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ABSTRACT

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that requires early
and reliable diagnosis, especially in low-resource settings. This study proposes an
explainable deep learning framework for multi-class classification of AD stages from
MRI brain images. A publicly available four-class Mendeley MRI dataset (Non-
Demented, Very Mild, Mild, and Moderate-Demented) was preprocessed through
resizing, normalization, augmentation, and an 80/10/10 train—validation—test split. Four
transfer learning models GoogLeNet, DenseNet121, ResNet101, and VGG16 were fine-
tuned using the Adam optimizer and evaluated with accuracy, precision, recall, F1-score,
AUC, and mean categorical hinge loss. Among all architectures, GoogLeNet achieved
the best performance with 0.98 accuracy, macro-F1 of 0.98, AUC of 1.00, and the lowest
hinge loss (0.048), clearly outperforming the other models. Explainable Al techniques,
Grad-CAM and LIME, were applied to highlight discriminative brain regions,
consistently focusing on clinically relevant structures such as the hippocampus, temporal
lobe, and ventricles. These pictorial elucidations uphold the clinical suitability of the
model’s decisions. All in all, the suggested GoogLeNet based architecture is a mixture of
high strong interpretable diagnostic accuracy, proving that it can be a assistance screening
device in MRI-based AD detection under data constrained clinical.

such environments as Bangladesh.

Keywords: ResNet, GoogleNet, DenseNet, Alzheimer’s disease, explainable Al.
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INTRODUCTION

1.1  Background of the Study

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that gradually
destroys memory, cognitive function, and independence, and is the most common cause
of dementia worldwide[1], [2]. Globally, more than tens of millions of people live with
dementia, and this number is projected to rise sharply as populations age, creating a major
health, social, and economic burden. In countries with low and middle income levels,
health systems often lack specialized services, neuroimaging facilities, and national
dementia policies, which widens the gap in early detection and care[3]. Bangladesh is
undergoing rapid demographic aging, with an increasing number of older adults and an
estimated dementia burden already in the millions, yet public awareness remains low,
specialist care is concentrated in urban centers, and formal Alzheimer’s services are
scarce[4],[5]. Many patients are diagnosed late or remain undiagnosed, and their
symptoms are often attributed to “normal aging,” which increases caregiver stress and
delays appropriate management[6]. Financial constraints, stigma, and limited trained
manpower further restrict access to comprehensive dementia services in the
country[7],[8]. At the same time, advances in Al, especially DL and TL applied to MRI
brain images, offer new opportunities for earlier, more objective, and more scalable
diagnosis. Explainable Al techniques such as Grad-CAM and LIME can further help
clinicians trust and understand model decisions, making Al-based tools particularly

attractive for resource-constrained settings like Bangladesh[9],[10].
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1.2 Problem Statement

Although the problem of AD is increasing both globally and in Bangladesh, the disease
Is challenging to diagnose at an early and reliable stage. Traditional diagnosis is based on
the expert interpretation of neuroimaging, neuropsychological tests, and clinical
judgments which may be time-consuming, subjective and very reliant on the presence of
the specialists. These problems are compounded by the lack of access to neurologists,
neuroimaging centers, and formal memory clinics in rural areas, particularly not in big
cities. In recent research, it was demonstrated that deep learning models (with transfer
learning, especially CNN are highly accurate in classifying AD based on MRI data.
Nevertheless, most current models are trained using Western-centric data, and are not
strictly tested in multi-class scenarios, and are typically black boxes with no clear
description of their predictions at all. Such inability to be interpreted and contextually
validated restricts clinical trust and adoption, particularly within low-resource settings.

It is thus urgently needed that an explainable, high-performing, and

computationally efficient deep learning architecture to multi-class AD staging with the
ability to run on publicly available MRI data and be scaled to the Bangladeshi healthcare

setting.
1.3 Aim and Objectives

Aim
This study will primarily aim to design and test an explainable deep learning system,
using transfer learning structures, to classify the stages of AD accurately, interpretably
and computationally efficiently using MRI images of the brain, with a view to potentially
use them in resource limited environments, like Bangladesh.
Specific Objectives
To achieve this aim, the study pursues the following objectives:

1. To collect, pre-process, and utilize a large and balanced four-class MRI dataset

from the Mendeley Data repository for AD classification.
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2. To implement and compare four transfer learning architectures: GoogLeNet,
DenseNet121, ResNet101, and VGG16 under consistent pre-processing, training,
and evaluation settings.

3. To evaluate each model using key performance metrics, including accuracy,
precision, recall, F1-score, AUC, and mean categorical hinge loss.

4. To apply explainable Al techniques, specifically Grad-CAM and LIME, to
visualize model attention regions and enhance the interpretability of MRI-based
predictions.

5. To identify the model that offers the best trade-off between diagnostic accuracy,
computational efficiency, and clinical transparency for potential use in real-world

healthcare environments, particularly in Bangladesh.

1.4  Research Scope

The study targets structural MRI brain images in the multi-classification of the Alzheimer
disease into four levels, Non-Demented, Very Mild Demented, Mild Demented, and
Moderate Demented. The experiment applies an openly available, labelled MRI set of
Mendeley Data, which has original and augmented images available sorted by disease
stage. The dataset is partitioned into training, validation, and test subsets following an
80:10:10 split, and image preprocessing includes resizing, normalization, and

augmentation.

On the modelling side, the scope is limited to four widely used transfer learning
architectures: GoogleNet, DenseNet-121, ResNet-101, and VGG-16, all implemented in
a 2D CNN framework. The models are fine-tuned using the Adam optimizer and
evaluated via standard classification metrics and mean categorical hinge loss.
Explainability is addressed through Grad-CAM and LIME visualizations of model
decisions. The study does not include other imaging modalities (e.g., PET, fMRI), non-
imaging clinical data, or longitudinal progression modelling, and it does not propose any

treatment or intervention strategies.

3 ©Daffodil International University



15 Research Contribution

This study makes several present to the fields of medical imaging, artificial intelligence,
and explainable DL for AD. First, it provides a Systematic and fair comparison of four
popular transfer learning architectures—GoogLeNet, DenseNet121, ResNet101, and
VGG16—using the same dataset, pre-processing pipeline, training protocol, and
evaluation metrics, thereby establishing reproducible benchmarks for four-class AD

classification from MRI.

Second, the study proposes a GooglLeNet-based framework that achieves high diagnostic
performance, including very high accuracy, macro-F1, and AUC, while maintaining
relatively low mean categorical hinge loss, demonstrating strong margin separation
between AD stages. Third, it integrates explainable Al techniques, Grad-CAM and
LIME, to generate complementary visual explanations that highlight clinically relevant
brain regions such as the hippocampus, temporal lobe, and ventricles. This strengthens

the clinical plausibility of model decisions and supports trust in Al-assisted diagnosis.

Finally, the work situates these technical findings within the context of Bangladesh and
other low-resource settings, emphasizing the potential of transfer learning and
explainable Al to support early AD screening where specialist availability and
infrastructure are limited. By focusing on publicly accessible data and computationally
feasible architectures, the thesis contributes a practical and adaptable framework that can
inform future implementations and policy discussions on Al-driven dementia care in

developing countri
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1.6 Structure of the Thesis

This study is structured into five principal chapters. The first chapter introduces the
background of AD, outlines the research problem, defines the study’s aims and
objectives, describes the scope of the work, highlights the research contributions, and
provides an overview of the overall organization of the thesis.It introduces the motivation
for using deep learning and explainable Al, and explains why this research is important,
especially for a resource-limited context like Bangladesh.

Chapter 2 reviews previous work related to AD diagnosis using MRI, DL, TL, and XAl.
It summarizes key papers, highlights their main findings and reported performance
values, and identifies existing gaps and limitations in the literature. This chapter shows

how the present study is related to earlier research and where it offers something new.

Chapter 3 shows the methodology used in the study. It explains the dataset and pre-
processing steps, the train—validation—test splitting strategy, and the design of the transfer
learning models (GoogLeNet, DenseNet121, ResNet101, VGGL16). It also presents the
training setup, the evaluation metrics (Accuracy, F1-Score, AUC, hinge loss), and the use
of Grad-CAM and LIME for model explanation.

