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A B S T R A C T

Alzheimer’s disease (AD) is a progressive neurological disease considered the most common form of late-stage
dementia. Usually, AD leads to a reduction in brain volume, impacting various functions. This article compre-
hensively analyzes the AD context in fivefold main topics. Firstly, it reviews the main imaging techniques used in
diagnosing AD disease. Secondly, it explores the most proposed deep learning (DL) algorithms for detecting the
disease. Thirdly, the article investigates the commonly used datasets to develop DL techniques. Fourthly, we
conducted a systematic review and selected 45 papers published in highly ranked publishers (Science Direct,
IEEE, Springer, and MDPI). We analyzed them thoroughly by delving into the stages of AD diagnosis and
emphasizing the role of preprocessing techniques. Lastly, the paper addresses the remaining practical implica-
tions and challenges in the AD context. Building on the analysis, this survey contributes to covering several
aspects related to AD disease that have not been studied thoroughly.

1. Introduction

1.1. Definition of Alzheimer’s disease

Alzheimer’s disease (AD) is a clinical syndrome characterized by a
progressive decline in memory and cognitive ability. It is a common
disorder among older people, with around 60–80 % prevalence. Despite
its high prevalence, there is currently no cure for this condition. The
timeline from the onset of AD to its ultimate diagnosis is lengthy [1].
Additionally, in elderly patients, its impact extends beyond oxidative
burst, contributing to a progressive, irreversible, and incurable behav-
ioral pattern. This deeper understanding of the disease’s pathology [2].

Researchers focus their efforts on developing a straightforward and
precise methodology for detecting AD in its early stages before symp-
toms become apparent. Thus, the early detection of AD has facilitated
the identification of AD symptoms prior to the onset of high-risk stages
[3]. Fig. 1 shows a comparisonmade between a healthy brain (left) and a
brain suffering from AD (right).

Mild cognitive Impairment (MCI) refers to the initial phases of AD
when mild symptoms are present [4]. Each year, 10 %–15 % of patients
diagnosed with MCI transform AD [5,6]. Accordingly, accurate and

early diagnosis of AD is vital [7]. MCI stages are categorized into two
main stages: Early MCI (EMCI) (also known as Stable MCI (sMCI)) and
Late MCI (LMCI) (also known as Progressive MCI (pMCI)). While pMCI
patients exhibit a gradual progression of AD symptoms, sMCI cases
remain stable without significant deterioration [8].

For the elderly, AD is a growing concern in the United States.
Currently, ranking as the sixth leading cause of mortality. However, new
estimates suggest it could climb to 3rd, behind only cancer and heart
diseases [9]. Fig. 2 depicts the correlation between age and the preva-
lence of AD in individuals aged 65 and older in the USA. The figure
serves as a valuable visual aid to underscore the relationship between
age demographics and the incidence of AD within the specified popu-
lation [9]. Furthermore, Fig. 3 shows a significant increase in the pop-
ulation diagnosed with AD in the USA. By 2060, the number of
individuals aged 65 and older with AD is expected to reach 13.8 million
[10].

Therefore, Early detection and prevention of AD are critical goals.
Diagnosis of AD requires an array of medical examinations, resulting in a
large amount of multivariate heterogeneous data (complex and diverse
data). Nevertheless, manual analysis and interpretation of the data is
challenging and time-consuming due to its complexity. The
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classification of Magnetic Resonance Imaging (MRI) scans is a valuable
tool for accurately predicting brain health. However, classifying them to
predict AD remains a significant challenge. To address these challenges,
scholars are developing novel algorithms that employ label propagation
with Artificial Intelligence (AI) to achieve an efficient brain MRI clas-
sification [10].

1.2. Context of the AD

In 1910, Kraepelin published a detailed account of specific cases
characterized by severe cell transformations. These changes included an
excessive number of plaques and the loss of about a third of the brain’s
outer layer (cerebral cortex). The topic at hand is significant due to how
it is presented when the medical description of AD lacks clarity,
emphasizing the criticality of Kraepelin’s contribution [11]. Dr. Alois
Alzheimer is the first scholar that coined "Alzheimer’s disease". In 1906,
through the case of Auguste Deter, the initial disease detection was
somewhat ambiguous. Yet, for more than one hundred years, credible
descriptions of the clinical definition of AD have begun to emerge. In
1907, Dr. Alois Alzheimer described the disease, which was later sup-
plemented by Proskin in 1909. These descriptions included the presence
of senile plaques and neurofibrillary sections [12]. Although a clinical
examination revealed no significant indications of arteriosclerosis, its
potential contribution to the diagnosis couldn’t be entirely ruled out. In
1998, scholars from the Max Planck Institute of Neurobiology in Mar-
tinsried and the prestigious University of Munich, Germany, investi-
gated a study of the vulnerability of specific brain regions to the buildup
of amyloid plaques and neurofibrillary tangles [13]. The study is
considered to have re-examined the brain of the first identified patient of
AD.

Histological analysis was performed in 1997 by Dr. Gerber and his
colleagues from the Psychiatric Department of the Max Planck Institute
of Neurobiology. The examination involved slices obtained from F.
Johan, whose brain tissues had been meticulously maintained for over
nine decades. This research was deemed as the second well-documented
case of AD. Upon examining the said cuts, a multitude of amyloid pla-
ques were discovered. Based on the study, a mutational analysis of well-
preserved brain tissue was postulated to be possible. Dr. Alzheimer’s
paradigm-shifting findings were once more validated on the centenary
occasion of its inception [14].

1.3. Research questions

The following research questions guide the scope of this survey.

• RQ1:Which specific Deep learning (DL) techniques have been shown
to be effective for AD Diagnosis?

• RQ2: What imaging techniques could be made more specific to AD
by mentioning modalities commonly implemented for AD diagnosis?

• RQ3:what are the common AD datasets used to identify more precise
biomarkers to detect early-stage AD and track the disease’s
progression?

• RQ4: what is the Pre-processing of data for AD studies?
• RQ5: What metrics have been used to evaluate the AD diagnosis or
classification models?

• RQ6: What are the challenges and open research directions in AD
diagnosing?

The questions’ order follows from general techniques (RQ1 and RQ2)
to specific considerations for AD research (RQ3 and RQ4) and, finally,
evaluation and future directions (RQ5 and RQ6).

