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ABSTRACT

Alzheimer's Disease (AD) is a pervasive neurodegenerative ailment, affecting a vast
population globally and posing challenges for early and precise diagnosis within medical
image analysis. Although machine learning and deep learning have emerged as competent
methodologies for AD detection, several obstacles persist, especially with imbalanced
datasets and convolutional effectiveness. This research thesis is using deep learning models
empowered with transfer learning to efficiently detect the Alzheimer’s disease classes. More
precisely, by employing fine tuning a pre-trained VGG16 and Inception V3 model is
investigated for multi-class classification. The study's paramount objective is to enhance AD
detection via a custom fine-tuning framework. In this study CNN deep learning models VGG
16 (sequence 1) and Inception V3 (sequence 1 & 2) are proposed for classifying AD in to
four stages i.e. Non-demented, Very Mild-demented, Mild-demented and Moderate-demented
using brain MRI scans. Then, their performance is evaluated using certain metrics such as
accuracy, loss, precision, recall, f1-score, Matthew’s correlation coefficient and balanced
accuracy. The results showed that the proposed models, VGG16 (sequence 1) and Inception
V3 (sequence 1 & 2) outperformed many of the state-of-the-art models by achieving testing

accuracies of 93.9% and (93.87%, 93.09%) for Kaggle MRI dataset.
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Chapter 1

Introduction

1.1 Background of Study

Alzheimer’s disease is a neurodegenerative ailment which is terminal and progresses
over time. But this progression of neural damage can be prevented by detecting this
syndrome at an early stage [1, 2]. The rapid and accurate determination of (AD) based on
structural (MRI) has triggered significant interest among researchers, driven by deep learning
techniques due to its satisfactory implementation in medical image analysis [3]. Deep
learning techniques includes many techniques such as CNN, RNN, DRN and many more [4,
5]. In this project, a convolutional neural network is implemented which is pre-dominantly

popular and gives more precise results.

As per the investigation the major source behind dementia is Alzheimer (AD), almost
60% to 80% of the cases that were reported under dementia accounted as AD. It affects not
only the brain tissues but causes gradual memory loss, impairment in thought process and
decision-making skills, and even impedes the daily routine activities [6]. As per the records of
an international association (ADI) for Alzheimer, over 50 million people around the globe are
suffering from this disease and a gradual increase is estimated by the end of 2050. Whereas,
by that time the number of patients is expected to triple, marking it to reach 152 million
patients, meaning that every 3 seconds, someone will be diagnosed with dementia. The
anticipated cost of dementia is $1 trillion that is to be expected to upsurge twice the current

amount by 2030 [7].

The unavailability of a significant effective treatment for Alzheimer is one of the

potential hurdles faced by the professionals and medics till this date. For early AD diagnosis



Machine learning techniques are employed which is typically a traditional approach of
feature extraction, but that too is complex, time consuming, and demands greater technical
expertise [9]. Wherein these feature extractions are majorly categorized in two types, i.e.
ROIs (region of interest) and voxel-based features [8]. Collectively, these conventional

methods are not found to be effective in diagnosing and treating Alzheimer.

Wherein deep learning CNNs are a potential opportunity that offers an effective
solution to traditional AD diagnosis challenges. Convolutional neural networks boost
efficiency by automatically extracting features from data, eliminating the need for manual
feature engineering [10]. This has led to promising results in AD diagnosis, offering potential

for improved accuracy and efficiency.

A framework focusing on (CNN) is established for an end-to-end AD detection and
classification. Specifically transfer learning and multitask learning approach are being used.
Different stages of AD would be multi classified. Two methods, “Transfer learning and multi-
task learning” through a pretrained VGG model would be used. After detecting AD stages,

precautionary measures could be advised according to its AD stage.

1.2 Problem Statement

Alzheimer's Disease (AD) is a pervasive neurodegenerative ailment, affecting a vast
population globally and posing challenges for early and precise diagnosis within medical
image analysis. Several obstacles persist, especially with imbalanced datasets and inter-model
variability, early-stage detection, multi-classification, convolutional effectiveness, and
accuracy [11, 12]. So, the current study is extending the deep learning and transfer learning

model as it has emerged as one of the competent methodologies for AD detection [13].



Moreover, based on existing gaps in literature this research focuses on utilizing
transfer learning through a pre-trained VGG16 model [8, 14], Inception-V3 model, fine-
tuning, and multi-task learning to classify MRI scans for AD diagnosis [15, 16, 8, 17] for
early, precise and effective Alzheimer detection through [18, 19, 20, 21]. Wherein the dataset
that would be used is an Open source Kaggle dataset consisting of 6400 mri images for four
classes [22]. Comprehensively, the study's paramount objective is to detect and enhance AD

progression via a transfer learning framework.

1.3 Significance of the Study

The aim of this study is to add valuable insights to the existing body of knowledge in the
academy and have real world, practical applications. So, theoretically, it will add new
valuable knowledge to the existing body of literature. By exploring the implications of CNN
models to detect AD stages. Wherein, it could be a fundamental study in Pakistan with
respect to policy implications regarding AD diagnosis. Where it can provide some contextual
guidelines for local and national development. Henceforth practically, it has potential
applications in numerous fields ranging from medical field to Al, Neuroimaging, machine

learning, and public health.

1.4 Research objectives

The goal of this research is to highlight how the VGG16 model's inherent knowledge
enables extracting pertinent features from medical imagery, while fine-tuning refines its AD
detection capabilities. The holistic approach promises not just to identify AD but to also shed
light on its progression, fostering advanced detection strategies and offering invaluable
insights for patient-specific trajectories. Wherein, the list of core objectives of this research is

given below.



1. To detect and analyze the stages of AD through simple transfer learning approach
with respect to VGG16 and Inception V3 models

2. To enhance the detection of AD by introducing a custom fine-tuning framework
concerning VGG16 and Inception V3

3. To compare the efficiency of VGG16 and inception V3 models through performance
metrics (categorial accuracy class, AUC, balanced accuracy, and Mathew’s correlation

coefficient, loss, confusion matrices, precision, F1 score, and recall)

1.5 Research Questions

RQ 1: How transfer learning approach through CNN enhances the detection of AD as

compared to traditional machine learning approaches?

RQ 2: Which CNN model (VGG16 or Inception V3) is effective in detecting multi stages

of AD?

RQ 3: To what extent does a custom fine-tuning framework enhances the accuracy of AD

detection?

1.6 Thesis Outline

The contents of this research thesis consist of six chapters in total. Starting with the
Introduction as Chapter 1 that sheds light on the background of Alzhiermer disease, prevailing
challenges, and deep learning as an opportunity to diagnose AD efficiently. Chapter 2 is about
the literature review which presents a detailed account of an already existing body of
knowledge and previous studies in this regard. This chapter reviews the existing analysis situs
about deep learning approaches and models used to diagnose AD along with the drawbacks
and limitations. Which lays the foundation for Chapter 3 named as Proposed design of the

study. This chapter is all about the dataset description like strategy of performing tests, selected
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dataset and details of model’s classification that how VGG16 and Inception-V3 models are
being handled throughout to achieve the desired results. Wherein, Chapter 4 presents the
detailed discussion of results and Analysis of proposed methodology, accuracy rates achieved,
and visualization of the findings. This Chapter is all about discussion of the presented results
and findings to back them up from the literature chapter to either validate them or to provide
new perspectives regarding the field of study. Lastly, Chapter 5 covers the holistic conclusion
of the whole thesis from proposed objectives till depicted inferences. Moreover, it entails the

limitations of the study along with the future recommendations as well.



Chapter 2

Literature review

This section covers the concept of Alzheimer disease, its symptoms, types of AD,
approaches to diagnose AD, that how machine learning and deep leaning methodologies
assist the early and effective AD diagnosis and its contribution towards the said field of
analysis. It also includes comprehensive details regarding the models being studied, that
shows how different approaches contributes the efficient and progressive AD diagnosis. The
researcher considering the current literature develops an understanding regarding the list of

metrics in detecting AD through CNN.

