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ABSTRACT
Purpose: Alzheimer's disease (AD) is a severe neurological disease that significantly impairs brain function. Timely identifi-

cation of AD is essential for appropriate treatment and care. This comprehensive review intends to examine current devel-

opments in deep learning (DL) approaches with neuroimaging for AD diagnosis, where popular imaging types, reviews well‐
known online accessible data sets, and describes different algorithms used in DL for the correct initial evaluation of AD are

presented.

Significance: Conventional diagnostic techniques, including medical evaluations and cognitive assessments, usually not

identify the initial stages of Alzheimer's. Neuroimaging methods, when integrated with DL techniques, have demonstrated

considerable potential in enhancing the diagnosis and categorization of AD. DL models have received significant interest due to

their capability to identify AD in its early phases automatically, which reduces the mortality rate and treatment cost of AD.

Method: An extensive literature search was performed in leading scientific databases, concentrating on papers published from

2021 to 2025. Research leveraging DL models on different neuroimaging techniques such as magnetic resonance imaging (MRI),

positron emission tomography, and functional magnetic resonance imaging (fMRI), and so forth. The review complies with

Preferred Reporting Items for Systematic Reviews and Meta‐Analyses (PRISMA) guidelines.

Results: Current developments show that CNN‐based techniques, especially those utilizing hybrid and transfer learning

frameworks, outperform conventional DL methods. Research employing the combination of multimodal neuroimaging data has

demonstrated enhanced diagnostic precision. Still, challenges such as method interpretability, data heterogeneity, and limited

data exist as significant issues.

Conclusion: DL has considerably improved the accuracy and reliability of AD diagnosis with neuroimaging. Regardless of

issues with data accessibility and adaptability, current studies into the interpretability of models and multimodal fusion provide

potential for clinical application. Further research should concentrate on standardized data sets, rigorous validation architec-

tures, and understandable AI methodologies to enhance the effectiveness of DL methods in AD prediction.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is properly

cited.
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1 | Introduction

The human brain is a highly complex and vital body element,
making its disorders significant from a medical perspective.
Disorders in the brain lead to different complications, and one
of them is Alzheimer's. Alzheimer's disease (AD) is the most
common type of dementia. AD is a degenerative neurological
disease that deteriorates over time and is irreversible. It is
defined by a decline in memory, deterioration in cognitive
abilities, and challenges in everyday tasks [1, 2]. Seven stages
comprise AD, from normal to severe AD [3]. Figure 1 shows the
different signs of AD. Initial detection of the disease facilitates
appropriate patient treatment, therefore reducing the detri-
mental impact of AD and slowing the progression toward
dementia [4]. The deaths and cost are also critical aspects of AD
as in 2010; dementia was a disease that affected 35.6 million
individuals who were 60 years old or older worldwide. Esti-
mates suggest that this number will double each decade, ex-
ceeding 115 million in 2050 [5]. Dementia has emerged as
the second most common reason for mortality in Australia,
resulting in notable financial impacts [6]. Although several
treatment approaches have been investigated, their effective-
ness has been restricted, highlighting the significance of timely
and precise identification of suitable treatment options [7].
Therefore, the early detection of AD is crucial. Brain imaging,
especially structural magnetic resonance imaging (SMRI),
detects AD by visualizing the shrinkage of brain structure. The
sMRI offers detailed benefits and availability for examining and
monitoring its probable cause [8]. Neuroimaging biomarkers
are crucial in providing precise analysis and rapid AD detection.
Many studies have focused on machine‐learning methods for
identifying AD. Nevertheless, conventional machine learning
methods have encountered problems when handling the com-
plexities of detecting AD. Recently, there have been notable
improvements in deep learning (DL) methods driven by the

increased computational power of graphics processing units [9].
This article thoroughly examines the recent state of the art of
AD identification utilizing DL approaches. Our objective is to
investigate the utilization of DL in supervised and unsupervised
techniques to get a broader understanding of AD.

2 | Research Methodology

This study's methodology follows the requirements specified in
Figure 2 of the PRISMA, guaranteeing an organized and perfect
technique for combining data. PRISMA, a well‐established
practical framework for complete reviews, provided procedures
for collecting critical materials for this review. Moreover, it
delineates the criteria for including and excluding data in
PRISMA. The inclusion and exclusion criteria give a thorough
overview of the factors used to decide whether to include an
item in the review or exclude it from the evaluation. At the
onset of the research, we gathered articles from online biblio-
graphic databases and chose 494 articles for the review. We
conducted a comprehensive study and selected 218 publications
for review. Among these, 60 papers presented distinct concepts,
definitions, and explanations of models and theories, while the
remaining 158 papers focused mainly on the uses, problems,
and current achievements in the field.

2.1 | Data Bases

The research examines the acknowledgment of efforts to detect
AD in several scientific databases, including IEEE Xplore, Sci-
ence Direct, Elsevier, Springer Link, Wiley Inter Science, Goo-
gle Scholar, PubMed Central, ACM, and other electronic
databases.

