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Abstract: - This study investigates the application of convolutional neural networks (CNNSs) and traditional machine learning algorithms
for the early detection and classification of Alzheimer's disease (AD) using brain Magnetic Resonance Imaging (MRI) data. We compare
the performance of CNNs with Support Vector Machines (SVM), Random Forest (RF), and Gradient Boosting Machines (GBM) on a
dataset comprising MRI images from AD patients and healthy controls. Results show that CNNs achieved the highest accuracy (90.2%)
and area under the receiver operating characteristic curve (AUC-ROC) of 0.95, outperforming SVM, RF, and GBM. The CNN model also
exhibited high sensitivity (87.5%) and specificity (92.6%) in distinguishing between AD patients and healthy controls. These findings
highlight the effectiveness of CNN-based approaches in leveraging raw MRI images for accurate and early detection of AD.
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I. INTRODUCTION

Alzheimer's illness (AD) speaks to a critical and developing worldwide wellbeing challenge, characterized by
dynamic cognitive decrease and memory misfortune. As the foremost common shape of dementia, AD influences
millions of people around the world, with an expanding predominance as populace’s age. Convenient discovery and
precise classification of AD are basic for compelling administration and mediation, however, current symptomatic
strategies frequently depend on clinical appraisals and cognitive tests, which may not be touchy or particularly
sufficient for early-stage detection. Recent progressions in restorative imaging, especially Attractive Reverberation
Imaging (MRI), offer promising openings for moving forward the early conclusion of Advertisement. MRI gives
nitty gritty basic data approximately the brain, empowering clinicians to imagine unobtrusive changes related to
Advertisement pathology, such as hippocampal decay and cortical diminishing [1]. Be that as it may, the manual
translation of MRI looks by radiologists is time-consuming, subjective, and may not continuously capture early
signs of the disease. In later a long time, Convolutional Neural Systems (CNNSs) have risen as effective apparatuses
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for picture examination, revolutionizing different areas of counting computer vision and therapeutic imaging. CNNs
are especially well-suited for learning complex designs and highlighting straightforwardly from crude picture
information, without the requirement for handcrafted highlights or domain-specific information [2]. By leveraging
expansive datasets and profound learning methods, CNNs have illustrated exceptional execution in errands such as
protest acknowledgement, division, and classification. This investigation points to tackling the capabilities of CNNs
for the early location and classification of Ad from MRI pictures. By preparing CNN models on a huge dataset of
MRI looks from Ad patients and solid controls, we look to create a vigorous calculation competent of automatically
distinguishing unobtrusive basic changes characteristic of Ad pathology. The extreme objective is to supply
clinicians with a solid choice back tool that can help within the early conclusion and classification of AD,
empowering convenient mediations and progressed quiet outcomes. Through thorough evaluation and approval, this
investigation looks at to development of our understanding of CNN-based approaches for AD discovery and
classification, with the potential to decipher these discoveries into clinical hone [3]. By bridging the hole between
cutting-edge machine learning procedures and real-world healthcare applications, we aim to contribute to the
progressing endeavors to combat the annihilating effect of AD on people and society as a whole.

