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Abstract— Alzheimer's disease (AD) is a chronic,
progressive neurodegenerative disorder characterized by
cognitive decline, memory loss, and impaired reasoning.
It is the leading cause of dementia in older adults,
marked by the pathological accumulation of amyloid-
beta plaques and neurofibrillary tangles. These
pathological changes lead to widespread neuronal
damage, significantly impacting daily functioning and
quality of life. Providing an overview of the current state
of Al applications in neuroimaging for early AD
prediction and highlighting the promise of Al techniques
to improve early AD diagnosis, prognosis, and
management are the goals of this literary review. To give
a nuanced examination of the topic, this study uses a
targeted descriptive review technique that includes
analysis of peer-reviewed papers and clinical trials from
the body of current literature. The effectiveness of non-
invasive biomarkers, biosensors, and new, promising
technologies for improving early AD and PD diagnosis is
highlighted in this review.

Index Terms— Alzheimer’s disease (AD), Machine
learning, MRI Analysis, Imaging analysis
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[. INTRODUCTION

1.1 Brief Overview of Alzheimer’s Disease

Alzheimer's disease is a neurological condition that
gradually impairs thinking and memory abilities,
leading to the eventual inability to perform even the
most basic tasks. Individuals who have Alzheimer's
disease also undergo behavioural and personality
changes. (7) Alzheimer's disease is thought to affect
about 6 million Americans, many of whom are 65
years of age or older. That's more people with
Alzheimer's than there are people in a big American
metropolis. The lives of many more people are
affected by Alzheimer's as friends and relatives of
those who have the illness. [10,18, 21, 25, 26]
Dementia is the term used to describe the cognitive,
memory, reasoning, and behavioural deficits that are
hallmarks of Alzheimer's disease. For this reason,
Alzheimer's disease is sometimes called "dementia."
Age-related changes in the brain include blood vessel
damage, inflammation, shrinkage, and cellular energy
breakdown, which can damage neurons and impact
other brain cells. This paper summarizes the most
widely used deep learning approaches for diagnosing
[6, 7, 8,33]. This review provides an important
reference to the general direction of ongoing research
aimed at using brain MRI image analysis to diagnose
Alzheimer's disease, even though it does not fully
encompass all pertinent papers. (16, 25,55).
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Figure. 1. Factor Influencing of Alzheimer's disease
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Figure 2: Alzheimer Disease affection area on Brain
Part

1.2 Importance of Early Detection and the role of Al
in Medical Imaging: -Effective prophylactic measures
must be put in place as soon as Alzheimer's disease
(AD) is identified. A quick diagnosis is essential to
controlling AD's high incidence rate because it is the
most common chronic disorder among the elderly,
affecting a sizable section of the aging population. [28]
Since AD is a major cause of dementia globally,
prompt and accurate diagnostic methods are required.
Accordingly, there are several possible causes of AD
that impact older people's behaviour, memory, and
thought processes. Conventional methods, which can
require a large amount of manual labour, depend on
clinical evaluations and neuroimaging analysis.
[31,35,36]. Deep learning (DL), with its ability to
automatically extract meaningful features from data,
has emerged as a transformative tool in medical
imaging, particularly in detecting and classifying AD
from modalities such as positron emission tomography
(PET), magnetic resonance imaging (MRI), and
computed tomography (CT) scans Classification tasks
in AD detection aim to categorize patients into healthy,
mild cognitive impairment (MCI), or AD groups. This
process helps in early intervention, particularly in MCI
cases where the disease might progress to AD.
[41,44,46] The most widely utilized neuroimaging
modalities are CT, which aids in detecting structural
abnormalities, PET, which provides functional
insights by capturing metabolic changes, and MRI,
which provides structural information that allows for
the detection of brain shrinkage (Wu et al. 2019;
AlSaeed and Omar 2022).[37,38]. The brain mass of
people with Alzheimer's disease is significantly
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reduced; Fig. 3 shows the brain masses of people with
Alzheimer's and those without the condition. Brain
shrinkage is minor or non-existent in people with
appropriate cognitive abilities. However, people with
MCT lose between 1% to 2% of their brain volume
each year, which is a lot quicker than normal aging
(Huang et al. 2020). [24] The rate of brain volume loss
in AD rises even more, hitting 3-5% annually.
Particularly impacted areas include the hippocampus,
where shrinking rates can reach 10% to 15% per year.
[43,47]