FIGURE 1 | Different symptoms of AD.
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2.2 | Search Terms

The analysis focuses on papers that include keywords such as
“Deep learning,” “Deep learning in Alzheimer's,” “Alzheimer's
diagnosis using deep learning,” “Alzheimer's diagnosis using
unsupervised deep learning,” “Alzheimer's diagnosis using
supervised deep learning.” In this review article, we examine
papers from 2021 to 2025. We search research papers regarding
AD detection using DL up to 25 pages of Google Scholar.

2.3 | Inclusion Criteria Search

The following inclusion criteria applied when choosing articles
for this review:

• Articles published from 2021 to 2025.

• Papers are presented in English.

• AD detection and DL.

• Papers published in academic journals.

• DL in medical imaging.

• Not restricted to a definite area.

2.4 | Exclusion Criteria Search

The following exclusion criteria were used when choosing ar-
ticles for this review:

• Thesis, Communication letters, white papers, editorials,
and reports.

• Duplicate and non‐English articles.

• Not related to the topic of the review.

• Traditional and statistical methods.

• Articles that are absent of data.

2.5 | Previous Research Gaps

The earlier review articles on the detection of AD using DL
techniques have added contributions by presenting the most
advanced methods, emphasizing the potential of these methods
in early detection, and tracking the development of the disease.
Still, there are numerous flaws in the existing literature work.
Primarily, although numerous studies [10–12] concentrate on
developing methods for detecting AD, there is an absence of

FIGURE 2 | PRISMA flow diagram of the paper selection process.
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research into efficient and accurate initial detection of AD is
necessary to provide immediate alternatives for treatment.
Currently, there is a lack of treatment options for AD,
demanding a resolution for the considerable volumes of
imaging data needed to handle a large patient population.
An important aspect is the analysis of longitudinal data. AD
is a progressive degeneration disorder, and monitoring the
evolving changes is crucial for understanding its develop-
ment. Several ADNI‐trained DL algorithms are unsuccessful
in generalizing among imaging types, clinical, and demo-
graphic contexts. Automatic techniques are needed to han-
dle the significant amount of patients' clinical imaging
input. Raw images are highly dimensional; however, exist-
ing feature extraction methods can be either heuristic‐based
or computationally costly. DL algorithms often ignore non‐
imaging data, which are critically important for obtaining
an accurate diagnosis of AD. Most of the research empha-
sizes a single type of imaging instead of combining other
modalities to enhance predictability. Different research
employs disparate performance criteria lacking a uniform
benchmark for assessment. Limited investigation of ethical
problems and practical issues when utilizing frameworks for
clinical processes, regardless of technological development.
Addressing these gaps is crucial for advancing the field and
facilitating the translation of DL‐based AD detection
methods into clinical practice.

2.6 | Contributions

The review article has the following contributions:

• Concise overview and medical observations of the signifi-
cant neuroimaging techniques used for diagnosing AD
from 2021 to 2025.

• Examination of the accessible data sets used for the iden-
tification of AD.

• Analysis of several current research on supervised and
unsupervised DL methods for AD detection.

• 2D & 3D imaging explored with DL techniques to identify
AD and its pros and cons.

This review further discusses popular neuroimaging mod-
alities and their comparative analysis, different data sets
used in AD, AD with DL techniques (supervised and
unsupervised learning), 3D imaging, discussion and chal-
lenges in AD, and conclusion and future extensions in
this area.

3 | Imaging Modalities

Previous research has established multiple imaging procedures
that aid in AD identification. Nevertheless, specialists' most
widespread and widely recognized techniques are positron
emission tomography (PET), MRI, functional MRI (fMRI), dif-
fusion tensor imaging (DTI), and single photon emission com-
puted tomography (SPECT). This review provides a concise
explanation of this imaging.

3.1 | MRI

MRI represents a notable advancement in clinical imaging. MRI
offers high spatial resolution and the ability to visualize
superficial tissues with remarkable clarity [13]. In an MRI scan
for diagnosing AD, very detailed images of the brain are cap-
tured. These images enable clinicians to examine characteristic
features like atrophy and the shrinking of specific brain regions,
frequently observed in individuals with AD [14]. In addition,
structural MRI assists in promptly detecting AD by identifying
minor structural alterations [15]. Figure 3 represents the sMRI.

3.2 | fMRI

fMRI is a neurological modality that evaluates and explores
neural function by identifying variations in the flow of blood.
fMRI, patients engage in mental activities or remain at rest as
their brain function is monitored. In people with AD, fMRI
reveals abnormalities in the brain regions associated with cog-
nition and memory [17]. It particularly emphasizes reduced
activity in the hippocampus and other areas associated with it
[18]. These shifts may serve as early indicators of the disease,
aiding in its timely identification. In addition, fMRI is useful for
monitoring the progression of diseases [19]. Due to its non-
invasive nature and ability to visualize functional brain activity,
fMRI is an essential tool for advancing our knowledge and
treatment of AD [20]. Figure 4 shows the fMRI.

3.3 | DTI

DTI monitors the movement of water molecules inside neural
cells, facilitating the identification of white matter tracts and
the evaluation of neuron connectivity stability. It aids in the
examination of brain structure connections, the identification of
anomalies in brain disorders, and the representation of cerebral
systems [21]. Figure 5 shows the different brain DTI imaging.

