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Abstract: This study tackles the urgent requirement for enhanced diagnostic precision in Alzheimer's disease (ad) by
using devising a modern MRI-based approach concentrating at the hippocampal region. Traditional gadget gaining
knowledge of algorithms have confronted challenges with irrelevant data from whole MRI photographs, impeding
specific Alzheimer's disease categorization. The study utilizes Convolutional Neural Networks (CNNs), mainly
Pretrained ResNet50, ResNet50, and LeNet, to awareness on unique slices of the hippocampus to improve diagnostic
accuracy. CNN models are trained on manually extracted hippocampus areas the usage of the Alzheimer's disease
Neuroimaging Initiative (ADNI) dataset. by means of focusing on this essential area related to advert
pathophysiology, the fashions are delicate to appropriately stumble on suggestive patterns. The have a look at
additionally examines the effectiveness of LeNet with Dropout, illustrating its capacity to attain 100% accuracy. This
studies highlights the importance of focused on unique brain areas in Alzheimer's disease diagnosis, providing a
possible road for better detection techniques. The outcomes no longer simplest decorate comprehension of
Alzheimer's disease pathology however also provide practical implications for enhancing medical diagnostic

instruments, in the long run helping in more powerful control and intervention strategies for this devastating situation.
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1. INTRODUCTION patients aged 65 and older, resulting in excessive

impairments in memory and cognitive talents. Despite

“Alzheimer's disease (ad)” represents a significant the fact that a definite therapy is unavailable, precise

international public health problem, with round 44 pills and remedies offer short respite or reasonably
million instances globally, anticipated to boost to slow down illness progression.

131.five million through 2050. This innovative
neurodegenerative situation predominantly affects The early prognosis of Alzheimer's disease is essential
for activate intervention and improving patients' first-
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rate of lifestyles. Comprehending the degenerative

profoundly affected by Alzheimer's disease pathology,
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functions as an easily available biomarker amongst
these regions. The hippocampus, vital for
reminiscence  formation, shows  tremendous
adjustments in Alzheimer's disease, which include as
degradation of cholinergic circuits and volumetric
discounts associated with cognitive loss. “Magnetic
Resonance Imaging (MRI)” is crucial for identifying
structural changes attributable to its superior
resolution and non-invasive traits, allowing early

intervention and tracking.

Structural MRI imaging is crucial for figuring out
biomarkers related to Alzheimer's disease (ad), mild
Cognitive Impairment (MCI), and everyday cognitive
characteristic, facilitating disorder characterization
and staging. Latest breakthroughs in gadget learning
have transformed Alzheimer's disease prognosis,
making sure fast and specific categorization making
use of MRI pictures. System learning fashions
proficiently perceive elaborate styles in MRI statistics,
possibly  surpassing guide  critiques.  Studies
demonstrates the effectiveness of system getting to
know in classifying Alzheimer's disease, matching or
exceeding the accuracy and efficiency of guide

detection techniques.

The prominence of system gaining knowledge of in
clinical photograph categorization is highlighted by
way of its capacity to research big records rapidly,
overcoming the constraints of manual diagnosis.
Binary and  multiclass  classifications  are
commonplace methodologies in Alzheimer's disease
class issues, with multiclass class supplying
advantages in distinguishing subtle variations among
Alzheimer's sickness, mild cognitive impairment, and

everyday cognitive states.

The combination of gadget mastering algorithms with
MRI imaging offers considerable ability for boosting
the diagnosis and analysis of Alzheimer's disease.
These fashions provide clinicians with crucial insights
into disease evolution, facilitating personalised
healing strategies customized for precise patients.
Furthermore, enforcing multiclass category systems
improves diagnostic accuracy, permitting
knowledgeable clinical selections and improving

affected person outcomes.

The mixing of machine mastering and MRI imaging
indicates a transformative exchange in Alzheimer's
disease analysis, with the ability to revolutionize
medical practice and improve the lives of individuals
afflicted by way of this devastating disorder.

