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Introduction: The current study presents a new method for diagnosing Alzheimer’s disease based
on the characteristics of Magnetic Resonance Imaging (MRI) images. MRI images are taken with
a minimum of 3 Tesla and a thickness of 3 mm to determine aging plaques and spiral coils.
Methods: The characteristics of MRI images, such as the Medial temporal lobe atrophy (MTA),
white matter volume, gray matter volume, cerebrospinal fluid, and asymmetry, are determined. The
subjects were divided into three groups: healthy people, mild, and severe patients. The asymmetry
and the mean rate of temporal lobe atrophy increase with the progression of Alzheimer’s disease
because the amount of damage to the temporal lobe in MRI images of Alzheimer’s disease has
increased.

Results: The accuracy of Elman’s recurrent neural results with the features extracted from the
MRI images is compared with the accuracy of the convolutional neural network results. The
accuracy of the results by combining the features in healthy individuals was 82.5%. It is 86.5%

in mild Alzheimer’s patients and 94.5% in severe Alzheimer’s patients.

Conclusion: The highest accuracy of progeny in the group of severe Alzheimer’s patients and the
most appropriate feature among the features of MRI images is the degree of Medial temporal lobe
atrophy. The use of convolutional neural networks shows that the accuracy of the results is 98% in

the healthy group, 97.7% in the mild group, and 97.5% in the severe patient group. These results

show that the performance of the convolutional neural network in comparison with the Elman has

d | doiorg/10.30514/icss.25.4.140 higher accuracy results.
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Extended Abstract

Introduction

Alzheimer’s disease is a progressive disease of the men- results in the loss of synapses of neurons in some areas
tal powers commonly seen in the elderly. Significant of the brain, the necrosis of brain cells in different areas
symptoms of this disease are memory loss, judgment, and of the nervous system, the formation of spherical protein

essential behavioral changes in the person. The disease structures called aging plaques outside neurons in some
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areas of the brain, and fibrous protein structures called
coils. The helix is identified in the cell body of neurons
(1). The prevalence of Alzheimer’s disease is on the rise.
The expenses associated with treating, caring for, and
nursing individuals with this condition are substantial
and challenging (2). This study’s main purpose and moti-
vation was to design and present a method for diagnosing
Alzheimer’s disease. Medical image processing plays a
crucial role in identifying severe Alzheimer’s disease, as
it enables the determination of disease presence and the
assessment of similarity between medical images. Ad-
ditionally, it allows for examining the rate at which the
disease progresses.

If this disease is not identified in time, new and up-to-
date treatment methods will not work. The solution is to
accurately identify the mechanism of this disease and its
effect on medical images, which is a challengingtask due
to the dynamic nature of the brain and the complex nature

of this disease.

Methods

This study recruited forty volunteers to record medical
images in healthy, mild, and severe groups. The number
of people in the healthy group is 19, in the mild group is
11, and in the severe group is ten. Furthermore, 128 image
slides were prepared for each candidate. In preparing the
images, the MRI machine should have at least 3 Tesla, and
the thickness of the slices is 3 mm. The number of slices
is 128 in order to see acceptable images to examine the le-
sions of aging coils and spiral plaques (11). The database
of the Tehran Imaging Center has been prepared. The ap-
propriate image segmentation, mask filter to remove noise
and sharp filter to detect the edge in the image was used
(12). All the data was fed to an augmentation layer before
feeding into the neural network. Only the zooming and
flipping were selected for augmentation.

Although CT scans are still used regularly for diagnostic
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evaluation and to study the relationship between the brain
and the subject's behavior, they are mostly used when
MRI is prohibited because MRI is now the method of
choice for evaluating patients. In patients diagnosed with
Alzheimer’s disease, it is evident that the inner part of
the temporal loop undergoes atrophy, which is associat-
ed with nerve lesions (13). In most Alzheimer’s patients,
atrophy of the inner part of the temporal lobe is detected
in patients compared with healthy individuals up to sev-
eral years before the onset of clinical signs of cognitive
impairment. In patients with Alzheimer’s, hippocampal
atrophy occurswith a reduction of 10 to 50% and para
hippocampus with up to 40% compared to healthy indi-
viduals. Clinically, a reduction in hippocampal volume
of up to 25% causes mild Alzheimer’s disease. In Alz-
heimer’s disease, atrophy of the internal temporal lobe
and parietal lobe is seen (14). Due to the large number
of conditions that can lead to the degeneration of high-
er structures of the brain, atrophy of the cerebral cortex
is one of the most studied types. These causes include a
wide range of neurodegenerative diseases, such as Alz-
heimer’s disease, whose primaryeffect is the destruction
of nerve cells and the consequent loss of brain mass (15).
The task is run using the Psychtoolbox in MATLAB, and
behavioral analysis takes place within MATLAB. Sta-
tistical tests are carried out using JASP, and the GDDM
model is executed through the PyDDM, a drift-diffusion