3.4 | SPECT Imaging

SPECT is more cost‐effective compared to alternative technol-
ogies, yet it is more sensitive while assessing variations in brain
blood circulation for the very first time [23]. Despite this, in the
analysis of brain activities, this technique remains one of the
most often utilized approaches. Multiple tests indicate that

FIGURE 3 | The brain sMRI scan left to right (normal and Alz-

heimer's affected) [16].
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SPECT can precisely evaluate brain perfusion in patients under-
going AD assessments [20]. Figure 6 shows the SPECT images.

3.5 | PET Imaging

PET is an imaging method that assesses physiology by analyzing
digestion, blood flow, radiolabelled drugs, and neurotransmitters
[25]. PET images are crucial in diagnosing AD as they track the
brain's glucose metabolism. PET imaging tests can detect bio-
chemical anomalies, which helps doctors recognize the initial signs
of AD and differentiate them from other forms of dementia [11].
Figure 7 shows the PET images of the brain.

3.6 | Comparison of Imaging Modalities

MRI is essential for detecting AD because it offers excellent‐
quality anatomical images that facilitate the evaluation of
structural changes in the brain, especially in the area of the
medial temporal lobes and hippocampus. DTI, a specialist MRI
modality, improves diagnostic ability by delineating white
matter stability and uncovering microstructural variations an-
ticipating anticipated neurological signs. Although DTI and
MRI are proficient in morphological evaluation, they do not
provide an immediate understanding of the biochemical and

functional abnormalities linked to the course of AD. These
techniques are frequently employed alongside functional
imaging to enhance the precision of diagnosis. Functional
techniques for imaging, including PET, SPECT, and fMRI, offer
essential physiological and biological information. PET, espe-
cially with amyloid, identifies pathologic particle accumulations
in areas affected by AD. SPECT, while more economical, de-
livers less resolution compared to PET; however, it still yields
significant neurological perfusion information. fMRI, con-
versely, assesses brain functioning through variations in oxy-
genation in the blood, facilitating the initial diagnosis of
functional deterioration. Although fMRI as well as PET offer
delicate functional information, their exorbitant costs and
restricted availability prevent broad usage. A combined method
that integrates functional and structural imaging provides the
most effective screening procedure.

3.7 | AD Detection Biomarkers

Biomarkers are medical indicators that may be accurately
assessed and are visible signs of an individual's bodily state.
Biomarkers can be defined in multiple ways [26]. Hippocampal
size, which has a tendency to diminish among individuals with
AD, along with shrinkage of the middle temporal lobe, are
significant MRI markers for AD [20]. Innovative MRI tech-
niques may also be employed to visualize plaques of amyloid,
which serve as an indicator of AD. The fMRI is a method used
to analyze variations in brain function to detect regions that
have been impacted by abnormalities connected to AD. DTI is a
technique that evaluates the strength of WM in the brain and
identifies any abnormalities linked to AD. Furthermore, fMRI
assesses changes in connections within neural structures
impacted by AD. The MRI biomarkers mentioned in the study
allow for quick detection and tracking of AD development,
helping in the timely discovery and understanding of its pro-
gression [27]. Figure 8 represents the biomarkers in MRI
for AD.FIGURE 4 | The fMRI scan of a human brain [18].

FIGURE 5 | Different brain DTI images [22].
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4 | Data Sets

A significant data set is necessary for identifying AD using DL.
Data collection is a method used to gather information. A data
set facilitates the examination of AD's advancement despite
needing an actual patient. The primary databases accessible to
academics studying AD are OASIS, AIBL, ADNI, Japanese
ADNI, NACC, NRCD, and Kaggle, MICCAI, and IBSR data sets.
The OASIS database was created through the AD research unit
at the University of Washington and includes considerable
neurological MRI data from individuals without illnesses and
those with AD [28]. The ADNI data set contains data from MRI
scans performed using 1.5 to 3 T scanner strength beams. As a
result, this set of data is ideal for treating Alzheimer's illness
[29]. The Neuromorphic Metrics Inc. of Scotts Valley in Cali-
fornia employed 38 T1‐w MRI images and 135 physically seg-
mented components to construct the MICCAI‐2012 database
[30]. The IBSR data set evaluates and enhances the methods
employed in segmenting brain images [31]. The acronym AIBL
refers to the Australian Imaging Biomarker and Lifestyle
landmark project in aging research. In the year 2006, for which
AIBL was initialized [32]. Japanese ADNI is based on the ADNI
database. ADNI was created in 2005, resulting in the same re-
cruiting outcomes due to identical recruitment standards [33].
The Individuals who participate at the National Research
Center for Dementia (NRCD) [34] in the Republic of South
Korea undergo scanning utilizing sMRI. The NACC [35] com-
prises individuals who have organized interviews and data from
neuroimaging. NACC was established in 2004, intending to use
a joint data‐gathering strategy with 29 distinct AD centers.
Kaggle [36] was established in 2010; Kaggle plate form has
different Alzheimer's data sets with three, four, and five classes.

It updated over time. The minimal interval resonance imaging
in AD (MIRIAD) data set offers longitudinal T1 MRI to opti-
mize AD research studies [37].

