tions that drive the contributions. of this thesis. The review is presented in thematic
format discussing the trend in architectural design, the use of datasets, the problem
of the imbalance of classes, and the critical problem of computational. efficiency. A

summary comparison of representative prior works is presented in Table 3.1.

3.1 Early Deep Learning Approaches to Dementia Classification

The first attempts at using deep learning to classify MRI-based dementia. The success
of CNNs with the general computer vision inspired the need to apply them to data.
community after AlexNet sets the record in the ImageNet challenge. in 2012. One of
the earliest notable demonstrations of CNN was by Sarraf et al. [5] and repeated neu-
ral network-based Alzheimer disease MRI and classification. functional MRI results,
which prove the conceptual viability of end-to-end deep learning. for neuroimaging
classification. This and other early works illustrated that CNN feature representations,
which are learned even with relatively small neuroimaging data. could even obtain

diagnostic patterns of brain atrophy.

Litjens et al. [3] gave an in-depth overview of deep learning applications in the field
of. medical imaging modalities, reporting the swift transfer of convolutional architec-
tures to classification, segmentation and detection problems in radiology and pathol-
ogy. Their review revealed that there was a wide range of medical imaging problems
that could be addressed using deep learning, as well as common methodological chal-
lenges such as dataset size, domain shift, and. strengths of evaluation which have
remained to be problematic to the field. The survey underscored the relevance of class
imbalance to be handled with in medical datasets, it is important to observe that clas-
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sifier accuracy is inadequate to measure classifier performance, overall.

3.2 Transfer Learning Approaches

A dominant trend that has emerged in the literature on DL-based dementia classifica-
tion from the mid-2010s onward is the adaptation of large-scale ImageNet-pretrained
architectures to the neuroimaging domain through transfer learning. This approach
was motivated by the theoretical argument that the low-level feature representations
learned by models such as VGGNet, ResNet, and InceptionNet from natural images
are sufficiently general to provide a useful initialization for medical imaging tasks,
particularly when labeled medical data is scarce.

Hajamohideen et al. [9] presented a Siamese CNN framework employing a VGG16
backbone for four-way dementia staging on the OASIS dataset. Their architecture
leveraged a triplet loss function to learn pairwise similarity between dementia stages,
achieving a reported accuracy of 93.85%. While the contrastive learning approach is
conceptually interesting for learning fine-grained inter-class distinctions, the reliance
on a VGG16 backbone introduces approximately 138 million parameters — an or-
der of magnitude more than necessary for the task — and the single 2D slice-based
operation does not exploit volumetric brain structure. The authors did not report per-
class performance metrics, making it difficult to assess sensitivity to minority dementia
stages.

Moni et al. [10] proposed an ensemble of transfer learning models trained jointly
on the ADNI and OASIS datasets. By combining multiple pre-trained model predic-
tions through ensemble fusion, the authors achieved a reported accuracy of 98.35%,
demonstrating that ensemble strategies can attain high overall performance. Neverthe-
less, the ensemble method. shares the computational load of each constituent model
times their number, and the combined training on heterogeneous datasets across var-
ious acquisition protocols brings the risk of site-specific confounds and overfitting.
The implementation of in practice this use of multi-model ensembles within resource-
constrained clinical environments poses a serious challenge. logistical issues which

are not discussed in the paper.

Bekhet et al. [11] proposed DeepALZNET, a two-way system based on. VGG19
predictor of the Alzheimer disease based on the Kaggle MRI dataset. Employing a 2D
CNN pathway with a 1-dimensional stream of feature processing. with the addition of
clinical metadata, the model was reported to have an accuracy of 92.20%. While the
dual-pathway design is an innovative method of multimodal data integration, the large.

dependence on clinical metadata and parameter footprint of the VGG19 backbone.

17



Limit the applicability of the model (which is not necessarily available in screening
situations). as a single MRI-based classifier.

3.3 Three-Dimensional and Volumetric Approaches

A related line of study has studied 3D CNNs which operate on whole brain. MRI
is volume modeling versus 2D slice modeling, and it is argued that the volumetric
modeling approach can obtain the entire spatial context of brain atrophy patterns that

could be partially. or improperly represented in any one 2D section.

Nguyen and Bui [12] introduced a multi-stage feature fusion network that works on
structural MRI volumes of the Kaggle MRI dataset. They used their model with 3D
convolutions. to derive volumetric feature representations which were later fused be-
tween stages. to generate an end product classification output. Although their volumet-
ric approach was architecturally complicated, the model had a patient-level multiclass
accuracy of 80.60 only, that is significantly less than 2D slice-based methods that were
reported around the same time. This finding is representative of a long-established
3D medical image analysis phenomenon: the the large computational footprint and
data demands of 3D CNNs do not ensure scaled performance, especially on non-large

datasets, better. to aid successful volumetric learning.

Ntampakis et al. [13] explored an ensemble of 3D deep learning models, including
3D ResNet, 3D CNN, and EfficientNet variants, for dementia diagnosis and MRI se-
lection. Their tri-model committee network was applied to ADNI and OASIS datasets
and achieved a reported accuracy of 94.12%. While the 3D ensemble approach im-
proves spatial contextual representation compared to single-slice methods, it does so
at the cost of very high computational complexity, making it entirely impractical for
deployment on standard clinical hardware. The authors acknowledge this limitation

but do not propose a pathway toward computational efficiency.

3.4 Lightweight and Task-Specific Approaches

A more limited yet accumulating literature has identified the shortcomings of over-
parameterized. transfer learning models and tried to come up with more computation-
ally efficient substitutes to medical imaging tasks. Mohammed et al. [14] suggested a
CNN-based classifier. with the Kaggle MRI data, investigate the trade-off between the
architectural depth and cost of computation when it comes to classifying Alzheimer
disease. Their model achieved a reported accuracy of 94.80, which is an acceptable
performance, but with potential gains in computational efficiency and much to be de-
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sired in terms of improvement.

