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Abstract

As it progresses, Alzheimer's disease, a neurological illness, drastically diminishes one's ability to remember things,
think critically, and carry out routine tasks. Timely management depends on early discovery, but traditional diagnosis
is based on subjective evaluations like medical history and reports of behavior, which often result in late-stage
identification. New opportunities for objective, image-based diagnosis using MRI scans have arisen as a result of
recent deep learning advancements. Here, we provide a new paradigm for detecting Alzheimer's disease in its early
stages by integrating representation learning with Convolutional Neural Networks (CNNs) and Variational
Autoencoders (VAEs). VAEs record compressed latent representations that emphasize small structural changes in
brain tissue, whereas CNNs are used to extract discriminative spatial features from MRI data. To improve diagnosis
accuracy, these learnt traits are then used to categorize individuals into groups representing healthy and Alzheimer's
disease. To guarantee strong model training and assessment, our method makes use of a dataset that contains about
500 MRI images. The experiments show that the suggested technique has promise for accurate early-stage Alzheimer's
detection, and the findings are provided in terms of sensitivity, specificity, accuracy, and confusion matrix analysis.
This study emphasizes the potential of combining VAEs with CNNs to create a robust diagnostic tool. This tool might
enhance clinical decision-making and lead to more precise treatment.
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Introduction

One major use of Al in healthcare is the detection and stages.Bring attention to the fact that Alzheimer's
categorization of Alzheimer's disease with the use of disease management relies on early identification.
Convolutional Neural Networks (VAE AND CNN s). Improving patient outcomes and opening the door to
Cognitive decline and memory loss are symptoms of new treatment options are all possible results of
Alzheimer's disease, a neurological ailment that prompt diagnosis.Brain imaging (MRI, PET scans),
affects millions of people throughout the globe. In cognitive testing, and examination of cerebrospinal
order to effectively monitor and intervene, early fluid are some of the current methods used to diagnose
diagnosis is essential. Medical imaging analysis Alzheimer's disease. Outline its drawbacks, such as
greatly benefits from the use of VAE AND CNN s, a their high price tag, intrusive nature, and dependence
kind of deep learning algorithms that are very adept at on subjective evaluation. Outline the function of Al in
processing and evaluating visual input.These are the medical image analysis, focusing on VAE and CNNs
usual major elements included in an introduction to an in particular. Outline the process by which VAE and
Alzheimer's disease detection and categorization CNNs  may automatically — extract pertinent
system using VAE and CNNs: Give a brief overview characteristics from medical photos to help with
of Alzheimer's disease, focusing on how common it is, illness diagnosis and categorization. Outline the
how it affects people and their families, and the study's goals, which include creating a VAE AND
difficulties in detecting the illness in its early CNN based system to use neuroimaging data for
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Alzheimer's disease diagnosis and categorization.

Give a brief summary of the VAE AND CNN method
that has been suggested. Included in this may be
information on the following: the procedures taken to
prepare the dataset (e.g.,, normalization and
augmentation), the architecture of the VAE and CNN
(e.g., the number of layers and filters), and the training
technique (e.g., optimization algorithm and evaluation
metrics). Draw attention to the aspects of the
suggested VAE AND CNN method that might be
useful, such as its capacity to minimize diagnostic
time, increase accuracy, and scale to screening
programs of a big size. Provide an overview of the
paper's organization, including its introduction, body,
methods, findings, discussion, and conclusion.
Researchers hope to improve the lives of people
afflicted by Alzheimer's disease by utilizing Al to
identify and classify cases using a VAE AND CNN
approach. This will allow for earlier detection and
better management of the disease.