Chapter 4 reports and discusses the experimental results, including quantitative
performance of each model, confusion matrices, ROC curves, hinge loss behavior, and
visual explanations. It compares the models, identifies the best-performing architecture,
and discusses the implications in the Bangladesh context. Chapter 5 then provides an
overview of the study, summarizes the main conclusions, states the limitations, and
suggests directions for future work and possible real-world application of the proposed

framework.
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LITERATURE REVIEW

1.7 Overview

AD is a gradually neurodegenerative disorder where early and accurate diagnosis is
essential for proper management and planning. Neuroimaging, especially MRI and PET,
is widely used to detect structural and functional changes in the brain related to different
stages of the disease. Earlier computer-aided systems mainly depended on handcrafted
features and traditional classifiers, which required expert knowledge and complex pre-
processing. With the development of DL, researchers have shifted toward CNN, residual
architectures, transformers, and graph-based models, often supported by transfer learning
from large-scale image datasets. Recently, there has also been growing interest in
explainable Al, where visual interpretation methods are used so that model decisions

become more transparent and clinically acceptable.
1.8  Previous Work

One study used an ensemble of DCNN on the OASIS structural MRI dataset to classify
four dementia stages (non-demented, very mild, mild, moderate). The model combined
several CNN branches with dense connectivity and cost-sensitive training to handle class
imbalance. The final ensemble achieved about 93% accuracy, with average precision and
recall around 94% and 93%, respectively, showing that deep ensembles can work well
even with limited data[11] .

Another work designed a 3D CNN classifier on the ADNI MRI dataset to separate AD,
mild cognitive impairment, and healthy controls. After careful pre-processing and slice
selection, the network reached about 94.97% Accuracy for AD vs. normal and 91.98%
accuracy for AD vs. MCI, outperforming traditional machine learning baselines. These

results highlight the benefit of 3D feature learning for subtle brain changes[12].

A lightweight densely connected CNN focusing on hippocampal patches was proposed

to reduce model size while keeping good performance. By using dense connections, filter
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sharing and patch-based input, the improved DenseCNN2 model achieved an accuracy
of about 92.5%, sensitivity around 88.2%, specificity near 95%, and AUC close to 97.9%
on structural MRI. This indicates that concentrating on key regions like the hippocampus
can still give strong diagnostic power with fewer parameters[13].

Multimodal fusion has also been explored using both MRI and FDG-PET. One method
created a new GM-PET modality by fusing gray-matter information from MRI and PET,
then trained 3D CNNs on this composite image. For AD vs. normal classification, the
proposed image fusion framework reached about 94.1% accuracy, with sensitivity around
92-93% and specificity around 94-95%, consistently outperforming single-modality
MRI or PET and simple feature-level fusion[14], [15].

A recent multi-modal approach combined 3D MRI and amyloid PET in a dual-branch
CNN where features are fused before classification. On the OASIS-3 dataset, a 3D MRI-
only model achieved roughly 91.7% Accuracy, while the MRI+PET fusion model
improved performance to about 95% Accuracy, 93.3% Sensitivity, 96.7% Specificity,
and 93% AUC. The authors also used Grad-CAM to show that the model focuses on
temporal and parietal regions linked to Alzheimer’s pathology[16].

Another structural MRI study developed a multistage, 26-layer CNN to both detect
dementia and identify its severity. The network combined residual and dense connections
and was trained on OASIS and ADNI data. It reported around 98.2% accuracy for binary
dementia detection and about 99.7% Accuracy for subclassifying dementia stages, and
even achieved 100% accuracy on a smaller independent dementia cohort, indicating a

very strong fit to the available datasets[17].

There are also works that focus on multi-class CNNs using 3D MRI but implemented as
2D networks for efficiency. One such model used a 2D deep CNN fed with slices from
3D volumes and reported about 99.9% accuracy for three-class Alzheimer’s stage
classification, showing how careful pre-processing and architecture design can push
performance close to perfect on benchmark data. However, such very high numbers may

not directly transfer to more diverse, real-world clinical populations[18].

Another paper used a DenseNet-201 transfer learning model on a five-class Alzheimer’s
MRI dataset (non-demented, very mild, mild, moderate, severe). After pre-processing
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and heavy data augmentation, the model reached an average Accuracy of about 98.24%,
with per-class accuracies often above 95% and an AUC around 97.36%. These results
show that deep transfer learning on DenseNet-201 can give very strong multi-class
performance for dementia staging[19], [20].

A recent hybrid DL study combined a ResNet50 CNN branch with a Vision Transformer
branch using an adaptive feature fusion layer for multi-stage Alzheimer’s classification
from T1-weighted MRI. On the AD5C dataset (five classes), the hybrid model achieved
around 99.42% Accuracy, with Precision about 99.55%, Recall 99.46%, and F1-Score
99.50%, outperforming earlier single-model baselines. The work showed that
dynamically fusing local CNN features and global transformer features can significantly

boost stage-wise classification accuracy[21].
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METHODOLOGY

19 Introduction

In this study, we aim to detect AD using DL models. The workflow begins with the
collection of the Alzheimers disease dataset from Mendeley, which contains images of
infected and non-infected individuals from different villages in Bangladesh. The images
are preprocessed using normalization, resizing, batching, caching, and prefetching to
ensure uniformity and efficient training. We then apply both standard pre-trained
convolutional neural network architectures, including VGG16, DenseNet121, and
ResNet101, as well as a Customized GoogleNet model designed specifically for this
classification task. The models are trained and evaluated using performance metrics such
as accuracy, precision, recall, F1-score, and ROC-AUC. Furthermore, explainable Al
techniques, including Grad-CAM and LIME, are employed to visualize and interpret the
regions of the images that influence the model’s predictions, ensuring transparency and
reliability of the classification. As shown in Figure 1, the proposed architecture design
consists of dataset collection, preprocessing, model training using pre-trained and
customized CNN models, and evaluation using performance metrics and explainable Al

techniques.
1.9.1 Dataset Description

The proposed research was used the AD MRI Dataset that is available in Mendeley Data
Repository that is publicly accessible. Kaggle Data has been an effective open-source
research platform, hosted by Kaggle, that is aimed at the sharing and conservation of
scientific datasets across all fields. It guarantees the transparency and reproducibility of
data and their accessibility in the long-term by assigning Digital Object Identifiers (DOISs)
to every dataset to enable them to be duly referenced and validated. The data on the AD
employed in the present study was chosen in Mendeley because it is authentic, well
labelled, big in size and openly available, therefore, it is very practical in DL based

medical image analysis.

9 ©Daffodil International University



The dataset contains a large set of magnetic resonance images (MRI) of human brains,

which were divided into four different classes, corresponding to certain phases of the

development of the AD:

Non-Demented - This is a healthy subject group that does not show any apparent
cognitive deficits or structural abnormalities in brain tissue.

Very Mild Demented- Refers to the initial, subtle signs of cognitive impairment
with slight shrinkage of the hippocampal and slight cortical thinning.

Mild Demented - Is characterised by observable structural abnormalities, with
increased atrophy of the hippocampal as well as enlarged ventricles.

Moderate Demented - Appearing in the later stages with a severe cortical atrophy,

high tissue loss and a severally enlarged ventricles.

The data is separated into two major folders:

Original Images - these are the original MRI scans that are to be used primarily
in validation and testing to see generalisation through testing on unseen data.

Augmented Images - incorporating artificially enriched samples generated with
the use of augmentation methods, i.e., rotation, flipping, scaling, and adjustment
of brightness to enhance robustness and deal with the problem of class imbalance.

Overall, the dataset has about 40,000 MRI images in each of the four classes and,

therefore, it has balanced representation, which is conducive to effective training and

testing. It is also enabled by the fact that it incorporates both the training and testing

subsets that allow the full assessment of model accuracy and generalisability.

Error! Reference source not found. shows examples of MRI of each of the four classes

and visually depicts how the brain structure degenerates with the advancement of the

disease. The images emphasize the change in distinct cortical structures of healthy

individuals to massive cortical atrophy and ventricular fibrillation in moderate cases of

dementia, which stresses the validity of the dataset in terms of the ability to determine

disease progression patterns.