2.1 Alzheimer’s disease (AD)

The systematic functioning of a human body relies upon one of the fundamental
organs i.e. the brain. Which is responsible for numerous operational activities, for instance
decision-making, critical and analytical thinking, information retention, and keeping record
or memory. The whole concept of attaining, perceiving, and retaining information, life
experiences, and knowledge restores into memory blocks which enables a human to
recognize the environment and circumstances around him/her [23]. Any hinderance in this
process causes several disorders like memory loss, inability to recall and identify things or
even people. The disorder of dementia resonates with the mentioned inabilities, a human
brain goes through, more precisely the Alzheimer disease, a common form of degenerative
memory disorder where the patient at early stages suffers from Mild cognitive impairment
(MCI) and forgets to recall the recorded information and at advanced stages lose the
connection with the closed family members and even forgets the basic instincts like
swallowing, breathing, sneezing etc. [23, 24, 25, 26]. Henceforth, the patients who have the

6



symptoms of MCI are more prone to Alzheimer, making this ailment a multi-stage

progressive neural deterioration [27].

Consequently, this neurological disorder is becoming that common that half a million
people around the globe is suffering from this disease which is further expected to surplus
with the addition of 100 million cases by the end of 2050 and the expenditure on health care
facilities accounts equivalent to the 18™ largest economy of the world [28, 29, 30]. However,
despite numerous efforts made towards its effective and accurate diagnosis, still there are
complexities in early-stage detection due to its corresponding similarities with aging and
other forms of dementia [31]. Like, one of the closest disorders resembling AD is the
Vascular dementia (a syndrome where the tissue of brain gets weaken due to vascular disease
leading to strokes etc.) making it difficult to categories the AD specifically [30, 32]. Wherein
for this purpose most of the studies has put emphasis on Magnetic Resonance Image (MRI)
technique to account the size and number of cells, because the early detection is crucial for
effective prevention and treatment. Nonetheless, the prompt detection remains ambiguous

and challenging requiring further empirical investigation [30, 31].
2.2 Types of Alzheimer Disease

AD is mainly categorized in 4 progressive types, starting with the premature stage of
non-dementia to early stages of very-mild and mild dementia advancing towards the
moderate dementia [33, 34]. These categories are being highlighted in a recent study in a
more comprehensive manner. Starting with the “Preclinical stage”, which accounts for trivial
memory problems like difficulty in remembering small details or sometimes the patients at
this stage do not show any specific symptoms of dementia. The second stage is “MCI (mild
cognitive impairment)”, dictating more visible indications of memory dysfunction but to the

extent where patients can execute daily routine activities. While the intensity increases in the



third stage of “Mild dementia”, when the affected individuals start facing complexity in
fulfilling routine tasks and even communicating efficiently due to uncertainty and bafflement.
Last two stages “Moderate and Severe dementia” accounts for the advance progressive form
of dementia where the severity intensifies to the level where the patient not only suffers from
memory deterioration but forget about loved ones, family, communication skills and becomes

completely dependent on caretakers [35, 36].

The cruciality and condition of AD symptoms would be indicating the specific stage,
but because of lack of accuracy in primary discovery of AD in patients, the identification of
early stages becomes uncertain [33]. This in surn makes the process of diagnosis challenging
resulting in inefficient treatment that compromises the chances of early preventions from
progression as the AD is more receptive to preliminary handling [37] and advances with the
passage of time [38]. There are three streams of diagnosis in this regard, mainly one is
conducted by neural psychologists for minor initial stages, clinical examination along with
non-automated assessment for advanced analysis. Nevertheless, the obstructions in
accounting AD at premature stages are still prevailing, one of the reasons of this uncertainty
is the familiarity of AD at initial stages with the conventional neural diseases like temporary
memory loss or difficulty with the usage of language [36, 39, 40]. Holistically, as discussed
by multiple studies, despite having technological advancement in the current time of artificial
intelligence there is absence of a reliable and competent framework to curb the spread of this

disease.
2.3 Approaches to diagnose AD

One of the prevailing approaches to diagnose Alzheimer is a cognitive or neural
imaging procedure, through which it can be diagnosed way before any evident

signs/symptoms [41, 42]. For instance, the earliest stage of “Preclinical dementia” can also be



identified, whose duration varies to years, for example it can last up to more or less than ten
years. So, how this premature form of AD can be diagnosed through neural imaging method?
By utilizing advanced imaging equipment to detect and analyze a specific protein “amyloid
beta deposit”. The drop in its levels is responsible for Alzheimer regardless of the invisibility
of any indication [43]. Henceforth, the development of such technologies would be useful in
curtailing severe repercussions from cognitive dysfunction because of its non-intrusive
examination. However, the efficacy of this diagnostic approach progressed over time with
constant technological advancement. Previously, the threatening illness of AD can only be
detected after the demise of patient but the recent development in artificial intelligence
equipped the medical experts with multiple methods not only for the diagnosis but for the
medication as well in form of neural imaging procedures [44]. These procedures include
“magnetic resonance imaging (MRI), Positron emission tomography (PET), Functional

magnetic resonance imaging (fMRI), and Computed tomography (CT) [38, 45].

A recent study identified three methods for an effective and efficient diagnosis of AD.
Those approaches are mainly (i a traditional systematic inquiry (ii clinical biomarker (iii
neuroimaging sensory systems (just like MRI). Wherein the first approach is inefficient and
the main source of gathering information is through mainstream technique of manual
assessment. Which is its biggest drawback, reason being that the results get influenced by the
subjective nature of the procedure, maximizing the probability of error [46, 47]. The second
method emphasizes the diagnosis through examining a protein named “amyloid-beta” which
is directly linked to the dysfunction of brain. However, the methodology is objective in nature
but due to its extensive and demanding techniques it is not admired as a regular strategic
framework for premature AD diagnosis [48, 46]. So, the third technique of visualizing brain
imaging is an effective technique as compared to others due to its capability of providing

visualized in-depth brain analysis. This technique thoroughly examines the structure of the



brain, its shape, tissue, substances/chemicals etc. Any slightest change can be visualized
through this procedure to indicate the presence of Alzheimer [23]. The advantageous edge of
MRI improves when used with other neuro-cognitive equipment as it helps to classify AD
from other brain related syndrome/dementia [49, 50, 36]. However, along with opportunities
MRI technique has certain limitations/shortcomings like data gathering is easy but the

interpretation and comprehension of that visual data/image is complex [48, 47].

2.4 Deep and Machine Learning as an Approach

In addition to these available techniques there is an evident shift towards the
implication of machine and deep learning methods. The advancement in brain imaging
technology has emphasized the efficacy of deep and machine learning approaches in terms of
identifying and treatment of AD. The precision in diagnosis and predictions with these
approaches increases as they are believed to acquire precise information accurately [23, 51].
Both the approaches have pros and cons accordingly for instance machine learning
methodology is more feasible because of its open and easily accessible database from which
dataset for research and study purposes can be retrieved [52]. Whereas DL approach is more
favourable because of its precision in results which led its applicability in medical sciences as
well [46] specifically in context of Alzheimer diagnosis. The utilization of DL in AD is
getting popular since 2013 when a study examined the progression of Alzheimer disease with
the help of “stacked auto-encoder and support vector machine classifiers” [53]. Though, there
is still ambiguity regarding which approach is viable for AD. Henceforth, there is need to
analyse the body of knowledge to assess the effectiveness of deep learning as compared to

machine learning approach.
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2.4.1 Machine learning Approach

Currently Al is progressing immensely and affecting every field, may it be smart
gadgets, programming tools, entertainment sector or medical science. This progression
contributed to the medical field by developing innovative machine learning equipment for
forecasting diseases. Where machine learning techniques have been employed in form of
multi-classifiers, SVM etc. [38, 54] by following three stages 1) identifying the brain’s ROIs
i1) characteristics selected from ROIs iii) formulating and assessing classifiers (models), to
detect AD and acquire decent results. The main aim of such modules was to formulate a
structural framework to examine brain for any abnormalities, dysfunction, or defect and
furthermore to identify the AD symptoms from other brain related issues. In accordance with
it, different versions of diagnostic models have been formulated and tested. Such as an
approach of multi-classification was introduced namely “Inherent Structure-based Multiview
Learning” in which the function of feature selection was enhanced by stratifying voxels and
segmenting the brain tissue (white and grey) and applied on MRI baseline data with 93.83%
accuracy [55]. The experiment showed a successful precision rate with less margin of error

but still needed improvement to cover this margin.