modeling framework for Python.

Results

The Elman neural network is used by features extract-
ed from MRI images such as cerebrospinal fluid, white
and gray matter volume, atrophy, and asymmetry. As the
network architecture was not complex, the input data af-
ter augmentation was enough for training the network.
The results were the most accurate when these combined

features were used as inputs for the neural network. The
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actual positive rate of the results by spinal cord fluid in
healthy individuals was 79.9% in mild Alzheimer’s pa-
tients, 83.2%, and in severe Alzheimer’s patients, 91%.
The true positive rate of the results by the volume of gray
matter in healthy individuals was 81.8% in mild Alzhei-
mer’s patients, 84.9%, and in severe Alzheimer’s patients,
92%. The actualpositive rate of the results by white mat-
ter volume characteristic in healthy individuals was 82%
in mild Alzheimer’s patients 86.2% and in severe Alzhei-
mer’s patients 93%. The results’ actual positive rate by
the temporal lobe atrophy characteristic in healthy indi-
viduals was 83.3% in mild Alzheimer’s patients, 87.8%,
and in severe Alzheimer’s patients, 94.1%. The valid

positive rate of the results by asymmetry characteristic in
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healthy individuals was 80.9% in mild Alzheimer’s pa-
tients, 85%, and in severe Alzheimer’s patients, 89.6%.
Finally, the valid positive rate of the results by combin-
ing the features in healthy individuals was 82.5% in mild
Alzheimer’s patients, 86.5%, and in severe Alzheimer’s
patients, 94.5%. The highest accuracy of progeny in the
group of severe Alzheimer’s patients and the most ap-
propriate feature among the features of MRI images was
the degree of medial temporal lobe atrophy. The highest
accuracy of prognostication in the group of patients with
severe Alzheimer’s and the most suitable feature among
the features of MRI images was the amount of atrophy of
the medial temporal lobe. Figure 2 shows the accuracy of

the neural network results for three groups.
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Figure 2. Accuracy of Elman neural network results by MRI image feature

Conclusion

Initially, mask and sharp filters were used to extract the
high and low-frequencycomponents of noise in order to
extract the appropriate feature and accuracy of the classi-
fier performance. The thickness of the slices in this study
in MRI images is considered 4 mm, and the thickness
between 0.8 and 4 mm is used to diagnose mild Alzhei-

mer’s disease. On the other hand, the MRI device in this
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study was 3 Tesla. At least 1.5 to 3 Tesla devices should
be used to observe the lesions of aging coils and spiral
plaques and to diagnose Alzheimer’s disease. Based on
choroidal dislocation, temporal width, and hippocampal
height in MRI images, the mean of temporal lobe atrophy
in individuals is classified from zero, meaning a healthy

condition, to grade 4 with severe cognitive deficits. Us-

a This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International License


https://creativecommons.org/licenses/by-nc/4.0/

IF-P (3liawno)) < F & jlosis  PB & 493

Tl H- E9s lwa)l Ao

ing MRI images to diagnose severe Alzheimer’s disease
can be an effective way. The selection of appropriate fea-
tures in these images, such as temporomandibular atro-
phy, white matter volume, gray matter volume, cerebro-
spinal fluid, and asymmetry, is appropriate to distinguish
healthy individuals from mild and severe. By combining
the appropriate features, the precision of neural network
outcomes is enhanced. As Alzheimer’s disease advances
to severe stages, these features become more distinguish-
able in comparison to the healthy group and individuals
with mild symptoms. This is because, in the initial phases
of Alzheimer’s disease, there are minimal atrophy and
asymmetry alterations, with no significant variations in
white and gray matter volume, as well as cerebrospinal

fluid.
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