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ABSTRACT

Millions of individuals worldwide are
afflicted with Alzheimer’s disease (AD), a
progressive neurological condition that
causes memory loss and cognitive
impairment. Early and accurate diagnosis
of AD is crucial for timely intervention and
management of the disease. In this study,
we propose a novel approach for predicting
AD utilizing deep convolutional neural
networks (CNNs) applied to brain magnetic
resonance imaging (MRI) data. The CNN
model is designed to automatically learn
and extract relevant features from MRI
images, eliminating the need for manual
feature engineering. Our methodology
involves data collection, pre-processing,
model architecture design, training, and
evaluation. Performance of proposed CNN
model is assessed using a dataset of MRI
images from AD patients, mild cognitive
impairment (MCI) patients, and healthy
controls. Results show the effectiveness of
the CNN model in accurately classifying
the different groups, outperforming
traditional machine learning techniques and
showing promise as a powerful tool for
early diagnosis of Alzheimer's disease.
Further research is needed to refine the
model, explore additional data sources, and
assess the feasibility of integrating this
approach into clinical practice to improve
patient outcomes and facilitate personalized
treatment strategies.
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1. INTRODUCTION

Millions of individuals worldwide are
afflicted with AD, a progressive
neurological condition that causes memory
loss and cognitive impairment. As the
global population ages, the prevalence of
AD continues to rise, placing an increasing
burden on healthcare systems and society.
Early and accurate diagnosis of AD is
essential for providing appropriate care,
managing symptoms, and implementing
timely interventions that may slow disease
progression. AD is a progressive and
irreversible neurodegenerative disorder that
represents a significant global health
challenge. According to the World
Alzheimer Report 2018, dementia affects
approximately 50  million  people
worldwide, with AD accounting for the
majority of these cases [1]. Prevalence of
AD 1is expected to increase as global
population ages, highlighting need for
improved diagnostic methods and treatment
strategies. As the Alzheimer's Disease Fact
Sheet (2019) explains, early and accurate
diagnosis of AD is crucial for providing
appropriate care, managing symptoms, and
implementing timely interventions that may
slow disease progression [2].

MRI is a non-invasive medical imaging
technique that uses a powerful magnetic
field, radio waves, and a computer to
generate detailed images of the internal
structure and function of the brain. MRI is
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widely used for diagnosing and monitoring
various neurological conditions, as well as
for research purposes in understanding
brain anatomy and function. Brain MRI
images are essential in the early detection
and assessment of various brain-related
disorders, such as tumors, stroke, multiple
sclerosis, traumatic brain injuries, and
neurodegenerative diseases like
Alzheimer’s and Parkinson’s. The high-
resolution images obtained from MRI scans
provide valuable information about the
brain's anatomy and can help identify
abnormalities and monitor  disease
progression.

Some key features of brain MRI images
include:

1. High-resolution and detailed images:
MRI provides excellent contrast
between different brain tissues,
allowing for the visualization of soft
tissue structures, such as gray and
white matter, blood vessels, and
cerebrospinal fluid. This level of detail
is crucial in identifying abnormalities
and making accurate diagnoses.

2. Non-invasive and  radiation-free:
Unlike X-ray or CT scans, MRI does
not use ionizing radiation, making it
safer for patients, especially during
repeated examinations or when
imaging vulnerable populations, like
children and pregnant women.

3. Multiple imaging sequences: MRI can
capture various types of images, called
sequences, by adjusting parameters
such as the timing of radio wave pulses
and the strength of the magnetic field.
These sequences include T1-weighted,
T2-weighted, Fluid-Attenuated
Inversion Recovery (FLAIR), and
Diffusion-Weighted Imaging (DWI),
each providing different information
about the brain tissue.

4. Functional MRI (fMRI):  This
advanced MRI technique measures
changes in blood flow within the brain,
allowing researchers and clinicians to
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observe brain activity in real-time.
fMRI is invaluable in studying brain
function and mapping critical areas
responsible for speech, movement, and
other cognitive tasks, as well as for
planning surgeries.

5. Three-dimensional visualization: MRI
scans can generate three-dimensional
(3D) images of the brain, which
provide a more comprehensive view of
the brain's structure and facilitate the
identification of abnormalities. These
3D images can also be used for surgical
planning and intraoperative guidance.

In this study, we propose a novel approach
for predicting Alzheimer's disease from
brain MRI images using deep convolutional
neural networks. Our aim is to develop an
efficient and accurate method for
classifying individuals with AD, MCI, and
healthy controls, with the potential to
improve early diagnosis and facilitate
personalized treatment strategies. The
methodology we present encompasses data
collection and pre-processing, CNN
architecture design, model training and
evaluation, and comparison with traditional
machine learning techniques. By leveraging
the power of deep learning, we seek to
advance the current state of Alzheimer's
disease diagnosis and contribute to ongoing
efforts to combat this debilitating condition.
The models are evaluated by training them
over the MRI dataset from the Kaggle [3].