For this purpose, another study projected the same concept of multi-layer model based
on the notion of “fuzzy logic” programmed on MRI and PET. The functioning of the model
was categorized in three steps, the first step accounts for the preliminary management work
where the white and grey matter were being fragment and passive voxels were assorted. The
second stage narrates the collection and positioning of features to lessen the amount of ROI
and last stage was regarding the fuzzy classification. The overall functioning was observed
under AUC (receiver operating characteristics). Consequently, the results showed only 89.59
percent accuracy -rate of this combined module [56]. To further check the precision, a

“computer-aided diagnosis” and image processing model were introduced specifically for
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Alzheimer. The fundamental purpose of these systematic frameworks was to recognize and
classify the AD patients and normal ones. The procedure follows the same methodology of
fragmentation/segmentation and multi-classification [57, 58, 23]. However, instead of

decreasing the margin of error increased as the accuracy rate was between 73 to 75 percent

for MRI and PET which was less than previously mentioned approaches [57].

Holistically, the recorded results highlighted the biggest hurdle experts faced
regarding the utilization of traditional learning approaches for AD was manual data gathering
and comprehension that consequently devalues the model’s functioning. To address this
shortcoming So, to enhance the competency of the outcome experts shifted their interest to

Deep learning approach as an alternative strategy in diagnosing AD [23].
2.4.2 Deep Learning and Alzheimer Diagnosis

The loophole in ML modules’ application can be taken over by employing deep
learning models because of their efficacy in reading, detecting, and analyzing smallest change
in brain functioning. Moreover, the simulation possesses the capability to diagnose Alzheimer
disease with maximum precision in results as compared to the traditional mainstream
techniques [23]. As advocated by certain studies this approach is viable and has limited
variations, for instance CNN (convolutional neural networks) is contemplated to be the most
popular and used version. These systematic frameworks are trained to work on 2-dimentional
image processing however, it can also work on 1-dimentional or even extent to 3-dimentional
data. The fundamental aspect required to run such neural networks efficiently, is to train them
on large set of data [38, 59]. As evident in studies conducted to explore the effective
technique to treat AD, the module developed on the basis of deep learning approach under
which multi-sensory procedures were involved like SoftMax logistic regressor and the end

result showed approximately 91 percent success rate [60].
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Wherein on the other hand functionality of DL was estimated by including three
dimensional convolutional networks along with SoftMax to scan brain through MRI [61]. For
a more advanced approach, instead of implementing simplified Support vector machine
technique, a progressive strategy of trained CNN proves to be more efficient, reliable, and
accurate. As advocated in 2017 study, results from experimenting with SVM technique show
only 84.4 percent precision whereas with CNN deep learning approach the exactitude reaches
96 percent. Which proves the proposed assumption that deep learning neural networks work
the best in detecting and treating early and progressive stage Alzheimer [62]. As mentioned
earlier Machine learning techniques are not consistent when it comes to feature selection and
distinguishing AD from other brain related issues/dementia. To fulfil this gap a CNN model
was programmed to classify AD mechanically that was utilized along with different systems
like AlexNet for selecting feature, PCA (principal component analysis) for selecting feature
in a sequence and SVM for classification and the obtained percentage was 90% [63]. In
addition to it, similar method was investigated but with fine-tuning framework which

achieved 91.7% accuracy level [64].

Further exploration of existing body of literature underlined another research [65]
where the three-dimensional CNN network was programmed by organizing multiple layers
for different purposes, among these layers 5 were trained for the selection of features and 3
interlinked layers were used for classifying AD. To investigate the core elements behind the
higher functioning of the model, four components were assessed mainly hyper parameters for
selection, preliminary processing, data segmentation, and the proportion of dataset. wherein
the module was pre-trained with the 60 percent MRI images in training segment and 20
percent data was used in validation stage and finally for testing stage remaining 20 percent
data was consumed. After evaluation the model acquired nearly 99% accuracy (98.74%)

which ultimately indicates the higher level of efficacy in detecting and curing AD. Similar
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results of “98.59% for AD vs. NC, 97.65% for AD vs. MCI” were encouraged in [66] as well
but with the different conceptual technique where the experts divided the dataset in to three
sub-sets and then changed the size of the images to 224 x 224 while assembling them in
groups. Afterwards 20 slices out of these assembled groups were assigned to train the
module, three classifiers (ResNet, NASNet, MobileNet) were used along with collective
learning technique to boost and improve the process. In contrast to such accuracy a for
ResNet framework, a more recent study [67] concluded that an improved Resnet-50 module

along with Soft NMS achieved lesser accuracy rate of 84.3% overall.

Moreover, this convolutional approach was again experimented in terms of resizing
the images of dataset, inclusion of 3 layers where after each layer a max pooling coating was
applied for two-fold/binary categorization of Alzheimer’s Disease. To contemplate the
efficiency of this model, the performance was assessed based on 3 testing trials with different
sizes of images mainly standardized to 128 x 128 and 64 x 64 with option of with or without
dropout. Henceforth, the result showed the maximum accuracy with the 128 x 128 size but
without dropout. To further check the reliability and validity of the results a cross-validation
was performed with the set range of 0.1 to 0.5. Which indicated that the precision rate is
directly proportional to the set batch range/size but with one condition that batch size should
not exceed more than 64 it is when the accuracy would be decreasing. The end results
regarding the model’s functioning in terms of binary classification reached to 95.6 percent

accuracy [38, 68].

A similar model with few variations was investigated and the level of accuracy
exceeded nearly 100% by attaining 99.5% precision after evaluation. The variations
introduced were regarding the image size and activation operation. Where the dataset was

chosen from OASIS instead of ADNI with the 200 x 200 image and 0.2 dropouts to
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encounter the overcompensating problem. For higher performance rate densely compacted
units (which were 121) were placed within layers while training the systematic module Al-
Khuzaie et al. So, to compare the two versions of CNN deep neural networks, one study
contrasted ResNet with AlexNet to contemplate the difference between their performances
and to explore which version would work perfectly. The former model consisted of 177
layers in total and five pooling layers with 5 x 3 whereas the later model was assigned 34
along with same 5 pooling layers with the 4 x 4 size image. Out of the dataset eighty percent
was utilized in giving instructions and training the model while the evaluation was done with
the rest of twenty percent. Accumulatively the outcome suggested that the AlexNet showed

94.5 % precision and works the best in diagnosing AD [69].