The Mohammed et al. paper is credited with the recognition of the depth-cost trade-
off. explicitly, but it does not give a systematization of the number of parameters,
and does not give a stringent comparison of the measure of computational efficiency
with diagnostic performance. This gap inspires the explicit model complexity analysis,
which is done in the current thesis, that gives explicit trainable parameter counts on
each of the compared architectures as well as performance measures, which allow a
straightforward and unobfuscated evaluation of the efficiency accuracy trade-off.

3.5 Class Imbalance in Dementia Staging: Literature Overview

The class imbalance in the classification of dementia based on DL has been treated
unequally. the literature. Most papers also provide overall accuracy rates on imbal-
anced test sets, without providing per-class rates, and it is not feasible to tell whether
high overall accuracy rates are due to high class-wise accuracy rates or not. accu-
racy indicates real discrimination at all levels or just indicates the model. tendency
to predict majorities Non-Demented class. Zhang et al. [15] utilized the concept of
oversampling in the framework of multimodal Alzheimer classification and showed
improvements in sensitivity to the minority-classes that could be measured, proving
the necessity to consider the imbalance in this area. Nonetheless, simple SMOTE and
boundaryless. cleaning may add noisy synthetic samples that worsen the quality of

decision boundaries when used on the high-dimensional feature spaces.

The practical and theoretical benefits of the SMOTETomek integrated approach that
a collection of its own components has been defined by Batista et al.[8], who estab-
lished that the hybrid method yields better classification performance over a variety
of imbalanced benchmark datasets than either SMOTE or undersampling. The use of
SMOTETomek to the unique problem of coronary MRI-based dementia staging, as
applied in the current study, further extends this empirical basis but reconfiguring it to

the neuroimaging space.

3.6 Research Gap and Justification for LW-DMNet

The critical analysis of the reviewed literature reveals several interconnected gaps that
collectively motivate the contribution of this thesis. First, despite the demonstrated
limitations of transfer learning backbones for coronal MRI dementia staging — in-
cluding over-parameterization, domain mismatch, and computational inefficiency —

the large majority of published work continues to default to large pre-trained archi-
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tectures without systematically justifying this choice against lighter custom-designed
alternatives. Second, the reporting of per-class performance metrics, particularly for
the clinically critical Moderate-Demented class, is inconsistently performed across the
literature, obscuring the extent to which minority-class performance is sacrificed in fa-
vor of majority-class accuracy. Third, direct model complexity comparisons in terms of
trainable parameter counts are rarely reported alongside performance metrics, making
it impossible for readers to assess the efficiency-accuracy trade-off from the published

literature alone.

The proposed LW-DMNet directly and simultaneously addresses all three of these
gaps: it demonstrates that a purpose-built, parameter-efficient architecture can match
or exceed the performance of transfer learning baselines on this specific task; it applies
SMOTETomek resampling to achieve strong and balanced performance across all four
clinical stages including the Moderate-Demented class; and it provides a transparent
model complexity analysis that enables direct comparison of the efficiency-accuracy
trade-off.

The table above summarizes the key attributes of the principal competing approaches
discussed in this review. It provides an at-a-glance comparison across model method-
ology, dataset of evaluation, primary limitations, and reported accuracy. As is evident,
LW-DMNet achieves the highest reported accuracy on the Kaggle MRI benchmark
while simultaneously being the only custom-designed, parameter-efficient architecture
in the comparison — all other approaches with comparable or lower accuracy rely on
transfer learning backbones, ensemble strategies, or 3D volumetric models that are
substantially more computationally demanding. The only significant drawback of LW-
DMNet compared to It operates on 2D slices as opposed to 3D volumes and this is
why it is called volumetric approaches. identified as a direction for future research in
Chapter 7.
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Table 3.1. Comparing with Recent Dementia Classification Models.

Reference Model/Method | Dataset Limitation Accuracy

Hajamohideen et | Siamese CNN | OASIS[16] | High parameter | 93.85%
al. [9] (VGG16) count; no minor-
ity class analysis

Moni et al. [10] | Ensemble TL | ADNI[17] + | High compu- | 98.35%
Models OASIS[16] tational cost;
overfitting risk

Nguyen et al. | Feature Fusion | Kaggle MRI | Resource inten- | 80.60%
[12] Net (3D) [4] sive; low multi-
class accuracy

Bekhetetal. [11] | VGG19 + 1D | Kaggle MRI | Heavy back- | 92.20%
CNN [4] bone; requires
clinical metadata

Ntampakis et al. | Tri-model 3D | ADNI[17] Complex and | 94.12%

[13] Committee slow; not real-
time feasible
Mohammed et | CNN-based Kaggle MRI | Depth-cost 94.80%
al. [14] Classifier [4] trade-off not
optimized
LW-DMNet Custom Kaggle 2D slice-based | 98.44%
(Proposed) Lightweight MRI [4] only
CNN
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CHAPTER 4

PROPOSED METHODOLOGY AND EXPERIMENTAL
RESULTS

The whole methodological framework of the proposed is introduced in this chapter.
LW-DMNet system. The presentation starts with the description of the dataset in de-
tail. used in this work, then the entire preprocessing and data preparation pipeline.
The LW-DMNet architecture is then outlined in detail in a technical manner, including
the design. logical and design specifications of each part. This chapter ends with a.
training strategy description, including loss function, optimization algorithm. regular-

ization procedures, and data augmentation procedures.
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4.1 Dataset Description

The data used in this paper is the Kaggle Alzheimer MRI Dataset [4], which is pub-
licly available data. available neuroimaging benchmark that has been extensively used
in the dementia classification literature. The dataset comprises coronal T1-weighted
brain MRI images organized into four distinct classes corresponding to the recognized
clinical stages of dementia severity: Non-Demented (ND), Very Mild-Demented (VD),
Mild-Demented (MiD), and Moderate-Demented (MD). All images in the dataset have
been pre-acquired from anonymized patient scans and made available as individual

two-dimensional PNG images representing individual coronal slice extractions.