While numerous surveys and reviews on dementia diagnosis appear
in top-ranked journals (e.g., Science Direct, IEEE, and Springer), our
survey offers a distinct perspective. Unlike previous works that often
encompass various dementia diseases, our survey concentrates solely on
AD, such as [15–17], and [18]. Additionally, other surveys, such as
[19–27], did not cover the main points that we investigated in the
current work. Accordingly, Table 1 summarizes the main focuses and
major contributions of this work compared to previous comprehensive
surveys.

Fig. 1. Healthy brain vs. AD [1].

Fig. 2. Age and number of AD patients aged 65 and older in the USA [9].
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1.4. Paper organization

This survey is structured as follows. Section 2 focuses on DL tech-
niques that have been utilized for AD diagnosis. Section 3 explains the
commonly utilized brain imaging techniques in diagnosing AD. Section
4 investigates the most popular datasets utilized in the literature.
Because of its importance, we dedicated Section 5 to explaining the pre-
processing of data in AD studies (i.e., how to prepare data for analysis).
Section 6 presents all utilized matrices in evaluating the performance of
AD models. Section 7 thoroughly analyzes the performance of the
selected models. Section 8 outlines the challenges and provides open
research directions in AD diagnosis. Section 9 presents key findings and
insights from this survey. Finally, Section 10 concludes this paper and
explains our primary future focus. The road map of this article is shown
in Fig. 4.

2. DL implementation in disease diagnosis

2.1. Preliminaries

This section answers RQ1 regarding the DL utilization in AD dia-
gonise. Artificial Intelligence (AI) techniques have been extensively
utilized to advance therapeutic development. Including disease diag-
nosis, AI has emerged as a powerful tool in various medical applications.
DL techniques have shown promising diagnostic performance, particu-
larly when applied to medical imaging data. This applies to various
medical imaging modalities [28], including Magnetic Resonance Imag-
ing (MRI) in the Diagnosis of AD, brain tumors for example [29–31],
Parkinson’s disease for example [32–34], and chest X-rays such as
COVID-19 for example [35–37]. Very briefly, Arthur Samuel introduced
the Machine Learning (ML) concept in 1959, and it’s about learning
from data to make predictions or decisions for various tasks [38]. Su-
pervised, Semi-supervised, and Unsupervised are the main categories of
ML algorithms [39]. Fig. 5 shows the timeline of the development of ML
algorithms.

However, extracting meaningful patterns from raw medical imaging
presents significant challenges for ML models. Furthermore, feature
extraction further complicates the process, demanding domain knowl-
edge to select informative features. Incorrect handling of raw data or
feature extraction can lead to suboptimal model performance [40].
Therefore, Deep Learning (DL) techniques have emerged as a powerful
solution. The next subsection introduces the reader to the most popular
utilized DL technique in AD detection.

2.2. DL techniques

DL refers to an area within the field of ML that utilizes artificial
neural networks consisting of multiple layers to extract and capture
complex features and patterns from diverse data sources, including
images, numerical values, and categorical values [42]. Here, we explain
the most popular utilized DL models in AD diagnosis.

2.2.1. Convolutional neural network (CNN)
CNN is a widely recognized DL technique considered one of the most

effective image classification and recognition techniques in thin neural
networks [43]. As depicted in Fig. 6, CNN is structured with multiple
layers, including convolution layers, pooling layers, activation layers,
fully connected layers, and a classifier layer.

The convolution layer is pivotal in feature extraction by passing the
input image through learned filters or kernels of specific sizes [44].
Activation functions play a critical role in threshold-based classifiers.
While activation functions don’t directly. This implies that the decision
of whether the linear transformation’s value should activate the neuron
is crucial. Subsequently, it can be stated that a neuron is activated when
the input to the activation function exceeds a specific threshold value;
otherwise, deactivation occurs. Such as sigmoid, Hyperbolic Tangent
(Tanh), and Rectified Linear Unit (ReLU), various activation functions
can be employed to generate feature maps [45].

While the convolution layers focus on feature extraction, pooling
layers are responsible for dimensionality reduction. Techniques, such as
max pooling or average pooling, summarize the information within a
small region of the feature map while retaining essential features [46]. A
fully connected layer establishes connections between every neuron
from the preceding layer and all neurons in the current layer. Lastly, the
classifier layer identifies the class or label with the highest probabilities
[47]. A notable characteristic of CNNs is their ability to handle extensive
datasets, resulting in high-performance outcomes for classification tasks
[48].

In the domain of transfer learning [49], a powerful technique for
leveraging knowledge from existing models, CNN pre-trained on
massive datasets. The most popular pre-trained CNN architectures
include Visual Geometry Group VGGNet based on [50], LeNet [51,52],
GoogLeNet based on [53], Residual Network (ResNet) [54], and AlexNet
based [55].

Leveraging a pre-trained CNN model allows developers to utilize the
model’s parameters (i.e., weights) and apply them to new tasks for
improved performance [56,57]. Fig. 7 illustrates the history of deep
CNN, offering valuable insights into its progressive development over
time.

Selecting the optimal architecture for feature extraction and

Fig. 3. Estimated population size of people 65 years and older with AD in the United States from 2020 to 2060 [9].
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classification in CNNs can be time-consuming. Frequently necessitating
a series of trial-and-error (hyperparameter tuning) experiments to assess
different alternatives. Various CNN architectures are accessible, each
distinguished by a unique arrangement of convolutional, pooling, ReLU,

fully connected, and custom layers (see an example in Fig. 8). The
subsequent section delves into the most prevalent CNN architectures
commonly utilized for medical image analysis.

Table 1
The difference between the current study and previous surveys and reviews.

Ref. Year Publisher Journal Description of
Imaging
Techniques

Description of DL algorithms
and models

Description of
Performance
Evaluation

AD
Datasets

Systematic
Review

Challenges

[19] 2020 IEEE IEEE Access 3 CNN ⨯ 5 ⨯ ⨯
[20] 2021 Science

Direct
Materials Today: Processing ⨯ SVM ⨯ 1 ✓ ⨯

[21] 2021 IEEE 4th Biennial International
Conference on Nascent
Technologies in
Engineering (ICNTE)

⨯ CNN (3D DenseNet, GCNN)
and LSTM

⨯ ⨯ ⨯ ⨯

[15] 2021 IEEE IEEE Access ⨯ ⨯ ⨯ 8 ✓ ✓
[22] 2022 Science

Direct
International Journal of
Cognitive Computing in
Engineering

⨯ ⨯ 9 3 ⨯ ✓

[23] 2022 Springer The Egyptian Journal of
Neurology, Psychiatry and
Neurosurgery

⨯ CNN (VGG, DenseNet and
3DCNN)