10
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Mild Demented Modcrate Demented

Non Demented Very Mild Demented

Figure 1 Sample MRI Images Representing Different Stages of Alzheimer’s
Disease

1.9.2 Proposed Framework

This flowchart, presented in Error! Reference source not found., illustrates the complete
methodological pipeline used in this study, beginning with Alzheimer MRI data
acquisition followed by preprocessing steps such as normalization, resizing, batching,
caching, prefetching, and augmentation. The dataset is divided into three subsets like
training, validation, and testing. Multiple transfer learning models (DenseNetl121,
VGG16, ResNet101, and a customized GoogLeNet) are evaluated using Accuracy,
Precision, Recall, Test-Loss, and AUC. The best-performing model is then interpreted

using explainable Al techniques, including LIME and Grad-CAM.
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+ Training data 80%
Labels * Validation data 10%
* Test data 10%

Alzheimer MRI Dataset

* Normalization
* Resizing

* Batching

* Caching

* Prefetching

* Augmentation

* Accuracy
Choosing the model * Precision
with highest » Recall
performance * Test loss
* AUC Score

* DenseNet121

* VGGI16

* ResNetl01

* Customized GoogleNet

Appling explainable Al
technique for model
interpretation

Figure 2 Workflow of the Proposed AD Classification Framework

1.9.3 Data Preprocessing

The dataset were initially of varying sizes, so all images were resized to a uniform
dimension of 224 x 224 pixels. Several preprocessing techniques were applied to

improve model training and convergence.
1.9.3.1 Normalization (Scaling Pixel Values)

The pixel values of all input images were normalized to the range [0,1] by dividing each

pixel intensity by 255:

where x represents the original pixel intensity, and x’ is the normalized value. This
ensures that the neural network receives inputs on a consistent scale, improving
convergence speed, training stability, and reducing numerical instability during gradient

updates.
1.9.3.2 Resizing

All images were resized to 224 x 224 pixels using bilinear interpolation to maintain image
quality. Resizing ensures uniformity across the dataset, enables efficient batch
processing, and maintains compatibility with pretrained network weights[22].
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1.9.3.3 Batching

The dataset was divided into mini-batches of size 32. Batching allows the model to
process multiple images in parallel, maximizing GPU utilization while keeping memory
requirements manageable. Additionally, batching stabilizes gradient estimates during

optimization, leading to smoother and faster convergence[23].
1.9.3.4 Caching

To reduce preprocessing overhead, the preprocessed dataset was cached in memory. This
stores already-processed images, preventing repeated transformations in subsequent

epochs and improving training efficiency[24].
1.9.35 Prefetching

Prefetching was employed to overlap data loading and model execution. While the GPU
processes one batch, the next batch is prepared in the background, reducing idle GPU
time. TensorFlow’s AUTOTUNE feature was used to automatically determine the
optimal prefetch buffer size[25].

Table 1 Model Training Parameters

Parameter /Technique Value /Range
Image input shape 224%224%3
Number of classes 4

Batch size 32
Number of epochs 30
Train-Test: Validation split 80:10:10
Optimizer Adam
Learning rate 0.001
Dropout rate 0.3
Early stopping criterion Validation accuracy
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1.9.4 Data Split

The dataset was partitioned into three subsets to ensure robust model evaluation and to
mitigate overfitting. Specifically, 80% of the data was allocated for training, 10% for
validation, and the remaining 10% for testing. Data augmentation techniques, including
random rotation, horizontal and vertical flipping, and scaling, were applied exclusively
to the training images to improve the model’s ability to generalize and adapt to variations
in input data. In contrast, the validation and test sets were left unaltered to ensure an
unbiased assessment of the model’s performance. This configuration allows the model to
learn discriminative and generalizable feature representations while ensuring reliable

evaluation on unseen data[26].
1.9.5 Transfer Learning Models
1.95.1 Customized GoogleNet

In this study, a customized version of the GoogLeNet (Inception v1) architecture was
implemented using TensorFlow to classify MRI brain images into four categories of AD:
Non-Demented, Very Mild-Demented, Mild-Demented, and Moderate-Demented. The
network begins with a 7x7 convolutional layer (64 filters, stride 2) followed by 3x3 max
pooling and batch normalization to normalize feature activations. Subsequent
convolutional layers with 64 and 192 filters further refine low-level representations
before entering the core Inception modules. The Inception structure consists of parallel
1x1, 3x3, and 5x5 convolutional paths alongside a max-pooling branch, all concatenated
to capture both local and global spatial features efficiently. Dimensionality reduction is
achieved using 1x1 convolution preceding higher-dimensional operations, minimizing

computational complexity[27].

Multiple stacked Inception modules progressively increase feature depth while reducing
spatial resolution through intermediate max-pooling layers. The final feature maps are
processed by a Global Average Pooling layer to replace dense connections, followed by
a Dropout layer (rate = 0.4) to prevent overfitting. A Dense output layer with softmax

activation produces the final four-class prediction. The model was trained using the Adam
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optimizer with a learning rate of 0.0001, employing sparse categorical cross-entropy loss
over 30 epochs. This configuration ensures a balanced trade-off between convergence

speed and generalization[28].
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Figure 3 Architectural Overview of the Customized GooglLeNet Model
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1.95.2 DenseNetl21

A deep convolutional neural network architecture that was introduced by Hasan et al.
(2021) and is known as DenseNet-121 (Dense Convolutional Network) is an effective
way of solving the vanishing gradient issue as well as encouraging features reuse in all
layers. In contrast to the traditional architectures, where every layer is fed by the layer
before it, DenseNet provides dense connectivity between layers with each layer receiving
the feature maps of all the previous layers and sending its own feature maps to all the
following layers. Such a design promotes the flow of information as much as possible

across the network and promotes feature propagation, reuse, and efficiency[29].
Formally, the output of the [th layer,x:, can be expressed as:

xi = Hi([xo, x1, X2, ... X1-1]) 31
Where [xo, x1, x2, ... xi-1] denotes the concatenation of the feature maps produced by

later O through [ — 1 and Hi(. ) Represents a composite function of operations such as
Batch normalization, Rectified linear unit (ReLU), and Convolution.

Each dense block is followed by a transition layer, which performs feature compression
and spatial down-sampling to control the network’s complexity. The transition layer

output x:'can be expressed as:

xi' = Hi(Convixi1(AvgPoolix1(x1) 3.2

Where Hi(. ) denotes a transition operation that consists of a convolutional layer followed

by an average pooling step.

The final feature representation undergoes global average pooling, followed by a fully

connected layer with a softmax activation to produce class probabilities:

¥y = softmax(Wy. xgiobal + by) 3.1
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The DenseNet-121 model is a model that has 121 layers with convolutional, pooling and
fully connected layers arranged in four dense blocks with transition layers in between
that perform down-sampling. The dense blocks consist of several layers of convolutional
networks in which feature maps are not summed up but concatenated, which results in a
better use of the parameters and gradient flow. This architecture starts by a convolution
and pooling layer, which is then followed by dense and transition blocks and finally
finishes with a global average pooling layer and fully connected output layer with the
loss of a softmax function that classifies the output[30], [31].

1.9.5.3 ResNetl01

ResNet50 is a DCNN developed by He et al. (2015) as part of the residual networks
(ResNets), which won the ILSVRC 2015 competition. It has 101 layers comprising
convolutional blocks with residual connections. The key innovation of ResNet101 is
residual learning, in which shortcut (skip) connections bypass one or more layers. A

residual block can be expressed as:

y = F(x,{Wi}) +x 31

where x and y are the input and output vectors of the block, and F represents the
learned residual mapping. This architecture alleviates the vanishing gradient problem
and enables deeper networks to be trained effectively. ResNet101 consists of 3 X 3
convolutional layers, batch normalization, ReLU activations, pooling layers, and
bottleneck residual blocks to balance computational efficiency and representation
power. It is pretrained on ImageNet and demonstrates state-of-the-art performance
on various image classification tasks[32], [33].