2. LITERATURE SURVEY

The literature on Alzheimer's disease (ad) is
substantial and complex, encompassing epidemiology,
neuroscience, diagnostic imaging, and healing
techniques. This thorough examine seeks to
consolidate critical data from foundational research
and recent progress in comprehending Alzheimer's
disease pathology, diagnostic strategies, and treatment

approaches.

Alzheimer's disease constitutes a substantial and
growing global fitness assignment, with projections
suggesting an growth in recognized instances from
forty four million to 131.5 million by means of 2050
(reference 1). Alzheimer's disease, marked by means
of progressive neurodegeneration, predominantly
impacts the ones elderly sixty five and older, ensuing
in good sized deficits in memory and cognitive
characteristic (reference 2). Despite huge research
over several decades, a conclusive therapy stays not

possible, with present medicines presenting merely
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symptomatic alleviation or slight retardation of

sickness progression (citation 4).

Timely prognostic objectives for Alzheimer's disease
are essential to enhance methodologies and patient
outcomes. Structural magnetic resonance imaging
(MRI) has emerged as a crucial tool for detecting
structural alterations associated with Alzheimer's
disease in the brain, particularly in regions like the
hippocampus, which is vital for memory formation
and consolidation (reference 3). Adjustments within
the hippocampus, which includes degradation of
cholinergic circuits and reductions in volume, have
been related to cognitive decline and reminiscence

deficits in Alzheimer's disease (reference 5).

MRI imaging allows the identity of particular
biomarkers linked to Alzheimer's disorder (advert),
“mild Cognitive Impairment (MCI)”, and ordinary
cognitive feature, for this reason helping in sickness
characterization and staging (Reference 9). Current
breakthroughs in system gaining knowledge of have
transformed Alzheimer's disease analysis, facilitating
rapid and precise categorization based totally on MRI
statistics  (reference eleven). machine gaining
knowledge of models proficiently  discover
problematic patterns in MRI data, potentially
surpassing guide evaluations and facilitating the
development of more efficient and reliable diagnostic

contraptions (reference 12).

Furthermore, machine learning strategies provide the
capability to analyze tremendous datasets with
minimal temporal regulations, overcoming the
restrictions associated with manual prognosis
(reference 14). Binary and multiclass classifications
are common methodologies in Alzheimer's disease

class duties, with multiclass classification providing

particular benefits in distinguishing diffused variations
amongst Alzheimer's disease, moderate cognitive
impairment, and ordinary cognitive states (reference
15).

Recent years have witnessed extensive development
in healing methods for Alzheimer's disease, marked
through the creation of innovative pharmaceuticals
designed to cope with numerous pathological
pathways associated with the circumstance (reference
4). These medicines exhibit ability for decelerating
disease development and improving cognitive
performance in  Alzheimer's ailment patients,
imparting optimism for more a success management of

the circumstance (citation four).

In end, the amalgamation of structural MRI imaging
with machine studying algorithms affords massive
capacity in improving Alzheimer's disease diagnosis
and prognosis. by utilising complex styles identifiable
in MRI data, those fashions provide clinicians with
vital insights into illness development, facilitating
personalized treatment techniques custom designed
for unique patients (reference 7). furthermore,
development in healing techniques presents optimism
for alleviating the intense outcomes of Alzheimer's
sickness on patients and their households, highlighting
the necessity of ongoing research endeavors to
understand and deal with this elaborate

neurodegenerative situation.

3. METHODOLOGY

a) Proposed Work:

Counseling studies aim to alter the characteristics of
“Alzheimer's disease (AD)” by concentrating on
certain regions of the hippocampus in MRI scans. It

employs the innovative Liant model [33] and
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demonstrates superior accuracy across many concepts,
suggesting a new avenue for the research of
advertising advancements. The public utilization of
Alzheimer's disease datasets for training and
validation, namely within the Neuroimaging Initiative
(ADNI), indicates that the findings substantiate the
consistency and dependability of the outcomes
observed. This study employs the open dataset,
including ADNI, to enhance the comprehension of
Alzheimer's disease diagnosis and underscores the
significance of utilizing publicly available resources
for substantial research outcomes in the expanding
field of medical imaging analysis. This novel
technology significantly influences scientific practice
by facilitating early detection of Alzheimer's disease
and providing physicians with more precise

intervention tools.