For a more comprehensive understanding a recent study explored and analysed 29
models under convolutional networks of deep learning where the final inferences put
emphasis on the efficacy of EfficientNet modules whether in terms of pretraining strategy or
comparative analysis regarding Alzheimer diagnosis, the precision reached 94 to 97 percent
[70]. In line with the above-mentioned comparison, other two modules i.e. VGG16 and
VGG19 were being compared regarding the treatment and detection of Alzheimer. Prior to
the training stage the brain was augmented, and the image was of 224 x 224 size. Then for
first mentioned model sigmoid with 64 and 128 filter kernel sizes was used while for the
second softmax with an addition 256 size was used for the purpose of activation. Both
versions were not proved to be optimal in diagnosing AD accurately, for instance the
accuracy rate for VGG16 was 81 percent and for VGG19 was 84 percent only [71]. In
contrast to these levels a latest study highlighted higher precision rates of VGG16 and 19
models which were pre-trained and fine-tuned. They acquired 97 percent accuracy in

diagnosing Alzheimer and its progressive stages. However, standard VGG module is not
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quite efficient with respect to different datasets for instance according to [72] the accuracy
rates for standard VGG 16 are fluctuating and not promising as the study investigate VGG16
with 2 datasets with minor changes, where it accomplished 90.4% for dataset 1 and 71.4% for
dataset 2. So, VGG is considered to be appropriate for routine usage because of its simplified
features with less complicated computational tasks, overfitting issue and adherence to
minimal memory usage along with progressive/temporal adaptation [38, 24]. Conclusively,
based on these presented facts there is still a need to further explore and investigate the
effectiveness of VGG models specifically while dealing with multi-classification to diagnose

AD.

Because standard conventional frameworks are not proved to be effective in their
predictions. For instance, as per studies in literature like [4, 73] standard version of Inception-
V4 and Landmark-based extraction did not achieve decent accuracy rates (73.75% for
Inception-V4 and 79.02% for landmark-based extraction. The stance is reinsured by [74]
where the investigators performed AD detection on Kaggle Dataset which contained four
classes of AD severity. The models they used were DenseNet-169 and VGG-19 with the
accuracy fluctuating between 80% to 82%. In line with this [33] utilized open-source dataset
for DenseNet-169 and ResNet-50 while achieving 88% accuracy for DenseNet-169 and 82%
for ResNet-50. In this regard, few studies have investigated certain approaches and proposed
custom alterations according to the achieved accuracy. Such as a study [17] investigated
ResNet-50 with different classifiers (like Softmax, SVM, and RF) highlighting accuracy rate
of (99%-96%) for softmax, (92%-90%) for SVM, and (85.7%-84.8%) for RF. Wherein a
more recent study working with ADNI dataset anticipated to project an improved ResNet-50

with an overall 84.37% [67].
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2.5 Summary of the Study’s Base Papers

Following is the summary of the base papers utilized as a foundational basis for this

thesis.

Table 1

Summary of base papers for the current study

Papers Year Dataset Techniques Achieved Accuracy
Used
Islam et al. 2017 | OASIS Inception- V4 e T73.75% Inefficient
(Springer) accuracy rate
Zhang et al. 2017 | Longitudinal Landmark- s 79.02% Landmark-
(IEEE) MRI Scans based based feature
extraction extraction is
inefficient
Pradhan, A. | 2021 | Kaggle DenseNet-169 *  Fluctuating Lesser
et al. (IJERT) Dataset VGG19 between Accuracy rates
80% t0
82.6%
Ghazal et al. | 2021 | Kaggle AlexNet Fine * 91.7% All
(Computers, Tuned convolutional
Materials & layers are not
Continua) fine-tuned
Sharma et al. | 2021 | Kaggle Standard *  90.4% Computational
(Front VGG16 Dataset 1 complexity
Comput (Dataset 1 & c 71.1% (14.7M
Neurosci) 2) Dataset 2 trainable
parameters)
Al Shehri W. | 2022 | Open-source ResNet-50 *  82% for Lesser Testing
(PeerJ dataset DenseNet-169 ResNet-50 accuracy
Computer 88% for Different
Science) DenseNet- measures
169 needed to detect
the system’s
accuracy
AlSaeed, D. 2022 | ADNI, ResNet50- ¢ Softmax Small datasets
et al. MIRIAD Softmax (99%-96%) with only 750
(Sensors) (MRI ResNet50- + SVM subjects approx.
datasets) SVM (92%-90%)
ResNet50-RF *  RF (85.7%-
Multiple 84.8%)
classifiers used
Helaly, H.A. | 2022 | ADNI 2D and 3D « 2DCNN Small datasets
et al Dataset CNN (93.6%) with only 300
(Cogn architectures « 3DCNN subjects
Comput) used (95.1%)
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*  Fine tuning *  VGGI9
using pre- (97%)
trained
VGG19
Yusi C. etal. | 2024 | ADNII *  Soft NMS c  84.37% *  Unlabeled
(JRRAS) Dataset *  Improved overall dataset affecting
RESNET-50 efficacy
Alsubaie, 2024 | (CNNs, *  Comparative *  Advancements
M.G. et al. RNNs, and analysis. and refining in
ML Knowl GANs) from *  Review model
Extr 2018 to Survey architectures
2024 (CNNs, RNNs, and training
and GANSs) methodologies
from 2018 to are required to
2024 enhance the
generalizability

2.6 Research Gaps

Based on the above-mentioned review of previous studies, following research gaps in

literature are being highlighted.

1. Imprecise convolutional effectiveness
2. Classification of limited AD classes
3. Unlabeled datasets result in inefficient accuracy rates.

4. Computational complexity with high number of trainable parameters.
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Chapter 3

Proposed Methodology

3.1 Data Set

The focus of this study is to enhance the classification of AD through transfer learning
approach with respect to VGG-16 and Inception-V3 models. For this purpose, the
methodology of the current research relies on different stages like pre-processing,
classification, and application of multiple strategies. To start with these strategies the first
step is to select the dataset, so the dataset that was being used is an open source Kaggle
dataset which contains a total of around 6400 MRI images, each segregated into the severity
of Alzheimer’s Classes i.e (Non-Demented — 3200 images , Very-Mild-Demented — 2240
images , Mild-Demented — 896 images and Moderate-Demeneted — 64 images) as shown in

Figure 1 below.

Non-Demented Very-Mild Demented =~ Mild Demented Moderated Demented

Figure 1: Segregation of Alzheimer’s Classes based on severity
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3.2 Synthetic Minority Oversampling Technique (SMOTE)

After the sample’s selection and importation, pre-processing was done and dataset
that includes Refining and pre-processing of dataset Image Normalization, resizing, reducing
class imbalancement. Later, 2D images of 176 X 176 size were used. There are different
techniques available for over sampling, which use random sampling to stack the copies of
minority class to make it equivalent to the majority class by increasing the copies. However,
this technique is not effective, so another approach (SMOTE) is established for this purpose.
Therefore, the technique used for reducing class imbalancement in this research, is synthetic
minority oversampling technique (SMOTE) as it is one of the efficient techniques being used
for balancing dataset [75]. This technique is an algorithm that generates samples from
minority class to deals with the imbalacement. Wherein at first the minority class with limited
occurrences was being identified by this synthetic algorithm, later it detects the k-nearest
neighbors within the identified minority class. In general, to assess and evaluate the similarity
Euclidean distance is used. Which in turn assist in interpolating between these k-nearest
neighbors and chosen samples by creating synthetic samples through random selection of one
of the k-nearest neighbors. To achieve the desired balance repeat and redo the steps 2-4, as

shown in Figure 2.
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© ® ® +

Minority class samples

Randomly selected class sample x;

5 K-nearest neighbors of x;

Randomly selected sample *; from 5 neighbors

Generated synthetic minority instance

Figure 2: Steps to generate Synthetic samples by suing SMOTE

Ultimately, to attain a balanced dataset, SMOTE technique combines the original

minority class samples with the generated synthetic samples. As evident in Table 2 and

Figure 3 & 4 below the class imbalancement is greatly reduced and the distribution is in a

balanced form.

Table 2

Comparison of Class distribution before and after SMOTE

Before SMOTE After SMOTE
AD Classes
Training Testing Training Testing

Non-Demented 2560 640 2036 654
Very Mild 1792 448 2061 628
Demented

Mild Demented 717 179 2056 647
Moderate 52 12 2039 631
Demented
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Figure 3: Cass distribution of training images after SMOTE

Testing Set Class Distribution

Classes

Figure 4: Class distribution of testing images after SMOTE
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3.3 Image Classification

Henceforth, after applying smote our data samples were balanced and increased from
6400 to 12800 for 4 classes. And the dataset of this study was ready to be given to the models
(VGG-16, Inception-V3) for classification. The data is segmented into train, test, and
validation sets. In addition to this process, the layers of VGG-16 and Inception-V3 models

were freeze and used two approaches, mainly:

1. Firstly, medical image classification using standard models is performed.
2. Secondly, the researcher performed this similar classification (of medical image) by
using simple fine tuning.