II. MODELS FOR DEEP LEARNING

2.1. Neural networks with convolutions: -
Convolution layers, pooling layers, and fully
connected layers are the three main parts of the
traditional Convolutional Neural Network (CNN), a
powerful deep learning architecture. The model can
effectively interpret and evaluate images thanks to its
structure, which is based on the principles of human
visual perception. [34] The input image is efficiently
broken up into smaller, easier-to-manage parts at the
convolution layer by employing convolution kernels to
extract local features like edges, textures, and patterns.
[36,37,38] Through abstraction techniques like max-
pooling or average pooling, the pooling layer then
shrinks the spatial dimensions of the feature maps,
producing a compressed representation of the picture
features. Last but not least, the fully connected layer
compiles the features that have been extracted and
classifies the data according to the input. [42,43]
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Figure. 3 Formation of classic convolutional neural
network and human visual
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2.2 Network of Attention

Deep learning models' attention mechanisms are based
on the human visual attention mechanism [22]. The
human eye selectively focuses on particular elements
based on their significance and pertinence, rather than
processing a scene in its whole at once. [16,18,41]
Humans can interpret visual information efficiently
because they gradually learn to focus on areas of
interest within comparable scenes.[13] By focusing on
pertinent portions of the input data, deep learning
models with attention mechanisms mimic this idea. A
number of weight parameters, also known as attention
distribution coefficients, are used to do this. The model
uses these parameters to assess each input region's
significance for a given task. [41]

Keyl Key2 Key3 Key4

I I I I Attention
I B

Query

Valuel Value2 Value3 Valued

Source

Figure. 4 Demonstrates an example using an MRI
image sample (source) containing numerous regions
(value).

2.3 Autoencoder

The encoder and the decoder are the two main parts of
the Autoencoder model. Together, these elements
allow the model to recognize high-performance
features in an image and recognize unique distribution
patterns of different characteristics, which leads to
successful classification and diagnosis. [51,52] By
compressing the input image during the encoding
process, the key features are efficiently chosen from a
high-dimensional space. The decoder process then
reconstructs the image, using the high-performance
features that the encoder collected to restore an image
that closely resembles the original, as shown in [55].
These two procedures enable neural networks using
Autoencoder models to recognize both unique
distribution patterns of different features and high-
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performance features in an image. For instance, the
model is able to identify variations in the patterns of
pixel distribution among samples that fall into several
groups. This feature makes the Autoencoder a useful
tool in the fields of deep learning and image analysis
since it enables it to attain a high degree of
classification and diagnostic accuracy across a wide
range of applications.

2.4 Generative adversarial network

Generative Adversarial Networks (GANs) consist of
two primary components: the generator and the
discriminator. The generator is responsible for creating
simulated data, while the discriminator determines
whether the input data is real or generated. These two
components interact in an adversarial manner, driving
each other to improve their respective performances.
[56,57] The generator continuously adjusts its
parameters during the creation process to provide data
that closely mimics real data. At the same time, the
discriminator adjusts its settings to improve its
capacity to differentiate between actual and produced
information. A dynamic process of reciprocal
improvement is the outcome of this antagonistic
interaction between the discriminator and the
generator. [67,68]. It is possible to find significant
differences between data from different categories and
detect possible similarities between samples within the
same category by continuously optimizing the
parameters of each node in the neural network model.
In the end, this procedure makes it easier to classify
and diagnose the samples. Researchers can produce
realistic, high-quality data samples for a variety of
uses, such as data augmentation and picture synthesis,
by utilizing the special qualities of GANs. [31,34].
These two procedures enable neural networks using
Autoencoder models to recognize both unique
distribution patterns of different features and high-
performance features in an image. For instance, the
model is able to identify variations in the patterns of
pixel distribution among samples that fall into several
groups. This feature makes the Autoencoder a useful
tool in the fields of deep learning and image analysis
since it enables it to attain a high degree of
classification and diagnostic accuracy across a wide
range of applications.
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Figure 5. Al model target of Alzheimer’ s Diagnosis