b) System Architecture:

DATASET INPUT
B ~

B
; TESTING THE MODEL
T

+

“Fig 1 Proposed Architecture”

The device architecture for the identification of
Alzheimer's disease has numerous critical additives. A
dataset of brain scans is first fed into the system. The
pix are subjected to preprocessing to enhance
exceptional and extract pertinent capabilities. The
dataset is in the end partitioned into schooling and

testing sets to assess model performance efficaciously.

Numerous “convolutional neural network (CNN)”
architectures, together with Pretrained-ResNet50,
LeNet, and LeNet with Dropout, are applied for
training. Each model is trained on the schooling
dataset to gather discriminative features suggestive of
Alzheimer's disease. Upon crowning glory of training,

the fashions are organized for assessment.

Testing involves inputting novel data into the trained
models to examine the presence of Alzheimer's
disease. The predictions of the fashions are eventually
assessed the usage of overall performance metrics like

accuracy, precision, don't forget, and F1-rating.

The gadget fulfills the crucial function of detecting
Alzheimer's disease, facilitating early prognosis and
intervention. The approach enhances affected person
effects and enables prompt scientific interventions by
way of precisely recognizing styles in mind scans that

symbolize the condition.

c) Dataset:

This study facilitated the “Alzheimer's disease
Neuroimaging Initiative (ADNI)”, which designates a
dataset derived primarily from the ADNI1 component
of the database. Adnil is widely recognized
throughout the research community for the diagnosis
of Alzheimer's disease (AD). The Baseline ADNI1
dataset acquired from the 1.5T Tesla scanner prior to
exposure the brain pictures, arranged by the
dissolution of 256 x 256 x 170 voxels, exhibit eco-

rage.

The dataset consists of 300 patients divided into three
categories: 100 individuals with Alzheimer's disease
(ad), one hundred with mild Cognitive Impairment
(MCI), and 100 everyday Controls (NC). This

distribution displays analogous studies inside the
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domain and guarantees diversity within the dataset for
complete version education and evaluation. Using a
smaller dataset reduces computing complexity even as
nevertheless generating exact consequences in

Alzheimer's disease diagnosis.

Data for every patient encompasses capabilities
derived from brain imaging, along with morphological
attributes and voxel intensities. Moreover, image
processing strategies are employed, encompassing
photograph analyzing, scaling, and conversion to
arrays, subsequently improving interoperability with
system  learning  algorithms.  Comprehensive
information approximately the dataset and its
acquisition strategies can be observed on the ADNI
website, selling transparency and reproducibility in

research utilizing this dataset.

1EEEA
IEEEERA
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“Fig 2 Dataset”
d) Data Processing:

During the initial segment of data processing, the
received pix go through essential processes to equip

them for model training.

Normalizing Images: Normalization standardizes the
pixel values of snap shots, maintaining uniformity in
scale throughout all samples. Normalization mitigates
the influence of disparate depth tiers amongst pics via

rescaling pixel values to a uniform variety (e.g., [0, 1]).

This step facilitates the stabilization of the training

method and improves model convergence.

Shuffling Images: Randomizing the dataset is crucial
to mitigate any bias that can result from the sequence
of samples. Randomly shuffling the images disturbs
underlying styles within the statistics distribution,
making sure the version learns robust characteristics
without being affected by sequential styles. This step
is important for preserving the generalizability of the
trained model, because it mitigates overfitting to sure

sequences or patterns inside the dataset.