3. Thirdly, the same process was done by introducing custom fine-tuning frameworks.
3.3.1 Custom fine-tuning Framework

The addition of following layers in custom fine-tuning has improved the efficiency of

the selected models:

Dropout (reduces overfitting)
Global average pooling 2D (reduced number of parameters)
Flatten (prepares data for dense layer)

Batch Normalization (improves training speed)

v V VYV VvV 'V

Dense (classification)

In custom fine-tuning framework, firstly 3D activation feature maps are generated by
using pre-trained models. Then the Dropout, Global Average pooling 2D, and Batch

Normalization layers are used to reduce the computational complexity, for conversion of

23



activation maps into 1D vector, and finally to convert the feature vector into a normal
distribution as shown in Figure 5.

Global Avg Batch
Pooling 2D Normalization

4x4x2048 4x4x2048 2048x1

Dropout

2048

4x4 Feature Vector is

i convertedintoa | [T i

| AT Matrix-vector
 normal distribution ' ! s
[ttt ! product is

performed

Figure 5: Functioning of layers in custom fine-tuning framework
In continuation of the above-mentioned figure, the remaining steps of feature
reduction are performed. For instance, the feature reduction is applied to the 1D vector using

a set of five dense layers as evident in the following Figure 6.

Outputs
ST T > /"/' _______________________ \\\
: Batch Normalization ! [ 512x1 .
! Dropout : 512x1 bl
| Dense ! ! 256x1 ! :
N e e e e e e ———————— - /, |\\ ______________________ /,
............ SRR (N S
: Batch Normalization | ! 256x1 | :
! Dropout i ! 256x1 L
! Dense ! :: 128x1 ! :
N ) SO ——— .
i e s G
: Batch Normalization ! : 128x1 b
| Dropout B 128x1 :
| Dense ! I 64x1 -
e . (I A
____________ l : S
' Batch Normalization | : 64x1 :
! Dropout I 64x1 L
! Dense ! | 4x1 b
M e e e ’ N i

N e

—_——— e ——— — —

Figure 6: Feature reduction over 1D vector using a set of five dense layers
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By incorporating these layers, the functioning and efficiency of the Deep Learning
models (VGG16, Inception V3) for image classification tasks have improved massively.
After the layer’s addition, layers are then trained on the target data. AD is classified into 4
classes and test image is given to the output of the model to calculate testing accuracy of
predictions.

For feature reduction different approaches for combination of dense layers are used.
For example, 1/8" of previous dense layer for the next layer, similarly, 1/4" and 1/2" of the
previous layer for the next dense layer is used. Out of these layers, two sequences are
established for custom fine-tuning frameworks. Wherein sequence 1 is the combination of
1/4™ and 1/2" sequences, likewise, sequence 2 is established by combining 1/8™ and 1/2™

sequences. Both sequences are presented in the following Figure 7 and Figure 8.

Sequence 1l

: | : : i nd !
1/gth Ly L

i | | ' ; 2048
2048 !

: 256 | : |
32 |

4 ' i

Figure 7: The combination of 1/4™ and 1/2"? sequences for Sequence 1
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Sequence 2

1/2nd

Figure 8: The combination of 1/8™ and 1/2"? sequences for Sequence 2

3.4 Performance Metrics

Following performance metrics would be used to compare the efficiency of the said

models (VGG16 and Inception V3):

Validation accuracy and loss
Confusion matrix

F1-score

Categorical accuracy class
Area under curve (AUC)

Balanced accuracy

vV V VYV VvV ¥V V V

Mathews’s correlation coefficient (MCC)
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Since the transfer learning approach is being performed, the pretrained weights from
IMAGENET are being incorporated, so that the transfer of information from similar
classification tasks can take place. A custom call back function is integrated to stop training
our model when accuracy is 99% or more. So, a technique is applied to intervene and slow-
down the learning process when a particular metric would not be further improving for longer
than the allowed number of patients. Henceforth, the learning rate is retained on the same
levels as long as it increases and enhances the metric quantity but is reduced when the results

run into stagnation.

3.5 Proposed Architectural Framework

A detailed map is presented below in this regard in Figure 9, explaining the

architectural flow for the proposed methodologies and frameworks.

VGG16, Inception V3

Non-Demented, Very-
Mild, Mild, and

Moderate Demented
Pre-processing

VGG16, Inception V3

Figure 9: Architectural Map for the Transfer Learning Frameworks
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Kaggle Dataset

After proposing the mentioned architectural map, the study used pre-trained VGG16
and Inception-V3 models in which their standard layers are frozen for accomplishing transfer
learning. Custom fine-tuning frameworks are proposed which are represented below in
Figures 10 and 11. Whereas the transfer learning means knowledge is transferred from similar
classification tasks to our model’s classification tasks in the form of pre-trained weights. By
using this knowledge our models classify their specific tasks without being trained from

scratch like in Figure 12.
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Figure 10: Classification using custom fine-tuned VGG16

28

Output



Kaggle Dataset
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Figure 11: Classification using custom fine-tuned Inception-V3
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Transfer Learning

Figure 12: Block diagram for Transfer learning approach
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Chapter 4

Discussion & Analysis of Results

4.1 Performance Metrics

This section provides the results, findings, analysis of multi-class classification and
discussion with respect to the AD detection through transfer learning approach focused on
VGG16 and inception V3 model. These results are analyzed based on the proposed
performance metrics that are accuracy, loss, confusion matrix, F1-Score, Area under Curve
(AUC), Balanced Accuracy, Testing Accuracy and Matthews Correlation Coefficient.
Following are the equational expressions of these mentioned performance metrics, starting
with the “Accuracy” which highlights the correct number of predictions from the total

number of predictions.

TP+TN
TP+TN+ FP +FN

Accuracy =

Where this expression talks about TP, TN, FP and FN that represents true positive,
true negative, false positive and false negative values. The next performance metric “Loss”
used for multi-classification is categorical cross-entropy loss also known as SoftMax loss
which is a combination of SoftMax activation and cross entropy loss. For the better
performance of model “F1 score” metric is integrated which is basically the harmonic mean
of precision and recall, having the range of [0 1] which employs that the model performance
and F1 score are directly proportional means that the higher the F1 Score is, the better the

model performance is. The expression for F1 score is as follows:

2TP

F1=
2TP+ FP +FN
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For the purpose of accessing the correct positive result amount to all relevant sample
amount “Recall” is used. Additionally, to highlight this correct positive result amount to the

positive predicted amount by classifier “Precession” is used. The expressions of these metrics

are.
Recall = —
CCat = TP ¥ FN
pocicsion — TP
recission = TP n FP

The last two metrics calculated in this study are “Matthews Correlation Coefficient
(MCC)” and “Confusion matrix” wherein the MCC emphasizes the relation between true and
predicted values to underline the model’s predictions. On the other hand, the confusion
matrix provides the holistic depiction of the model’s performance. It provides the visual
description of how an algorithm performs by displaying true positive (TP), true negative
(TN), false positive (FP), and false negative (FN) predictions, in comparison of actual
outcomes. The expression for MCC and visual depiction (Figure 13) of confusion matrix is as

follows:

B TPXTN — FPXFN
J((TP +FP) + (TP + FN) * (TN + FP) (TN + FN))