5 | Alzheimer's Diagnosis With DL Approaches

DL is gaining significant interest in clinical studies due to its
untapped potential for feature extraction, classification of data,
and selection. DL is suggested for the initial AD detection due
to its superior image accuracy for classification compared to the
classic machine learning approach [38]. This article presented
an AD diagnosis regarding supervised learning techniques and
unsupervised learning techniques.

5.1 | AD Diagnosis With Unsupervised DL

The use of training data for unsupervised learning has no labels.
What is needed to be included in an extensive amount of
unlabeled data? The objective of the training is to categorize or
differentiate the information collected. When comparing a well‐
organized feature extractor with professional expertise and
manual architecture to a deep method. The following major
unsupervised learning models are mostly used.

• Autoencoder (AE).

• Deep Belief Networks (DBNs).

• Generative Adversarial Networks (GANs).

FIGURE 6 | Brain SPECT images [24].

FIGURE 7 | PET images of the brain left to right (normal, mild cognitive impairment, and AD) [11].

FIGURE 8 | Biomarkers in MRI for AD.
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• Restricted Boltzmann Machine (RBM).

• Variational Autoencoder (VAE).

Table 1 showed the different unsupervised models for AD
detection.

5.1.1 | Limitations of Unsupervised Methods

Unsupervised learning techniques, however versatile and cap-
able of detecting latent structures in data without specified
labeling, possess some intrinsic shortcomings. These restric-
tions emerge from the complication of identifying significant
representations in the absence of labeled assistance. After
analyzing the above studies mentioned in the table, I have
concluded that the AEs algorithms mostly provide ambiguous
outputs, particularly in image‐related applications, and their
latent space can remove critical data to reduce restoration loss
[57, 60]. DBNs are highly computational and relatively
inefficient compared to backpropagation from beginning to end.
Inappropriate effectiveness on massive amounts of data relative
to CNN models. These algorithms are mostly replaced with
current methods [82, 83]. In GAN methodologies, the generator
can provide a restricted range of data, and achieving stability
between the generator and the discriminator behaviors needs
rigorous hyper parameter optimization [68]. In RBM models,
training by contrasting divergent yields inadequate gradient
approximations, resulting in several iterations. Inappropriate
for high‐dimensional information. The shallow design limits
the acquisition of feature hierarchies [62, 63]. In VAEs, the
Variational prior might not accurately show how the informa-
tion is distributed and show poor separation without making
more structural changes.

5.1.2 | Critical Analysis of Unsupervised Methods

The above Table 1 presents a diverse display of un-
supervised DL methodologies, emphasizing the potential of AI
to advance AD detection. AEs are exceptional at reducing
dimensionality but cannot generate complicated data. The
deterministic aspect of these frameworks restricts the adapta-
bility of the sampling process, resulting in them being weaker to
probabilistic methods in terms of generation. AE training is
advantageous for implementations such as denoising; however,
adversarial training has made it less effective. The importance
of DBNs currently is confined to empirical research, while other
options like GANs and VAEs provide stronger adaptability and
training performance. Although producing excellent samples,
GANs have challenges with repeatability and reliability. Ex-
ponentially developing solutions enhance outputs, yet their
obscure nature restricts comprehensibility in essential tasks.
RBM models established the foundation for energy based fra-
meworks; however, they are impracticable for existing larges-
cale applications. The combination of methodologies is present
but does not possess the effectiveness of transformers or CNN.
VAEs offer structured Bayesian systems that compromise the
quality of samples for the sake of tractability. Hybrid designs
integrate benefits despite gaining complications. Their precise
probabilities enhance tasks like the detection of anomalies,

whereas GANs struggle. Overall, every approach has unique
compromises: VAEs and AEs emphasize consistency on sample
quality, and GANs gain excellent accuracy but with increased
training complexity, and RBMs and DBNs are mostly regarded
as old benchmarks. The next steps will focus on hybrid systems
that manage flexibility, stability, and interpretation.

5.2 | AD Diagnosis With Supervised DL

In supervised DL, methods are learned to map input informa-
tion into output labels using pairs of inputs and outputs from
the training process. Supervised learning trains the mapping
mechanism from input information to the intended outcomes,
usually given by professional annotators. Supervised DL has
excelled in natural language processing (NLP), computer vision,
recognition of speech, and others. Supervised DL using 2D
images involves DL methods to evaluate and retrieve data from
2D images within a supervised learning architecture. The
details of different models used with 2D imaging in various
domains are as follows.

• Convolutional Neural Network (CNN).

• Recurrent Neural Network (RNN).

• Gated Recurrent Unit (GRU).

• Capsule Networks (CapsNet).

• Long Short‐Term Memory (LSTM).

• Transformers.

Table 2 showed the different models used for supervised
learning methods for AD detection.