Implementing these preprocessing stages standardizes
and randomizes the dataset, setting up a robust
foundation for next version schooling and assessment.
This rigorous facts processing ensures that the trained
model can efficaciously accumulate pertinent traits
from the images whilst retaining generalizability to

novel data.

e) Visualization:

Data visualization is a vital section in exploratory facts
evaluation, imparting enormous insights into the
dataset's underlying shape, traits, and distributions.
utilising  various  visualization  tools  permits
researchers and practitioners to achieve a greater
profound comprehension of data capabilities, hence
improving informed selection-making and speculation
system. Methods consist of scatter plots, histograms,
container plots, and heatmaps offer clean
visualizations of statistics distributions, facilitating the
detection of outliers, correlations, and feasible
developments. Furthermore, interactive visualization
equipment facilitate the dynamic exploration of
multidimensional datasets, selling the discovery and
explanation of elaborate relationships. Visualization

allows the identification of hid patterns or
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abnormalities that won't be without problems
observable in uncooked statistics, consequently
informing in addition  preprocessing, feature

engineering, and modeling sports.

f) Feature Extraction:

Feature extraction is essential for processing uncooked
records in machine gaining knowledge of programs,
mainly in cases of excessive-dimensional or tricky
facts like pix. This technique includes the selection or
transformation of uncooked statistics into a collection
of beneficial capabilities that encapsulate pertinent
statistics for the mastering set of rules. Characteristic
extraction tactics in photograph records are seeking for
to pick out distinguishing patterns, textures, forms, or
systems that separate numerous lessons or classes.
Typical methodologies encompass strategies from
computer imaginative and prescient, which include
histogram of oriented gradients (HOG), scale-
invariant feature transform (SIFT), and convolutional
neural networks (CNNs). Feature extraction converts
uncooked facts into a greater concise and informative
representation, minimizing  dimensionality and
computational complexity even as maintaining
pertinent records. Efficient function extraction is
essential for developing unique and effective gadget
gaining knowledge of fashions that generalize
properly to novel records, facilitating enormous
insights and informed choice-making throughout

numerous fields.

g) Training & Testing:

Dividing the dataset into two distinct subsets,
specifically training and test sets, is a crucial initial
step in the development of machine learning models.
The training set version serves as the foundation for

training, facilitating the acquisition of styles and

circumstances inside the records. During the
workouts, the version adjusts the parameters to
minimize the discrepancy between anticipated and
actual outcomes. The control set is distinct from the
school part and is utilized just to evaluate the normality
of performance and fresh data within the model.
Examine the kit, which offers a dependable assessment
of the actual interpreter of the version by evaluating its
performance on East Unaukistard recordings during
the training time. It assists in identifying potential
issues such as overfitting, when the model performs
well on training data but fails to generalize to new
samples. The dataset ensures a comprehensive
assessment of the partition model, enabling physicians
to make  educated  judgments regarding
implementation and  suitability for  practical

applications.

h) Algorithms:

ResNet50:

convolutional neural network architecture pre-trained

Pretrained ResNet50, a  deep
on ImageNet, is hired for function extraction from
MRI pics. [32] The convolutional layers collect
hierarchical traits, facilitating the class of Alzheimer's
disease, regular controls, and slight cognitive

impairment.

LeNet: Lent, an early convolutional neural network
developed by Yann LeCun, is utilized for the
assessment of Alzheimer's disease. LeNet utilizes
convolutional layers, subsampling, and fully linked
layers to identify intricate patterns from MRI slices,

facilitating the categorization of contamination levels.

Dropout Layer: Dropout regularization is applied in
the LeNet structure for the challenge extension. This
technique randomly disables neurons in the course of

training, improving generalization. By using
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diminishing dependence on certain functions, Dropout
alleviates overfitting and enhances model accuracy,

particularly in Alzheimer's disease category problems.

4. EXPERIMENTAL RESULTS

Precision: Precision assesses the percentage of as it
should be classified cases amongst those diagnosed as
wonderful. Consequently, the method for calculating

precision is expressed as:

“Precision = True positives/ (True positives + False
positives) = TP/ (TP + FP)”

True Positive

Precision = — —
True Positive+False Positive

Classification Performance

Extension LeNet with Drouput

LeNet

Pretrained Resnet50

o0 02 04 06 08 10

“Fig 3 Precision Comparison Graph”

Recall: The Idea Machine is an evaluative tool in
learning that measures the version's capacity to
identify all pertinent instances of a specific elegance.
The precise forecasting of high-quality remarks
regarding overall positivity offers insight into the
efficacy of a version in identifying specific class

occurrences.

