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ABSTRACT

Alzheimer's Disease (AD) is a progressive neurological disorder that leads
to the deterioration of memory and cognitive abilities due to damage
brain's nerve cells. Deep Learning (DL) techniques can provide effective
AD classification by using medical imaging data. In this study, a DL
technique based on Convolutional Neural Networks (CNN) is established.
Keras-Tuner Optimization (KTO) is applied since it is difficult to propose
a CNN with the suitable architecture. The aim of the proposed Optimized
CNN (OCNN) model is to classify AD into four groups Mild Dementia
(MD), Moderate Dementia (MoD), Non-Dementia (ND), and Very Mild
Dementia (VMD). Two datasets are utilized here namely: Best Alzheimer
Magnetic Resonance Imaging (BA-MRI) and Alzheimer’s Disease
Magnetic Resonance Imaging (AD-MRI). The Kaggle platform is the
source and collection point for both datasets. After extensive
implementations and OCNN models training, high classification
accuracies of 92.44% and 93.17% are achieved for the AD-MRI and BA-
MRI datasets, respectively.
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1. Introduction

A gradual decline of memory and mental
abilities is a feature of Alzheimer's Disease (AD), a
neurological disorder and perhaps the most frequent
kind of dementia in the elderly [1], Typically, the
process starts out with a person's short-term memory
deteriorating [2]. which in turn affects their capacity
to recall commonplace events.

Dysfunction in thinking, speaking, and
interacting with others is a symptom, as are changes
in behavior and traits of character as the disease
advances [3]. Proteins tau and beta-amyloid
contribute to the development of AD. Beta-amyloid
accumulates in the brain, forming plaques that
disrupt connections between neurons, while tau
protein leads to neuronal death and degeneration [4].
Beyond biological factors, environmental influences
like lifestyle and nutrition play a crucial role in
modulating the risk of developing AD [5]. Fig. 1
simulates healthy brain from AD and unhealthy
brain with advanced AD [6].

The development of AD is influenced by
environmental, genetic, and age-related factors. The
current study aims to understand the causes of the
disease and develop treatment plans, as the ongoing
need for care places a significant psychological bur-
den on both patients and caregivers [7]. Thus,
understanding the stages of the condition and its
impact on individuals and caretakers is crucial for
awareness and treatment efforts [8].

This research seeks to categories AD) into
its distinct stages: Mild Dementia (MD), Moderate
Dementia (MoD), Non-Dementia (ND), and Very
Mild Dementia (VMD). Our research contributes in
constructing a Convolutional Neural Network
(CNN) by employing Keras-Tuner Optimization
(KTO). The proposed Optimized CNN (OCNN)
model is able to enhance the diagnosis and
classification of various stages of AD, ranging from
no dementia to mild AD.

The rest sections of this paper are laid out
as follows: Section 2 provides the literature review,
Section 3 illustrates the proposed OCNN approach,
Section 4 describes the two employed datasets and
discusses the experimental results, and Section 5
provides the conclusion of the study.

2. Literature Review

A collection of previous studies that have
explored the topic of Alzheimer can be presented as
follows:

In 2013, Dyrba et al. demonstrated that machine
learning algorithms enable accurate classification of
Diffusion Tensor Imaging (DTI) data in spite of
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varying Magnetic Resonance Imaging (MRI)
devices.

DTI metrics such as Fractional Anisotropy (FA)
and Mean Diffusivity (MD), along with gray and
white matter density maps from anatomical MRI,
were used in the classification process. Support
Vector Machine (SVM) and Naive Bayes (NB)
algorithms were employed, and two cross-validation
methods were applied namely pooled cross-
validation and scanner-specific cross-validation. An
accuracy of 80% was achieved for SVM with FA
and 83% with MD. NB accuracies were ranged from
68% to 75% [9].