MCC
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Actual Class

Cc1 c2 C3

Cell 1 Cell 2 Cell 3

C1

Cl1 predicted as C2 predicted as C1 C3 predicted as C1
Cl

Cell 4 Cell 5 Cell 6

2 Cl1 predicted as C2 C2 predicted as C2 C3 predicted as C2

Predicted Class

Cell 7 Cell 8 Cell 9

C3

C1 predicted as C3 C2 predicted as C3 C3 predicted as C3

Figure 13: Confusion Matrix for Multiclass Classification

4.2 Evaluation of VGG16 and Inception V3

The present study used transfer learning approach under which a custom fine-tuning
approach for multi-class medical image classification is evaluated. . Firstly, simple fine-
tuning is incorporated for VGG 16 and Inception V3 to calculate all the performance metrics.
Later on the second stage proposed custom fine-tuning framework (sequence 1) for VGG16
and custom fine-tuning framework (sequence 1& 2) for Inception V3 are analyzed. Lastly,
the study compares the proposed custom frameworks with the simple frameworks. The
upcoming discussion provides the detailed insight of this comparison. Wherein the manner
of the discussion is catering the simple fine tuning of VGG16 followed by custom fine-

tuning. Likewise, the Inception V3 model is discussed in a similar manner.
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4.2.1 Evaluation of VGG16

4.2.1.1 Standard Approach for VGG 16

Firstly, classification is performed using standard VGG16 model in which
traditionally it has been trained from scratch for feature extraction and AD is classified in to
four classes. By using this standard approaach, VGG16 has achieved training and validation
accuracies of 97% and 78%, training and validation auc of 99% and 89%, training and
validation loss of 0.13 and 2.41, Mathew’s correlation coefficient and balanced accuracie of
66.04% and 76.48% Whereas the following Figure 14 is showing Training and validation

accuracies, Auc’s and losses.

Model acc Model auc Model loss
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VAL_ACC: 78% VAL_AUC: 89% VAL_LOSS: 2.41

Figure 14: Training and validation accuracies, Auc’s and losses for standard VGG16

4.2.1.2 Simple Fine-Tuning Approach for VGG 16

By using simple fine tuning, VGG16 16 has achieved training and validation
accuracies of 89.15% and 88.495, training and validation auc of 98.5%and 98%, training and
validation loss of 0.273 and 0.32, Mathew’s correlation coefficient and balanced accuracie of
85.48% and 89.13%. Whereas the following Figure 15 is showing Training and validation

accuracies, Auc’s and losses.
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Figure 15: Training and validation accuracies, Auc’s and losses for simple fine-tuned

VGG16

Wherein the blue line in the above-mentioned figure shows the performance metrics
when training dataset is given during training whereas the red line indicates the metrics when

validation dataset is given during training.

4.2.1.3 Custom Fine-Tuning Approach for VGG16

When custom fine-tuning framework (sequence 1) is incorporated VGG16 has
achieved prominent increase in training and validation accuracies of 90.64% and 94%,
training and validation auc of 98.64% and 99.47%, training and validation loss of 0.266 and
0.166, and Mathew’s correlation coefficient and balanced accuracie of 91.88% and 93.96%.

As shown in the graphs preseted below in Figure 16.
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Figure 16: Training and validation accuracies, Auc’s and losses for custom fine-tuned

VGG16 (sequence 1)

4.2.1.4 Comparative Analysis of Standard, Simple and Custom Fine-

Tuning for VGG16

The increase in the efficacy of the performance metrics is clearly visible as depicted

in Table 3 below. The tabular data clearly shows that after incorporating custom fine tuning

framework validation accuracy has prominently increased by 4.5%, validation loss has

decreased by approximately 50% and testing accuracy has increased by 5%.

Table 3

Comparative Analysis of Standard, Simple and Custom Fine-tuning (sequence 1) for VGG16

Parameters Standard VGG16 Simple Fine-tuned | Custom fine-tuned
VGG-16 VGG16 (sequence 1)

Loss 0.13 0.273 0.266

Accuracy 97% 89.15% 90.64%
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AUC 99% 98.56% 98.64%
F1 Score 0.96 0.89 0.90
Val_loss 241 0.32 0.166
Val_Acc 78% 88.48% 94%
Val_AUC 89% 98% 99.47%
Val_F1 score 0.65 0.882 0.938
Testing Accuracy 79.45% 89.10% 93.91

The above-mentioned comparison is followed by the stage level comparison of AD
classes i.e. “non-demented, very mild demented, mild demented, moderate demented”,
presented below in Table 4 for simple and custom fine tuning, with respect to some

performance metrics mainly precision, recall, f1-score and support.
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Table 4

Stage level comparison of AD classes w.r.t simple VGG16 and custom fine-tuning VGG16

(sequence 1)

Simple Fine-Tuning (VGG16)

Custom Fine-Tuning (VGGL16)

(Sequence 1)

Precision | Recall F1 Support | Precision | Recall | F1 | Support
Score Score

Non- 0.89 0.93 0.91 648 0.94 0.96 0.95 |621
Demented
Very Mild 0.99 1.00 1.00 634 1.00 1.00 1.00 | 637
Demented
Mild 0.87 0.84 0.85 622 0.93 0.90 0.92 | 662
Demented
Moderate 0.81 0.80 0.81 656 0.89 0.89 0.89 | 640
Demented
Micro Avg 0.89 0.89 0.89 2560 0.94 0.94 0.94 | 2560
Macro Avg 0.89 0.89 0.89 2560 0.94 0.94 0.94 | 2560
Weighted 0.89 0.89 0.89 2560 0.94 0.94 0.94 | 2560
Avg
Samples Avg | 0.89 0.89 0.89 2560 0.94 0.94 0.94 | 2560

4.2.1.5 Confusion Matrices (VGGL16)

The graphical representation of confusion matrix for standard VGG16 model is

depicted in Figure 17 below, which shows a prominent confusion between classes as the

number of predictions for non-demented and very mild-demented are too low. Followed by
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simple fine tuning in Figure 18 given below, which is screening the correct number of
predictions diagonally while upper and lower entries are depicting confused predictions. For
instance, the first entry of first row shows that 600 predictions for non-demented are
predicted as non-demented while third and fourth entry shows that 13 and 35 predictions for
non-demented are predicted as mild demented and moderate demented which is basically the

confusion for non-demented predictions with mild demented and moderate demented.

Alzheimer's Disease Diagnosis

500
NonDemented - 112 3 9 56
400
VeryMildDemented - 0 8 1 1
300
=
s
=
MildDemented - 11 1 - 200
- 100
ModerateDemented - 16 2

" . " v
MonDemented VeryMildDemented MildDemented ModerateDemented
Prediction

Figure 17: The confusion matrix for standard VGG16 in the model’s predictability
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Figure 18: The confusion matrix for simple fine-tuning in the model’s predictability

(VGG16)
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However, after the integration of custom tuned framework (sequence 1), it improved
the overall confusion between the classes, as evident in Figure 19 that the confusion of non-
demented is 18. Confusion in mild and moderate demented has decreased from 13 to 3 and
from 35 to 18. Confusion of mild demented with moderate demented has decreased from 87
to 56 and the confusion of “moderate demented”” with non-demented and mild demented has

decreased from 60 to 28 and 67 to 41.

Alzheimer's Disease Diagnosis
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MNonDemented

500

VeryMildDemented - 400

Truth

- 300

MildDemented - 8

- 200
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ModerateDemented - 28

i i i
NonDemented ‘VeryMildDemented MildDemented ModerateDemented
Prediction

Figure 19: The confusion matrix for custom fine tuning in the model’s predictability

(VGG16) sequence 1

4.2.2 Evaluation of Inception V3

4.2.2.1 Standard Approach for Inception V3

The classification is done by using inception V3 model by means of similar method
discussed under standard VGG16 in which it is typically trained from scratch for feature

extraction and categorizing AD in to four classes. Consequently, in this process the standard
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Inception-V3 approach has achieved the following accuracy levels. For instance, it attained

the training and validation accuracies of 99% and 71%, training and validation auc of

99%and 88%, training and validation loss of 0.02 and 1.77, Mathew’s correlation coefficient

and balanced accuracy of 58.83% and 68.15%. The visualization of these levels are shown in

Figure 20.