2. LITERATURE SURVEY

C. leracitano et al. [4]: In this study, the
authors propose a multi-modal machine
learning approach for the automatic
classification of EEG recordings in
dementia. They extract features from EEG
data and use them to train an ensemble of
classifiers, including support vector
machines, decision trees, and k-nearest
neighbors.  The  proposed  method
demonstrates enhanced accuracy in
dementia diagnosis compared to other

Vol. 6 No. 3(December, 2021)

International Journal of Mechanical Engineering

4532



approaches, but its application is limited to
EEG data and dementia diagnosis.

S. Liu et al. [5]: The authors present a
multimodal neuroimaging feature learning
approach for multiclass diagnosis of AD.
They develop a framework that integrates
features from various neuroimaging
modalities, like MRI and PET, and use a
multiclass SVM for classification. The
approach enables multiclass AD diagnosis
but may have limited generalizability
across different populations and modalities.

J. Rieke et al. [6]: This study focuses on the
visualisation of convolutional networks for
MRI-based Alzheimer's disease diagnosis.
The authors propose a method to generate
saliency maps to visualize model’s
decision-making process. Approach offers
insights into the model's working but is
restricted to MRI data and AD diagnosis.

R. Cui et al. [7]: The authors introduce a
longitudinal analysis method for AD
diagnosis  utilizing RNN. Approach
leverages temporal  information in
longitudinal data to improve diagnostic
accuracy. However, the method does not
incorporate other neuroimaging modalities
or biomarkers.

H. M. Tavakoli et al. [8]: In this study, the
authors propose a convolutional neural
network (CNN) to predict neural
deterioration in patients with Alzheimer's
disease. The CNN model predicts neural
deterioration measures, potentially
enabling early detection of AD-related
changes. The method is limited to specific
neural deterioration measures.

T. Wang et al. [9]: The authors present RNN
approach for predictive modeling of AD
progression. The method captures temporal
patterns in clinical and biomarker data to
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predict AD progression. However, it does
not integrate other modalities and
biomarkers for a more comprehensive
prediction.

M. Gaikwad et al. [10]: This research
focuses on melanoma cancer identification
utilizing deep learning. The authors
propose a CNN-based method for early and
accurate detection of melanoma cancer. The
study is unrelated to Alzheimer's disease
and is limited to melanoma cancer
detection.

M. Nguyen et al. [11]: The authors propose
a deep recurrent neural network approach
for predicting AD progression. The method
employs deep learning to model the
progression of AD using longitudinal data.
The approach is limited to AD progression
prediction without integrating other
modalities and biomarkers.

S. Ahmed et al. [12]: In this study, the
authors develop ensembles of patch-based
classifiers  for  Alzheimer's  disease
diagnosis. The method combines the
outputs of multiple patch-based classifiers,
such as CNNs, to improve diagnostic
performance. The approach is limited to
patch-based classifiers and AD diagnosis.

V. Venkatraghavan et al. [13]: The authors
propose a discriminative event-based
modeling method for estimating AD
progression timelines. The method models
the disease progression as a series of
discriminative events and leverages
longitudinal data to estimate the
progression timeline. However, it does not
integrate multimodal data for a more
comprehensive estimation.

Table 1 shows the comparative analysis of
work done by researchers their advantages
and limitations
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Table 1. Comparative Analysis of research work done

Author(s)

Methodology Used

Advantages

Limitations

C. leracitano et al.

[4]

Multi-modal ~ machine
learning approach for
EEG classification

Enhanced accuracy in
dementia diagnosis

Limited to EEG
data and dementia
diagnosis

S. Liuetal. [5]

Multimodal
neuroimaging  feature
learning for multiclass
diagnosis

Enables multiclass AD
diagnosis using
neuroimaging features

Limited
generalizability
across populations
and modalities

J. Rieke et al. [6]

Visualization of
convolutional networks
for MRI-based diagnosis

Provides insights into
the model's decision-
making process

Restricted to MRI
data and AD
diagnosis

R. Cuietal. [7]

Longitudinal  analysis
using recurrent neural
networks (RNN)