⨯ ⨯ ⨯ ⨯

[24] 2022 Springer Multimedia Tools and
Applications

4 DNN, CNN, RNN, AE and DBN ⨯ ⨯ ✓ ✓

[25] 2023 Springer Archives of Computational
Methods in Engineering

⨯ CNN (Xception, EfficientB7,
ResNet50, DenseNet201 and
VGG19)

5 1 ✓ ⨯

[26] 2023 Springer Brain Informatics ⨯ ANN, CNN (ResNet101, VGG,
VoxCNN and DenseNet) and
RNN

6 3 ⨯ ✓

[27] 2023 Science
Direct

International Journal of
Intelligent Networks

⨯ ⨯ ⨯ 4 ⨯ ✓

Current Study 6 CNN (ResNet, VGG, AlexNet,
EfficientNetB7 and
GoogleLeNet), DNN, RNN,
LSTM, GRU, AE and DBN

11 8 ✓ ✓

Fig. 4. The structure of the survey.
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2.2.1.1. ResNet. In 2015, Kaiming He and colleagues introduced the
architecture of ResNet [54]. The developers tackled the issue of deeper
networks through the incorporation of skip connections, enabling a
pathway for the network to train its initial layer effectively. Fig. 9 de-
picts the identity blocks present in ResNet. The total number of layers in
ResNet can reach up to 152 without experiencing any degradation.
Max-pooling operations are carried out by the convolution layers with a
stride value of 2 [62].

2.2.1.2. AlexNet. AlexNet was established by Krizhevsky et al. [55] in
2012. The model consists of approximately 61 million learnable pa-
rameters (also referred to as filters), establishing itself as the leading
CNN architecture of its era. This model comprised five convolution
layers and three fully connected layers. Pioneering the use of the ReLU
activation function, a significant advancement that accelerated training
speed, Krizhevsky’s AlexNet architecture (see Fig. 10) paved the way for
DL success in computer vision purposes [62].

2.2.1.3. Visual Geometry Group (VGG). The VGG model was developed
by Karen Simonyan et al. [50] in 2014 and represents a more complex
architecture compared to AlexNet. VGG-16 typically utilizes thirteen

convolution layers, followed by ReLU activation and max-pooling
layers. For classification, these layers are followed by three fully con-
nected layers. VGG-16 is equipped with 138 million learnable parame-
ters, demonstrating its increased capacity compared to AlexNet by more
than twofold. VGG-19, an even more intricate model within the VGG
family, features a deeper architecture with additional convolutional
layers [62]. A visual representation of the VGG-16 architecture can be
found in Fig. 11.

2.2.1.4. EffcientNetB7. It is a result of iterative improvements imple-
mented on its predecessors within the EffcientNet family. Foundational
to the original EffcientNet design is the utilization of Mobile Inverted
Bottleneck Convolution (MBConv). The range of EfficientNet structures
consists of several pre-trained models, ranging from EfficientNetB0 to
EfficientNetB7. They differ in the number of MBConv blocks, influencing
their complexity and accuracy. Significantly, the EfficientNetB7 model
emerges as the most efficient model within the EfficientNet series. The
model outperforms its counterparts on ImageNet while also showcasing
a reduction in size and an improvement in speed compared to contem-
porary CNN models. EfficientNetB7 is structured into seven sections
based on filter dimensions, stride, and channel quantities [25,59]. A

Fig. 5. ML algorithms development timeline (inspired from Ref. [41]).

Fig. 6. CNN architecture [24].
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visual representation of the EfcientNetB7 architecture is illustrated in
Fig. 12.

2.2.1.5. GoogleNet. GoogleNet, proposed by Szegedy et al. [53], em-
ploys an Inception module to cut down on parameters by employing
parallel convolution layers with varied settings merged through
concatenation. GoogleNet, despite having 22 layers (see Fig. 13),
remarkably reduces parameters to 5 million, a fraction of AlexNet’s,
while maintaining superior accuracy. It replaces a fully connected layer
with a (7 × 7) average pooling layer for significant dimensionality
reduction. Furthermore, the architecture utilizes parallel convolution
lines with diverse filters (1 × 1), (3 × 3), and (5 × 5), followed by
concatenation, alongside (1× 1) convolution layers within the Inception

module for feature map reduction and additional non-linearity [62].

2.2.2. Deep neural network (DNN)
Typically, DNN comprises an input layer, an output layer, and one or

more hidden layers [64] (see Fig. 14 (a)). It is particularly adept at
addressing intricate problems and discerning the connections between
input and output data. DNNs excel at modeling complex non-linear re-
lationships [44] and primarily employ supervised learning techniques.
Unlike simpler models, DNNs can effectively capture the subtle changes
in the brain structure that suffer from AD [65]. However, it’s worth
noting that DNNs demand substantial training data to extract features
from labeled images effectively [66].

Fig. 7. Evolutionary history of deep CNN (inspired from Refs. [58–61]).

Fig. 8. Basic block diagram explanation [62].
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Fig. 9. The final Identity block within the architectural design of ResNet [62].

Fig. 10. Architecture of AlexNet [62].

Fig. 11. Architecture of VGG [62].
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2.2.3. Recurrent neural network (RNN)
RNNs are primarily employed in solving sequence- or time-series-

related problems [67]. One of their key advantages lies in their utili-
zation of memory and hidden states. As shown in Fig. 14 (b), a typical
RNN architecture consists of an input, hidden, and output layer. The
hidden state is vital in retaining crucial information about the problem’s
sequential nature [70]. Unlike feedforward networks, RNNs share the
same parameters within each network layer, unlike feedforward net-
works [71]. On the other hand, feedforward networks possess distinct
parameters for each node, leading to a higher number of parameters
overall [72]. RNNs, compared to CNNs and DNNs, do not comprise a
large number of layers and lack significant depth [73]. Still, they pose
challenges regarding training, often suffering from issues related to
vanishing or exploding gradients. These limitations constrain their
applicability in modeling long-term activity sequences and temporal
dependencies in sensor data.

Long short-term memory (LSTM) and Gated recurrent units (GRUs)
are common architectures of RNN [74]. Firstly, the primary function of

LSTM is to manage errors across various layers and time periods [75]. It
incorporates cells in the hidden layer with three gates: input, output, and
forget gates. These gates store information and regulate its flow to
predict the network’s output [72]. This single cell assists the model in
determining what to store when to read, and when to update informa-
tion through these gates [66]. Secondly, GRUs utilize a hidden state that
consists of two gates: the reset gate and the update gate. These gates
control the retention of information and the amount of information
retained [72]. Finally, while GRUs offer simple alternatives to LSTM
[74], LSTMs [76] often demonstrate superior performance in problems
with long-term dependencies, integrating a generative adversarial
imputationmethod, collaborative training, and adaptive model inputs to
improve overall performance.