Literature Survey

Here, we provide a novel automated method for the
identification of AD-affected brain MRIs. Multiscale
analysis (MSA) is used to extract the fractals from the
MRI at six distinct sizes. A support vector machine
(SVM) classifier uses the collected fractals as
characteristics to distinguish between brain MRIs of
healthy individuals and those with Alzheimer's
disease. The classification accuracy, sensitivity, and
specificity of 99.18% + 0.01 and 100%, respectively,
were produced by the use of the leave-one-out cross-
validation technique on 93 brain MRIs, including 51
pictures of healthy brains and 42 images of brains
afflicted by AD. Together, these findings and the
suggested method's processing time of 5.64 seconds
suggest it would be a useful diagnostic tool for
radiologists doing AD screenings.
To bolster the diagnosis of Alzheimer's disease (AD),
diffusion tensor imaging (DTI) permits evaluation of
neuronal fiber tract integrity in vivo. To what degree
various neuroimaging approach combinations
improve AD identification is an open topic in the field
of study. Here, we looked at a variety of approaches to
merging structural T 1-weighted MRI data with
diffusion tensor imaging (DTI) data. Automatic
detection of AD was also achieved by the use of
machine learning methods. A total of 137 patients
suspected of having AD (MMSE 20.6 £5.3) and 143
healthy older controls were included in the research.
The participants were scanned using nine different
scanners and were sourced from the newly established
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European DTI study on Dementia (EDSD) framework.
We used DTI-derived indices such fractional
anisotropy (FA) and mean diffusivity (MD) for
diagnostic classification, in addition to anatomical
MRI maps of grey matter density (GMD) and white
matter density (WMD). Utilizing a Support Vector
Machine (SVM) classifier that underwent tenfold
cross validation, we carried out voxel-based
classification. When deciding how to merge the
modalities, we compared the outcomes of each method
separately and in comparison to one another. The
detection rates of AD were not increased for our
sample when combining modalities. Both the GMD
data alone and the multimodal categorization with
GMD achieved an accuracy of around 89%. This high
level of accuracy was maintained by all of the
methods. assess the accuracy of the categorization
when other modalities, such as functional MRI or
FDG-PET, are used.

Not long ago, sd-aMCI, sd-fMCI, and md-aMCI were
formed from MCI. This study used DTI to distinguish
between different subtypes of MCI. WHAT WE
TRIED: Eighteen individuals with sd-aMCI, thirteen
with sd-fMCI, and thirty-five with md-aMCI were
included in the prospective study. In terms of statistics,
we used SVMs for individual classification and TBSS
for group comparisons. The results showed that in a
large bilateral right-dominant network, FA was lower
in md-aMCI compared to sd-aMCI. In the right
inferior fronto-occipital fasciculus and inferior
longitudinal fasciculus, the reduction in FA was much
more noticeable in md-aMCI compared to sd-fMCI.
There were no statistically significant differences
between the groups when comparing sd-fMCI and sd-
aMCI and when analyzing the other diffusion
parameters. Distinguishing between the various MCI
subtypes was achieved with an accuracy of around
97% using the individual-level SVM analysis. The low
number of reported instances of MCI is the main
drawback. Our results demonstrate that the md-aMCI
subgroup has the most severe impairment in white
matter integrity when compared to other groups.
Subtypes of MCI were accurately classified using
SVM analysis of white matter FA on an individual
basis.

Methodology

A "proposed method" is usually a recommended
strategy or methodology for doing research or
resolving an issue in scholarly and scientific settings.
The term "method" refers to the set of activities that
researchers plan to carry out in order to accomplish
their study goals or solve a specific problem. Research
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articles, theses, grant submissions, and project
proposals sometimes include a section outlining the
proposed methodology. Its purpose is to lay out the
specifics of the research process, including the study's
methodology, data gathering strategies, data analysis
tools, and anything else that has to be included.
Research objectives, available resources, ethical
concerns, and possible limits should all be carefully
considered before proposing a methodology. The
selected method has to additionally show that it is
suitable and doable to solve the issue or study inquiry.
In sum, the suggested approach is an essential part of
the research strategy and will direct the study's
execution.

e Input image
® Pre-processing
e Feature Extraction

e Neural network classifier

H Pre-process
Dataset [oad Pre-process

Input image

Loading input

image visualization

VAE & CNN
Model

a
H

Classification

of input image

Fig: Proposed system

Module Description:

Picture Acquisition: Machine vision expert Raghava
Kashyapa states that the process of acquiring a picture
from a source—typically a piece of hardware like a
camera or sensor—is known as "image acquisition" in

the field of computer vision and image processing.
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Pre-process

When you change the size or distortion of your picture
by moving it from one pixel grid to another, mage
interpolation happens. When the total number of pixels
has to be increased or decreased, picture scaling is the
way to go. On the other hand, remapping is what
happens when you need to fix lens distortion or rotate
an image. The term "zooming" describes the process
of increasing the number of pixels in a picture. In this
method, we're calculating the average value to
transform a color picture into a grayscale one. 3
channels may be turned into 1 channel.
black and white to grayscale: Using (max+min)/2, we
get the threshold value and then take two conversion
conditions. median filtering is a popular nonlinear
technique for noise reduction with distinct properties;
it works as follows: if x>=t is 1, then x