TP
TP+ FN

Recall =

Classification Performance

Extension LeNet with Drouput

LeMet

Pretrained Resnet50

00 0z 0.4 0.6 [k:) 10
Recall Score

“Fig 4 Recall Comparison Graph”

F1-Score: F1 is a computation to assess the precision
of the equipment learning the assessment version. It
generates a version combining accuracy with misses of
the matrix. Throughout the phases of the whole
dataset, the accuracy meter controls the frequency of

actual predictions produced by a model.

F1 Score = 2
1 1
(Precision i Recall)
F1 Score — 2 X Precision X Recall

Precision + Recall

Classification Performance

Extension LeMet with Drouput

LeMet

Pretrained Resnet50

0.0 0.z 04 06 08 10
F1 Score

“Fig 5 F1 Score Comparison Graph”

Accuracy: The accuracy of a diagnostic assessment
pertains to its capacity to effectively differentiate
between sick and healthy individuals. To measure the
accuracy of a test, it is essential to compute the

correlation between true positives and true negatives
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across all evaluated instances. It will be articulated

mathematically:

“Accuracy = TP+ TN TP+ TN + FP + FN”,

TP + TN
Accuracy =

TP + TN + FP + FN

Classification Performance

Extension LeNet with Drouput

LeMet

Pretrained Resnet50

00 02 0.4 06 08 10
Accuracy Score

“Fig 6 Accuracy Comparison Graph”

ML Model Accuracy Precision Recall f1_score
Pretrained-Resnet50 0.964 0.967 0.964 0.964
LeNet 0.993 0.993 0.993 0.993
Extension LeNet with 1.000 0.993 0.993 0.993
Dropout

“Fig 7 Performance Evaluation Table”
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“Fig 8 Home Page”
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“Fig 9 Registration Page”
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“Fig 10 Login Page”
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“Fig 11 Upload Input Image”

“Fig 12 Final Outcome”
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5. CONCLUSION

The accuracy of a test refers to its potential to correctly
distinguish among affected person and healthy
instances. to assess the accuracy of a take a look at,
we should compute the share. This take a look at
suggests that using sophisticated CNN architectures,
together with Pretrained ResNet50 and LeNet,
markedly improves the accuracy of Alzheimer's
disease prediction. The utilization of Pretrained
ResNet50 for function extraction from MRI snap shots
illustrates the model's efficacy in figuring out pertinent
styles linked to “Alzheimer's disease (ad)”. Moreover,
the software of LeNet[33] as an additional CNN
version highlights its effectiveness in discerning
complex styles inside particular segments of MRI
photos, hence improving illness level categorization.
The research underscores the importance of selective
slice extraction, especially in areas consisting of the
hippocampus, which helps the removal of extraneous
traits and improves predictive accuracy. The
incorporation of a Dropout layer in the LeNet
architecture is essential for lowering overfitting and
achieving high-quality accuracy in Alzheimer's
disease classification obligations. Evaluation of proper
positives and real negatives across all assessed cases.

This can be expressed mathematically as:

6. FUTURE SCOPE

Future have a look at on this discipline may
additionally look at the synergistic mixture of
Pretrained ResNet50 and LeNet designs to use their
very own strengths in function extraction and
category. Moreover, exploring strategies to refine
those models on particular datasets or optimize their
hyperparameters may also similarly improve their

efficacy.  Furthermore, increasing the studies to

encompass ensemble learning methodologies, which
aggregate predictions from numerous models, can also
produce greater resilient and particular diagnostic
models. Moreover, ongoing investigation of modern
statistics guidance approaches and feature engineering
techniques specific to MRI records may additionally
yield clean views on enhancing version performance.
Eventually, the usage of the proposed algorithms in
medical environments and doing longitudinal studies
to evaluate their efficacy in real-world contexts is

essential for clinical translation and adoption.
REFERENCES

[1] Alzheimer’s Association, ‘2017 Alzheimer’s
disease facts and figures,”” Alzheimer’s Dementia,
vol. 13, no. 4, pp. 325-373, Apr. 2017, doi:
10.1016/j.jalz.2017.02.001.