5.2.1 | Limitations of Supervised Methods

The Table 2 includes research that demonstrates a diverse dis-
play of supervised DL methodologies utilized for the diagnosis
of AD by MRI, PET, and several different types of imaging.
Nevertheless, several techniques encounter difficulties. CNN
methods have difficulties with spatial changes because of their
static size of filters and pools of layers that remove spatial
hierarchy. Although translational invariance assists in identi-
fying objects, it restricts accurate localization tasks. These
models need extensive data sets with labels and significant
computer resources; however, slight changes can deceive these
techniques [121]. Analysis of RNN models reveals their diffi-
culty in managing persistent dependencies that are intrinsically
non‐parallelizable, resulting in protracted training times and
reduced storage space for lengthy sequencing [170, 171]. GRU
algorithms have less parameters compared to LSTM models,
perhaps restricting their ability to record complicated patterns;
at present, these techniques continue to face challenges with
exceedingly lengthy sequences [114]. CapsNet methods require
significant amounts of resources. This paradigm possesses ad-
vantages and disadvantages, including inferior empirical out-
comes on extensive data sets. Conversely, real‐life scenarios
require empirical confirmation of the advantages of these
methods, such as perspective invariance [94, 184]. Because they
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have a lot of hidden states, LSTM methods use a lot of memory,
and the fact that they cannot be parallelized slows down pro-
cessing. Susceptible to remembering noise in limited data sets
[136, 137]. The Transformers technique employs attention that
grows with sequential size, whereas global attention can ignore
local features. These methodologies need large data sets for the
pretaining task [172]. Although CNNs and RNNs, different
networks, established the foundation, the flexibility, reliability,
and effectiveness restrictions drove attention toward the
Transformer mechanism and mixed models. GRU and CapsNet
techniques have potential; however, they need empirical veri-
fication. The discussion emphasizes the necessity for systems
that balance theoretical precision, computing speed, and prac-
tical application.

5.2.2 | Critical Analysis of Supervised Methods

CNN techniques are proficient with grid structured input that
needs a theoretical foundation for managing geometrical vari-
ances. Although structural advancements persist in being data‐
intensive and unstable. Solutions for this, such as CapsNet
technique aim to fix these challenges but have not yet achieved
broad adoption. RNN methodologies were once popular in
modeling sequences and have recently been dominated by the
Transformers, among others. Its sequencing properties and
gradient instabilities restrict the ability to scale. Hybrid systems
provide limited solutions but do not achieve the performance of
transformers. GRU architectures compromise intricacy for
speed; despite this, the benefits are minimal for today's massive
applications. Their acceptance decreases as Transformers pre-
vail, while they continue to be beneficial in situations with
limited resources. The claim of geometric stability in CapsNet
models is still unverified. The absence of viable alternatives and
issues with repeatability limit the advancement of these tech-
niques. LSTM methods were crucial in model sequencing and
have become specialized because of the emergence of trans-
formers as well. Its gate strategies enhance flow with gradients
but introduce intricacy without assurances of improved gener-
ality. Transformers have transformed NLP but encounter issues
related to scaling and interpretation. Combined approaches and
sparse attention mitigate these challenges; however, theoretical
deficiencies remain in explaining attention strategy.

5.3 | DL With 3D Imaging

The details of different DL models used with 3D imaging are
presented here. Previous studies indicated that there was lim-
ited work on 3D imaging with DL approaches; however,
some researchers employed the 3D characteristics of models
that were not exclusively focused on 3D imaging but rather
leveraged these abilities. Medical experts employ MRI scans
to build 3‐D images of the body's interior architecture.
Therefore, in many studies, its importance increased when 3D
was used in AD prediction and diagnosis, as Zhang et al. [185]
designed a dense neural network system extracted multiple
scale features from processed data, and a connection‐wise
attention process combined features from various levels
to create dense advanced maps of features. Wu et al. [186]

introduced a ResNet3D‐18‐based 3D CNN framework for mul-
ticlass classification, which investigated learning‐based AD
progression detection.

Khagi and Kwon [187] presented research that found a slight
improvement in the cerebral spinal fluid in brain ventricles and
sulci, a significant reduction in GM content, and decreased
brain size in AD individuals. Castellano et al. [188] proposed a
one and multi‐modal architecture and method that focuses on
important AD related areas for its estimations. Rasheed et al.
[189] introduced a Caps Net, which takes fewer data for training
while providing improved results for classification. The study
introduced a new computer assisted method for the early stages
of Alzheimer's detection using an explainable 3D residual
attention deep neural system for learning directly from sMRI
data [190]. Akan et al. [191] presented a ViTranZheimer, an AD
diagnostic method that analyzes 3D brain MRI scans using
video vision transformers. In evaluating measures, Vi-
TranZheimer was the most reliable. Dhinagar et al. [192] pre-
sented a 3D CNN framework that can identify neurological
disorders. In addition, disparities in Parkinson's disease and AD
classification assignment learning and test efficiency were
found for the suggested framework. Gao et al. [193] proposed
research that introduces the 3DMgNet design, a multigrid and
CNN structure for AD diagnosis. AD versus NC classification
accuracy was only 2%, and model parameters were significantly
dropped.