1954 VGG16

VGG16 is CNN builded by the VGG and was one of the top performers in the 2014
ILSVRC competition . The final convolutional feature maps F € Rhxwxd gre

flattened into a one-dimensional vector x € Rhw.d:
X, = Fijx 3.1

where, n =k hw+iw+j
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This vector is passed through a sequence of fully connected Dense layers each
followed by Batch Normalization, LeakyReL U activation, and dropout regularization
to prevent overfitting. The final output layer uses a softmax activation to predict class
probabilities:

e 3.1

io1e”

A

o=

where C is the number of classes, zi is the input to the softmax for class i, and yi is the
predicted probability. The model optimization employed the Adam optimizer with
categorical cross-entropy loss:

¢
L=>] yilog (J?L), 31

i=1

where yi is the true label. Model Checkpoint and Early Stopping callbacks were applied

to preserve the optimal model and reduce overfitting.[34], [35].
1.9.6 Performance Metrics
1.9.6.1 Accuracy

The accuracy of any predictive method is the foundation for assessing its performance in
machine learning. It basically computes the proportion of correctly predicted overall data
points. The accuracy score interpreted as the maximum possible accuracy is 1.0, while
the minimum possible accuracy is 0.0. It is simple to calculate by dividing the number of
correctly predicted by the total of projections[36]. Also, it can be expressed as,

TP+TN
TP+ FP+TN+FN 3.1

Accuracy =

1.9.6.2 Precision

The Precision focuses on the quality of the model’s positive predictions. It tells us how

many of the "positive” predictions were actually correct. It is important in situations
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where false positives need to be minimized, such as detecting spam emails or fraud[37].

The formula of precision,

TP

Precision = ———
TP + FP 3.2

1.9.6.3 Recall

Recall is a performance metric that measures the ability of a classifier to identify all
relevant instances. It is defined as the ratio of true positives to the sum of true positives

and false negatives, indicating the model's completeness.

TP

Recall = ——
TP+ FN 3.3

1.9.6.4 F1-Score

The F-Score is the harmonic mean of precision and recall in binary classification, serving
as a single summary measure of a classifier's performance, particularly useful when the
prevalence of the positive class is low[38].

2 X Precision X Recall
F1 =

Precision + Recall 34

1.9.6.5 AUC (Area Under the ROC Curve)

Area Under the Curve (AUC) evaluates a binary classifier’s ability to distinguish between
positive and negative classes. It is computed as the area under the ROC curve, which
plots the TPR versus the FPR. A higher AUC indicates better discriminative
capability[39].
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1
AUC = [ TPR(FRP—1(x))dx
0 35

Where

tPR=_"_Fpr=_"
TP+FN FP+TN

The above equations are constructed for all the classifiers that consist of true positive

(TP), true negative (TN), false positive (FP), and false negative (FN).
1.9.7 Hinge Loss

Hinge loss for multiclass classification is an extension of the hinge loss used in binary
classification. It is commonly used in support vector machines (SVMs) for multiclass
problems and works by ensuring a margin between the score of the true class and the

scores of the other classes.

The multiclass hinge loss for an example with true class y: and score function output

s(xi, y:) for each class y is defined as:

Ly, f(x)) = max (0,1 = y * f(x)) 26

where

e ytheactual class (-1 or 1).

e f(x) the output of the classifier for the datapoint.

The loss sums over each incorrect class, penalizing those that score within the margin of

the correct class score.
1.9.8 Grad-Cam

Explainable Artificial Intelligence (XAIl) aims to provide human-interpretable

explanations of DL models, especially CNN . Gradient-weighted Class Activation
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Mapping (Grad-CAM), proposed by Selvaraju et al. (2017), is one of the most widely
used XAl techniques. Grad-CAM computes the importance weights for each feature map
in the final convolutional layer by aggregating the gradients of the target class score with
respect to the feature maps. Mathematically, for a class ¢ and feature map Ak, the weight

oc k is defined as:

ayc
~ 0Ak;;
J

1
akc =_Z
Z

1

3.7

where y< is the score for class ¢, Ai* is the activation at location (i, j) in feature map k,
and Z is the total number of spatial locations. The final Grad-CAM heatmap L¢Grad—cam
is obtained by a weighted combination of feature maps:

L¢Grad—cam = ReLU (3 ackA¥) 3.8

k
The ReLU ensures that only positive contributions are considered, emphasizing regions
that positively influence the prediction.
199 Lime

LIME enhances interpretability by approximating complex models with simpler,
interpretable surrogate models locally around the prediction of interest. For images,
LIME divides an image into interpretable components called super pixels and perturbs
them randomly. The resulting changes in prediction probabilities are used to train a linear

or simple model that approximates the original model locally.

Mathematically, let f be the original model, x the input image, and x' a perturbed

version. LIME minimizes the following objective:

L(f, g, ) = Rz (X (X) — g(x))? + 2(g) 3.9
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where g is the interpretable surrogate model, m, is a proximity measure between x and
x',and 2(g) isacomplexity penalty to keep g simple. The weights of g then indicate
which superpixels contribute most strongly to the prediction, providing insight into the

model’s decision-making.
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RESULTS AND DISCUSSION

1.10 Result

This chapter reports the experimental findings of the experimental procedures and testing
of four transfer learning structures including GoogLeNet, DenseNet121, ResNet101 and
VGG16, to classify the AD within the MRI brain scan. The key goal of the analysis is to
evaluate the performance of each of the models in several categories of diagnosis: Non-
Demented, Very Mild-Demented, Mild-Demented, and Moderate-Demented. The
assessment is based on the well-known performance metrics as Accuracy, Precision,
Recall, and F1-Score and also on the sophisticated ones, such as AUC and mean
categorical hinge loss. All of these metrics will be used to form a complete picture of
every model in terms of its classification ability, sensitivity and overall reliability.
Besides the quantitative assessment, the visual performance analysis is presented in radar
charts, confusion matrixes, and ROC curves to make the strong and weak sides of each
architecture apparent in various dementia stages. In addition, training and validation
curve is evaluated to determine the learning stability and convergence behaviour in
optimizing the model. In order to improve interpretability, XAl algorithms, such as Grad-
CAM and LIME are used to show the regions of attention in MRI scans that are the most
relevant in model predictions. Such explainability studies make sure that the decision-
making process corresponds to the clinically significant brain structures, which supports

the belief in Al-based diagnostic systems.

1.10.1 Model Performance

Table 2 Model-wise and Class-wise Performance Comparison

Model Name Class Accuracy Precision Recall F1 score Support
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0(Non-
0.9876 0.6374 0.7748 1743
Demented)
1(Very Mild
0.8989 0.9992 0.9464 1282
Demented)
DenseNet121 _ 0.8355
2(Mild
0.9189 0.7714 0.8387 1938
Demented)
3(Moderate
0.6838 0.9771 0.8046 1833
Demented)
O(Non-
0.98 0.99 0.99 1743
Demented)
1(Very Mild
1.00 1.00 1.00 1282
Demented)
GoogLeNet _ 0.9800
2(Mild
0.98 0.97 0.97 1938
Demented)
3(Moderate
0.97 0.97 0.97 1833
Demented)
O(Non-
0.6906 0.7390 0.7140 1743
Demented)
1(Very Mild
0.9438 0.9821 0.9625 1282
Demented)
ResNet _ 0.7310
2(Mild
0.7506 0.6847 0.7161 1938
Demented)
3(Moderate
0.5861 0.5848 0.5855 1833
Demented)
O(Non-
0.6821 0.6254 0.6525 1743
Demented)
1(Very Mild
0.8882 0.9789 0.9314 1282
Demented)
VGG16 _ 0.6826
2(Mild
0.6153 0.7534 0.6773 1938
Demented)
3(Moderate
0.5907 0.4550 0.5140 1833
Demented)

Table 2 presents the detailed performance evaluation of four transfer learning
architectures, DenseNet121, GoogLeNet, ResNet, and VGG16, for AD classhification

using MRIi images. Each model’s effectiveness is assessed through accuracy, precision,
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Rtecall, and F1-Score across four classes: Non-Demented, Very Mild Demented, Mild

Demented, and Moderate Demented.