Model acc

Model auc

Model loss

— train 10— tmin
val wl /
03 /
/
/ 094
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— fain

VAL_ACCURACY: 71%

VAL_AUC: 88.1%

VAL_LOSS: 1.77

Figure 20: Training and validation accuracies, Auc’s and losses for standard Inception

V3

4.2.2.2 Simple Fine-Tuning Approach for Inception V3

By using simple fine tuning Inception V3 has achieved training and validation

accuracies of 90.7% and 84.96%, training and validation auc of 99%and 97.28%, training and

validation loss of 0.254 and 0.38, Mathew’s correlation coefficient and balanced accuracy of

83.17% and 77.43%. The following Figure 21 is illustrating Training and validation

accuracies, auc’s and losses for Inception V3.
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Figure 21: Training and validation accuracies, Auc’s and losses for simple fine-tuned

4.2.2.3 Custom Fine-Tuning Approach for Inception V3:

Inception V3

When custom fine-tuning framework is integrated Inception V3 has achieved an

outstanding increase in training and validation accuracies of 95% and 93.9%, training and

validation auc of 99.5% and 99.45%, training and validation loss of 0.15 and 0.166,

Mathew’s correlation coefficient and balanced accuracie of 91.83% and 93.89% with 1.22

million trainable parameters. Which is refered as sequence 1 for custom fine-tuning

framework. So, below mentioned Figure 22 for Training and validation accuracies, auc’s and

losses regarding custom tuned Inception V3, is showing these results w.r.t sequence 1.
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Figure 22: Training and validation accuracies, Auc’s and losses for custom fine-tuned

Inception V3 (Sequence 1)

The parameters (1.22M) in case of sequence 1 are still computationaly complex as

compared to 438K ofVGG16 (sequence 1). Henceforth, the study established another

sequence for feature reduction in case of inception V3, named as sequence 2. As a result of

which the parameters of Inception V3 (sequence 1) model are reduced to over 50% from

1.22M to 573K for sequence 2. Howvere, by doing this the accuracy rates are not being

majorly compromised. The accuracy rate for sequence 2 is 93.09%, which means there is

only 0.78% fluctuation in accuracy rates, as presented below in Figure 23.
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Figure 23: Training and validation accuracies, Auc’s and losses for custom fine-tuned

Inception V3 (Sequence 2)
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4.2.2.4 Comparative Analysis of Simple and Custom Fine-Tuning for

Inception V3

The upsurge in the efficacy of the performance metrics is clearly visible as described

in table 5. The tabular data clearly shows that after incorporating custom fine tuning

framework validation accuracy has prominently increased by 9%, validation loss has

decreased by more than 50% and testing accuracy has increased by 10.8%

Table 5

Comparative Analysis of Standard, Simple and Custom Fine-Tuning for Inception V3

Parameters | Standard Simple Fine- Custom Fine-tuned | Custom Fine-tuned
Inception-V3 | tuned Inception V3 Inception V3
Inception-V3 (Sequence 1) (Sequence 2)
Loss 0.02 0.254 0.15 0.20
Accuracy 99% 90.7% 95% 93.1%
AUC 99% 99% 99.5% 99.4%
F1 Score 0.99 0.90 0.95 0.93
Val_loss 1.77 0.38 0.166 0.19
Val_Acc 71% 84.96% 93.9% 92.92%
Val_AuUC 88% 97.28% 99.45% 99.31%
Val_F1_score | 0.56 0.848 0.938 0.928
Testing 74.1% 83.05% 93.87% 93.9%
Accuracy
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In addition to the above-mentioned contrast, for further insightful analysis, the stage

level comparison of AD classes “(non-demented, very mild demented, mild demented,

moderate demented)” is presented below in Table 6 for simple and custom fine tuning, with

respect to some performance metrics mainly precision, recall, f1-score and support.

Table 6

Stage level comparison of AD classes w.r.t simple fine-tuning and custom fine-tuning

(Inception V3) for sequence 1 and 2

Simple Fine-Tuning

(Inception V3)

Custom Fine-Tuning

(Inception V3) Sequence 1

Custom Fine-Tuning

(Inception V3) Sequence 2

c (5]

2 - S = s - e | g 5 — g =

L2 = o 'S = o o bl = o o

2 |8 |2 /g |8 |8 |38 |8 |8 |8 |&

a | & el & el |3 & o n @
Non-

0.83 0.89 0.86 623 0.96 0.98 | 0.97 633 0.97 0.98 0.87 635
Demented
Very Mild

0.99 1.00 0.99 637 1.00 1.00 | 1.00 641 1.00 1.00 1.00 640
Demented
Mild

0.78 0.74 0.76 663 0.91 0.88 | 0.89 648 0.88 0.87 0.88 631
Demented
Moderate

0.72 0.70 0.71 637 0.89 0.89 | 0.89 638 0.87 0.88 0.88 654
Demented
Micro Avg 0.83 0.83 0.83 2560 0.94 094 | 0.94 | 2560 0.93 0.93 0.93 | 2560
Macro Avg 0.83 0.83 0.83 2560 0.94 0.94 | 0.94 | 2560 0.93 0.93 0.93 | 2560
Weighted

0.83 0.83 0.83 2560 0.94 0.94 | 0.94 | 2560 0.93 0.93 0.93 | 2560
Avg
Samples

0.83 0.83 0.83 2560 0.94 0.94 | 0.94 | 2560 0.93 0.93 0.93 | 2560
Avg
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4.2.2.5 Confusion Matrices (Inception V3)

The standard Inception-V3 approach forecasting the prominent confusion among the
classes during the prediction process. It is evident in below-mentioned Figure 24 that non-
demented and very-mild demented classes are not predicted accurately and there is an acute
and noticeable confusion among all classes. Whereas the confusion matrix for simple fine
tuning in Figure 25 shows the correct number of predictions slantwise while upper and lower
entries are representing confused predictions. Thus, the first entry of first row shows that 533
predictions for non-demented are predicted as non-demented while third and fourth entry
shows that 21 and 49 predictions for non-demented are predicted as mild and moderate
demented which is basically highlighting the confusion for non-demented predictions with

mild and moderate demented.

Alzheimer's Disease Diagnosis
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Truth
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- 100

ModerateDemented - v] 1 - 50

i i i
NonDemented ‘VeryMildDemented MildDemented ModerateDemented
Prediction

Figure 24: The confusion matrix for standard Inception V3 in the model’s predictability
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Figure 25: The confusion matrix for simple fine-tuning in the model’s predictability

(Inception V3)

Whereas the custom fine-tuned framework of sequence 1 improved the overall
confusion between the classes, as evident in Figure 26 that the confusion of non-demented
class with mild and moderate demented has decreased from 21 to 6 and from 49 to 6.
Confusion of mild demented with moderate demented has decreased from 127 to 67 and the
confusion of moderate demented with non demented and mild demented has decreased from

71to 16 and 116 to 52.
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Figure 26: The confusion matrix for custom fine tuning in the model’s predictability

(Inception V3) sequence 1

In line with this, the confusion matrix of sequence 2 for custom fine-tuned (Inception
V3) shows few fluctuations as compared to sequence 1. For further insight refer to the below

Figure 27.
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Figure 27: The confusion matrix for custom fine tuning in the model’s predictability

(Inception V3) sequence 2

4.3 Discussion on Results

In this study various techniques such as SMOTE, transfer learning and custom fine-
tuning framework are incorporated in-order to enhance AD detection using MRI scans as
dataset for classification. First synthetic minority oversampling technique is used for reducing
class imbalancement because it’s proven to be one of the best techniques that are used for
balancing datasets. As discussed in literary study [76] SMOTE outperforms other techniques
by achieving 99.08% accuracy. Therefore, the present study employed SMOTE to reduce

class imbalancement. Where after applying it, the dataset size was increased from 6400 to