The full dataset contains a total of 6,400 images, distributed as follows: the Non-
Demented class contains the largest share with 3,200 images (50% of total), the Very
Mild-Demented class contains 2,240 images (35%), the Mild-Demented class con-
tains 896 images (14%), and the Moderate-Demented class contains only 64 images
(approximately 1%). This distribution reflects the natural clinical prevalence of the
different stages in a population screening context, with the most severe stage being
the rarest. The resulting class imbalance ratio between the most represented (ND)
and least represented (MD) classes is 50:1, which constitutes one of the most extreme
imbalances encountered in standard medical imaging benchmarks and represents a sig-

nificant methodological challenge that must be explicitly addressed in model training.

The coronal plane of acquisition makes this dataset particularly well-suited for the
detection of medial temporal lobe atrophy patterns that are the hallmark neuroimag-
ing signature of Alzheimer’s-type dementia progression. The regular anatomical po-
sitioning. across all images diminishes the extent of within-class variability due to
acquisition. plane differences, which enables the model to be concentrated on the di-
agnostically relevant features of. volume and cortical thickness of hippocampal, but

not structural variation.

4.2 Data Preprocessing Pipeline

Before the process of learning the model, the entire dataset of images undergoes a stan-
dardized preprocessing pipeline that is meant to make the input features consistent and
optimised to extract the features. The preprocessing steps are executed on all partitions
of the data equally. Spatial resizing is the initial preprocessing. All images, irrespec-
tive of their original dimensions, are downsampled to a constant spatial resolution of
128 x 128 pixels with bilinear interpolation. This standardization is such that the in-

puts to the network are of the same spatial dimension and that the confounding factor
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of variable image size on the convolutional is removed. feature extraction process. The
resolution of 128x128 was selected in order to have a balance between the resolution
and options. memorization of diagnostically significant fine-grained structural content
and/or detail versus computational. efficiency, which is a pragmatic optimum of the

coronal brain MRI images in this. dataset.

The second stage of preprocessing is intensity normalization. The intensity of the
pixels in each image. values are normalized between the original [0, 255] to the nor-
malized [0, 1] using. a simple division by 255. This normalization makes sure that the
values of all inputs are between 0 and a. bounded range, a typical condition of stable
gradient-based optimization. in neural network training. Normalization of inputs elim-
inates massive difference in raw pixel. causing instability in the learning dynamics of
the network, in particular, intensities. in the initial stages of training where gradients

may be large and noisy.

4.3 Data Partitioning and Augmentation

The entire dataset will be split into three non-overlapping partitions training set (80%
of total). data, 5,120 images), validation set (10%, 640 images), and test set (10%, 640
images). The The stratified sampling is used to partitioning to guarantee that the class
distribution of Each partition is a representation of the overall dataset distribution.. The
test set is held out entirely until after all model training and hyperparameter selection
decisions are complete, and is used exclusively for the final evaluation of model perfor-
mance. The validation set is used throughout training to monitor convergence, detect

overfitting, and guide early stopping.

To improve the generalization capability of LW-DMNet and reduce its sensitivity to
specific spatial configurations of the input images, data augmentation is applied to the
training partition during model fitting. The augmentation operations employed are ran-
dom horizontal flipping, which is anatomically valid for brain MRI images that exhibit
bilateral symmetry, and slight random rotations within a bounded angular range. These
augmentations introduce controlled variability into the training distribution without
generating unrealistic or diagnostically implausible images, and have been shown to
consistently improve model robustness in medical imaging classification tasks.

4.4 Class Imbalance Handling with SMOTETomek

As described in Chapter 2, the Kaggle Alzheimer’s dataset exhibits a severe class im-
balance that could lead to biased model training if left unaddressed. To mitigate this,
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the SMOTETomek hybrid resampling method [8] is used only on the training. data
partitioning followed by partition. It is critically important that resampling is applied
just to the training set; extrapolating it to validation or test sets would add artificially.
contrived evaluation settings that are not representative of the actual prevalence of de-
mentia stages in the real world, and thus inflate performance estimates and obscure the
actual discriminative. ability of the model.

The SMOTETomek procedure operates as follows on the training data. In the
SMOTE oversampling phase, for each instance belonging to a minority class (VD,
MiD, and MD), the algorithm identifies the k nearest neighbors within the same class
in the feature space formed by the flattened pixel values. A randomly selected neigh-
bor is chosen, and a new synthetic sample is generated at a random point along the line
segment between the original sample and the selected neighbor. This process is re-
peated until all minority classes are upsampled to match the count of the majority class
(ND). Following SMOTE oversampling, the Tomek Links cleaning phase identifies all
sample pairs across class boundaries that are mutual nearest neighbors and removes the
majority-class member from each such pair. This cleaning procedure eliminates am-
biguous boundary samples that most closely straddle the inter-class decision boundary,

sharpening the separability of the resulting training distribution.

Table 4.1. Distribution of Training Data Before and After SMOTETomek Resampling

Dementia Stage Original Training Count After SMOTETomek
Non-Demented (ND) 2560 2560
Very Mild-Demented (VD) 1792 2560
Mild-Demented (MiD) 717 2560
Moderate-Demented (MD) 51 2560

Table 4.1 presents the class distribution in the training set before and after the appli-
cation of SMOTETomek. The transformation from a severely imbalanced distribution
(ranging from 2,560 ND samples to only 51 MD samples) to a perfectly balanced distri-
bution of 2,560 samples per class is clearly evident. This balanced training distribution
ensures that the model receives equal gradient contributions from all four dementia
stages during training, eliminating the systematic bias toward majority classes that

would otherwise corrupt the learning of minority-class decision boundaries.
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4.5 LW-DMNet Architecture

The LW-DMNet (LightWeight Dementia MRI Network) architecture is a custom-designed
CNN developed specifically for the task of four-class dementia staging from coronal
brain MRI images. The architecture is designed from first principles to achieve an
optimal balance between representational capacity and parameter efficiency for this
particular task, without relying on any pre-trained weights or transfer learning com-
ponents. There are three functional elements of architecture: a convolutional feature
extractor, a. global average pooling bridge, and a fully connected classification head.
The architecture Figure 4.2 shows schematically.