In 2014, Sampath and Saradha highlighted the
effectiveness of using an Adaptive Neuro Fuzzy
Inference System (ANFIS) to classify AD stages. K-
means clustering was applied for segmentation and
Gray Level Co-occurrence Matrix (GLCM) was
used for feature extraction. MRI data for 150
subjects from the AD Neuroimaging Initiative
(ADNI) dataset were analyzed. The subjects were
categorized into Normal Controls (NC), Mild
Cognitive Impairment (MCI) and AD. The results
were compared between SVM and ANFIS
classifiers. A higher accuracy of 88% was attained
by ANFIS compared to the accuracy of 77.34%
which was obtained by SVM [10].

In 2015, Demirhan et al. improved the accuracy
of Alzheimer's classification by using feature
selection techniques. Fractional anisotropy maps
from the images were analyzed. Furthermore,
averages in elliptical Region of Interest (ROI) and
different voxel maps in elliptical fibers were used to
drive SVM. The Relief Feature (ReliefF) algorithm
was also employed to identify the most
discriminative voxels in elliptical fibers. The total
data used in this work was comprised of 221
samples. The work here increased the classification
accuracy for all tasks by up to 15% [11]. In 2016,
Sarraf and Tofighi presented a method that utilized
Convolutional Neural Network (CNN) to extract
detailed features from brain images. Furthermore,
LeNet-5 architecture was employed as an efficient
classifier.

Fig. 1. Simulation of healthy and AD unhealthy
brains, (a) healthy brain from AD and (b) unhealthy brain
with advanced AD.
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Fig. 1. Block diagram of the proposed OCNN model.

It was shown that the shift and scale-invariant
features extracted by CNN followed by a deep
learning classification such as LeNet-5 or Google
Network (GoogleNet) could be exploited for more
complex predictions. The dataset here, sourced from
ADNI, included structural MRI images for 302
individuals over the age of 75. It comprised of 211
Alzheimer’s patients and 91 non-Alzheimer’s
persons. was classified with an accuracy of 98.84%
[12].

In 2017, Hon and Khan suggested a strategy for
the classification of AD using Transfer Learning
(TL) with CNN architectures, including Visual
Geometry Group of 16 (VGG16) layers and
inception (version 4) networks. TL was utilized by
leveraging pre-trained weights of the Image
Network (ImageNet) dataset in order to reduce the
need for a large training dataset. Image entropy was
employed to identify the most informative slices of
MRI data. OASIS dataset, which includes 6,400
MRI images from 200 individuals, was utilized.
Classification accuracies of 92.3% and 96.25% were
attained by VGG16 and inception, respectively [13].

In 2018, Islam and Zhang wused Deep
Convolutional Neural Network (DCNN) to diagnose
AD by analyzing brain MRI data. Due to employing
small data size, techniques such as data
augmentation were utilized to improve the
performance. Data from OASIS cohort were used,
which included 416 MRIs of individuals aged 18 to
96 years, with focusing on patients who are older
than 60 years. Different stages of AD were classified
with the successful accuracy of 93.18% [14].

In 2019, Razavi et al. offered an intelligent AD
diagnosis system using unsupervised feature
learning. Sparser filtering was utilized to extract
important features and reduced the influence of
unhelpful features. Softmax regression was
exploited for classification. The employed dataset of
ADNI included 202 samples for the ages between 55
and 89 years, it involved 150 patients and 52 healthy
individuals. An accuracy of 94% was attained here
[15].

In 2020, Mahajan et al. provided an overview of
how machine learning techniques can improve the
accuracy of AD diagnosis. SVMs were utilized to
distinguish patient categories, while ANNs were
employed to mimic brain processing. Deep learning
techniques like convolutional networks were
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reviewed for feature extraction from MRI and
Positron Emission Tomography (PET) scans.
Iterative-based feature selection techniques were
used to ensure the classification efficiency. With this
overview, the accuracy of diagnosis is significantly
improved, verified, and validated [16].