Effective in capturing
temporal patterns of
AD progression

Does not include
other
neuroimaging
modalities
biomarkers

or

H. M. Tavakoli et
al. [8]

CNN for predicting
neural deterioration

for
of

Potential
detection
related

deterioration

early
AD-
neural

Limited to specific
neural
deterioration
measures

T. Wang et al. [9]

Recurrent neural
networks for predictive
modeling of AD

progression

Captures temporal
patterns  for  AD
progression prediction

Lacks integration
of other modalities
and biomarkers

M. Nguyen et al.
[11]

Deep recurrent neural
networks for AD
progression prediction

Utilizes deep learning
for improved
predictive performance

Limited to AD
progression
prediction without
multimodal
integration

S. Ahmed et al.
[12]

Ensembles of patch-
based classifiers for AD
diagnosis

Boosts diagnosis
performance by
combining classifiers

Limited to patch-
based classifiers
and AD diagnosis

Restricted to AD

v Discriminative  event- | Estimates disease | progression
' based modeling for AD | progression timeline | timeline
Venkatraghavan : L ) ST o :
et al. [13] progression timeline | using  discriminative | estimation without
' estimation modeling multimodal
integration
Copyrights @XKalahari Journals Vol. 6 No. 3(December, 2021)

International Journal of Mechanical Engineering
4534




3. PROPOSED METHODOLOGY

A system architecture for predicting AD
from Brain MRI images utilizing Deep
CNNs s can be designed as follows:

1. Pre-processing: The MRI dataset is
used from the Kaggle [3]. Pre-process
the MRI images by performing tasks
such as resizing, normalization, skull
stripping, and data augmentation (e.g.,
rotation, flipping, translation) to
enhance the generalization capabilities
of the CNN.

2. CNN Architecture: Design a deep
CNN architecture for predicting AD
from brain MRI images. Architecture
may consist of the following layers:

e Input Layer: Takes the pre-processed
MRI images as input.

e Convolutional Layers: Apply multiple
convolutional filters to the input
images, followed by activation
functions such as ReLU (Rectified
Linear Unit) to introduce non-linearity.

e Pooling Layers: Reduce spatial
dimensions by applying max-pooling
or average-pooling operations.

e Batch Normalization Layers
(optional): Normalize the activations
of the previous layer to accelerate
training and improve generalization.

e Dropout Layers (optional): Regularize
the network by randomly dropping out
activations during training to prevent
overfitting.

o  Fully Connected Layers: Flatten output
of last convolutional layer and pass it
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through one or more fully connected

layers for feature extraction and
classification.

e Output Layer: Apply a softmax
activation  function to  produce

probability scores for each class (e.g.,
healthy, Alzheimer's Disease).

4. Training: Create training and
validation sets from the dataset. Train
CNN using the training set by
optimizing a loss function (e.g., cross-
entropy loss) with an optimization
algorithm (e.g., stochastic gradient
descent, Adam). Monitor  the
performance on the validation set to
avoid overfitting and perform model
selection (e.g., early stopping,
checkpointing).

5. Evaluation: Evaluate the trained CNN
on a test set of brain MRI images that
were not used during training or
validation. Measure the performance
using appropriate metrics, such as
accuracy, sensitivity, specificity, and
area under the receiver operating
characteristic (ROC) curve.

6. Deployment: Deploy the trained CNN
model to a suitable platform for clinical
use or further research, such as a cloud
server, a web application, or a
standalone software application.

This system architecture shown in figure 1
provides a general framework for
predicting AD from brain MRI images
using Deep CNNs. The specific details of
the CNN architecture, training, and
evaluation procedures may vary depending
on the dataset and application requirements.
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Figure 1: System Architecture
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Figure 3: Loss Comparison graph
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5. CONCLUSION

In conclusion, predicting AD from brain
MRI images using Deep CNNs presents a
promising approach for early and accurate
diagnosis of the disease. Deep learning

techniques, such as CNNs, have
demonstrated remarkable success in
various image recognition and

classification tasks, including medical
image analysis. The proposed system
architecture, = which  involves  pre-
processing, CNN architecture design,
training, evaluation, and deployment,
provides a comprehensive framework for
developing a robust and effective model for
AD prediction utilizing brain MRI images.
By leveraging the strengths of deep
learning and the availability of large-scale
MRI datasets, this approach has the
potential to enhance clinical decision-
making, enable timely interventions, and
improve the overall quality of life for
individuals  affected by Alzheimer's
Disease.

However, it is essential to consider the
challenges and limitations associated with
this approach, such as the need for large,
diverse, and well-annotated datasets,
potential overfitting, and interpretability of
the deep learning models. Addressing these
challenges through advanced techniques,
such as data augmentation, regularization,
and model visualization, is critical to the
successful application of CNNs for
predicting Alzheimer's Disease from brain
MRI images. As research progresses,
further exploration and refinement of deep
learning methods, along with integration of
other imaging modalities and biomarkers,
may lead to even more accurate and reliable
models for AD prediction and contribute to
ongoing  efforts in  understanding,
diagnosing, and treating this complex
neurological disorder.
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