Among all models, GoogLeNet achieved the highest overall accuracy of 0.98,
demonstrating exceptional and consistent results across every class. For the Non-
Demented category, GoogLeNet gain a Precision of 0.98, a Recall of 0.99, and an F1-
Score of 0.99, shows a nearly perfect balance among prediction accuracy and sensitivity.
In the Very Mild-Demented class, the model gain perfect scores of 1.00 for precision,
Recall, and F1-Score, showing its strong ability to detect early-stage dementia. Similarly,
for the Mild-Demented class, GoogLeNet attained a precision of 0.98, a recall of 0.97,
and an F1-score of 0.97. The Moderate Demented class also showed consistently high
results, with a Precision of 0.97, a Recall of 0.97, and an F1-Score of 0.97. The
DenseNet121 model ranked second, achieving an overall accuracy of 0.8355. It displayed
robust performance in the Very Mild Demented and Mild Demented categories, recording
precision, recall, and F1-score values of 0.8989, 0.9992, and 0.9464 for the former, and
0.9189, 0.7714, and 0.8387 for the latter. For the Non-Demented class, the precision was
0.9876, the recall was 0.6374, and the F1-score was 0.7748, indicating that while
DenseNet121 was highly accurate in identifying Non-Demented samples, it occasionally
misclassified a few instances. Meanwhile, the Moderate Demented category achieved a
precision of 0.6838, a recall of 0.9771, and an F1-score of 0.8046, demonstrating good
sensitivity but moderate precision. The ResNet model attained an overall accuracy of
0.731, reflecting moderate but consistent classification ability. For the Non-Demented
class, ResNet achieved a Precision of 0.6906, a Recall of 0.7390, and an F1-score of
0.7140. In contrast, its performance improved significantly for the Very Mild Demented
class, where it gain a Precision of 0.9438, a Recall of 0.9821, and an F1-Score of 0.9625.
For the Mild Demented class, precision was 0.7506, recall was 0.6847, and F1-score was
0.7161, while for the Moderate Demented class, Precision, Recall, and F1-Score were
0.5861, 0.5848, and 0.5855, respectively. The VGG16 model achieved the lowest overall
accuracy of 0.6826 among the four architectures, suggesting relatively weaker
generalization performance. In the Very Mild Demented class, however, VGG16
performed relatively well, achieving a Precision of 0.8882, a Recall of 0.9789, and an F1-

Score of 0.9314. For the Non-Demented category, the model recorded a Precision of
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0.6821, a Recall of 0.6254, and an F1-Score of 0.6525. In the Mild Demented , precision
was 0.6153, recall was 0.7534, and Fl-score was 0.6773, while in the Moderate
Demented class, the values dropped further to a precision of 0.5907, a recall of 0.4550,
and an F1-score of 0.5140.

1.10.2 Confusion Matrics
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Figure 4 Confusion Matrix of Transfer Learning Models
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The Figure 4 displays the confusion matrix of four TL architectures, GoogLeNet,
DenseNet121, ResNet101, and VGG16, in recognizing MRI images as one of four
categories of AD Non-Demented (Class 0), Very Mild-Demented (Class 1), Mild-
Demented (Class 2), and Moderate-Demented (Class 3). Both matrices give a graphical
display of the instances that were correctly classified as misclassified in the off-diagonal
cells which allows a full comparison of both models classification behavior at all the

levels of dementia.

Figure 4(a), where we have GoogLeNet model, we see that the model has very good
classification accuracy with the lowest number of misclassifications. This model was able
to predict 1,733 Non-Demented, 1,281 Very Mild Demented, 1,872 Mild Demented, and
1,779 Moderate Demented samples correctly. There were 4 Non-Demented samples that
were wrongly classified as Mild Demented, 6 Non-Demented that were wrongly
classified as Moderate Demented, 14 Moderate Demented that were misclassified as
Non-Demented and 52 Non-Demented that were incorrectly classified as Moderate
Demented. In the same way, 12 Moderate Demented were wrongly grouped as Non-
Demented, 1 as Very Mild and 41 as Mild Demented. These low error rates show that
there are very steady and consistent predictions. The presence of more of the dark blue
color at the diagonal proves the strength of GoogLeNet in identifying faint differences in
MRI patterns, which also matches its accuracy of 0.98 that was reported before. The
structure of the model which was based on inception was successful in capturing the
multi-scale features of the spatial environment hence almost perfect classification of all
the four stages of AD.

Figure 4(b) depicts DenseNet121 model, which also had a high predictive performance
but it had a few more off-diagonal confusions compared to GoogLeNet. The model was
right in its classification of 1,111 Non-Demented, 1,281Very Mild Demented, 1,495Mild
Demented and 1,791Moderate Demented. It however, poorly categorized 104 Non-
Demented as Very Mild, 108 as Mild and 420 as Moderate Demented. Also, 7 Mild
Demented were classified as Non-Demented, 28 as Very Mild and 408 as Moderate. As
these misclassifications were rather narrow, they demonstrate that DenseNet121 was a

little bit troubled with the distinction of similar features between the Mild and Moderate
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categories. However, the combined accuracy of 0.8355 with a macro-average F1-score
of 0.8411 indicate the high reliability of it and its propagation of features effectively
through dense connectivity between layers.

The confusion matrix of ResNet101 model is presented in Figure 4(c), and the model
obtained moderately better results than the two initial architectures. The correct sample
classification of ResNetl01 was as follows: Non-Demented (1,288), Very Mild
Demented (1,259), Mild Demented (1,327), and Moderate Demented (1,072). But there
were also more misclassifications especially with the Moderate Demented cases where
374 cases were misclassified as Non-Demented, 29 as Very Mild and 358 as Mild
Demented cases. On the same note, 196 Mild Demented cases were misclassified as Non-
Demented, 13 as Very Mild and 402 as Moderate Demented. These findings show that
although ResNet101 was very effective in detecting early and mid-stage dementia, it was
not effective in severe cases because of an overlap of features in the late phases of the
disease. The general accuracy of 0.731 with the preciseness and the recall of 0.7427 and

0.7474 respectively indicate the average yet reliable performance of the tool at all levels.

Lastly, Figure 4(d) illustrates the confusion matrix of the VGG16 model which had the
least performance of the four architectures. This model yielded 1,090 Non-Demented,
1,255 Very Mild Demented, 1,460 Mild Demented and 834 cases of Moderate Demented.
There were however a lot of misclassifications across categories. One of the examples is
the 87 Non-Demented samples that wrongly marked as the Very Mild, 268 marked as
Mild, and 298 as Moderate Demented. Also, 183 Mild Demented samples were mistaken
to be Non-Demented, 22 were Very Mild and 273 were Mild. Likewise, 312 Instances of
Moderate Demented were also incorrectly classified as Non-Demented, 49 asVery Mild
and 638 asMild Demented. The general low accuracy of 0.6826 and F1-score of 0.6748
can be attributed to the general low level of misclassification in VGG16, indicating that
the relatively low level of misclassification might be due to the relatively shallow
architecture of the model that failed to capture the intricate structural variations and
textural features inherent in the Alzheimer MRI scans.
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1.10.3 ROC Curves for Model Comparision

ROC Curve - DenseNetl121

se
1.4 - :
7 1o —
r -
- |

©
\
]

=
£y
\

o Fisif i Rl
N\
% Postive R,

ROC Curve - Multi-class

Fate

True Pesitve Rate

True Pesitne
0

Figure 5 ROC-AUC Curves for Transfer learning Models

Figure 5 shows the Receiver Operating Characteristic (ROC) curves and the
corresponding Area Under the Curve (AUC) values of the four transfer learning
architectures GoogLeNet, DenseNet121, ResNet101, and VGG16, when applied to the
MRI brain images to classify the images into four diagnostic categories that include Non-
Demented (Class 0), Very Mild Demented (Class 1), Mild Demented (Class 2) and
Moderate Demented (Class 3). The ROC curve is an important performance measure that

illustrates the trade-off between the true positive rate (sensitivity) and the false positive
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rate (1 - specificity) of each of the classes. The model whose AUC is more similar to the

value of 1.0 has better discriminative power and accuracy of classification.

Figure 5(a) shows that the GoogLeNet model is almost flawless in its discrimination of
all classes with AUC values of 1.00 of Class 0 (Non-Demented), Class 1 (Very Mild
Demented), Class 2 (Mild Demented) and Class 3 (Moderate Demented). The four ROC
curves are very close to one another in the upper-left part of the plot, which means that
GoogLeNet can practically perfectly identify all the dementia type with minimum false
identifications. Such an excellent result is in line with its earlier reported overall accuracy
of 0.98 and F1-score of 0.98, which proves the high reliability and capacity of the model

to generalize successfully on different MRI patterns and disease stages.

Figure 5(b) shows the ROC curves of DenseNet121 model that also exhibit outstanding
classification capability. Class 0 has AUC values of 0.986, Class 1 has AUC values of
1.000, Class 2 has AUC values of 0.973 and Class 3 has AUC values of 0.977. These
values reveal that DenseNet121 had very high sensitivity and specificity values across all
four classes and its ROC curves are almost near the top-left corner of the graph. The
slightly lower AUC of Class 2 (Mild Demented) indicates some slightness over the
differenceiation of middle case cases of dementia, but it is rather impressive overall. This
finding supports the general accuracy of DenseNet121 of 0.8355, which makes it the

second-most efficient model in this comparative study.