2.2.4. Autoencoders (AEs)
In the field of medical analysis for AD diagnosis, AEs are an unsu-

pervised learning technique that transforms an unlabeled dataset into
feature-encoded data. As shown in Fig. 14 (c), they are frequently used

Fig. 12. Architecture of EfficientNetB7 [63].

Fig. 13. GoogleNet module [62].
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for dimensionality reduction and consist of two primary components: an
encoder and a decoder [66]. While the encoder converts input data into
a code (essentially compressed data), the decoder reconstructs this code
into an output that resembles the initial input [68]. Layers within the
encoder can be either dense layers or convolution layers. The number of
layers in the encoding section must match the number of layers in the
decoding section. The encoder reduces the data’s dimensions while the
decoder increases them [77]. The central layer is called the bottleneck
layer, responsible for compressing the representation of the input data
[42].

AEs come in different types that enhance their performance: (1)
denoising autoencoders, (2) sparse autoencoders, and (3) contractive
autoencoders [78]. Autoencoders encounter challenges, such as merely
copying input data to the hidden layer, leading to inefficient extraction
of meaningful features, even though they can reproduce the input in the
output layer [79]. Denoising autoencoders address this issue by cor-
rupting the inputs that the autoencoder must subsequently reconstruct
or denoise [80]. This approach assists the model in identifying features
within noisy input, thus facilitating classification. With denoising
autoencoders, the model doesn’t simply copy input to output but rather
learns meaningful data features [24]. For instance, in Ref. [81], AE is
employed to compress ECG heartbeat signals and extract features to
mitigate the imbalanced dataset.

2.2.5. Deep Belief Networks (DBNs)
In the context of medical image analysis for AD prediction, DBNs

offer an interesting technique for feature learning. DBN is a supervised
learning technique that can establish connections between unsupervised
features extracted from stacked layers [69]. It operates as a generative
graphical model constructed by a stack of Restricted Boltzmann Ma-
chines (RBM) that is capable of feature extraction and input recon-
struction. In DBN, an undirected connection exists between the top two
layers, as illustrated in Fig. 14 (d). Using RBMs, DBN offers two crucial
benefits: 1) Feature learning (DBNs excel at learning hierarchical features
from data) and 2) Reduced overfitting (The pre-training of RBMs helps
initialize the weights in the network) [69]. DBN was designed to analyze

the apparent distribution between the input and hidden layers so that
lower-layer nodes have direct connections while upper-layer nodes are
indirectly connected [82]. Due to their ability to learn hierarchical
features and model complex relationships, the model is particularly
well-suited for tasks requiring feature extraction in different domains.
This includes applications in biological data and situations where classes
are not linearly separable [83].

3. Brain imaging

This section answers RQ2, which concerns brain imaging methods
that offer non-invasive means to visualize the brain’s structure, function,
and pharmacological aspects [84]. The imaging techniques are typically
categorized into two main groups: structural imaging and functional
imaging [85]. Structural imaging furnishes insights into the brain’s
physical composition, encompassing elements like neurons, synapses,
and glial cells. In contrast, functional imaging offers data on the brain’s
activities and functions [86].

3.1. Neuroimaging techniques for AD diagnosis

Neuroimaging techniques are valuable tools for diagnosing AD.
Here, we explain the commonly used techniques.

3.1.1. Magnetic Resonance Imaging (MRI)
This imaging technique employs radio waves and magnetic fields to

produce high-quality, high-resolution 2D and 3D images of brain
structures. It does not generate harmful radiation, such as X-rays or
radioactive tracers. The structural MRI (sMRI) is the most frequently
utilized MRI for AD cases (see Fig. 15). It measures brain volumes in
vivo, enabling the detection of brain degeneration, which involves the
loss of tissue, cells, neurons, and other components—an inevitable
progressive aspect of AD [87,88].

Normally, MRI employs various sequences to capture images of
different body tissues, with T1 and T2 being the predominant ones [89].
Tesla (1.5T) and 3 T (3T) are MRI scanners with different field strengths.

Fig. 14. a) DNN Architecture, b) RNN Architecture, c) Autoencoder, and d) Deep Belief Network (inspired from Refs. [64,67–69]).
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The major difference between them is the toughness of the magnetic
field. A 3T scanner boasts a stronger magnetic field compared to 1.5T.
This translates to several pros. The advantages include a high
signal-to-noise ratio, improved spatial resolution, and enhanced tem-
poral resolution [90,91].

While MRI excels at measuring brain volume, functional MRI (fMRI)
measures brain activity. More specifically, fMRI has been suggested to
enable the access of the human primary visual cortex andmapping of the
brain topography [93]. It offers valuable data and insights into the
functioning and activities of the human brain. A few illustrations of fMRI
methods encompass brain imaging employing spin-labeling and utiliz-
ing Blood Oxygenation Level Dependent (BOLD) signals (see Fig. 16).
These techniques exhibit a high sensitivity to the metabolic rate of the
brain, encompassing factors such as cerebral blood flow and oxygen
consumption [38].

3.1.2. Positron emission tomography (PET)
PET employs radiotracers, such as fluorodeoxyglucose, to access

brain glucose metabolism and amyloid tracers to identify any amyloid
plaques. It can specifically assess functions such as working, remem-
bering, thinking, listening, and visual observation [95,96] (See Fig. 17).
In other words, PETs provide insights into how well these functions are
supported by underlying brain activity.

3.1.3. Computed tomography (CT)
CT scans are a medical imaging technique that uses X-rays to produce

detailed images of the body’s internal structures [97] (see Fig. 18). It
helps rule out other brain conditions but is less sensitive than other
imaging methods for early AD diagnosis [98].

3.1.4. Diffusion tensor imaging (DTI)
As shown in Fig. 19, DTI is a specialized MRI technique that plays a

valuable role in identifying the abnormal diffusion patterns associated
with AD. DTI analyzes the movement of water at the microstructural
level within the brain to examine white matter integrity and connec-
tivity disruptions in AD [100]. Thus, DTI can potentially aid in diag-
nosing AD by detecting the disruptions through abnormal water
diffusion patterns.