12800 MRI scans.

Then the balanced dataset is classified using different approaches as discussed below.
Firstly, classification is accomplished with respect to standard VGG16 and inception V3

models in which conventionally they are trained from scratch for feature extraction and AD is
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classified in to four classes. The testing accuracies achieved are 79.5% and 74% which are
not so accurate. The finding can be backed up by the literature [74, 33] where they have also
trained ResNet-50, DenseNet-169 and VVgg19 models from scratch and achieved accuracies
only between 80% to 82.5%. Secondly, transfer learning is introduced in which pre-trained
VGG16 and Inception-V3 models are used. Features are transferred from IMAGENET and a
simple fine-tuning framework is utilized. The testing accuracies in this approach are
enhanced to 89% for VGG16 and 83% for Inception V3, also computational complexity is
reduced. Lastly, when custom fine-tuning framework of sequence 1 is employed, the
accuracies are further enhanced to almost 94% for both the models. The point to ponder is
that the parameters for VGG16 are already 438K w.r.t to sequence 1 but for Inception V3 are
1.22M, which still shows computational complexity in contrast to VGG16. Therefore, to
decrease this complexity sequence 2 for custom fine-tuned framework (Inception V3) is
introduced by reducing parameters from 1.22M to 573K with testing accuracy rate of
93.09%. Conclusively, fine-tuning approach along with transfer learning is proven to be the
best for AD detection which is evident in various previous studies of literature [17, 64, 24]
where these studies have achieved outstanding accuracies, for instance first mentioned study
attained 91.7%, second accomplished 97% and third study accounted 96% accuracy levels for

AD detection through the incorporation of fine-tuned models.

4.4 Contrast of Study’s Test Performance with Literature

Several methodologies have been investigated in previous studies regarding the
detection of Alzheimer, however, the transfer learning approach has proved to be one of the
outstanding approaches. The proposed methodology of the current study has achieved high
accuracy levels in detection of AD classes through VGG16 and Inception V3. The below-

mentioned table 7 represents the comparison of proposed fine-tuned method’s performance
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with the previous studies (i.e. body of Literature). From the table it is evident that the

proposed models outperformed majority of the published approaches while achieving closest

accuracy levels with respect to approaches.

Table 7

In comparison with the existing body of knowledge (Literature) for Fine-tuned VGG16 and

Inception V3
Literature Models Validation Accuracy Miss rate
Islam et al. (2017) Inception V4 Network 73.75% 26.25%
Zhang et al. (2017) | Landmark-based extraction | 79.02% 20.98%
Pradhan, A. et al. DenseNet-169 80% 20%
(2021) VGG16 82.6% 17.4%
Ghazal et al. (2021) | AlexNet (Fine tuned) 91.7% 8.3%
Al Sehri W. (2022) ResNet-50 82% 18%
DenseNet-169 88% 12%
Al Saeed, D. et al. Resnet 50-SoftMax 99% 1%
- 0, 0,
(2022) ResNet 50-SVM 92% 8%
ResNet 50- RF 85.7% 14.3%
Helaly, H.A. et al. 2D CNN 93.6% 6.4%
0, 0,
(2022) 3D CNN 95.1% 4.9%
VGG19 (Fine tuned) 97% 3%
Yusi C. et al. (2024) | Soft NMS 84.3% Overall 15.7%
Improved ResNet 50
Proposed Method Proposed Fine tuned 94% 6%0
VGG16
Proposed Method Proposed Fine tuned 93.9% 6.1%

Inception V3
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Chapter 5

Conclusions and Future Work

The contents of this chapter consist of proposed objectives listed in chapter 1 which
are reassessed along with the deep learning frameworks that are used to attain these
objectives. These set aims directed the study by suggesting novel methods to answer the
problem under discussion. Moreover, the current chapter also lists the limitations and short

comings faced in this thesis to provide further future recommendations.

5.1 Discussion on Objectives

The objectives of this study are concluded one by one.

1. To detect and analyze the stages of AD through simple transfer learning

approach with respect to VGG16 and inception V3 models

In this study a simple fine-tuning framework that will detect and analyze AD stages is
presented. It was found that at first through incorporating using VGG 16 the simple fine-
tuned framework was able to classify AD stages (non-demented, very mild demented, mild
demented and moderate demented) with training and validation accuracies of 89.15% and
88.495, training and validation auc of 98.5%and 98%, training and validation loss of 0.273
and 0.32, Mathew’s correlation coefficient and balanced accuracie of 85.48% and 89.13%.
Similarly by using Inception V3 this framework classified AD stages with training and
validation accuracies of 90.7% and 84.96%, training and validation auc of 99%and 97.28%,
training and validation loss of 0.254 and 0.38, Mathew’s correlation coefficient and balanced

accuracy of 83.17% and 77.43%.
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2. To enhance the detection of AD by introducing a custom fine-tuning

framework concerning VGG 16 and Inception V3

In this thesis, in line with the first objective, custom fine tuning-frameworks ae
proposed which contributes towards the enhancement of the detection of AD classes. The
proposed custom fine-tuning framework (sequence 1) when used with VGG16 achieved
training and validation accuracies of 90.64% and 94%, training and validation auc of 98.64%
and 99.47%, training and validation loss of 0.266 and 0.166, and Mathew’s correlation
coefficient and balanced accuracie of 91.88% and 93.96%. Clearly, this custom fine-tuned
VGG16 outperformed the simple fine-tuned VGG16. Similarly the custom Inception-V3
(sequence 1 & 2) outperformed the simple Inception-V3 by achieving an outstanding increase
for sequence 1, in training and validation accuracies of 95% and 93.9%, training and
validation auc of 99.5% and 99.45%, training and validation loss of 0.15 and 0.166,
Mathew’s correlation coefficient and balanced accuracy of 91.83% and 93.89%. And for
sequence 2 it achieved 93.15% training and 92.92% validation accuracy rates, 99.4% training
auc and validation auc 99.31%, 0.20 training loss and validation loss 0.19 along with MCC
90.78% and balance accuracy 93.1%. Henceforth, these objectives are in line with the recent

predictions about the transfer learning approach [17, 64, 24].

3. To compare the efficiency of VGG16 and Inception-V3 models through
performance metrics (categorial accuracy class, AUC, balanced accuracy, and Mathew’s

correlation coefficient, loss, confusion matrices, precision, fl-score and recall).

If we compare the custom fine-tuned VGG 16 (sequence 1) with custom fine-tuned
Inception V3 (sequence 1 & 2) model in terms of performance metrics, Inception-V3’s both
sequences outperform VGG 16 in terms of training accuracy and training loss. The training

accuracy of Inception V3 (sequence 1) is 95% (sequence 2) is 93.15% which is higher than
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that of VGG 16’s 90.6% and training loss of Inception-V3 (sequence 1) is 0.15, (sequence 2)
is 0.20, better than that of VGG16’s 0.266. In terms of trainable parameters VGG16 (438k)

outperforms Inception V3 sequence 1 (1.22M) and sequence 2 (573K). Consequently, except
for minute differences in computational complexities almost both of the models are found to

be efficient in terms of predicting AD classes.

5.2 Limitations of the study

Possible limitations of this study are:

1. limited dataset and less balanced classes.
2. The moderate demented class has only 52 brain scans for training and 12 scans for

testing.

3. Although SMOTE technique has been applied to reduce class imbalancement in our

dataset, this needs to be considered in future in order to enhance AD detection.

5.3 Future Recommendations

There are several ways in which the work done under this research could be extended.
Since this is a supervised learning approach in future different unsupervised learning
techniques such as VAEs, GANSs can also be explored. These techniques can be very crucial
when labeled datasets are limited. Different datasets like ADNI and OASIS can also be used
along with architectural improvements and advancements to access the performance of deep
learning approaches. Different transfer learning approaches and optimization processes could

be integrated in order to further enhance the effectiveness of this proposed model.
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