In 2021, Mahendran et al. focused on improving
the classification of AD by using a hybrid pipeline
of gene selection and deep learning. Minimum
Redundancy Maximum Relevance (MRMR)
strategy was used to reduce the redundancy between
features and increase the relevance to target classes.
Particle Swarm Optimization (PSO) was applied as
a wrapper method to select relevant genes, with the
Ki-Men algorithm to improve the results. An
autoencoder was used to reduce dimensionality and
compress data without significant information loss.
Improved Deep Belief Network (IDBN) was
employed to classify individuals for with and
without AD. To enhance the accuracy optimal
parameters for the IDBN model were determined
using the Bayesian Optimization (BO) technique.
The data were from the Gene Expression Omnibus
(GEO) dataset, it included 161 samples. A high
accuracy of 95.09% was reached [17].

In 2022, Sethi et al. suggested a Computer-
Aided Diagnosis (CAD) system for classifying AD
using Two-Dimensional (2D) MRI slices. A hybrid
model which combined CNN and SVM was
proposed to boost the classification accuracy. MRI
data were converted from Neuroimaging
Informatics Technology Initiative (NIfTI) format
into 2D slices in order to be used and analyzed. The
middle slices from the extracted 2D images were
chosen to ensure uniformity in the training and
testing data. The ADNI dataset was exploited, it
consisted of 1000 samples. An accuracy of 88% was
attained here [18].

In 2023, Mohi et al. designed a comprehensive
CNN model to classify different stages of AD based
on MRI data. Processing techniques such as
rebalancing, data expansion, and preprocessing were
applied to ensure the quality of the data used in
training. CNN models such as Mobile Network
)MobileNet(, VGG16 and Residual Network of 50
(ResNet50) layers were used, and their
performances were compared. Total of 2,900 MRI
samples from ADNI were employed in this work
The MobileNet model was improved, it obtained an
accuracy of up to 96.6% [19].

In 2024, Chen et al. presented a classification
technique based on the integration of multimodal
data such as EEG, eye tracking and behavioral data
to diagnose AD. Data augmentation method was
implemented to enlarge the dataset. Extra Event-
Related Potential Network (ERPNet) feature
extraction layer was developed to extract multi-
modal features. Domain Adversarial Neural
Network (DANN) algorithm was utilized to improve
the performance of diagnosis.
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Fig. 3. Constructed architectures of the two deep learning models by using the proposed OCNN approach (a) a model of
OCNN for BA-MRI dataset and (b) a model of OCNN for AD-MRI dataset.

Data from 69 participants were gathered at a
hospital in China for this work. An average accuracy
of 88.81% was reported [20].

To the best of our knowledge, there is no
comprehensive study that has established a deep
learning network by applying optimization for the
case of AD classification. So, this study considers
this by proposing the OCNN model, where CNN
architectural and parametric are optimized. This
study, in conclusion, makes a substantial addition to
the field of artificial intelligence (AI), and it also
includes the building of a neural network that may
be utilized in other research projects, such as
[21][22][23][24][25].
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3. Methodology
3.1.Proposed OCNN

In this paper, we present a deep learning
approach utilizing CNN architecture due to its well-
known scalability [12][26]. CNNs are among the
most prevalent types of deep learning and have
demonstrated exceptional capabilities in addressing
image data challenges [26]. The OCNN model was
developed through the integration of CNN with the
KTO, with the aim of diagnosing and classifying AD
stages. The proposed model stands out on
discovering a best CNN model by employing the
KTO. In other words, KTO technique is employed
to select the optimal architecture of the CNN
network and efficiently tune its internal parameters.
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Fig. 2 Illustrates a systematic and comprehensive
workflow designed to enhance the accuracy and
efficiency of Alzheimer's disease classification
through the integration of advanced deep learning
techniques.

This work is distinguished by integrating
CNN with KTO, creating the OCNN approach,
which enhances efficiency, accuracy, and
performance in deep learning.