[2] G. Livingston, J. Huntley, A. Sommerlad, D.
Ames, C. Ballard, and S. Banerjee, ‘‘Dementia
prevention, intervention, and care: 2020 report of the
Lancet commission,”” Lancet, vol. 396, no. 10248, pp.
413-446, 2020, doi: 10.1016/S0140-6736(20)30367-
6.

[3] G. B. Frisoni, N. C. Fox, C. R. Jack, P. Scheltens,
and P. M. Thompson, ““The clinical use of structural
MRI in Alzheimer disease,”” Nature Rev. Neurol., vol.
6, no. 2, pp. 67-77, Feb. 2010, doi:
10.1038/nrneurol.2009.215.

[4] J. Olloquequi, M. Ettcheto, A. Cano, E. Sanchez-
Ldpez, M. Carrasco, T. Espinosa, C. Beas-Zarate, G.
Gudifio-Cabrera, M. E.
Verdaguer, J. Folch, C. Auladell, and A. Camins,

“Impact of new drugs for therapeutic intervention in

Urefia-Guerrero, E.

Alzheimer’s disease,”’ Frontiers

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 5065-5076 | 5073



BioscienceLandmark, vol. 27, no. 5, p. 146, 2022, doi:
10.31083/j.fbl2705146.

[5] Y. L. Rao, B. Ganaraja, B. V. Murlimanju, T. Joy,
A. Krishnamurthy, and A. Agrawal, ‘‘Hippocampus
and its involvement in Alzheimer’s disease: A
review,”” 3 Biotech, vol. 12, no. 2, pp. 1-10, Feb.
2022, doi: 10.1007/s13205-022-03123-4.

[6] M. Laakso, “MRI of hippocampus in incipient
Alzheimer’s disease,”” Ph.D. dissertation, Ser. Rep.

Dept. Neurol., Univ. Kuopio, Kuopio, Finland, 1996.

[7] A. Moscoso, J. Silva-Rodriguez, J. M. Aldrey, J.
Cortés, A. Fernandez-Ferreiro, N. Gomez-Lado, A.
Ruibal, and P. Aguiar, ‘‘Prediction of Alzheimer’s
disease dementia with MRI beyond the shortterm:
Implications for the design of predictive models,”
Neurolmage, Clin., vol. 23, Jan. 2019, Art. no.
101837, doi: 10.1016/j.nicl.2019.101837.

[8] K. M. Poloni and R. J. Ferrari, ‘‘Automated
detection, selection and classification of hippocampal
landmark points for the diagnosis of Alzheimer’s
disease,”” Comput. Methods Programs Biomed., vol.
214, Feb. 2022, Art. no. 106581, doi:
10.1016/j.cmpb.2021.106581.

[9] A. Demirhan, ‘“Classification of structural MRI for
detecting Alzheimer’s disease,”” Int. J. Intell. Syst.
Appl. Eng., vol. 4, no. 1, pp. 195-198, Dec. 2016.

[10] H. Qiao, L. Chen, Z. Ye, and F. Zhu, ‘‘Early
Alzheimer’s disease diagnosis with the contrastive
loss using paired structural MRIs,”” Comput. Methods
Programs Biomed., vol. 208, Sep. 2021, Art. no.
106282, doi: 10.1016/j.cmpb.2021.106282.

[11] S. Savas, ‘‘Detecting the stages of Alzheimer’s
disease with pre-trained deep learning architectures,”’
Arabian J. Sci. Eng., vol. 47, no. 2, pp. 2201-2218,
2022.

[12] Z. Zhang and E. Sejdi¢, ‘‘Radiological images
and machine learning: Trends, perspectives, and
prospects,”” Comput. Biol. Med., vol. 108, pp. 354—
370, May 2019, doi:
10.1016/j.compbiomed.2019.02.017.