III. DATA PROCESSING AND MODEL TRAINING

3.1 Class balance

It can be difficult to diagnose Alzheimer's disease at
different stages because of potential category
imbalances. Specifically, even though the early stage
of Alzheimer's disease is the most crucial for an
accurate diagnosis, the sample size is typically [51]. It
is challenging to identify trustworthy trends in the
underrepresented groups due to the unequal sample
distribution.[54] A classification model is susceptible
to overfitting when it is constructed using such
unbalanced datasets, particularly for the categories
with little data samples. As a result, the model may
operate less accurately and robustly than ideal when
faced with recently gathered data. [57,58] Many
researchers use data augmentation techniques to
enhance the number of samples for categories with
fewer cases in order to address this problem. Data
augmentation helps to balance the representation of
multiple categories and improves the model's
generalization across diverse data points by artificially
creating extra samples using techniques like image
rotation, flipping, or cropping. [61,62] Another
strategy to lessen category imbalances is to dilute
samples from overrepresented categories, albeit this is
used less frequently. By bringing the overrepresented
categories closer to the underrepresented ones, this
technique includes lowering the number of samples in
those categories. Nevertheless, this strategy can result
in the loss of important data from the deleted
samples.[68]
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Figure 6- Process of generative adversarial network.

3.2 Transfer learning

The dependence of artificial intelligence-based
techniques on vast amounts of data samples for
efficient training is a noteworthy characteristic.
[37,38,39] When using brain MRI pictures to diagnose
Alzheimer's disease, it can be difficult to get a
significant of  high-quality images.
Furthermore, combining photos from several devices
as input for model training might seriously impair the
model's performance, resulting in a lack of training
samples and less-than-ideal results. In order to address
this issue, several academics have turned to the
transfer learning approach. This method, shown in Fig.

number

5, pre-trains models by utilizing large natural or
medical picture datasets. The model acquires a
fundamental breadth of knowledge by using such vast
and varied datasets for initial training. [41,44,45] This
information can then be improved and customized to
meet a specific goal, improving the model's
performance and getting around limitations brought on
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by the lack of high-quality, disease-specific MRI data.
In the end, this approach results in a better and more
effective analytical procedure. [51,56]

3.3Contrastive Learning

One self-supervised learning technique wused to
identify the general characteristics of samples is
contrastive learning. This method eliminates the need
for explicit labelling by enabling the model to
determine the degree of similarity or dissimilarity (via
feature distance calculation) among samples. [28,29]
This approach is particularly useful for brain MRI
pictures, which naturally exhibit significant similarity
because of the inherent anatomical structure.
[34,36,38] By focusing on identifying the similarities
between similar examples and the differences between
dissimilar ones, contrastive learning -effectively
identifies and examines important areas, a task that
would be difficult to complete with unassisted visual
inspection. [41] This capacity is particularly helpful
when diagnosing Alzheimer's disease because it can be
challenging to distinguish between different stages of
the illness.[42] Furthermore, in research settings, the
application of contrastive learning might assist in
avoiding possible mistakes related to manual marking.
This is particularly important when defining and
differentiating between Alzheimer's disease phases,
which may be a difficult and prone to mistakes
procedure [44.45]

IV. CURRENT TRENDS IN AI-ENHANCED
ALZHEIMER'S DISEASE IMAGING RESEARCH:

4.1. Multimodal imaging analysis: -

A revolutionary method in the study and diagnosis of
Alzheimer's disease, multimodal imaging analysis is
revolutionizing how we think about this intricate
neurodegenerative condition. [74] This novel
approach combines information from several imaging
modalities, including Computed Tomography (CT),
Positron Emission Tomography (PET), and Magnetic
Resonance Imaging (MRI), among others, to provide
a comprehensive and detailed representation of the
illness. An extensive overview of studies showing the
effectiveness of MRI and other image fusion methods
in Alzheimer's diagnosis [71] the power of Multimodal
Imaging Analysis lies in its ability to harmonize
different, yet complementary, imaging data streams.
This harmonization wunravels the convoluted
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interaction between structural and metabolic
alterations  underpinning  Alzheimer's  disease
progression.[68] By integrating diverse structural and
functional viewpoints, this multi-pronged approach
enables a comprehensive interpretation of the disease's
manifestations, propelling forward the pursuit for
accurate early diagnosis and effective predictive
modeling. [69] In essence, Multimodal Imaging
Analysis capitalizes on the synergistic potential of
various imaging techniques, casting a brighter light on
the multi-faceted attributes of Alzheimer's disease.
The adoption of this advanced approach signifies an
important milestone in Alzheimer's research,
augmenting our capacity to illuminate and tackle the
intricate dimensions of this challenging condition.[74]