3.1.5. Single photon emission computed tomography (SPECT)
SPECT utilizes a gamma-ray-emitting radioactive tracer introduced

into the bloodstream. It gauges the dispersion of this tracer within the

Fig. 15. Real sMRI images of persons with normal MIC and AD [92].

Fig. 16. Example of fMRI [94].

Fig. 17. Real PET images of persons with normal, MIC and AD [26].

Fig. 18. Real CT images of persons with AD [99].
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brain, offering details about regional cerebral blood flow and metabolic
activity. Reflecting its potential for earlier diagnosis, DTI has been
included as a potential biomarker in recently updated clinical criteria for
AD. DTI has a role in not only identifying AD in its early stages but also
predicting its progression in individuals diagnosed with MCI [102] (see
Fig. 20).

3.2. MRI and biomarkers of AD detection

Biomarkers are unequivocally regarded as medical indicators, rep-
resenting the perceptible outward indications of patients’ medical cir-
cumstances or states. These biomarkers can be quantified with a notable
level of exactitude, enabling meticulous evaluation and surveillance of

Fig. 19. Real DTI images of persons with and without AD (the right one is normal) [101].

Fig. 20. Real SPECT images of persons with AD [102].
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diverse medical conditions [103]. Biomarker characterization can vary
depending on the circumstances. For example, the International Pro-
gram on Chemical Safety defines biomarkers as measurable entities,
configurations, or methodologies within the organism that indicate the
presence of AD [104]. In the context of AD, biomarkers possess specific
properties [19].

1. They can identify fundamental characteristics of AD’s
neuropathology.

2. They can confirm cases of AD based on neuropathological evidence.
3. They are efficient, meaning they can identify the early stages of AD

and differentiate AD from other types of dementia.
4. They are reliable, non-invasive, easy to implement, and cost-

effective.

Three categories of biomarkers could potentially provide further
insight into AD: Genetic biomarkers, biochemical biomarkers, and
neuroimaging biomarkers [105].

4. Popular AD datasets

To address RQ3, which concerns the importance of AD datasets. AD
research relies on comprehensive encompassing diverse data types. The
datasets, collected longitudinally, are essential resources for advancing
our understanding of AD progression across various stages [106].
Collaborative efforts from various sectors contribute to a data-driven
quest for understanding and combatting AD. This section explains the
most popular utilized AD datasets.

4.1. Alzheimer’s Disease Neuroimaging Initiative (ADNI)

ADNI is a longitudinal multicenter study. Its primary goal is to
develop clinical, imaging, genetic, and biochemical biomarkers for the
early detection and continuous monitoring of AD. Launched over a
decade ago, this significant public-private collaboration has played a
pivotal role in advancing AD research. It has facilitated the global
sharing of data among researchers, making substantial contributions to
understanding AD [107,108]. Here, we explain the development phases
of ADNI datasets (see Fig. 21).

4.1.1. ADNI-1
ADNI-1 commenced in 2004 and lasted for five years. Its primary

goal was to identify more precise biomarkers to detect early-stage AD
and track the disease’s progression. The study included a cohort of 200
elderly controls, 400 individuals with MCI, and 200 subjects with AD.
ADNI-1 collected extensive data, including brain scans, genetic profiles,
and blood and cerebrospinal fluid (CSF) biomarkers, for analysis. Im-
aging modalities, such as structural MRI and PET scans, were employed
[107].

4.1.2. ADNI-grand opportunities (ADNI-GO)
ADNI-GO was initiated in 2009 and spanned two years. Its primary

focus was on the early detection of AD. In conjunction with ADNI-1,
ADNI-GO introduced 200 new subjects with EMCI. This phase meticu-
lously examined biomarkers at pre-AD stages and adjusted MRI pro-
tocols accordingly.

4.1.3. ADNI-2
ADNI-2 was established in 2011 and ran for five years. Its primary

aim was to discover biomarkers capable of predicting and assessing
cognitive impairment. Building on the foundation of ADNI-1 and ADNI-
GO, this phase included 150 elderly controls, 100 individuals with
EMCI, 150 with LMCI, and 150 subjects with AD. To better distinguish
between healthy controls and those with MCI, a new cohort known as
Significant Memory Concern (SMC) was introduced (107 SMC partici-
pants have been added). Furthermore, ADNI-2 significantly contributed
by incorporating amyloid PET with Florbetapir at all ADNI-2 sites and
for all ADNI-2 and ADNI-GO participants [107].

4.1.4. ADNI-3
ADNI-3 launched in 2016, focusing on exploring the interrelation-

ships among clinical, cognitive, imaging, genetic, and biochemical
biomarker characteristics of AD. ADNI-3 introduced the identification of
tau protein tangles (tau PET) in brain scans. Building on the prior pha-
ses, ADNI-3 continued to refine, validate, and authenticate test measures
and biomarkers used in AD diagnosis. ADNI-3 expanded its reach by
involving 59 research centers and recruited 133 healthy controls, 151
individuals with MCI, and 87 participants with AD [107].

Fig. 21. Summary of ADNI dataset classifications (inspired from Ref. [107]).
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4.2. Open Access Series of Imaging Studies (OASIS)

OASIS is a valuable initiative that promotes open science in neuro-
science research. OASIS collects and freely shares brain MRI datasets
with the scientific community, fostering advancements in both basic and
clinical neuroscience research areas [109]. The OASIS dataset is cate-
gorized into five stages [110].

1. OASIS 1.
2. OASIS 2.
3. OASIS-3.
4. OASIS-3 TAU.
5. OASIS-4.

Fig. 22 summarizes the classification attributes of the participants
within the OASIS datasets. It’s important to note that certain attributes
may have different settings in various OASIS phases. For instance, in
OASIS 1, the education level (EDUC) is categorized on a scale of 1–5,
where 1 indicates below high school, and 5 represents post-graduate
education. However, subsequent OASIS (OASIS 2 onwards) represent
education level in years of education [111].

4.3. MILAN

In 1984, the MILAN dataset represents a revised version of the
criteria initially established by the National Institute of Neurological and
Communicative Disorders and Stroke and the Alzheimer’s Disease and
Related Disorders Association. This updated version aims to be adapt-
able for use by both general healthcare providers and researchers. It
provides criteria for diagnosing all-cause dementia (such as AD). The
fundamental framework for diagnosing probable AD remains largely
unchanged. Nevertheless, building on the knowledge accumulated over
the past twenty-seven years, several modifications have been introduced
to the clinical criteria for diagnosis. The term "possible AD dementia" is
retained but is now defined in a more focused manner than before.
Additionally, biomarker evidence, primarily used in research settings,
has been incorporated into the diagnostic criteria for probable and
possible AD. While the core clinical criteria for AD continue to serve as
the foundation for diagnosis in clinical practice, including biomarker
evidence enhances the pathophysiological specificity of AD diagnosis
[112].