Established deep learning of OCNN, the
CNN architecture discovered by the KTO, and given
that we are working on two datasets result in
constructing two distinct network architectures
(models), each tailored to the specific characteristics
of its respective dataset. Fig. 3 shows the constructed
architectures of the two models by using the
proposed OCNN approach.

In this paper, KTO is used to improve the
performance of the CNN model by tuning the
hyperparameters and choosing the optimal
architecture based on a specific metric. This metric
represents the goal that the system seeks to improve
during the validation accuracy searching process.
The accuracy equation can be given as:
Accur =<2 x 100% ()
Tp

Where: Accur is the accuracy, Cp is the
number of correct predictions and Tp is the total

number of predictions [27][28].

3.2.KTO Algorithm

KTO advanced technique aims at enabling
the optimal selection of hyperparameters for deep
learning networks [29]. It allows changes and
analysis of various topologies of networks to
determine the best settings for enhancing
performance.

Hyperband Technology (HT) speeds the
finding of model architecture and its optimal
hyperparameters. HT is an efficient optimization
algorithm designed to accelerate the hyperparameter
calibration process for machine learning models
[29]. HT significantly reduces the time needed to
find the correct hyperparameters by -efficiently
applying computational capacity [30].
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Fig. 5. Efficacy of establishing OCNNSs (a) for AD-MRI
dataset and (b) for BA-MRI dataset.

Fig. 4 displays the KTO workflow as an
efficient and iterative process designed to enhance
model accuracy and reliability. It enables the
deployment of a solution that is optimally
configured through the application of advanced
optimization techniques.The algorithm is initiated
by defining a network that encompasses a series of
tuning parameters [29]. These parameters include
the batch size, learning rate, number of convolution
layers, number of max pooling layers, number of
dense layers, filter size, activation function, kernel
initializer, stride size and dense units. They are
known as the structural components of a network;
various models are evaluated by the KTO in multiple
experiments. In each round, the performance of each
model is evaluated based on the validation accuracy.
Well-performing models are retained, while poorly
performing models are excluded. This continuous
evaluation reduces the number of models in each
round, leading to a more efficient allocation of
resources.

Table 1. Configuration of OCNN architecture for AD-
MRI dataset.

Layer Kernal No. Output No. of
Type Size of Shape  Traina
(pixels/n  Filt (pixels/n ble
odes) ers odes) Param
eters
Convol 3x3 16 174x103 448
ution x16
layer 1
Max 2x2 --- 87x51x1 0
pooling 6
layer 1
Flatten --- - 70992 0
layer
Dense 64 - 64 454355
layer 1 2
Dense 128 --- 128 8320
layer 2
Dense 64 - 64 516
layer 3
Total no. of parameters: 455283
6
No. of trainable parameters: 455283
6
No. of non-trainable parameters: 0



Table 2. Configuration of OCNN architecture for
BA-MRI dataset.

Layer Kernal No. Output No. of
Type Size of Shape Traina
(pixels/n  Filt  (pixels/n ble
odes) ers odes) Parame
ters
Convolu 3x3 48 63x63x4 480
tion 8
Layer 1
Max 2x2 - 31x31x4 0
Pooling 8
Layer 1
Convolu 3x3 64 29x29%x6 27712
tion 4
Layer 2
Max 2x2 - 14x14x6 0
Pooling 4
Layer 2
Flatten - - 12544 0
Layer
Dense 128 - 128 160576
Layer 1 0
Dense 128 - 128 16512
Layer 2
Dense 4 - 4 512
Layer 3
Total no. of parameters: 1,650,9
80
No. of trainable parameters: 1,650,9
80
No. of non-trainable parameters: 0

The process continues until the model with
the best performance is identified. After the search
is complete, the most successful model can be
retrieved. This step is crucial, as it helps improve the
effectiveness of the final model and ensures accurate
results.