[13] Y. Kazemi and S. Houghten, ‘A deep learning
pipeline to classify different stages of Alzheimer’s
disease from fMRI data,”” in Proc. IEEE Conf.
Comput. Intell. Bioinf. Comput. Biol. (CIBCB), May
2018, pp. 1-8, doi: 10.1109/CIBCB.2018.8404980.

[14] S. Gao and D. Lima, ‘A review of the application
of deep learning in the detection of Alzheimer’s
disease,”” Int. J. Cognit. Comput. Eng., vol. 3, pp. 1-
8, Jun. 2022, doi: 10.1016/j.ijcce.2021.12.002.

[15] E. Thibeau-Sutre, B. Couvy-Duchesne, D.
Dormont, O. Colliot, and N. Burgos, ‘“MRI field
strength predicts Alzheimer’s disease: A case example
of bias in the ADNI data set,”” in Proc. IEEE 19th Int.
Symp. Biomed. Imag. (ISBI), Mar. 2022, pp. 1-4, doi:
10.1109/1SBI152829.2022. 9761504.

[16] M. Raju, V. P. Gopi, and V. S. Anitha, ‘‘Multi-
class classification of Alzheimer’s disease using
3DCNN features and multilayer perceptron,’” in Proc.
6th Int. Conf. Wireless Commun., Signal Process.
Netw. (WIiSPNET), Mar. 2021, pp. 368-373, doi:
10.1109/WiSPNET51692.2021. 9419393.

[17] V. Sathiyamoorthi, A. K. llavarasi, K.
Murugeswari, S. T. Ahmed, B. A. Devi, and M.

Kalipindi, ‘“A deep convolutional neural network

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 5065-5076 | 5074



based computer aided diagnosis system for the
prediction of Alzheimer’s disease in MRI images,”’
Measurement, vol. 171, Feb. 2021, Art. no. 108838,
doi: 10.1016/j.measurement.2020.108838.

[18] N. Yamanakkanavar, J. Y. Choi, and B. Lee,
““MRI segmentation and classification of human brain
using deep learning for diagnosis of Alzheimer’s
disease: A survey,”” Sensors, vol. 20, no. 11, p. 3243,
Jun. 2020, doi: 10.3390/520113243.

[19] M. Karthiga, S. Sountharrajan, S. Nandhini, and
B. S. Kumar, ‘“Machine learning based diagnosis of
Alzheimer’s disease,”” in Proc. Int. Conf. Image
Process. Capsule Netw. Cham, Switzerland: Springer,
2020, pp. 607-619, doi: 10.1007/978-3-030-51859-
2 55,

[20] A. Faroog, S. Anwar, M. Awais, and S. Rehman,
““A deep CNN based multi-class classification of
Alzheimer’s disease using MRI,”” in Proc. IEEE Int.
Conf. Imag. Syst. Techn. (IST), Oct. 2017, pp. 1-6,
doi: 10.1109/IST.2017.8261460.

[21] K. V. Kumari and S. S. Barpanda, ‘‘Investigating
the volumetric biomarkers of Alzheimer disease: A
state-of-the art review,”” in Advances in Distributed
Computing and Machine Learning. Singapore:
Springer, 2022, pp. 581-591.

[22] S. Tomassini, A. Sbrollini, G. Covella, P. Sernani,
N. Falcionelli, H. Muller, M. Morettini, L. Burattini,
and A. F. Dragoni, ‘‘Brain-oncloud for automatic
diagnosis of Alzheimer’s disease from 3D structural
magnetic resonance whole-brain scans,”” Comput.
Methods Programs Biomed., vol. 227, Dec. 2022, Art.
no. 107191, doi: 10.1016/j.cmpb.2022. 107191.

[23] M. Lépez, J. Ramirez, J. M. Gorriz, I. Alvarez, D.
Salas-Gonzalez, F. Segovia, R. Chaves, P. Padilla, and
M. Gbémez-Rio, ‘‘Principal component analysis-based
techniques and supervised classification schemes for
the early detection of Alzheimer’s disease,”
Neurocomputing, vol. 74, no. 8, pp. 1260-1271, Mar.
2011, doi: 10.1016/j.neucom.2010.06.025.