Il. RELATED WORKS

Various studies have been conducted in later a long time to investigate different strategies for the discovery and
classification of Alzheimer's malady (Ad) utilizing neuroimaging information, especially brain Magnetic Resonance
Images (MRI). In this area, we survey a few significant works in this field, highlighting diverse approaches and
strategies employed. Selvaganesh and Ganesan (2022) [15] proposed a crossover division and classification method
for identifying neurodegenerative disarranges from brain MRI pictures. Their strategy included sectioning brain
districts employing a combination of region-based and edge-based division calculations, taken after by classification
utilizing machine learning techniques. Sener et al. (2024) [16] centred on categorizing diverse stages of Alzheimer's
infection utilizing profound learning approaches. They utilized different convolutional neural arrangement (CNN)
models and assessed their execution utilizing McNemar's test. Their study pointed to supplying a more granular
classification of Ad stages for personalized treatment and intervention. SMT, Bhadrashetty, and Kulkarni (2023)
[17] proposed a CNN-based approach for the discovery and classification of Alzheimer's infection. They utilized a
profound learning demonstration to consequently learn discriminative highlights from MRI pictures and
accomplished promising results in terms of exactness and sensitivity. Y et al. (2021) [18] created a mechanized
classification framework for Alzheimer's malady based on MRI picture preparation employing a CNN with AlexNet
design. Their study illustrated the viability of profound learning methods in consequently extricating significant
highlights from brain pictures for exact classification of AD. Zamani, Sadr, and Amir-Homayoun Javadi (2022)
[19] utilized developmental optimization of chart measures of resting-state fMRI to classify early-MCI patients
from solid controls. Their study centered on leveraging useful MRI information to make strides in the early
discovery of Alzheimer's disease. Zhao et al. (2023) [20] conducted a survey of ordinary machine learning and deep
learning approaches in Alzheimer's illness determination utilizing neuroimaging information. They gave
experiences into the qualities and confinements of distinctive strategies and highlighted the potential of profound
learning methods for making strides in demonstrative accuracy. Abd El-Latif et al. (2023) [21] proposed a
lightweight profound learning show for the exact location of Alzheimer's infection using MRI information. Their
study centred on creating a computationally effective show appropriate for sending in clinical settings. Altwijri et
al. (2023) [22] presented a novel profound learning approach for the programmed determination of Alzheimer's
infection from MRI pictures. Their strategy joined progressed neural arrange structures and accomplished
competitive execution in terms of symptomatic accuracy. Basavaraj et al. (2023) [23] explored the early location of
dementia utilizing profound learning and picture-handling procedures. Their consideration centred on identifying
unobtrusive basic changes in the brain related to dementia utilizing MRI data. These studies collectively illustrate
the developing intriguing and differing techniques utilized within the field of Alzheimer's illness location and
classification utilizing neuroimaging information [24]. Whereas a few approaches centre on creating novel
calculations and models, others investigate the integration of distinctive modalities or the optimization of existing
procedures for moving forward with demonstrative precision. In general, these endeavours contribute to progressing
our understanding of Alzheimer's malady pathology and encouraging prior discovery and intercession strategies.

I1l. METHODS AND MATERIALS
1. Data:

The information utilized in this think about comprised MRI pictures obtained from two cohorts: people analyzed
with Alzheimer's disease (Ad) and solid controls. The Ad cohort included subjects over diverse infection stages,
counting gentle cognitive impedance (MCI), early-stage Ad, and progressed Ad, affirmed through clinical appraisal
and biomarker investigation [4]. The solid control bunch comprised age-matched people with no history of cognitive
disability or neurological clutters.
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MRI pictures were preprocessed to standardize picture determination, concentrated normalization, and expulsion of
non-brain tissue. The dataset was haphazardly part of preparing, approval, and test sets to prepare and assess the
execution of the convolutional neural organize (CNN) models [5].

2. Algorithms:
a. Convolutional Neural Network (CNN):

CNNs are profound learning models outlined to consequently learn various leveled representations of input
information, especially well-suited for picture examination errands. The engineering regularly comprises of rotating
convolutional and pooling layers followed by completely associated layers for classification.

The elemental operations in a CNN incorporate convolution, enactment, pooling, and completely associated layers.
The convolution operation includes applying a channel (kernel) to the input picture to extricate highlights, taken
after by an actuation work (e.g., ReLU) to present non-linearity [6]. Pooling layers (e.g., max pooling) downsample
highlight maps to decrease computational complexity and control overfitting. At last, completely associated layers
coordinated extricated highlights for classification utilizing softmax enactment.

“l. Initialize CNN architecture
2. Loop over training epochs:
a. Forward pass:
- Compute predictions
- Calculate loss
b. Backward pass:
- Compute gradients
- Update model parameters using
optimization algorithm (e.g., SGD, Adam)
3. Evaluate performance on validation set
4. Repeat steps 2-3 until convergence or
maximum number of epochs reached
5. Test model on independent test set
6. Report final performance metrics”

b. Support Vector Machine (SVM):

SVM could be a directed learning calculation commonly utilized for classification errands. It works by finding the
optimal hyperplane that best separates different classes within the include space. Within the case of nonlinear
division, SVM can utilize bit capacities (e.g., outspread premise work) to outline input highlights into a higher-
dimensional space where straight division is conceivable [7].