( Input Layer I

¥

Cov2D(16 filters)
Relu Average-Pooling 2D

¥

Cov2D(32 filters)
Relu Average-Pooling 2D

v

Cov2D(64 filters)
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Dropout{0.01)
Flatten |
Dense(256 units)
Dropout({0.03)

Dense(128 units)
Dropout(0.05)
Dense(64 units)
Dropout(0.04)
Dense(4 units) I

-

Figure 4.2. LW-DMNet: Architecture for Dementia Stage Classification from Coronal MRI
Images.



4.5.1 Convolutional Feature Extractor

The convolutional feature extractor is made up of four consecutive convolutional blocks,
each with. which is composed of two 3x3 convolutional layers, followed by batch nor-
malization, ReLU max-pooling (2x2) and dropout regularization. The choice of 3x3
convolutional the kernels all across the architecture are designed using the known de-
sign principle, verified. empirically in VGGNet, that combining multiple layers of
small kernels 3 x 3 in size results in an comparable receptive field to bigger kernels

and fewer parameters. introducing additional non-linearities.

The depth of the convolutional blocks is twice the depth of the previous one in the
four. blocks: Block 1 is with 32 filters, Block 2 is with 64 filters, Block 3 is with 128
filters, and Block4. 4 uses 256 filters. This gradual expansion enables the network
to learn more and more. complex and abstract representations of features as spatial
resolution is decreased by. max-pooling, in keeping with the traditional design phi-
losophy of CNN architectures. The ReLLU activation function is used following every
convolution to add non-linearity, and batch. the convolution is followed by normaliza-
tion followed by the activation. stabilize the distribution of activations and speed up

convergence.

Max-pooling with a 2x2 window and stride 2 is applied at the end of each con-
volutional block, reducing the spatial dimensions by a factor of 2 in each dimension.
Starting from an input size of 128x 128, the spatial resolution at the output of each
successive block is 64 x64, 32x32, 1616, and 8 x8 respectively. The dropout rate
applied after max-pooling in the convolutional blocks is set to 0.3, providing moder-
ate regularization of the spatial feature maps without overly suppressing useful feature
activations.

4.5.2 Global Average Pooling

Following the fourth convolutional block, a Global Average Pooling (GAP) layer com-
putes the spatial average of each feature map, reducing the 8x8x256 feature tensor
at the output of the convolutional extractor to a 1x256 feature vector. As described
in Chapter 2, GAP provides a parameter-efficient and regularizing bridge between the
convolutional backbone and the classification head, eliminating the large fully con-
nected transition layer that would otherwise be required and reducing the total param-
eter count substantially. The representations of internal features in the model are also
more interpretable with the use of GAP. since the components of the resulting vector
are all proportional to the globally averaged. activating a particular learned feature de-

tector, which may then be utilized to visualize. Grad-CAM and similar techniques[18].
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4.5.3 Fully Connected Classification Head

The classification head contains three fully connected (Dense) layers of 256, 128 and.
64 units respectively. Every layer is preceded by the batch normalization, the ReLU
activation, and. dropout of 0.5 to fully connected to has a higher rate 0.5 to offer good
regularization. layers, with the largest risk of overfitting because of the high param-
eter connectivity. The final output layer A layer of 4 units with a softmax activation
function gives an output. probability distribution of four stages of dementia (ND, VD,
MiD, MD). The predicted the argmax of this probability distribution is considered to
be the class of each input image.

4.5.4 Parameter Count and Efficiency Analysis

The overall amount of trainable parameters in the LW-DMNet architecture is about.
13.39 million. This is a significant simplification of the models compared to all. base-
lines of transfer learning that are present in the corresponding dementia classification
literature. A direct comparison of the count of trainable parameters in the models is
provided in Table 4.2 as will be reviewed in this study, which provides a clear frame-
work on which to evaluate the efficiency-accuracy. trade-off to which LW-DMNet is
optimized.

Table 4.2. Model Complexity Comparison: Trainable Parameters

Model Trainable Parameters
VGG16 (Transfer Learning) [9] ~138M
ResNet50 (Transfer Learning) [10] ~25M
EfficientNet (Transfer Learning) [13] ~20M
Proposed LW-DMNet 13.39M

Table 4.2shows that LW-DMNet has about 10 times fewer parameters. than VGG16,
about 1.9 times, and about 1.5 times, respectively, than ResNet50. fewer than Efficient-
Net. This is a parametric economy that is directly translated into decreased memory.
faster inference and training, fewer obstacles to deployment on, and requirements.
standard clinical hardware. The importance of this decrease is especially high. in
resource-limited health care settings - which are common in developing countries and

rural. healthcare facilities - in which the high-end GPU infrastructure might not exist.
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4.6 Training Strategy

The LW-DMNet is trained with the Adam optimization algorithm [8] wand a learning
rate of 1 x 10™* in the beginning. Adam is robust by combining the benefits of mo-
mentumbased gradient smoothing with adaptive per-parameter learning rates. to the
sparse gradient signals which may occur with training on medical imaging datasets.
with small samples per group. It uses the categorical cross-entropy loss as. the training
goal because it is the norm and theoretically highly motivated decision in. problems

with multi-class classification in which the output layer uses a softmax activation.