The ROC curves of the ResNet101 model are shown in Figure 5(c) and this indicates that
the model has a moderately strong classification ability. The model has obtained AUC of
0.910, 0.999, 0.834 respectively with Classs 0, 1,2, and 3. The ROC curve of Class 1
(Very Mild Demented) is almost ideal meaning that ResNet101 is very effective in
detecting Alzheimer at an early stage. The decrease in AUC of Class 3 is however,
indicative of lower sensitivity of the model at higher stages of dementia. The results are
similar to those of its confusion matrix where there was more overlap between the Mild
and Moderate categories. Having an overall accuracy of 0.731, ResNet101 offers solid

performance but fails to perform as powerfully as GoogLeNet and DenseNet121.
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Finally, in Figure 5(d), the models of VGG16 are used to illustrate the ROC curves and
the resulting AUC values are lower, demonstrating the poorer predictive abilities of this
model. The model scored AUC of 0.883 in Class 0, 0.967 in Class 1, 0.821 in Class 2 and
3 respectively. Although the Very Mild Demented group had relatively high AUC, the
decrease in AUC of the other classes, in particular, the Moderate Demented one, suggests
the lack of sensitivity and increased false positive rate. ROC curves of VGG16 are made
even more distant to the upper-left corner, which indicates that it is unable to distinguish
similar MRI patterns. These results correspond with its reduced overall accuracy of
0.6826 and show that the model has not enough depth and advanced feature extraction

ability in comparison to more complex networks.

1.10.4 Learning Curve
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Figure 6 Training and Validation Accuracy—Loss Curves of Transfer Learning
Models
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Figure 6 is a plot that shows both training and validation accuracy and loss curves of the
four transfer learning models, GoogLeNet, DenseNet121, ResNet101, and VGG16, when
trained on the MRI brain image data on the classification of AD. All the models have
been trained over 30 epochs and the plots illustrate the learning efficiency, convergence
and generalization of the models. These graphs offer a profound understanding of the
ability of each architecture to learn the discriminative patterns, curb overfitting, and
stabilize throughout training by comparing the changes of the training accuracy and loss
with the validation accuracy and loss.

In Figure 6(a), GooglLeNet model has the most desirable training dynamics with high
level of stability. In the initial few epochs, training and validation accuracy increase
rapidly at the range of 0.55 to 0.90 and ultimately levels to about 0.99 in epoch 10 and
25, respectively. At the same time, the training loss drops to approximately 0.0 instead of
almost 1.0 and the validation loss drops to approximately 0.05 towards the end of the
training. It is worth noting that the two accuracy curves, training and validation, nearly
overlap, which means that there is little overfitting and it is well-generalized to unseen
data. The fact that the two loss curves decrease in parallel is yet another confirmation that
the model is stable and that GoogLeNet has been able to optimize its parameters to
achieve the lowest possible misclassification rates, as well as ensure that the training and
validation curves look very similar. The outstanding learning trend is in agreement with
its close-to-perfect quantitative learning performance (accuracy = 0.98, AUC = 1.00
across all classes), indicating that GoogLeNet is capable of differentiating all stages of
an AD with outstanding accuracy. This high learning efficiency and balanced
convergence is due in part to its inception-based architecture, which is a learning

architecture that extracts features over a range of receptive scales.

The accuracyloss curves of the DenseNet121 model are presented in Figure 6(b) that also
indicate the strong and fast convergence with certain fluctuation in validation loss. The
training accuracy starts with the value of about 0.80, then immediately rises to 0.95 at
epoch 10 and then nearly 1.00 at epoch 25. The validation accuracy is also on the same
trend and increases between 0.85 and almost 0.98 but with small variations in the same

interval between epochs 10 and 25. The training loss, on the other hand, declines at the
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first epoch with approximately 0.70, and the validation loss continuously drops to
approximately 0.05 during epoch 10 but then oscillates between 0.05 and 0.7 towards the
end of training. These small variations in the validation loss can be due to a small
overfitting or instability caused by the high reuse of features and dense connectivity of
DenseNet121, which can occasionally enhance noise in difficult MRI images.
Nevertheless, the general convergence is high and the general accuracy of the model is
0.8355 and the AUC of the model ranges 0.973 to 1.000, which proves that the model
can effectively learn the appropriate features of MRI to stage the disease. The high
density of connection between layers provides better propagation of features resulting in
very discriminative representation learning on all classes particularly in early stages of

dementia.

ResNet101 model (Figure 6(c)) has slower but slow progression in learning in
comparison with GoogLeNet and DenseNet121. The training accuracy begins at about
0.40 in the first epoch and slowly grows to 0.67 by epoch 30, the validation accuracy also
grows with time beginning at about 0.55, and eventually reaching 0.70 in the 30 th epoch.
The loss during the training is reduced to almost 1.6 initially to about 0.75 whereas the
validation loss is minimized to about 1.2 to about 0.65 respectively. The narrow
difference between the training and the validation accuracy curves indicates fairly good
generalization but the slower convergence and premature plateau in the accuracy are
indicative of the fact that more time has taken the model to achieve optimal performance.
The skip connections and deep structure of ResNet101 enable powerful hierarchical
features learning, and the complexity and deep level of its parameters render the model
hyper sensitive to modifications in the learning rate and range of data. That is why it has
an average accuracy of 0.731 and AUC class-wise of 0.834 to 0.999. Although
ResNet101 was able to capture early features of dementia well, its learning rate and poor
optimization performance limited its eventual performance as compared to GoogLeNet
and DenseNet121.

Lastly, Figure 6(d) shows the accuracy-loss curve of the VGG16 model, which
documents the slowest convergent performance and lowest performance of all the four

architectures. The training accuracy commences at a rate of about 0.30 and it slowly
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climbs to some 0.63 after 30 epochs whereas the validation accuracy starts at around 0.45
and levels to about 0.70 in the end of the training. The training loss reduces to almost 1.0
compared to 3.5 and the validation loss is reduced to 0.8 compared to 2.8 in the same
time period. Although there is steady improvement, the values of losses remain relatively
high and the difference between the accuracy curves is larger which means that there is
less generalization and the chances of underfitting. The model learns gradually but cannot
learn the higher-level discriminative features, in part because it has a shallow layer
structure and is not very well able to derive the complex spatial hierarchies of MRI data.
All these learning properties can be explained by the fact that VGG16 provides less
quantitative performance (accuracy = 0.6826, AUC range = 0.821-0.967) compared to
the other two, which proves the fact that this model is less flexible when it comes to

medical image classification.

1.10.5 Hinge Loss

Table 3 Mean Categorical Hinge Loss of Transfer Learning Models

Model Name Mean Categorical Hinge Loss
GoogLeNet 0.048368
DenseNet121 0.335367
ResNet101 0.713692
VGG16 0.769410

Table 3 contains the mean categorical values of the hinge loss of the four transfer learning
models, including GooglLeNet, DenseNet121, ResNet101, and VGG16 in AD
classification using MRI data. The hinge loss measure quantifies how well a model can
distinguish the classes in the correct manner and is used to penalize those that are wrong
as well as quantify the distance between the score of the predicted and the true class.
Reduced values of hinge loss are associated with increased classification confidence, a

superior margin separation, and enhanced generalization.
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Of all the models, GoogLeNet had the lowest mean hinge loss of 0.048368, which
indicated that it had a high classification accuracy and the best decision boundaries
between the four dementia classes. This very low loss value indicates that GoogLeNet
was effective in reducing errors in misclassification as well as attaining the almost perfect
margin separation between actual and predicted labels. The outcome supports the
excellent quantitative performance of the model in the past analysis- a total accuracy of
0.98, a macro-average Fl1-score of 0.98 and an AUC of 1.00 across all classes.
GoogLeNet is able to effectively extract multi-scale spatial features using the inception

modules which result in highly confident and well-calibrated predictions.

DenseNet121 with an average hinge loss of 0.335367, the separation between classes was
quite good, but not ideal, in comparison with GoogLeNet. Although the value of the loss
is low it points to the fact that still some overlap between feature representations of the
neighbor classes can be observed, Mild and Moderate Demented categories in particular.
Nevertheless, DenseNet121 highly interconnected its features and offered a means of
reuse, which gave it a good representation learning capability, which matches its overall
accuracy of 0.8355 and AUC of between 0.973 and 1.000. This loss of moderation in
hinge helps to verify the moderate performance of the model-low accuracy in the initial

stages of dementia and reduced inaccuracy in the advanced ones.