Zia‐Ur‐Rehman et al. [194] proposed first ever research which
solely provide insights regarding 3D imaging with DL methods
which showed that limited work on three planes images which
give accurate predictions for AD. Narazani et al. [195] provided
an approach for evaluating multi‐modal DNNs, comparing
single and multipurpose networks employing FDG‐PET and
sMRI for binary and three‐way classifications. Zuo et al. [196]
compared visual attention among AD individuals and normal
and used a nonintrusive eye‐tracking method to capture heat
maps of visual attention throughout a 3D extensive visual
assignment. Swarun Raj et al. [197] utilizes a multi layered 3D
CNN structure to effectively build ordered representations from
the temporal and spatial attributes of data. Zhang et al. [198]
introduced a ResNet‐based end‐to‐end 3D CNN model for AD
detection, using multi‐layer characteristics gained via the
attention process to detect tiny variations in brain. Researchers
introduced an experimental process for MRI‐based categoriza-
tion of AD versus CN individuals, prioritizing reliability and
consistency [199]. Researchers presented a feature evaluation
and categorization are done using a DCNN and 3D‐
DCNN [200].

Tuan et al. [201] proposed a novel computational technique for
diagnosing AD using a 3D MRI of the brain. The effective
method involves classification and segmentation, each
using DL. Atalar et al. [202] suggested a graphic‐based DL
technique facilitates initial AD diagnosis. The data is fused by
merging textual data with 3D MRI using visual pipelines. Tufail
et al. [203] investigated the influence of three data augmenta-
tion strategies on the effectiveness of CNN frameworks in 3D
for the initial detection of AD. Rao et al. [204] presented a
transfer learning on 3D MRI for multi‐class classification of AD
and achieved excellent outcomes. Researchers delivered a
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complete approach using 3D Convolutional LSTM for the initial
detection of Alzheimer's using full‐resolution whole‐brain
structural MRI [205]. In Ayyar et al. [206], the technique
adapts a newly published feature‐based clarification to classify
AD and NC in 3D CNN structures using hippocampal regions of
interest from brain structural MRIs. This study introduced a 3D
CNN for identifying AD using amyloid PET images, a less‐
explored study area, and an investigation using the newly
published OASIS‐3 data [207].

Kim et al. [208] research proposed a middle‐fusion multi‐modal
approach for the initial detection of AD, and the method
gathers features without any loss. The research uses a 3D CNN
to diagnose AD by identifying intricate patterns in MRI data
[209]. Ismail et al. [210] presented a multimodal image fusion
method that automatically fuses and converts ADNI neuro-
imaging data into the BIDS standard for classifying Alzheimer's
patients from controls. Hogan and Christoforou [211] aim to
determine whether 3D CNNs can distinguish neuro-
physiological deterioration in entire‐brain imaging among AD
patients and unaffected individuals. Chen et al. [212] proposed
a slice‐level attentiveness technique highlighting selected 2D
slices and eliminating repetition. Next, a 3D CNN was used to
document global subject‐level changes in structure. Balboni
et al. used a transfer‐learning model on a previously trained
spatially warping segmentation of networks. People with mod-
erate MCI and AD were analyzed using MRI scans segmented
using two separate ratings [213].

5.4 | Limitations and Critical Analysis of DL
With 3D Imaging

The extensive, excellent 3D imaging data sets are limited
because of substantial acquisition expenses, legal and ethical
issues. There is also necessity for long‐term studies. The class
discrepancy could bias techniques in favor of the most prevalent
categories. Labeling for the initial stages of AD is particularly
difficult because of their nuanced or confusing image char-
acteristics. Resource‐constrained environments cannot access
3D image data due to its processing and memory requirements.
Imaging similarities across AD and different dementia types can
misclassify them [214]. 3D scans include confidential patient
data, demanding rigorous anonymity and safe storing measures.
Although DL with 3D images shows potential for AD detection,
overcoming these challenges needs cooperative initiatives to
enhance the quality of data, system transparency, efficiency in
computation, and healthcare synergy. Additionally, integrated
methodologies, collaborative learning, and strict external veri-
fication are essential for practical application [11]. DL has
markedly improved AD diagnosis with 3D imaging techniques,
including PET and MRI, utilizing CNNs and transformer‐based
techniques for automatically obtaining features and categori-
zation. These approaches demonstrate better capability in
detecting complex anatomical and operational abnormalities
in the brain linked to AD, surpassing conventional techniques
in both precision and effectiveness. Still, limitations remain,
such as the necessity for extensive, meticulously annotated data
sets, substantial computing costs, and the opaque nature of DL
algorithms, constraining interpretability in clinical environ-
ments. Moreover, discrepancies in imaging methods and

demographic factors may affect the generalizability of models.
Addressing these challenges necessitates using explainable AI
methodologies, domain adaptation methods, and hybrid fusion
tactics to improve the stability and clinical relevance of DL in
Alzheimer's identification.

6 | Recent Advances From 2021 to 2025 Compared
to Earlier Research

From the years 2021 to 2025, there have been significant
developments in AD research in comparison to previous dec-
ades. During this period, there was a notable advancement in
identifying advanced imaging methods like PET and MRI,
which have facilitated earlier and more accurate detection.
Researchers are also looking into new biomarkers, such as in-
dicators found in blood and cerebrospinal fluid, which could
help find AD early on. Moreover, most research focuses on MRI
and PET imaging modalities because of their superior ability to
detect AD. However, researchers are increasingly exploring
other imaging modalities such as DTI and EEG, which can
significantly contribute to AD research. After analyzing various
techniques for AD diagnosis, we found that most research using
CNN and its various variants has both pros and cons. On the
other hand, researchers are now mostly focusing on ViTs and
their diverse types, which show significant performance in the
imaging domain and in AD detection. By taking only important
parts and features from the images with a reduced number of
different parameters and providing good performance, although
it needs good hardware and software for the processing of those
images, we can solve these problems with a good design of
models and features‐obtaining procedures.