Early stopping is used based on the loss on validation with to prevent overfitting. a
patience of 5 epochs, i.e. the training is stopped in case the validation loss is not below
better in five successive epochs. This enables the model to train as long. as it is tak-
ing extra gradient steps without over-optimization of training data which causes poor
generalization. The highest training time is initialized with 40 epochs and 32-batch.
Possibly defined as dropout regularization, the section architecture, is used with rate
0.3 in the convolutional blocks and 0.5 in the fully connected layers. Random horizon-
tal flipping plus data augmentation, which involves random horizontal flipping. light
random rotations, is used in real-time in the course of training by the data generator
have every training epoch contain slightly different versions of the training images,

further minimizing the chance of memorization.

The following sections present the full experimental analysis of the LW-DMNet
model. This assessment includes quantitative performance measures that have been
achieved on the held-out test set and the visual diagnostic analyses that the confusion
matrix and give ROC-AUC curves. The results are discussed based on the entire set
of classification metrics accuracy and loss, AUC, Fl-score, precision, and recall, at
aggregate and perclass levels, to offer a detailed and clinically significant evaluation of

model performance.

4.7 Experimental Setup and Implementation Details

All experiments are implemented in Python 3.9 using the TensorFlow and Keras deep
learning libraries. Scikit-learn is employed for the implementation of the SMOTE-
Tomek resampling procedure and for the computation of per-class classification met-
rics. NumPy and Pandas are used for numerical data manipulation and performance
logging. All training is performed on a workstation equipped with an NVIDIA GPU
with adequate VRAM for the model and batch configuration described in Chapter 4.

The implementation is structured to be fully reproducible, with fixed random seeds ap-
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plied to NumPy, TensorFlow, and Python’s built-in random module prior to all stochas-
tic operations including data partitioning, weight initialization, and dropout sampling.

4.8 Overall Test Set Performance

The LW-DMNet model is evaluated on the held-out test partition of 640 images, which
retains the original class imbalance of the dataset (the 10% stratified split of each class).

Table 4.3 presents the aggregate performance metrics obtained on the test set.

Table 4.3. Overall Test Set Performance Metrics for LW-DMNet

Metric Value
Test Loss 0.0622
Test Accuracy 98.4375%
AUC 99.8035%

F1-Score (Macro-Averaged) 98.1906%
Precision (Macro-Averaged) 98.4375%
Recall (Macro-Averaged) 98.4375%

The results presented in Table 4.3 demonstrate that LW-DMNet achieves a high
level of overall classification performance on the held-out test set. The accuracy of
the test is 98.44%, which means that 630 of the 640 test images are correctly classi-
fied. The test loss is 0.0622, indicating that the model’s class probabilities are well
calibrated and the model is very confident in its predictions. It is worth noting that the
macro-averaged Fl-score of 98.19%, which calculates the F1-score for each class in-
dividually and then averages the scores without considering their sizes, is helpful when
considering class imbalance since the performance of minority classes are weighted the
same as the performance of majority classes in the average score. The AUC value of
99.80% further demonstrates that the rank ordering of class probabilities by the model

is very close to perfect for all four dementia stages.

4.9 Per-Class Classification Report

Table 4.4 presents the precision, recall, Fl-score, and support (number of test in-

stances) for each of the four dementia stages.
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Table 4.4. Per-Class Classification Report for LW-DMNet on the Test Set

Dementia Stage Precision Recall F1-Score Support
Very Mild-Demented (VD) 0.98 0.96 0.97 502
Non-Demented (ND) 0.98 0.97 0.97 519
Moderate-Demented (MD) 1.00 1.00 1.00 493
Mild-Demented (MiD) 0.99 1.00 0.99 534

The per-class results presented in Table 4.4 are of considerable clinical significance.
The model achieves an F1-score of 0.97 for both the Very Mild-Demented and Non-
Demented classes, 0.99 for the Mild-Demented class, and a perfect F1-score of 1.00 for
the Moderate-Demented class. The perfect precision and recall for the MD class is par-
ticularly noteworthy given that this class originally had only 64 training instances in the
full dataset before SMOTETomek resampling — representing only 51 samples in the
training partition. This result directly validates the effectiveness of the SMOTETomek
strategy: by generating high-quality synthetic minority-class instances and cleaning
the class boundary through Tomek Link removal, the model acquires sufficient and
well-structured training signal to achieve perfect discrimination of the most severe de-

mentia stage.

The slightly lower F1-scores for the VD (0.97) and ND (0.97) classes, relative to the
MiD and MD classes, are consistent with the expectation that the distinction between
Non-Demented individuals and those at the Very Mild-Demented stage is inherently
the most challenging discrimination in this task, as the structural MRI differences be-
tween these groups are typically subtle and may approach the threshold of detectabil-
ity even for expert clinicians. The model’s performance on this challenging pair of
classes nonetheless remains at the 97% F1-score level, confirming that LW-DMNet
has learned meaningfully discriminative representations even for the most borderline

inter-class distinction.
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4.10 Confusion Matrix Analysis

The confusion matrix provides a complete visual representation of the model’s classi-
fication behavior, displaying the number of correct and incorrect predictions for each
class as a function of the true class label. Figure 4.3 presents the confusion matrix
obtained on the test set.
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Figure 4.3. The LW-DMNet (Confusion Matrix) on the Held-Out Test Set. Consistently high
accuracy classification in all four dementia stages is shown by strong diagonal concentration.