[24] W. Kang, L. Lin, B. Zhang, X. Shen, and S. Wu,
“Multi-model and multi-slice ensemble learning
architecture based on 2D convolutional neural
networks for Alzheimer’s disease diagnosis,”
Comput. Biol. Med., vol. 136, Sep. 2021, Art. no.
104678, doi: 10.1016/j.compbiomed.2021. 104678.

[25] M. S. Ravang, P. Selnes, B. J. Maclintosh, I. R.
Groote, L. Paalhaugen, S. Carole, T. Fladby, and A.
Bjarnerud, ‘‘Segmenting white matter hyperintensities
on isotropic three-dimensional fluid attenuated
inversion recovery magnetic resonance images:
Assessing deep learning tools on Norwegian imaging
database,”” 2022, arXiv:2207.08467.

[26] M. A. Ebrahimighahnavieh, S. Luo, and R.
Chiong, “‘Deep learning to detect Alzheimer’s disease
from neuroimaging: A systematic literature review,”’
Comput. Methods Programs Biomed., vol. 187, Apr.
2020, Art. no. 105242, doi: 10.1016/j.cmpb.2019.
105242.

[27] M. T. Vlaardingerbroek and J. A. Boer, Magnetic
Resonance Imaging: Theory and Practice. Berlin,
Germany: Springer, 2013.

[28] S. Katabathula, Q. Wang, and R. Xu, ‘‘Predict
Alzheimer’s disease using hippocampus MRI data: A
lightweight 3D deep convolutional network model

with visual and global shape representations,’

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 5065-5076 | 5075



Alzheimer’s Res. Therapy, vol. 13, no. 1, pp. 1-9, Dec.
2021, doi: 10.1186/s13195-021- 00837-0.

[29] K. G. Achilleos, S. Leandrou, N. Prentzas, P. A.
Kyriacou, A. C. Kakas, and C. S. Pattichis,
‘“Extracting explainable assessments of Alzheimer’s
disease via machine learning on brain MRI imaging
data,”” in Proc. IEEE 20th Int. Conf. Bioinformatics
Bioeng. (BIBE), Oct. 2020, pp. 1036-1041, doi:
10.1109/BIBE50027.2020.00175.

[30] M. Sethi, S. Rani, A. Singh, and J. L. V. Mazon,
“A CAD system for Alzheimer’s disease
classification using neuroimaging MRI 2D slices,”
Comput. Math. Methods Med., vol. 2022, pp. 1-11,
Aug. 2022, doi: 10.1155/2022/8680737.

[31] C. V. Angkoso, H. P. A. Tjahyaningtijas, Y.
Adrianto, A. D. Sensusiati, I. K. E. Purnama, and M.
H. Purnomo, ‘“Multi-features fusion in multi-plane
MRI images for Alzheimer’s disease classification,”’
Int. J. Intell. Eng. Syst., vol. 15, no. 4, pp. 182-197,
2022, doi: 10.22266/ijies2022.0831.17.

[32] S. R. Chandaran, G. Muthusamy, L. R.
Sevalaiappan, and N. Senthilkumaran, ‘‘Deep
learning-based transfer learning model in diagnosis of
diseases with brain magnetic resonance imaging,”
Acta Polytechnica Hungarica, vol. 19, no. 5, pp. 127—
147, 2022.

[33] B. Y. Lim, K. W. Lai, K. Haiskin, K. A. S. H.
Kulathilake, Z. C. Ong, Y. C. Hum, S. Dhanalakshmi,
. Wu, and X. Zuo, “‘Deep learning model for
prediction of progressive mild cognitive impairment to
Alzheimer’s disease using structural MRI,”” Frontiers
Aging Neurosci., vol. 14, Jun. 2022, Art. no. 876202,
doi: 10.3389/fnagi.2022.876202.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 5065-5076 | 5076