7 | Discussion

The use of DL algorithms has recently seen a considerable
increase in the diagnosis and prediction of AD, demonstrating
promising outcomes in many areas. Identifying the progression
between MCI and Alzheimer's and recognizing the early phase
of individuals having MCI are advantageous for the diagnosis
and evaluation of Alzheimer's. Experts have consistently dis-
covered three main subcategories by rigorous neuropathological
and radiological examinations: normal AD, hippocampal‐
sparing AD, and limbic‐predominant AD, as well as the devel-
opment of the fourth subcategory, mild shrinkage AD. Experts
have identified a subcategory of Alzheimer's illness that lacks
observable shrinkage. The various subcategories have been
identified by intricate structures of shrinkage of the brain and
neuropathological features, displaying diverse medical and
psychological traits, including some types showing reduced
development of the disease relative to the normal AD appear-
ance [215]. In terms of performance, DL surpasses conventional
machine learning techniques. DL enhances healthcare effi-
ciency and decreases healthcare costs, which remains under
discussion. The main problem is the deficiency of studies on the
analysis of images related to AD pathology. Improving the DL
methodology represents a paramount breakthrough in enhan-
cing these networks [216]. The effectiveness of the Alzheimer's
illness detection method is significantly reliant on the precision
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of brain imaging. Patch‐based and area‐of‐concern techniques
are essential. The integration of biological data, cognitive
assessment evaluations, cerebrospinal fluid indicators, and
characteristics derived from brain neural imaging algorithms
can facilitate precise categorization. The evaluation of this
article reveals that DL has been extensively utilized in Alzhei-
mer's disorder identification. Clinical imaging research indi-
cates that full training of CNN models has become the preferred
approach in recent decades [217]. DL methods, namely CNNs
and RNNs, have been used to analyze data from multiple
sources, including neuroimaging images, genetic information,
and medical records. These methods have demonstrated sig-
nificant achievements in identifying disorders at initial stages,
categorizing different disease phases, and predicting disease
development. The research effort in this domain will persist
regardless of an extension in the data set because its effective-
ness is still ambiguous. Furthermore, neuroimaging annota-
tions are another challenge. Radiology professionals must
annotate the photographic data offered for particular purposes
when labeling clinical images. The image classification proce-
dure is exceedingly time‐intensive. A supervised learning
strategy successfully addressed this issue, reducing the need for
professional knowledge; however, more study remains crucial
[218–222]. The 2D imaging is simple, affordable, and widely
available. Its fast view capture is ideal for healthcare assess-
ments, industrial checks, and scientific research. High‐quality
2D images allow a comprehensive representation of objects or
structures. In medical diagnosis and object identification, depth
of information is vital but limited. 3D imaging improves visu-
alization and perception of depth, facilitating healthcare diag-
nosis, architectural design, and simulations. Its comprehensive
spatial data allows better assessments and evaluations than 2D
imaging. However, data analysis and understanding are more
complicated, software and hardware could cost more, and
accessibility and interoperability with present systems are issues
[223–227]. Brain imaging research showed that using algo-
rithms for classification and neuroimaging techniques could
help identify AD during the early stages before clinical signs
and symptoms become apparent. Consequently, multiple study
organizations are dedicated to categorizing AD and MCI by
applying different neuroimaging techniques, including MRI,
fMRI, and PET. The application of DL for categorizing AD has
significantly improved.

8 | Challenges

Although DL techniques have shown positive outcomes, several
challenges still exist that need to be handled in identifying AD.
Despite the fact that the data augmentation and transfer
learning models have prevented overfitting problems in the
research and group of information, the absence of adequate
data items can continue to result in issues with generalization.
To overcome this challenge, data generation approaches could
produce fresh data from current ones. The data set will be ex-
panded; however, its efficiency remains uncertain, and more
studies will continue in this domain. CNN models face chal-
lenges when generalizing various types of imaging and
acquisition strategies. Alzheimer's research generally includes
multi‐site cooperation and inconsistencies in neuroimaging
regulations, which could result in undesirable variability.