Upon the completion of the KTO process,
an integrated model is developed, representing the
optimal configuration in terms of structure and
internal parameters. The final model includes the
specific layers necessary to achieve the best results.
However, the exact structure of the model varies
based on the used dataset.

3.3.Deep Learning network

Convolutional Neural Network (CNN) is a
fundamental network in deep learning, it has
specifically been designed to process data that
comes in the form of interconnected matrices, such
as images. It is exceptionally good at learning spatial
patterns, making it extremely effective in computer
vision tasks such as image classification and
segmentation [26].
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Fig. 6. Training accuracy curves (a) for AD-MRI
dataset and (b) for BA-MRI dataset.

The architecture of CNN can be composed of
interconnected  layers, beginning with the
convolution layer, which is utilized to extract key
features from the data. This is followed by the
Rectified Linear Unit (ReLU) activation layer,
adding nonlinearity to the model. In fact,
convolution and ReLU can be considered as one
layer. Subsequently, the max pooling layer is
employed to reduce the dimensionality of the ex-
tracted information. The aforementioned layers may
be repeated and they are all used to extract features
from images. The subsequent layers are responsible
for classification. These layers may contain a
flattening layer, which prepares the data by convert-
ing it into a format suitable for input to the dense
layer. The dense layer then adjusts the weights and
biases through the learning process, ultimately
passing the processed data to the final softmax layer.
In the softmax layer, final decisions are made based
on information received from the fully connected
layer [31].

With its intricate architecture, a CNN can
efficiently handle vast amounts of complex data,
extracting patterns and features with precision. This
capability translates into outstanding performance
across various domains, especially in tasks like
classification and image recognition. Below is an in-
depth look at each layer, along with a mathematical
equation illustrating the functionality of each layer.

The convolution layer plays a crucial role in
extracting various features from an image. The
convolution function can be represented by the
following equation:

Ho (P, q) = L=t Zn=1 ROmn) x W(p —m,q —
n) )
Where: H(p,q) represents a calculated

convolution, M and N respectively represents the
width and height of the Two-Dimensional (2D)
input image, and W(p-m ,q-n) represents a kernel
value [32]. It is important to note that the value of
H(p,q) is updated for a certain convolution (a) to be
H a (p,q), as multiple convolution layers may be
constructed within the proposed OCNN.

Activation function can be exploited in the
convolution layer of a CNN, such as ReLU and tanh.
The RelLU is well known and it retains positive
values and discards the negative ones,
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Fig. 7. Training Loss curves (a) for AD-MRI dataset
and (b) for BA-MRI dataset.

introducing non-linearity to the model. This
function can be mathematically represented as
follows:

Req(x,y) = max(0,Ho(p, q)) 3)

Where: Re(x,y) represents a computed ReLU
and max represents the maximum operation [33].
Also, Re(x,y) is updated for a certain ReLU (a) to be

[Re] a(x,y), as multiple ReLUs may be utilized
in the multiple convolution layers.

Subsequently, the pooling layer decreases the
dimensions of previously analyzed vector. This
layer can be one of two types: max pooling or
average pooling [34]. Max pooling is often
employed in CNNs. The general equation for the
max pooling can be represented as follows:

4

Where: P(k,l) represents a computed pooling
and S is a small matrix part (or a window) in a
previous 2D vector [34]. Similarly, P(k,1) is updated
here for a certain pooling layer (B) to be P_B (k,]) as
also multiple pooling layers can be established in the
model.

A flatten layer converts a multi-dimensional
vector into a One-Dimensional (1D) vector,
preparing the data for the fully connected layer [35].
The flatten layer equation can be represented as
follows:

Pg(k, 1) = max(S)

Flli] = X1 221 2i=1 TLg1If1Ir] (5)

Where: FI[i] represents the flattened output for
the ith sample, T[g][f][r] refers to a value in a Three-
Dimensional (3D) matrices, h, w and e are the
numbers of rows, columns and channels,
respectively. This layer encapsulates extracted
features (feature maps), where they are transformed
into a One-Dimensional (1D) vector suitable for
processing in the next fully connected layer [35].