4.4. The national Alzheimer’s coordinating center (NACC)

NACC, established in 1999, originally offered standardized data to

approximately 32 Alzheimer’s Disease Centers (ADCs). Over time, NACC
has evolved to provide longitudinal and standardized data related to
neuroimaging and biofluids. This dataset encompasses various imaging
modalities, including MRI, PET scans, and CSF measurements [113].
NACC boasts one of the world’s largest AD datasets. The dataset en-
compasses data from over 47,000 participants. It includes the following
data: 1) Over 16,000 currently participating persons, 2) More than 174,
000 clinical assessments, and 3) Over 7340 neuropathology exams from
58 % of deceased participants. Over the past decades, the dataset has
been built in collaboration with more than 42 ADRCs throughout the US
and is freely available to researchers [114].

4.5. The australian imaging biomarkers and lifestyle study of ageing
(AIBL)

The AIBL dataset is a subset of the ADNI dataset and contains data
from subjects with PET and MRI. Its data are not freely available;
instead, they can used by authorized users only. The process to obtain
access is integrated with procedures used to access ADNI data and uses
the Laboratory of Neuroimaging (LONI) infrastructure [115]. Partici-
pants experience follow-up assessments every 18 months, including an
extensive evaluation of cognitive functions, neuroimaging modalities
like MRI and PET, analysis of biofluid biomarkers, and evaluations of
lifestyle factors [116].

4.6. The gwangju Alzheimer’s and related dementias (GRAD)

GARD Cohort is a group of individuals living in a senior citizen’s
community in Gwangju, South Korea. The dataset was collected from the
National Research Center for Dementia (NRCD), South Korea, from
January 2014 toMarch 2018. The dataset consists of 326MRI scans with
four classes: (1) 171 individuals with NC, (2) 81 persons with AD, (3) 35
participants with asymptotic Alzheimer’s disease (aAD), and (4) 39
cases with mild Alzheimer’s disease (mAD). The subjects’ average age
range is 70.018 ± 6.074 years old [117]. While some have also under-
gone PET-amyloid imaging, many participants in this cohort have un-
dergone assessments using the Seoul Neuropsychological Screening
Battery (SNSB) and received brain MRI scans. Previous research
involving this cohort includes studies on the genetics of AD [118] and
brain MRI traits [119].

4.7. Minimal interval resonance imaging in Alzheimer’s disease

The dataset contains longitudinal volumetric T1 MRI scans from 46
mild-moderate AD subjects and 23 controls. It includes 708 baseline

Fig. 22. Summary of OASIS classification (inspired from Ref. [111]).
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scans and additional information, such as gender, age, and MMSE score.
These details and results are publicly available, serving as a resource for
researchers to develop, validate, and compare techniques, especially for
measuring longitudinal volume changes in MRI [120].

4.8. Kaggle repository

Kaggle is a popular platform for data science and machine learning,
containing over 50,000 publicly available datasets. It serves as a valu-
able resource for scholars investigating dementia and AD. Examples of
Kaggle AD-related datasets are as follows [15].

1. ADNI contains MRI data from initial screening or baseline, including
ADNI 1,2/GO and 3.

2. Alzheimer MRI Preprocessed Dataset, which consists of preprocessed
MRI images resized to 128 x 128 pixels.

3. AD Dataset (4-class Images): Contains four classes of images related
to AD.

5. Pre-processing of data in AD studies

This Section addressesRQ4 regarding pre-processing techniques that
are employed to clean and reliable AD data. The techniques can enhance
the quality and accuracy of the analysis results. Here, we briefly explain
the most frequently employed pre-processing techniques are.

5.1. Data cleaning

Missing data points (arise due to technical issues or participant
dropout) require appropriate methods. Therefore, the cleaning process
entails removing or correcting incomplete, inconsistent, or erroneous
data within the dataset [121]. Typically, it involves identifying missing
values, outliers, and inconsistencies and then either removing them or
replacing them with accurate data [122].

5.2. Feature selection

The feature selection process involves selecting the most pertinent
features from the dataset, likely influencing the analysis results signifi-
cantly. Various statistical techniques can accomplish this task, such as
correlation analysis, principal component analysis, and mutual infor-
mation [123].

5.3. Data transformation

This process aims to convert the data into a format that facilitates the
analysis. The transformation can be achieved through techniques like
normalization, standardization, and logarithmic transformation [124].

5.4. Imputation

This process includes filling in missing data by estimating values. In
the literature, various imputation techniques were proposed, such as
mean imputation, regression imputation, and multiple imputations
[26].

5.5. Brain Extraction and skull stripping

This preprocessing technique can eliminate non-brain tissues,
including elements like eyes, necks, and skulls. As shown in Fig. 23, the
structures are segmented based on the dark space between the skull and
brain, which is occupied by the CSF [24].

5.6. Image pre-processing methods

The image dataset for AD typically comprises MRI and PET. Various
pre-processing techniques were applied to these images in the research
articles reviewed for this study. Commonly employed pre-processing
methods in AD research articles include the following.

1) Image Normalization: It is the procedure of aligning the intensity
values of images to a uniform scale. The adjustment can be achieved
through methods like histogram equalization, contrast stretching,
and normalization to enhance the visual quality of the images [126].

2) Image Cropping and Resizing: This process includes resizing im-
ages to a consistent size and removing any extraneous parts of the
image that do not contain pertinent information. The action can
assist in lowering the computational complexity of the analysis and
enhance the algorithms’ efficiency [24].

3) Image Augmentation: It aims to create additional images from the
original dataset by implementing various transformations, including
flipping, rotating, and scaling. This approach can be beneficial in
augmenting the dataset’s size and enhancing the robustness of the
analysis [127].

4) Image Segmentation: It is a fundamental process in medical im-
aging, dividing images into distinct regions based on visual charac-
teristics. This technique is essential for various medical image

Fig. 23. Brain extraction with a binary segmentation mask [125].
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analysis tasks, enabling the identification of structures or anomalies.
Common segmentation methods include thresholding, edge detec-
tion, and region-based approaches, which are vital in medical diag-
nosis and research [128].