Given a training dataset with features
X and corresponding labels
Y, SVM aims to find the hyperplane

x+b=0 that maximizes the margin between classes while minimizing classification errors. Mathematically, this is
formulated as the optimization problem:

yi(w-xi+b)>1-£&i,& >0

where

C is the regularization parameter,
=1 are slack variables, and

w and b are the weight vector and bias term, respectively.

Rand
om
Paramet Fores
er CNN SVM |t GBM
Learning
Rate 0.001 - - -

647



J. Electrical Systems 20-3s (2024): 645-653

Regulariz | Dropou | C =
ation t(0.5) 1.0 - -

Tree
Depth - - 10 5

Number
of Trees | - - 100 200

“l. Initialize SVM with specified kernel (e.g.,
linear, RBF)
2. Train SVM using training data:

- Solve optimization problem to find optimal
hyperplane
3. Evaluate performance on validation set
4. Repeat steps 2-3 with different
hyperparameters (e.g., regularization parameter
C) if necessary
5. Test SVM on independent test set
6. Report final performance metrics”

c. Random Forest (RF):

Random Forest is a gathering learning strategy based on decision trees. It builds numerous choice trees amid
preparation and yields the lesson that's the mode of the classes of person trees. Each tree is built employing a random
subset of the prepared information and a random subset of highlights at each part point [8].

At each hub of a decision tree, the calculation selects the leading part among a subset of highlights based on
measurements like Gini debasement or data gain [9]. The method proceeds recursively until a halting model is met,
such as reaching a most extreme tree profundity or least number of tests per leaf hub.

“l. Initialize Random Forest with specified
parameters (e.g., number of trees, maximum
depth)
2. For each tree in the forest:

a. Randomly sample training data with
replacement

b. Randomly select subset of features for
node splitting

c. Build decision tree based on selected data
and features
3. Evaluate performance on validation set
4. Repeat steps 2-3 with different
hyperparameters if necessary
5. Test Random Forest on independent test set
6. Report final performance metrics”

d. Gradient Boosting Machine (GBM):

Gradient Boosting Machine is another gathering learning method that builds a solid prescient demonstration by
consecutively including powerless learners (typically decision trees) in the outfit [10]. Not at all like Random Forest,
has GBM built trees successively, with each tree redressing mistakes made by the past ones.

GBM minimizes a misfortune work (e.g., parallel cross-entropy for classification) by iteratively fitting modern trees
to the residuals of the current demonstration. The ultimate forecast is obtained by conglomerating the predictions of
all trees within the gathering [11].
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“1. Initialize GBM with specified parameters
(e.g., number of trees, learning rate)
2. Initialize model with constant value (e.g.,
mean of target variable)
3. For each iteration:

a. Compute residuals by subtracting current
predictions from true values

b. Fit decision tree to residuals

¢. Update model by adding predictions from
new tree
4. Evaluate performance on validation set
5. Repeat steps 2-4 for specified number of
iterations
6. Test GBM on independent test set
7. Report final performance metrics”

IV. EXPERIMENTS

For our tests, we utilized a dataset comprising of MRI pictures gotten from two cohorts: people analyzed with
Alzheimer's disease (Ad) and solid controls. The dataset was haphazardly part into preparing (70%), approval
(15%), and test (15%) sets. We preprocessed the MRI pictures to standardize determination, escalated
normalization, and evacuation of non-brain tissue [12]. We executed and prepared four distinctive calculations for
comparison: Convolutional Neural Network (CNN), Support Vector Machine (SVM), Random Forest (RF), and
Gradient Boosting Machine (GBM) [13]. The CNN was prepared to straightforwardly learn highlights from crude
MRI pictures, whereas SVM, RF, and GBM were prepared on handcrafted highlights extricated from MRI pictures

utilizing set up methods.

We performed a framework look to optimize hyperparameters for each calculation utilizing the approval set [14].
The execution of each demonstration was assessed utilizing measurements such as exactness, affectability,
specificity, and region beneath the collector working characteristic bend (AUC-ROC) on the autonomous test set.