Dense layer (or fully connected layer) connects
each neuron in the previous layer to all neurons in its
layer. The fundamental equation describing the fully
connected layer can be expressed as follows:

DE, (c) = B(c) + X2_,(FW(c,z) X N(2)) (5)
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Where: DE(c) represents an output value of the
fully connected layer, ¢ represents the number of
units (nodes) in the fully connected layer, B(c)
represents a bias value, b represents the number of
units in the previous layer, FW(c,z) represents a
connection weight value between the pooling and
fully connected layers, and N(z) represents the
output value of a node in the previous layer [36].
Likewise, DE(c) is updated in this study for a certain
pooling layer (") to be [DE] 71 (c) as multiple
dense layers can be provided in the model too.

The output layer is finally used for the
considered classification task. Essentially, this layer
employs the softmax activation function. The
fundamental equation here can be represented as

follows:
eDEy(c)

SoM(C) = )

lo=1

(7

Where: SoM(C) represents a calculated softmax
value for class C and K is the number of classes
[37][38].

4. Results and Discussion
4.1.Employed dataset

This work utilizes two MRI image datasets
called the Best Alzheimer Magnetic Resonance



Imaging (BA-MRI) [39] and AD Magnetic
Resonance Imaging (AD-MRI) [40]. Both datasets
contain brain MRI images that have been analyzed
by medical professionals, each image is of Joint
Photographic Experts Group (JPG) format. The MRI
images in any dataset are partitioned into four
categories: Mild Dementia (MD), Moderate
Dementia (MoD), Non-Dementia (ND) and Very
Mild Dementia (VMD). Such partitioning has been
exploited to be classified in this study.

4.1.1. BA-MRI dataset descriptions

This dataset includes a combination of
genuine and synthetic axial MRI scans. The scans
were obtained using MRI scanner of 1.5 Tesla with
T1-weighted sequence. Each one of its images has a
resolution of 128x128 pixels. All images have
under-gone pre-processing to remove the skulls. In
total, this dataset comprises of 11,519 images, where
it includes 2,739 images for MD, 2,572 images for
MoD, 3,200 images for ND, and 3,008 images for
VMD.

4.1.2. AD-MRI dataset descriptions

This dataset comprises images captured
using a Magnetic Resonance Imaging (MRI)
scanner. The images have a resolution of 208 x 176
pixels. In total, this dataset includes 2,609 images,
where it is divided as 646 images for MD, 637
images for MoD, 652 images for Non-Dementia
(ND), and 674 images for VMD.

4.2. Experimental setup

All experiments were carried out using a
computer, with the Google Colab environment
utilized to process the two data groups. Each data
group was initially partitioned into three distinct
subsets for training, validation,
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and testing purposes, comprising 70%, 15%, and
15% of the data, respectively.
4.3.OCNN results and discussions

The proposed OCNN model is dynamically
optimized for obtaining its architecture, including
the number of convolution layers, number of dense
layers, filter sizes, strides, and activation functions,
specifically tailored for the utilized dataset through
multiple trails. Such trails are conducted
autonomously by the OCNN, with the validation
accuracy being evaluated in each trial. The trails for
both the AD-MRI and BA-MRI datasets are
depicted in Fig. 5.

Upon the completion of the OCNN model
experiments, the best model is retained. The
resulting architectural configuration of OCNN
models for both datasets are summarized in Table 1
and Table 2. Both tables also include all the
determined parameters after using the KTO that
contributes in constructing the optimal architectures
for the proposed OCNN models.

Ultimately, the OCNN models are trained
using the training sets and monitored using the
validation sets. Remarkable results and high training
accuracies have been achieved for both datasets,
with 98.94% training accuracy for the BA-MRI and
97.47% training accuracy for the AD-MRI. Fig. 6
presents the training accuracy curves for both
utilized datasets. Fig. 7 presents the training loss
(error) curves for both employed datasets.