Feature extraction

According to feature analysis, every pattern and item
we see has unique attributes, or features. The idea
behind recognition-by-components is that our ability
to identify things relies on our ability to break them
down into their individual elements. These parts are
thought of as geons, which are three-dimensional
forms. Compared to just applying ML to the raw data,
it produces superior outcomes.
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System Architecture Diagram

MRI Brain Scan (Input Images)

Preprocessing

+ Skull Stripping
« Normalization
+ Resizing

¥

Encoder (CNN) Latent Space

* 3x Conv (3x3, 32 Filters) Log Variance

* 3x Conv (3x3, 64 Filters)
| *3x Conv (3x3, 1.

Encoder | * Dense (256 units)
(CNN)

« Dense (256 units)

b M E S R N -, pccony (3.6.128 filters)

- Rell

« 3x Deconv (3:3, 64 3 Decor 3

aie Qm,j » ipling (2x)
RE L R N . Dccony (313, 32 filters) |
Decoder | —

(CNN) ‘ ‘

Dense (128 units) + ReLU

+ Dense (256 units) |
e Diagnostic Softmax Reconstruc
’ - Image
AD/ MCI/ CN

Classification ‘

Decoder (CNN)

Diagnosis Output
AD/ MCI/ CN

Convolution Neural Network

An artificial neural network (ANN) that is trained to
recognize and process images is called a
Convolutional Neural Network (CNN). The structure
of the animal visual brain served as inspiration for it,
and it excels at tasks like object identification, picture
categorization, and segmentation. By applying
convolutional operations to the input data, VAE AND
CNN s use convolutional layers, which are their
defining characteristic. These processes use
convolution, which entails sliding a filter—also called
a kernel—over the input picture in order to extract
features. A network may thus automatically learn
features and hierarchical patterns from the raw pixel
input in this way. Convolutional, pooling, and fully
linked layers are the usual components of VAE and
CNN architectures. The feature maps produced by the
convolutional layers are reduced in spatial dimensions
using pooling layers. Classification or regression tasks
based on the retrieved features are carried out using
fully connected layers. Image identification, medical
image analysis, autonomous cars, and many more
areas rely on VAE and CNNs because of their
exceptional performance in computer vision
applications.
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Multi-class classification, module configuration,

MLP hyper -parameters.

DD1, 60:40 (%)

DD2, 70:30 (%)

Hyper-Param.

4 Classes 2 Classes 4 Classes 2 Classes
Neurons 32 2 A 2
Learning rate 0.045 0.03 0.02 0.045
Training fn CGB 5-CGB 5-CGB S-CGB
Loss fn. MSE MSE MSE MSE

MLP confusion matrices for the multi -class
classification with four pathological classes, using the
module of the scattering para meter as data set
features.

Conclusion

Early identification of Alzheimer's disease using MRI
scans might be possible with the help of the suggested
framework, which combines Convolutional Neural
Networks with Variational Autoencoders. The system
efficiently gathers compressed and discriminative data
on structural brain changes by using VAEs for latent
representation learning and CNNs for feature
extraction. This strategy outperforms more
conventional statistical approaches, such Naive Bayes,
when it comes to classification accuracy. The
experimental findings show that the model can
accurately differentiate between healthy people and
those with early-stage Alzheimer's disease. With deep
learning, automated analysis is possible, cutting down
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on the need for human clinicians to make subjective
assessments. In sum, the research shows that Al-
driven diagnosis may help doctors intervene quickly.
One step closer to precision therapy for
neurodegenerative diseases is the use of state-of-the-
art neural architectures.

Future Scope

To make our study more applicable to other
populations, it may be trained on bigger and more
varied MRI datasets in the future. Integrating
multimodal data, such as magnetic resonance imaging
(MRI), positron emission tomography (PET) scans,
genetic data, and patient histories, can improve the
framework and allow for more comprehensive
diagnoses. Rather than focusing just on illness
detection, longitudinal data integration might
potentially pave the way for disease progression
prediction. To better represent intricate temporal and
spatial connections in brain scans, more advanced
models like graph neural networks and transformers
may be investigated. To further aid doctors in making
understandable decisions, explainable Al approaches
should be included. The gap between theory and
practice in healthcare will be filled when the model is
integrated into clinical decision support systems that
operate in real-time. The findings of this study open
the way
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