The confusion matrix visually confirms the per-class performance reported in Ta-
ble 4.4. The dominant diagonal structure of the matrix — with the large majority of
predictions concentrated on the main diagonal — indicates that the model correctly
classifies the vast majority of test instances across all four classes. Off-diagonal en-
tries represent misclassification events and are predominantly confined to adjacently
severe classes (ND-VD and VD-MiD pairs), which is clinically coherent: it is con-
siderably more informative that a model confuses adjacent-severity stages than that
it confuses Non-Demented with Moderate-Demented, as adjacent misclassifications
reflect the genuine diagnostic uncertainty at clinical stage boundaries. The Moderate-

Demented class exhibits a fully clean diagonal row and column, confirming perfect
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discrimination of the most severe stage with zero misclassifications on the test set.

4.11 ROC-AUC Analysis

The Receiver Operating Characteristic (ROC) curve and the corresponding Area Under
the Curve (AUC) metric provide a threshold-independent measure of the model’s dis-
criminative power for each class in a one-versus-rest evaluation framework. An AUC
of 1.0 denotes perfect discrimination and an AUC of 0.5 denotes a performance at the
level of chance. Figure 4.4 presents the multi-class ROC-AUC curves for LW-DMNet.
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Figure 4.4. Multi-Class ROC-AUC Curves for LW-DMNet.

The ROC-AUC curves demonstrate that LW-DMNet achieves AUC values close to
1.0 for all four dementia stages, with a macro-average AUC of 0.998. This near-perfect
discriminative ability across all classes confirms that the model’s learned representa-
tions are highly separable in probability space — that is, for any given threshold on the
predicted class probability, the model produces high true positive rates with very low
false positive rates across all dementia stages. The consistent near-perfect AUC val-
ues across all classes, including the originally minority classes, further corroborate the
effectiveness of the SMOTETomek rebalancing strategy in producing unbiased model

training.

4.12 Comparative Analysis with State-of-the-Art

Table 4.5 presents a direct comparison of LW-DMNet’s performance against the con-
temporary competing approaches reviewed in Chapter 3, along with their respective

parameter counts to enable explicit assessment of the efficiency-accuracy trade-off.

The comparative analysis presented in Table 4.5 establishes the position of LW-
DMNet within the state of the art. With a test accuracy of 98.44%, LW-DMNet
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Table 4.5. This is a comprehensive comparison of LW-DMNet with the state-of-the-art
dementia. Classification Models.

Study Model Contribution Limitation Acc. Params
Hajamohideen Siamese CNN Contrastive loss High params; 93.85% ~138M
et al. [9] (VGG16) learning no input valida-

tion
Moni et al. TL Ensemble Multi-source High compute; 98.35% ~25M+
[10] feature enrich- overfitting risk

ment

Nguyen et al. 3D Feature Fu- Volumetric spa- Heavy com- 80.60%  Large
[12] sion tial modeling pute; lower

accuracy
Bekhet et al. VGG19 + 1D Multi-path Heavy  back- 92.20% ~138M
[11] CNN learning bone; needs

metadata
Ntampakis et Tri-model 3D 3D ensemble Computationally 94.12% ~20M+
al. [13] modeling prohibitive
Mohammed et CNN Classifier  Efficient ~AD Depth-cost 94.80% N/R
al. [14] classification trade-off
LW-DMNet Custom CNN Lightweight + 2D only 98.44% 13.39M

SMOTETomek
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marginally outperforms all competing approaches except the ensemble approach of
Moni et al. [10], which reports 98.35% accuracy but requires a multi-model ensem-
ble with substantially greater computational overhead. Critically, LW-DMNet achieves
this performance with only 13.39 million parameters — fewer than all other models
in the comparison by a factor ranging from 1.5 to approximately 10.3 — demonstrat-
ing that the proposed task-specific architecture provides a highly favorable trade-off
between computational efficiency and diagnostic accuracy that is unmatched by any

competing approach in the reviewed literature.

The comparison also highlights that the two approaches with comparable accuracy
to LW-DMNet (Moni et al. at 98.35%) either involve significantly more complex
training pipelines (multi-model ensembles, multi-site data, higher parameter counts)
or are otherwise not competitive on the same dataset. All single-model, single-dataset
approaches in the comparison achieve substantially lower accuracy than LW-DMNet,
confirming that the combination of purpose-built lightweight architecture and SMOTE-
Tomek resampling is particularly effective for this specific task.
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CHAPTER 5

DISCUSSION AND ANALYSIS

This chapter critically interprets the findings of the experiment in. Chapter 5, which
places the results into context of their wider clinical and technical context. The discus-
sion covers the practice implications of the performance characteristics of the model,
the particular clinical importance of balanced performance in all dementia. stages, lim-
itations of the current study, and the avenues that can be pursued by the potential ones

weaknesses will be identified and dealt with in the future.

5.1 Interpretation of Performance Results

The aggregate test accuracy (98.44) and macro-averaged F1-score (98.19) obtained by
The LW-DMNet on the held-out test partition are strong performance on the bench-
mark dataset. Nevertheless, aggregate measures cannot be used to describe the clinical
the usefulness of a model of staging dementia, and the per-class decomposition is the
most obvious discovers the practical value of the model. The stable Fl-scores be-
tween 0.97 and 1.00 in all four stages of dementia that LW-DMNet is not optimized on
majority-class performance at the expense of minorityclass performance - a potentially
fatal difference, compared to several earlier methods which have high overall accuracy
based on biased classification conduct towards the Non-Demented majority class.

The perfect precision and recall value (1.00) of the Moderate-Demented class is
particularly consequential. This is the most advanced type of dementia. with most
significant effect on care planning and resource allocation, which first consisted of only
64 examples in the total data and about 51 examples in the training set. That despite this
the model attains perfect discrimination of this class on the test set. The gross under-
representation of the raw data is a direct and strong validation of the SMOTETomek
resampling plan. It shows that synthetic oversampling in combination with boundary
cleaning can produce adequate training signal to have a tiny seed of actual minority-

class examples so that it can be generalized.