Following the training process, the
validation accuracy of the model is recorded as
95.02% for the BA-MRI dataset and 95.05% for the
AD-MRI dataset. These results highlight high
performances of the OCNN models during the
validation phase. To evaluate testing accuracies,
one of the most prominent methods is the confusion
matrix, which helps determining the numbers of
correctly and incorrectly classified cases for each
class.

(b)
Fig. 9. Simulating the mechanisms and performances of the diagnostic OCNN models in classifying between various
AD categories (a) for BA-MRI dataset and (b) for AD-MRI dataset



Error! Reference source not found. presents the
confusion matrices of testing the established OCNN
models for both employed datasets, showing the
relationships between the actual and predicted cases
for each class. It is noteworthy that the proposed
models achieve excellent overall testing accuracies.
Specifically, the overall testing accuracy of 92.44%
is recorded for the AD-MRI dataset and the overall
testing accuracy of 93.17% is benchmarked for the
BA-MRI dataset.

Several key metrics are derived from the confusion
matrix to assess the model's performance, including
the precision, recall and fl-score. Their results are
found as 95.2%, 99.4% and 97.3% for the precision,
recall and f1-score, respectively. Such results show
high performance and acceptability.

Fig. 9 simulates the mechanisms and
performances of the OCNN models in classifying
between various categories of AD. The visual
comparisons between actual and predicted classes
emphasize the model’s capabilities in classifying
AD levels.

Our proposed OCNN has several unique
characteristics, the most prominent of which is that
it combines between KTO and CNN to provide the
best-established architecture with parameters. In
addition, it has been tested on two MRI datasets and
showed significant results in predicting the stages of
AD, making it a reliable decision support for doctors
in their diagnosing task. the validation ensures the
OCNN model's applicability outside controlled
conditions by testing its performance on diverse
clinical datasets. This process evaluates the model’s
robustness, adaptability to real-world scenarios, and
its potential to aid medical diagnosis effectively. For
real world validation, OCNN model's applicability
has been approved by testing its performance with
diverse clinical datasets. This process evaluates the
model’s robustness, adaptability to real-world
scenarios and potential to aid medical diagnosis
effectively.

The limitations of the study encompass the
substantial computational demands
associated with KTO, as well as the challenges
posed by the extensive computational operations
required for this type of optimization. Reliance on a
predefined searching space, sensitivity to data
quality and distribution, and limitation in dynamic
data can also be noted.

This study highlights the capabilities of the
OCNN model in accurately classifying AD,
contributing to early diagnosis and precise
identification of disease stages. The findings
emphasize the significance of artificial intelligence
in clinical applications, such as alerting the patient’s
family or physician in case of emergencies.
Moreover, the study paves the way for similar
research on other neurological disorders, fostering
advancements in diagnostics and treatment
strategies.
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5. Conclusion

In this paper, we proposed a hybrid technique
that has the ability to establish an efficient deep
learning network by applying effective optimization.
That is, a proposed OCNN was well structured by
combining between CNN and KTO. The core idea
behind this integration is that KTO was exploited
here for optimizing the optimal parameters and
architecture of CNN, aiming to classify MRI brain
images of AD into various stages or levels. The
established OCNN ensures the best possible fit for
the utilized dataset. The proposed technique was
rigorously tested on two distinct datasets, achieving
notably high classification accuracies. That is, the
proposed OCNN for the BA-MRI dataset exhibited
exceptional performance with the training accuracy
of 98.94%, validation accuracy of 95.02%, and
testing accuracy of 93.17%. Similarly, the proposed
OCNN for the AD-MRI dataset demonstrated
impressive results with achieving the training
accuracy of 97.47%, validation accuracy of 95.05%
and testing accuracy of 92.44%.
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