Establishing effective methodologies to address these problems
and assure the generalization of models is a critical research
domain. GANs provide potential for data enhancement, syn-
thetic imaging, and creating accurate images of the brain.
Addressing difficulties in this area is also necessary. Accessi-
bility to huge and varied data sets for training GANs for
investigations into AD might be challenging with respect to
concerns regarding privacy and data accessibility. It is crucial to
produce photographs that are biologically plausible in nature
and accurately depict the fundamental pathology of AD. The
current study aims to balance augmenting data with protecting
the authenticity of AD‐specific properties. Image annotation
presents an additional barrier. Radiologists must modify health-
care images by labeling the available information for specific
purposes. Supervised DL has mitigated this issue and decreased
the reliance on professional expertise. Despite the impressive
achievements of DL methods, the area of AD identification
currently needs several restrictions and challenges. A compre-
hensive understanding of the depth method, benchmarking
platform, and other relevant factors is necessary to determine the
ideal balance of several biomarkers. The extent to which it may
decrease healthcare costs and enhance medical efficiency has yet
to be thoroughly validated. It is important to address the chal-
lenges associated with limited data availability in the AD
investigation. DL techniques often require large amounts of
labeled data for optimal performance. Still, Alzheimer's data are
often limited, with obstacles and costs related to acquiring data.
Several fusing approaches have the potential to contribute to
research on AD, which is the focus of our upcoming study. Still,
there are obstacles to overcome when using DL‐based techniques
to tackle AD. These issues include dealing with different data
types, ensuring the results can be easily understood, and applying
the methods to varied populations. Furthermore, Current in-
itiatives have concentrated on advancing explainable AI meth-
odologies, including saliency maps and attention strategies, to
elucidate the predictive processes of systems.

9 | Conclusion

The early identification of AD remains a challenge, and com-
puter scientists are continuously investigating potential solu-
tions. This study mainly presents the different imaging
modalities, data sets used for AD diagnosis, supervised and
unsupervised DL, 2D and 3D imaging applications to identify
AD, and their comprehensive analysis. DL approaches improve
AD diagnosis and prediction, allowing for early detection and
personalized treatment. DL techniques have shown success in
using multiple data modalities. In contrast with various
other DL methods, CNN models are the most frequently em-
ployed and important classification method in this field. The
issue of overfitting in data endures and requires a solution. The
study areas of healthcare images change due to self‐
management and unsupervised processes resulting from insuf-
ficient clinical data. Despite several unresolved issues regarding
the classification of AD, the DL system remains significantly
effective. Transfer learning methods and integrative methodol-
ogies have significantly improved predictive powers, minimiz-
ing reliance on extensive data sets with labels. Moreover, the
optimal results were demonstrated by the integration of the
basic CNN model with MR brain images. MRI is the most
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common technique employed for the classification of AD. Using
complementary data from different imaging types provides
better AD detection performance than relying on only one
imaging technique. In comparison to voxel and slice‐based
techniques, strategies for processing region‐of‐interest and
patch‐based data have proven much more effective. DL ap-
proaches represent the cutting edge of innovation and are
increasingly transforming the global strategy for AD diag-
nostics. Presently, fMRI DL techniques exhibit great accuracy;
however, they remain developing and need much more inves-
tigation. This study's results highlight the capability of DL to
enhance AD detection precision. It is crucial to understand
that DL is not a single remedy; it must be combined with dif-
ferent medical data and detection methods to get thorough and
efficient AD identification.

10 | Future Directions

The future studies will need to focus on enhancing ways to
increase the accessibility and explication of DL algorithms used
in the early prediction and detection of AD. Even though most
issues in the area of AD classification remain unsolved, the
interpretation in healthcare fields is crucial for gaining physi-
cian confidence and adoption, and it ensures the ethical
deployment of AI technological advances. Establishing stan-
dardized norms and assessment parameters for DL initiatives
related to AD is recommended to enhance cooperation and
accelerate progress in the area. Furthermore, the distribution of
carefully selected and annotation‐rich data sets reduces the
difficulties associated with limited data and fosters the devel-
opment of new techniques and methodologies. To resolve this
problem, investigators can explore transfer learning approaches
for the investigation of AD. Additionally, the issue of overfitting
pertaining to the data set needs solutions. The use of data
augmentation methodologies could synthetically increase the
number and range of available data, hence helping in the
generation of more secure and applicable systems. Moreover,
CNN algorithms have difficulties extrapolating over various
types of imaging and collecting techniques. AD research often
includes multi‐site cooperation and discrepancies in imaging
techniques, which may cause undesirable variability. Novel
GAN models can also be vital in generation and image pro-
cessing tasks, especially healthcare imaging. The professional
and experienced radiologist provides a more authentic data set,
which can ultimately offer better performance in different
metrics. Formulating effective methodologies to address these
issues and ensure the generalization of the model is a critical
research focus. Security constraints and data accessibility make
it difficult to collect significant and varied data sets for AD
studies using GAN models. Making sure that the images are
physiologically accurate and represent AD disease is also
problematic. Current studies seek to match augmenting data
with AD‐related attribute reliability. More cost‐effective and
improved fusion techniques can present enhanced results in
various domains. Designing federated learning methods could
solve privacy issues and facilitate cooperative study on extensive
databases. Furthermore, the exploration of explainable AI
methodologies is essential to enhance the interpretability of
models and foster confidence across doctors. Managing
inefficiencies in data sets using synthesized data creation and

area adaption methods can improve system resilience. More-
over, incorporating continuous surveillance tools employing
mobile devices and cognitive evaluations with brain imaging
information may provide an improved and individualized
strategy for predicting AD. Integrating these developments with
initiatives to guarantee ethical artificial intelligence imple-
mentation will influence the future of DL in neuroimaging‐
based AD diagnosis. The initiatives listed above have the
potential to change medical care and promote the establishment
of individualized and specific treatments for people at risk or
suffering from Alzheimer's illness.
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