4.2 Intelligible Al: -

The opacity of artificial intelligence (AI) models'
decision-making processes is a significant problem as
these models become more complex.[58] The
interpretability of Al-driven outputs is frequently
obscured by this opacity, which hides the underlying
mechanisms.[61] To address this dilemma, a growing
amount of research is devoted to the development and
refinement of Explainable Al (XAI) models, which is
summarized in Table 3. In order to enable
understandable insights into the reasoning behind
certain diagnoses or predictions made from
neuroimaging data, XAI models aim to shed light on
the internal logic of Al. XAI models increase
transparency and build confidence in Al systems by
shedding light on these hitherto mysterious processes.
[64,71]

V. DISCUSSION

The integration of Artificial Intelligence (AI) and
Machine Learning (ML) into Alzheimer’s disease
(AD) diagnostics represents a pivotal advancement in
modern precision medicine. Unlike conventional
diagnostic methods—which often rely on subjective
clinical assessment and require invasive or expensive
confirmatory  tests—Al-based models enable
objective, data-driven analysis capable of identifying
subtle, early neurodegenerative changes that may not
be visible to the human eye. In particular, deep
learning approaches, such as Convolutional Neural
Networks (CNNs), have demonstrated remarkable
efficiency in interpreting MRI scans, identifying
cortical atrophy patterns, hippocampal volume loss,
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and other hallmark changes of AD with high
sensitivity and specificity. However, despite promising
results, the current study highlights significant
limitations in existing Al-based AD models. The
foremost challenge is the scarcity of large, diverse, and
high-quality datasets. Many models are trained on
small sample sizes or non-standardized imaging
databases, leading to poor generalizability when
applied to real-world clinical settings. Additionally,
heterogeneity in MRI acquisition protocols across
different scanners and medical centers leads to image
variability, ultimately limiting model performance.
Another obstacle arises from medical data complexity;
traditional machine learning models often struggle to
extract meaningful features from 3D neuroimaging
data, and input features may fail to align with model
architecture, resulting in overfitting or inaccurate
predictions. In response to these challenges, the
advancement of hardware technologies and the
progressive reduction in MRI costs are expected to
improve data standardization and accessibility. This
would facilitate the expansion of open-access
neuroimaging repositories, allowing researchers to
build more robust, scalable models. Complementing
these advances, the emerging availability of structured
electronic medical records (EMR) and genomic
sequencing data provides a unique opportunity to
develop multimodal AI models. Future deep learning
frameworks will likely combine neuroimaging,
clinical biomarkers, genetic risk factors (e.g., APOE-
€4), and even blood-based biomarkers such as p-
Tau217 and  NfL. Such  comprehensive,
multidimensional models may outperform single-
modality algorithms by capturing the multifactorial
nature of AD pathology. Moreover, the development
of explainable Al (XAI) is crucial for enhancing
clinician trust and promoting clinical adoption.
Transparent decision-making tools such as Grad-CAM
visualization and attention maps can elucidate how
models classify AD stages and which brain regions
contribute most to predictions. This will ensure Al
systems serve as supportive clinical decision aids
rather than opaque “black-box” technologies. In
conclusion, while current AI models for Alzheimer’s
diagnosis face hurdles related to data availability,
standardization, and model optimization, emerging
technological innovations promise substantial
improvements. The integration of multimodal
datasets, advancements in imaging technology, and
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rapid progress in deep learning architectures position
Al as a transformative force in AD diagnostics. These
developments will not only improve early detection
but also facilitate personalized treatment strategies,
ultimately revolutionizing Alzheimer’s disease
management and patient care.

VI. CONCLUSIONS

The current study addresses a number of important
issues noted in earlier studies, such as insufficient
input data, model flaws resulting from the switch to
medical data, and input data features that are
incompatible with the model. The lack of genuine data
and open databases has prevented the Alzheimer's
disease (AD) model from reaching its full potential. In
the future, it is anticipated that improvements in
hardware technology would lower the price of MRI
equipment and lessen inconsistencies between images
captured by various systems. It is therefore expected
that the open-access library of brain MRI pictures
would grow, enabling additional study and creativity.
Furthermore, it is anticipated that the creation of
innovative deep learning models will quicken in the
upcoming years due to the advancements in gene
sequencing technology and organized electronic
medical records. These developments will surely have
a big impact on improving healthcare data analytics
and Alzheimer's disease diagnostic technology,
opening the door to more precise and effective
diagnosis and treatment of this crippling illness.
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