6. Performance evaluation measures

In this Section, we address RQ5 on how models are evaluated. The
developers assess the performance of their model using a confusion
matrix. The matrix is an NxN grid, where N denotes the number of
classes present in the dataset [111]. In binary classification (N = 2), the
outcomes of the confusion matrix represent positive and negative out-
comes. The evaluation metrics are derived from the confusion matrix.
The parameters of the matrix are as follows.

1. True positive (TP).
2. True negative (TN).
3. False positive (FP).
4. False negative (FN).

While TP and TN refer to the person being diagnosed correctly, FP and
FP mean misdiagnosed. Accordingly, the confusion matrix is formed (see
Fig. 24). As shown in Fig. 25, there are several evaluation metrics. Here,
we introduce the reader to the most popular metrics implemented in the
AD context [26].

6.1. Accuracy

Accuracy evaluates the correctness level of the model’s predictions,
particularly in AD diagnosis. It calculates the number of MRIs accurately
classified among the total MRI inputs [111].

Accuracy=
TP + TN

TP + FT + TN + FN
(1)

6.2. Sensitivity

Sensitivity (also called Recall) is a metric used in binary classification
to assess how well a model identifies TP (correctly labeled positive AD
records concerning all individuals who are suffering from AD) [26].

Sensitivity=
TP

TP + FN
(2)

6.3. Specificity

Specificity corresponds to the proportion of correctly labeled nega-
tive AD records in compare to all individuals who are genuinely CN
[129].

Specificity=
TN

TN + FP
(3)

6.4. Precision

Precision is defined as the ratio of correctly labeled positive AD re-
cords by the model to the entirety of positive records labeled by the
model [123].

Precision=
TP

TP + FP
∗ 100 (4)

6.5. Negative predictive value (NPV)

It is the opposite of Precision; it quantifies the proportion of TN
(negatives) among all the cases classified as negative, whether correctly
or incorrectly. It addresses the question: How many of those labeled as
not having AD truly do not have AD [26]?

NPV=
TN

TN + FN
(5)

6.6. F-measure (also known as F-score or F1-score)

The F-measure score is the harmonic mean of accuracy and recall.
When precision and recall scores are perfect, it results in the highest F-
score, which equals 1 [105].

F − measure=2 ∗
Precision ∗ Recall
Precision+ Recall

(6)

6.7. The receiver operating characteristic (ROC) curve

Assessing a classifier’s ability to discriminate within a sample is
straightforward at a specific threshold [26]. The ROC curve effectively
illustrates the relationship between the specificity and sensitivity of a
particular analytical method. It comprehensively portrays the diagnostic
method’s accuracy [24]. The ROC curve assesses the overall effective-
ness of a test across various threshold values. A larger area under the

Fig. 24. Confusion matrix for AD prediction (inspired from Ref. [26]).
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curve indicates a more valuable test, and its values range from 0 % to
100 % [123].

6.8. Area under the curve (AUC)

The AUC quantifies the area under the TP versus FP rates. It assesses
the model’s capacity to differentiate between classes and serves as a
concise summary of the receiver characteristics curve [111].

6.9. Macro-average

Macro-average is calculated separately for each performance mea-
sure [130].

A. The Macro-average of Precision is computed by averaging the pre-
cision values calculated for each class.

Macro − average of Precision=
∑n
i=1pi
n

(7)

In this formula, " n " represents the count of classes in the dataset, and "
p1, p2, … pn" represents the Precision values calculated for each class.

B. The Macro-average of Recall is calculated by taking the average of all
Recall values calculated for each class.

Macro − average of Recall=
∑n
i=1Ri
n

(8)

where n is the number of classes in the dataset and " R1, R2, … Rn" are
Recalls calculated for each class.

C. The Macro-average F1 Score is calculated as the harmonic mean of
the Macro-average Recall and Precision.

6.10. Micro-average

Micro-average is computed individually for each performance mea-
sure as follows [130].

A. The micro-average of Precision is calculated by dividing the sum of
Tp by the sum of both Tp and Fp as follows:

Micro − average of Precision=
∑n
i=1TPi∑n

i=1TPi+
∑n
i=1FPi

(9)

where n is the count of classes in the dataset.

B. Themicro-average of Recall is computed by dividing the sum of Tp by
the sum of Tp and Fn as follows:

Micro − average of Recall=
∑n
i=1TPi∑n

i=1TPi+
∑n
i=1FNi

(10)

C. The Micro-average of F1 Score is calculated as the harmonic mean of
the Micro-average of Recall and Precision.

To recap, unlike existing surveys, the current survey introduced all
performance evaluation metrics employed in AD literature (see Table 2).

7. Literature review

7.1. Selection criteria

Criteria for exclusion and inclusion ensure that data analysis com-
prises entirely appropriate research. In this survey, a three-stage pro-
cedure has been employed for paper selection. The procedure comprises
the following.

1. Paper selection is determined by the title.
2. Reading the abstracts constitutes the following step.
3. The final phase consists of thoroughly reading the documents.

7.2. Article selection

The search was carried out as follows: ‘Alzheimer’s Disease’ AND
(‘AD stages’ OR ‘early detection’ OR ‘Diagnoses’ OR ‘Classification’ OR
‘Classifier’ OR using ‘Deep learning’ OR networks OR ‘CNN’ OR ‘pre-
trained models’ OR ‘transfer learning’ OR ‘Dataset’ OR ‘ADNI’ OR
‘OASIS’). To ensure a focused analysis, we carefully selected Thirty-nine
papers published between 2017 and 2023 for in-depth review. Table 3
and Fig. 26 summarize the scientific papers considered to be within the
scope of our section.

7.3. Analysis of the selected papers

A literature review critically analyzes existing papers. There are
various approaches to conducting a literature review, including chro-
nological, thematic, and methodological. This study adopted the

Fig. 25. Evaluation metrics.
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chronological approach, focusing on studies published between 2017
and 2023 (mentioned earlier) to gain insights into the evolving trends of
the AD diagnosis models.

In [131], the authors employed ResNet models and GoogleLeNet
using the ADNI dataset. They implemented a four-way classifier to
categorize AD, MCI, LMCI, and CN. The results demonstrated that
GoogLeNet outperformed ResNet and achieved a prediction accuracy of
98.8 %. However, the model limitation resided in the absence of the
incorporation of clinical data and multimodal data management, which
restricted the system’s robustness. In 2018, the authors in Ref. [132]
introduced cascaded CNNs for MRI and PET brain image analysis
without requiring specialized expertise or image segmentation. The
author utilized the ADNI dataset covering 100 NC, 93 AD, and 204 MCI
cases. While the model achieved 95.68 % accuracy in multi-modality
analysis, it required a substantial training dataset, posing challenges
for practical implementation. Additionally, the absence of clinical data
integration and multimodal data handling limited the system’s
robustness.