ResNet101 had a greater hinge loss of 0.713692, which implies that it is relatively
challenging to produce accurate separation between classes. This value indicates that as
ResNet101 could learn meaningful hierarchical information in its residual learning
structure, it had increased prediction uncertainty and reduced certainty of differentiating
between neighboring dementia stages. The outcome is in agreement with its intermediate
level of classification performance in terms of accuracy ( = 0.731, AUC range = 0.834-
0.999). It suggests that more significant architectures such as ResNet101 can be improved
with more fine-tuning or regularization when used on more sophisticated medical image

datasets.
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The VGG16 model had the highest value of hinge loss of 0.769410 which shows that the
model has the weakest separation of classes as contrast to the other three models. This
higher loss shows a higher rate of misclassification and reduced confidence, which is
probably because it has a smaller network depth and lacks the ability to extract features
as deeply. This is in line with the lower accuracy of VGG16 (0.6826) and lower AUC
scores (0.821-0.967). Simple sequential design of the model is computationally efficient
but limits its capability of modeling complex differences in MRI intensity and texture
between stages of dementia with an increase in loss and a decrease in classification

reliability.

1.10.6 Radar Chart Comparison

1.10.6.1 Radar Chart Comparison of Class-Wise Accuracy

Accuracy
—— DenseNetl121
Moderate Demented . . GooglLeNet
—_— VGG16
ResNetl101
Non Demdrited : Milgs Demented

Very Mild Demented

Figure 7 Comparative Radar Chart of Accuracy Across Transfer Learning Models
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Figure 7 shows a radar chart to compare the accuracy of the four transfer learning
architectures, namely, DenseNet121, GooglLeNet, VGG16, and ResNet101 in classifying
the four categories of the AD: Non-Demented, Very Mild Demented, Mild Demented,
and Moderate Demented. The different lines in the chart denote each dementia class and
the colored lines denote the accuracy of each model in that particular category. The shape
of the lines and their dispersion in general gives the consistency and capability to
generalize of the model. GoogLeNet (orange line) is the only model that shows the largest
and most equal accuracy of all classes and creates an almost perfect outer boundary at the
1.0 mark, which suggests the close to the perfection of classification performance.
DenseNet121 (blue line) comes next with high accuracy with the slightest difference
among classes. ResNet101 (red line) in comparison displays moderate performance,
having a smaller coverage area, which indicates the inability to detect dementia at its
advanced stages with the accuracy it needs. VGG16 (green line) has the lowest accuracy
and creates the innermost shape that indicates its poorer nature of feature extraction and
a weak extrapolation ability. In general, it is evident that the radar chart shows that
GoogLeNet is the most effective compared to the other models, followed by
DenseNet121, and that ResNet101 and VGG16 have much less reliable classification.
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1.10.6.2 Radar Chart Comparison of Class-Wise Recall

Recall

Moderate Demented

= DenseNetl21
GooglLeNet

— VGG16

——— ResNetl1l01

Non Demdrfed Demented

Very Mild Demented

Figure 8 Comparative Radar Chart of Recall Across Transfer Learning Models

Figure 8 depicts a radar chart between the sensitivity (recall) of four transfer learning
models, DenseNet121, GooglLeNet, VGG16, and ResNetlO1l in four diagnostic
categories of AD: Non-Demented, Very Mild-Demented, Mild-Demented and Moderate-
Demented. Recall measures the capacity of a model to detect all the positive cases, which
is especially significant in medicine when false negativity may have severe clinical
consequences. As we can see in the chart, GoogLeNet (orange) has the highest and the
most consistent recall in each category with a relatively close value to the maximum value
of 1.0. This means that GoogLeNet is the most sensitive and it is able to recognize the
patients in all the stages of dementia with high false negative. DenseNet121 (blue line) is
also a good model with a similar pattern of recall values as GoogLeNet but with a little
more interclass variance. ResNet101 (red line) demonstrates moderate recall power,

indicating a certain inability to identify true positives very consistently, particularly when
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the case is in its early stages. VGG16 (green line) has the lowest recall especially on Very
Mild and Non-Demented classes, thus it often fails to identify cases with positive results
in the stages. In general, the radar chart shows that GoogLeNet has the strongest and most
dependable recall, then DenseNet121, and ResNet101 and VGG16 portray a relatively

lower sensitivity in the context of identifying the disease in the framework of Alzheimer.

1.10.6.3 Radar Chart Comparison of Class-Wise Precision

Precision
- DenseNetl21l
Moderate Demented GoogLeNet
— VGG16
— ResNetl01
1.0
Non Dem M%Demented

Very Mild Demented

Figure 9 Comparative Radar Chart of Precision Across Transfer Learning Models

A radar chart of the performance of four transfer learning models, including
DenseNet121, GoogLeNet, VGG16, and ResNet101, in relation to the four diagnostic
groups of AD, Non-Demented, Very Mild-Demented, Mild-Demented, and Moderate-
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Demented is shown in figure 4.2. Precision measures the level of how each model can
detect true positive cases with minimal false positive cases and therefore it is a vital
measure of reliability in medical diagnosis. It is evident in the chart that GoogLeNet
(orange line) is the best among all categories of dementia and the outer polygon is almost
a perfect polygon just short of the 1.0 mark. This shows that GoogLeNet will be able to
differentiate diseased and non-diseased cases with high precision. DenseNet121 (blue
line) is also a good performer as it retains a high level of precision particularly on the
Mild and Moderate Demented classes. ResNet101 (red line) has moderate accuracy
indicating that it has a larger false-positive rate than GoogLeNet and DenseNet121.
VGG16 (green line) has the worst accuracy of all classes, especially in the Very Mild and
Non-Demented groups, which implies that it has a false positive with non-demented
samples. By and large, the radar chart supports the fact that GoogLeNet produces the
most precise and reliable classifications, and with a slight difference, DenseNet121 has
to be mentioned as the ones that have rather weak results in differentiating the stages of

dementia.
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1.10.6.4 Radar Chart Comparison of Class-Wise F1-Score

Fl-score
— DenseNetl21
Moderate Demented GoogLeNet
- VGG16
— ResNetl01
Non Demdnted Demented

Very Mild Demented

Figure 10 Comparative Radar Chart of F1-Score Across Transfer Learning
Models

Figure 10 represents a radar chart of four transfer learning models, DenseNet121,

GoogLeNet, VGG16 and ResNet101, when applied in the four diagnostic sub-categories
of the AD of Non-Demented, Very Mild Demented, Mild Demented, and Moderate

Demented. The F1-score is a harmonic mean of the precision and recall values, which

provides a balanced score of the accuracy of a model in identifying the TP and reducing

the FP and FN. In this figure, GoogLeNet (orange line) continuously attains the maximum

F1-scores in all classes, which creates a wide and homogenous outer polygon that

demonstrates high overall results and stability in multi-class classification. DenseNet121

(blue line) is also performing well, keeping the F1-scores relatively high in all of the

categories with slight deviations, especially in Non-Demented and Very Mild Demented

categories. ResNet101 (red line) shows a moderate performance with a report of
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inconsistencies in the precision and the recall values. The lowest F1-scores are obtained
with VGG16 (green line) especially in the Non-Demented and Very Mild Demented
classes, which proves its inability to balance correct detections with misclassifications.
Generally, the radar chart demonstrates that GoogLeNet is the strongest and the best-
generalized model, then we have DenseNet121, with ResNet101 and VGG16 having
relatively lower stability and efficiency with respect to classifying the various stages of

AD.
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1.10.7 Grad-CAM and LIME Visualization

Srad-Car: MildOsmentec (100,009} LimE: MildDemeanted {1LC0 COSLY

Grad-Cam: MildDemented LIME: MildDemented

Grac-Car: ModorsteDomenied (100.00%! LIME: Modc-aicDomented 1100, 00%)

Grad-Cam: ModerateDemented LIME: ModerateDemented

Grad CAM: NurDemenled (100.00%) LIPAC: Mo

Grad-Cam: NonDemented LIME: NonDemented

Grad CAP: VeryMilcDomentaod (100 00%) LIMC: VerdMilcDomentaod (100 00%)

Grad-Cam: VeryMildDemented LIME: VeryMildDemented

Figure 11 Grad-CAM and LIME Visualization for MRI-based Alzheimer’s
Disease Classification
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The results of explainability visualizations of the four categories of AD, namely, Mild
Demented, Moderate Demented, Non-Demented, and Very Mild Demented, are provided
in figure 11 using Gradient-weighted Class Activation Mapping (Grad-CAM) and Local
Interpretable Model-Agnostic Explanations (LIME). The most effective GoogLeNet
model that was used to create these visual explanations delivered an overall accuracy of
0.98 and AUC of 1.00 in all classes. These visualizations are meant to understand how
the model finds and concentrates on disease-relevant regions in MRI scans and thereby
confirm that its predictions are guided by clinically meaningful brain structures and not

irrelevant features.