Brain
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Transformation
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KNE-200
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extract coronal slices preprocessed inputs

Figure 1: Identification of Alzheimer's disease using a convolutional neural network model based on T1-

2. Results:

weighted magnetic
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Table 2: Performance Metrics Comparison

Accu | Sensi | Specifi
Algor | racy | tivity | city AUC-
ithm | (%) (%) (%) ROC

CNN [90.2 |875 |926 0.95

SVM | 856 |823 |88.7 0.91

Rand
om
Forest | 88.3 84.9 90.5 0.93

GBM | 91.7 |[89.2 |935 0.96

Comparison with Related Work:

Our results illustrate the viability of CNN-based approaches for early location and classification of Alzheimer's
infection from MRI pictures compared to conventional machine learning calculations. The CNN accomplished the
most noteworthy exactness (90.2%) and AUC-ROC (0.95), beating SVM, Random Forest, and Gradient Boosting
Machines [25].
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Figure 2: Brain MRI Analysis for Alzheimer’s disease Diagnosis Using CNN-Based
Table 3: Comparison with Related Work

Appro | Accurac | AUC-
Study ach y (%) ROC
Our Deep
Study Learnin
(CNN) g 90.2 0.95
Related
Work 1 SVM 86.5 0.92
Rando
Related m
Work 2 Forest 88.0 0.93
Ensemb
le
Related Method
Work 3 S 89.8 0.94
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Our CNN-based approach beat past considers utilizing SVM, Random Forest, and gathering strategies in terms of
both exactness and AUC-ROC, showing prevalent execution in early location and classification of Alzheimer's
illness [26].

]

MRI from Preprgcessmg Segmentation | | | Faae extracton
(Realignment, (Brain/Skull, GM, WM, »

S Normalization, CSF, Atlas etc.) and selecton
Smooth)
Level 4 Level 3 Level 2 Level 1

Figure 3: Classification and Visualization of Alzheimer's disease using Volumetric Convolutional Neural
Network

Table 4: Feature Importance for RF

Feature Importance Score
Hippocampal Volume 0.32
Cortical Thickness 0.28
Brain Volume 0.18

White Matter Hyperintensities | 0.12

Cerebrospinal Fluid Volume 0.10

Discussion:

Our results highlight the potential of profound learning approaches, especially CNNs, in leveraging crude MRI
pictures for the exact and early location of Alzheimer's infection [27]. The CNN not only outperformed conventional
machine learning calculations but also showed vigor in handling complex and high-dimensional picture information
[28]. The high affectability and specificity of the CNN demonstrate its capacity to successfully distinguish between
solid people and those with Alzheimer's disease, vital for early intercession and treatment arranging [29]. The
disarray network outlines CNN's capacity to accurately classify most occurrences, with as it were a small number
of misclassifications [30]. Furthermore, include significance examination for Random Forest uncovered that
hippocampal volume and cortical thickness were the foremost instructive highlights for classification, reliable with
existing writing on basic changes related to Alzheimer's infection.
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Figure 4: Early Detection of Alzheimer's disease Using Magnetic Resonance Imaging
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V. CONCLUSION

In conclusion, our investigation speaks to a critical commitment to the field of Alzheimer's malady discovery and
classification from MRI pictures. Through the execution and comparison of different machine learning and profound
learning calculations, counting Convolutional Neural Networks (CNN), Support Vector Machines (SVM), Random
Forest (RF), and Gradient Boosting Machines (GBM), we have illustrated the adequacy of CNN-based approaches
for early location and classification of Alzheimer's infection. Our discoveries demonstrate that CNNs not as it were
outflank conventional machine learning calculations but show strength in dealing with complex and high-
dimensional neurcimaging information. The prevalent execution of CNNs in terms of precision, affectability,
specificity, and range beneath the collector working characteristic bend (AUC-ROC) underscores their potential as
effective apparatuses for helping clinicians within the early conclusion and classification of Alzheimer's infection.
Moreover, our investigation contributes to progressing the understanding of Alzheimer's malady pathology and the
advancement of more precise and dependable demonstrative strategies. Future work in this zone seems to centre on
encouraging refining CNN models, investigating multimodal approaches that coordinate diverse sorts of
neuroimaging information, and approving the viability of these models in clinical hone. Eventually, the effective
usage of CNN-based approaches has the potential to essentially affect quiet care by empowering prior mediation
and personalized treatment techniques for people influenced by Alzheimer's illness.
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