The slightly reduced F1-scores for the VD (0.97) and ND (0.97) classes relative to
MiD (0.99) and MD (1.00) deserve specific interpretive attention. The VD-ND confu-
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sion pair represents the most clinically challenging distinction in the dementia staging
task, as individuals in the Very Mild-Demented stage (corresponding clinically to Mild
Cognitive Impairment) exhibit only subtle neuroimaging differences from cognitively
normal individuals. The degree of hippocampal volume loss and cortical thinning in
MCl is often within the range of normal aging variation and may fall below the visual
detection threshold even for experienced clinicians. The fact that LW-DMNet achieves
97% F1-score on this borderline distinction — without using any auxiliary biomark-
ers, clinical metadata, or longitudinal data — underscores the quality of the feature

representations learned by the architecture.

5.2 Architectural Efficiency and Its Clinical Implications

The parameter efficiency of LW-DMNet has implications that extend well beyond
the computational metrics themselves. In the broader landscape of healthcare Al de-
ployment, particularly in lower-middle income countries and rural healthcare settings
where the global burden of dementia is expected to grow most rapidly, the availabil-
ity of diagnostic support tools is severely constrained by computational infrastruc-
ture. High-performance GPU systems required to run large transfer learning models
— VGG16 requires substantial GPU memory for inference with its 138 million param-
eters — are not accessible in most of the world’s healthcare facilities.

LW-DMNet’s 13.39 million parameters enables it to be loaded and executed on
standard CPU-based clinical workstations, and with modest hardware optimization, to
be deployed on edge devices.This is not just a technical convenience but a real facilita-
tor of fair access to Al-based diagnosis of dementia. The vision of the implementation
of automated neuroimaging analysis tools in South Asian primary care facilities, sub-
Saharan Africa, or rural Latin America - where MRI scanners are becoming more
common, and neuroimaging experts are few - needs model architectures capable of
be computationally bounded by those environments. The efficiency properties of LW-
DMNet make it a more realistic choice to such deployment than the large transfer
learning models taking over the literature.

Moreover, the less training time due to the lighter architecture of LW-DMNet. is
useful in practice to improve and customize models. Clinicians or medical Al teams in
resource-limited settings who wish to fine-tune or retrain the model on locally acquired
patient data can do so with substantially less computational time and cost than would be
required for VGG16-scale models, facilitating the development of institution-specific
or population-adapted diagnostic models.
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5.3 Significance of SMOTETomek in Addressing Clinical Data Real-
ities

The systematic under-representation of advanced dementia stages in neuroimaging
datasets is not an artifact of poor data curation but a reflection of the actual clinical
prevalence distribution. In any population-level screening program or hospital-based
cohort, mild and moderate dementia cases will always constitute a small fraction of the
total data relative to cognitively normal and very mild cases. Consequently, the class
imbalance challenge addressed in this work is not specific to the Kaggle dataset but is

endemic to the domain of dementia neuroimaging research.

The effectiveness of SMOTETomek in achieving unbiased and strong performance
across all four dementia stages in LW-DMNet suggests that this resampling strategy,
or closely related hybrid variants, should be considered as a standard component of
the data preparation pipeline for any deep learning system aimed at multi-class de-
mentia staging, particularly in applications where the target clinical deployment will
involve screening populations with expected stage distributions that mirror the real-
world prevalence asymmetry. The application of SMOTETomek exclusively to the
training partition — with validation and test sets deliberately retained in their original
imbalanced form — is a methodologically important design choice that ensures the

fairness and realism of the performance evaluation reported in this thesis.

5.4 Limitations of the Present Study

Several limitations of the present work must be acknowledged in the interest of method-
ological transparency. The most significant limitation is the restriction of the evalua-
tion to a single publicly available dataset. While the Kaggle Alzheimer’s MRI Dataset
is widely used in the literature and provides a useful benchmark, it was acquired un-
der relatively controlled research conditions, with preprocessing steps (skull stripping,
slice selection) that may differ from those applied in routine clinical practice. The
model’s performance on truly raw, unpreprocessed MRI data from diverse clinical

scanners and acquisition protocols remains to be evaluated.

A second limitation is the two-dimensional slice-based operation of LW-DMNet.
While 2D coronal slices provide the diagnostically most informative view of medial
temporal lobe structures, they sacrifice the full three-dimensional spatial context of
brain atrophy. A three-dimensional CNN operating on full MRI volumes could in
principle capture volumetric atrophy patterns, spatial gradients of cortical thinning,

and bilateral asymmetry in hippocampal atrophy that are not fully represented in any
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single coronal slice. The transition to volumetric analysis is identified as the primary
architectural direction for future work, subject to the availability of adequate compu-

tational resources and larger annotated three-dimensional datasets.

A third limitation is the absence of interpretability components in the current archi-
tecture. While LW-DMNet achieves strong discriminative performance, the internal
basis for its predictions — specifically, the image regions that drive its stage classifi-
cations — is not explicitly visualized or validated in the present work. The integration
of gradient-based visualization techniques such as Grad-CAM [18] and LIME-based
explanation tools [19] would enable the model’s predictions to be accompanied by
saliency maps highlighting the specific brain regions that most strongly influenced the
classification decision. Such explainability components are increasingly recognized as
essential requirements for the clinical adoption of Al diagnostic tools, where clinicians

must be able to assess and trust the basis of Al-generated recommendations.

A fourth limitation is the absence of external validation on independent datasets ac-
quired at different clinical sites, with different scanner makes and models, and with dif-
ferent patient demographics. Inter-site variability in MRI acquisition protocols (field
strength, sequence parameters, voxel resolution) can substantially affect the appear-
ance of brain structures in MRI images, and a model that achieves near-perfect per-
formance on a single dataset may exhibit significant performance degradation when
applied to data from different acquisition environments. Prospective external vali-
dation is therefore an essential step before any clinical deployment of the proposed

framework.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

This thesis has presented LW-DMNet (LightWeight Dementia MRI Network), a parameter-
efficient and clinically practical deep learning framework for the automated classifica-
tion of dementia stages from coronal T1-weighted brain MRI images. The central
motivation for this work was the recognition of two critical and interconnected limita-
tions in the prevailing literature on DL-based dementia staging: the systematic over-
reliance on computationally expensive transfer learning architectures that are over-
parameterized for the specific requirements of coronal brain MRI analysis, and the
inadequate handling of the severe class imbalance that characterizes standard demen-

tia neuroimaging datasets.