In the Mild Demented case (top row), Grad-CAM heatmap shows important activations
(red and yellow areas) around the medial temporal lobe and hippocampal areas which are
established biomarkers of early-stage Alzheimer-related pathology. These areas carry out
the memory processing and are one of the first to degenerate because of
neurodegenerative processes. This finding is supported by the LIME visualization that
indicates the same regions with green color, which depicts positive contributions towards
the correct classification of the model. A high degree of consistency between Grad-CAM
and LiME shows that the model is rightly concerned with early structural degradation

patterns of mild dementia.

In case of the Moderate Demented (second row), both the visual explanation depicts
larger activity, especially in the ventricular and parietal cortical areas. Grad-CAM map
shows extensive red and orange areas and it demonstrates that the model pays attention
to the areas that are characterized by ventricular enlargement and loss of gray matter
which are characteristic symptoms of the disease at the advanced stages. In line with this,
the LIME map indicates several green-filled spots in both the cortex and subcortical
areas, meaning that the model identified many atrophic areas to classify it. The prediction
confidence (100 percent) and space correlation of these highlighted regions attain the

known medical imaging results of moderate progression of dementia.
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The Non-Demented visualization (third row) has a different pattern since Grad-CAM
displays predominantly cooler color areas (blue and light yellow) which means that the
high-activation areas are not many. This implies that the model failed to identify
pathological traits which are common to the AD. This is further supported in the LIME
explanation, since in the image there are sparse green parts with fewer neutral parts which
indicates that the model identified the brain structure as normal and healthy. The view of
the magnetism of balanced gray and white matter boundaries suggests that the model
accurately characterizes normal brain anatomy without being overfit to non-disease-

specific characteristics.

In the case of Very Mild Demented (bottom row), the Grad-CAM map shows a moderate
response at the location of the hippocampus and posterior cingulate cortex, which are
typically associated with the initial functional dysfunction in memory and orientation.
The red and yellow heat zones also show slight variations that are utilized by the model
to identify early cognitive deterioration. The visualization of the corresponding LIME
visualization determines that similar regions are green and the features that had a positive
impact on the classification. The fact that both interpretability methods overlap indicates
that the model reasonably represents the onset trends of atrophy that distinguishes
between the cases of Very Mild Demented and Non-Demented subjects despite the fact

that structural variations are marginal.
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1.11 Discussion

This study shows that transfer learning with pre-trained CNNs can classify four stages of
AD from MRI with very good performance. Among the four models, GoogLeNet
performed best, with overall accuracy around 0.98 and F1-scores between 0.97 and 1.00
for all classes, as well as the lowest mean categorical hinge loss. DenseNet121 showed
moderate performance, while ResNet101 and VGG16 were clearly weaker under the
same training and data conditions. Explainability analysis using Grad-CAM and LIME
indicated that the better models mainly focused on clinically relevant regions such as the
hippocampus, temporal lobes, and ventricular areas. This overlap with known
Alzheimer’s pathology suggests that the networks are learning meaningful medical
features rather than relying on spurious patterns. Overall, a GoogLeNet-based transfer
learning framework appears to provide a strong balance of accuracy, stability, and

interpretability for four-class MRI-based Alzheimer’s staging.

In Bangladesh, dementia is rising with population aging, but early diagnosis is limited by
low awareness, few specialists, and concentration of services in large cities. An
automated, explainable MRI-based system could support radiologists and physicians by
flagging scans suggestive of Very Mild or Mild Demented stages, especially in centers
where specialist neurology support is not always available. Because the model is based
on transfer learning, it can be deployed on relatively modest hardware, which suits many
Bangladeshi hospitals. At the same time, the present model is trained on international
data and must be validated and fine-tuned on Bangladeshi MRI scans before real clinical
use. Local studies are needed to check performance across different scanners, protocols,
and patient profiles. If this is done carefully, an Al-assisted tool of this kind could help
improve early detection, guide referral decisions, and support more equitable dementia

care in Bangladesh within the constraints of existing resources.
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CONCLUSION

1.12 Overview

DL-based analysis of MRI images was applied in this thesis to classify four stages of
AD: Non-Demented, Very Mild, Mild, and Moderate Demented. Four transfer learning
models, GoogLeNet, DenseNet121, ResNet101, and VGG16, were trained and evaluated
using the same dataset, preprocessing steps, and training strategy. Among these,
GoogLeNet showed the strongest overall performance, with high accuracy and balanced
F1-scores for all classes, and the lowest mean categorical hinge loss, indicating confident
and well-separated predictions. In addition to numerical performance, the work focused
on the interpretability of the models. Explainable Al techniques, Grad-CAM and LIME,
were used to highlight important brain regions, and the most discriminative areas were
mainly found around the hippocampus, temporal lobes, and ventricular spaces, which are
consistent with known Alzheimer’s pathology. These findings suggest that the proposed
framework is not only accurate but also clinically meaningful, and therefore has the
potential to act as a decision-support tool, especially in resource-limited environments
such as Bangladesh.

1.13 Limitations

This work is based on a single publicly available MRI dataset and does not include images
from hospitals in Bangladesh or other local sources. As a result, the model may not fully
capture variations in scanners, imaging protocols, and patient demographics, so
performance may drop on new data. Only four CNN-based transfer learning architectures
were considered, and other promising models, such as transformer-based or more
advanced hybrid approaches, were not explored. The study also focused only on
structural MRI and did not include PET or clinical variables, and the system has not yet
been tested in a real clinical environment, so its practical usability and acceptance remain

unknown.
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1.14 Future Work

External validation and local adaptation on MRI data from different hospitals, especially
within Bangladesh, are needed to check whether the model generalizes well to new
settings. Testing and fine-tuning on local datasets will help the system handle different
scanners, protocols, and patient profiles and is essential before routine clinical use. The
modeling approach can be extended by exploring newer deep architectures, such as
transformer-based networks, stronger ensembles, and multi-modal fusion that combines
MRI with PET or relevant clinical and cognitive information. Comparative experiments
using a larger set of models under one consistent experimental setup would provide a
clearer view of which techniques are most suitable for multi-class Alzheimer’s staging.
Clinical integration also requires further development, including simple and user-friendly
interfaces, connection to hospital PACS and information systems, and pilot studies with
radiologists and neurologists. Attention should be given to ethical, privacy, and fairness
issues so that Al-assisted diagnosis is used responsibly and benefits patients in both urban

and rural areas.
1.15 Conclusion

This study develops a unified framework where four transfer learning architectures
GoogLeNet, DenseNet121, ResNet101, and VGG16 are implemented and evaluated for
four-class MRI-based classification of AD (Non-Demented, Very Mild, and Moderate
Demented) under the same dataset, preprocessing pipeline, and training strategy, using
accuracy, Fl-score, AUC, and mean categorical hinge loss for fair comparison. The
results highlight GoogLeNet as an effective backbone, achieving about 0.98 accuracy,
macro F1-score close to 0.98, AUC near 1.00, and the lowest hinge loss (around 0.05),
indicating confident separation between stages. Explainable Al techniques, Grad-CAM
and LIME, are integrated to visualize model decisions, with saliency maps consistently
focusing on clinically relevant regions such as the hippocampus, temporal cortex, and
ventricular spaces, which strengthens clinical trust by reducing the “black box” concern.
The work also links these technical outcomes to the healthcare context of Bangladesh and

similar resource-limited settings, suggesting a practical pathway for adapting an accurate
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and interpretable GooglLeNet-based framework as a decision-support tool for earlier
Alzheimer’s detection after proper validation on local MRI data.
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Appendix A: Alzheimer MRI Dataset
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