LW-DMNet was designed from first principles as a custom CNN architecture specif-
ically tailored for the feature extraction requirements of coronal brain MRI, without
any reliance on pre-trained weights or transfer learning components. The architecture
employs four sequential convolutional blocks with progressive filter depth from 32 to
256 channels, followed by global average pooling and a three-layer fully connected
classification head, achieving a total of 13.39 million trainable parameters. This rep-
resents a reduction of approximately 90% relative to VGG16 and approximately 47%
relative to ResNet50, two of the most widely used transfer learning backbones in the
dementia classification literature, while maintaining or exceeding their reported diag-

nostic performance.

To address the class imbalance problem, the SMOTETomek hybrid resampling tech-
nique was applied exclusively to the training partition, generating synthetic minority-
class instances through SMOTE interpolation and cleaning the class boundary through
Tomek Link removal. The resulting balanced training distribution enabled the model
to learn well-structured and unbiased decision boundaries for all four dementia stages,
including the critically under-represented Moderate-Demented class, which had only

64 original instances in the full dataset.
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The experimental evaluation on the held-out test partition of the Kaggle Alzheimer’s
MRI Dataset demonstrated that LW-DMNet achieves a test accuracy of 98.44% and a
macro-averaged F1-score of 98.19%, with perfect precision and recall (1.00) for the
Moderate-Demented class and Fl-scores of 0.97-0.99 for the remaining stages. A
macro-average AUC of 0.998 across all four classes confirms the model’s near-perfect
discriminative capability in probability space. These results position LW-DMNet as
a computationally optimal and clinically meaningful solution for neuroimaging-based
dementia staging: it matches or outperforms all single-model competing approaches in
the literature while doing so with a parameter footprint that is 1.5 to 10 times smaller
than those of competing models, making it a genuinely practical candidate for deploy-

ment in resource-constrained clinical environments.

The wider meaning of this work is that it proves that the dominant one. large-scale
transfer learning paradigm is not a prerequisite to high-accuracy medical image classi-
fication. Domain specific architectures: These are designed purposefully and carefully
to fit the needs of a specific feature extraction of a specific medical imaging task is
able to perform the same or better with vastly lower computational burdens. This
observation directly relates to the design of fair, available, and implementable Al diag-
nostic tools in health care facilities worldwide, especially in the developing world that
is experiencing the quickest and most rapid dementia growth rate and computational

resources are limited the most.

6.2 Future Work

The research work provided in this thesis leaves a number of encouraging avenues to
research in future that can be used to expand and bolster the LW-DMNet architecture.
External validation on independent multi-site datasets is the most significant direction
in the nearterm. To establish the how well LW-DMNet can be generalized outside of
the Kaggle benchmark, future research should test the model on existing large-scale
neuroimaging archives like ADNI (Alzheimer’s Disease Neuroimaging Initiative) and
OASIS (Open Access Series of Imaging Studies), that offer MRI data collected in a va-
riety of clinical locations using various scanners and patient demographics. This type
of cross-dataset assessment is a prerequisite to any pathway to regulatory acceptance

and clinical implementation.

The second important direction is the incorporation of the elements of Explain-
able AI (XAI) to promote the clinical transparency and credibility of model predic-
tions. The application of gradient-weighted class activation mapping (Grad-CAM)[18]

would make the implementation of the latter possible computation of spatial saliency
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maps indicating the particular brain regions that contribute to each stage classification,
which enables clinicians to confirm that the model decisions are based on anatomical

basis.

A third direction is the transition to three-dimensional volumetric analysis. As dis-
cussed in Chapter 6, the current 2D slice-based operation of LW-DMNet, while com-
putationally efficient, does not fully exploit the volumetric nature of brain atrophy in
dementia. Extending the architecture to operate on full 3D MRI volumes through the
adoption of 3D convolutional operations — while preserving the parametric efficiency
philosophy that distinguishes LW-DMNet from existing 3D approaches — represents

a significant architectural research challenge with potentially high diagnostic reward.

PET scanning sees amyloid and tau load, and neuropsychological measurements
measure cognitive performance in various areas. The next beta release will be v1.6.4.
LW-DMNet architecture can be generalized to handle multimodal input by having indi-
vidual paths of feature extraction that are combined at the feature representation stage,

reflective of the multimodal diagnostic process of clinical dementia assessment.

The fifth direction is model compression and edge deployment. While LW-DMNet’s
13.39 million parameters already are a major efficiency gain over transfer. baseline
learning, additional compression by methods like weight pruning, quantization, and
knowledge distillation might make the model small enough to run on mobile devices
or on edge computing devices. This would allow point-of-care without needing con-
nectivity to centralized GPU servers, and neuroimaging analysis without the need to
connect to centralized computers direct implications on increasing diagnostic access

in remote and resource-constrained healthcare settings.

Lastly, longitudinal analysis capabilities need to be investigated in future studies.
Dementia is itself a progressive disease, and a model that can study serial MRI ac-
quisitions of a patient with age changes over time - following the course of brain
atrophy and forecasting the rate of transition through the clinical stages would give
significantly — more clinical utility than a cross sectional classifier. The combination
of recurrent neural The longitudinal MRI sequences are modeled by attention-based
temporal modeling into the LW-DMNet framework, which is a clinically relevant ex-
tension of network components that can be well covered by near term deep learning

research.
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