Using an ensemble Deep CNN (DCNN) system, five approaches were
introduced with MRI scans from OASIS [133]. The article reported that
strong gradient flow in the training data improved performance when
using inception-v4 and ResNet. Conversely, the E1 (M1 + M2 + M3 +

M4) and E2 (M1 + M2 + M3 + M4) approaches yielded poor perfor-
mance. The ensemble of M1, M2, andM3 (the proposedmodel) achieved
an accuracy of 93.18 % with only 416 sMRI data points. Nevertheless,
the depth of these neural networks required a substantial dataset for
proper training. Based on a solitary cross-sectional brain sMRI scan, a
deep learning algorithm was developed in Ref. [134]. The purpose of

forecasting the individual diagnosis of AD and MCI individuals who are
likely to progress to AD (c-MCI). The algorithm attained a precision level
of 99 % (ADNI) and 98 % (ADNI + Institute of Experimental Neurology
(Italy)). Nevertheless, the algorithm is unable to rule out the potential
development of c-MCI in individuals with s-MCI.

In [135], Lulu Yue and her team proposed a Voxel-based Hierarchical
Function Extraction (VHFE) method for early AD diagnosis through a
hierarchical feature extraction process, aiding in diagnosing the disease.
They segmented the entire brain into 90 Regions of Interest (ROIs) using
the Anatomical Automatic Labeling (AAL) template. In these ROIs, they
identified informative voxels, considering their values, and organized

Table 2
Current study vs. the previous surveys in describing evaluation metrics.

Review
paper

Publisher Journal No. of
metrics

Metrics

[19] IEEE IEEE Access 0 –
[20] Science

Direct
Materials Today:
processing

0 –

[21] IEEE 4th Biennial
International
Conference on Nascent
Technologies in
Engineering (ICNTE)

0 –

[15] IEEE IEEE Access 0 –
[22] Science

Direct
International Journal
of Cognitive
Computing in
Engineering

9 Sensitivity,
Specificity,
Precision,
Accuracy, MCC,
F1-score, FMI,
ROC, and AUC.

[23] Springer The Egyptian Journal
of Neurology,
Psychiatry and
Neurosurgery

0 –

[24] Springer Multimedia Tools and
Applications

0 –

[25] Springer Archives of
Computational
Methods in
Engineering

3 Accuracy, ROC,
and AUC.

[26] Springer Brain Informatics 6 Accuracy,
Sensitivity,
Specificity,
Precision, AUC,
and ROC.

Current Study 11 Accuracy,
Sensitivity,
Specificity,
Precision, F1-score,
ROC, AUC, NPV,
Macro-average,
Micro-average, and
Weighted-average.

Table 3
The sources of the considered papers.

Ref Year Publication Publisher

[131] 2017 2017 IEEE International Conference on
Imaging Systems and Techniques (IST)

IEEE

[132] 2018 Neuroinformatics Springer
[133] 2018 Brain Informatics Springer
[134] 2019 NeuroImage: Clinical Science Direct
[135] 2019 IEEE Access IEEE
[136] 2019 Brain Science MDPI
[137] 2019 NeuroImage Science Direct
[138] 2019 IEEE Access IEEE
[139] 2020 Brain Science MDPI
[140] 2020 Advances in Electrical and Computer

Engineering
Ștefan cel Mare
University of
Suceava

[141] 2020 Journal of Neuroscience Methods Science Direct
[142] 2020 IEEE Access IEEE
[143] 2020 NeuroImage Science Direct
[144] 2021 Proceedings of the Fourth International

Conference on Microelectronics,
Computing and Communication Systems

Springer

[145] 2021 Multimedia Tools and Applications Springer
[146] 2021 IEEE Access IEEE
[147] 2021 Diagnostics MDPI
[148] 2021 Neuroscience Science Direct
[149] 2021 IEEE Access IEEE
[150] 2021 IEEE Access IEEE
[151] 2021 Neural Computing and Applications Springer
[106] 2021 Sensors MDPI
[152] 2021 Journal of Physics: Conference Series IOPScience
[153] 2021 Cognitive Computation Springer
[154] 2022 Measurement: Sensors Science Direct
[155] 2022 Sensors MDPI
[156] 2022 Neuroscience Informatics Science Direct
[157] 2022 Arabian Journal for Science and

Engineering
Springer

[158] 2022 Journal of Big Data Springer Open
[62] 2022 Arxiv preprint Cornell university
[159] 2022 Computers Materials & Continua Tech Science Press
[160] 2022 IEEE 34th International Symposium on

Computer-Based Medical Systems (CBMS)
IEEE

[161] 2022 International Conference on Emerging
Smart Computing and Informatics (ESCI)

IEEE

[162] 2023 IEEE Access IEEE
[163] 2023 Alexandria Engineering Journal Science Direct
[164] 2023 Electronics MDPI
[165] 2023 Electronics MDPI
[166] 2023 Mathematics MDPI
[167] 2023 Journal of Medical and Biological

Engineering
Springer

[168] 2023 Diagnostics MDPI
[169] 2023 International Conference on Innovative

Data Communication Technologies and
Application (ICIDCA)

IEEE

[170] 2023 Multimedia Tools and Applications Springer
[171] 2023 International Conference on Distributed

Computing and Electrical Circuits and
Electronics (ICDCECE)

IEEE

[172] 2023 International Conference on Electrical,
Computer and Communication
Engineering (ECCE)

IEEE

[173] 2023 Soft Computing Springer
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them into a vector format. To refine the features, the authors applied a
correlation-based approach among voxels in different groups to select
the most relevant first-stage characteristics. These first-stage features
were then used in a CNN to extract hidden characteristics from brain
feature maps obtained from each subject’s voxel data. However, the
universality of this approach was not confirmed.

The researchers in the study [136] introduced a CNN-based model
with a classification accuracy of 94.54 % for EMCI and LMCI. The work
aligned with previous works that applied DL techniques to medical
image and text classification tasks. CNNs have demonstrated their
effectiveness by automatically learning relevant features specific to the
given task, leading to improved results in various medical applications.
The study focused on healthy individuals, EMCI, and LMCI classifica-
tion. The study’s limitations included using a relatively small sample
size (600 individuals, 200 in each group) and limited result robustness.

An approach in Ref. [137] was suggested to identify individuals with
MCI who are at a higher risk of progressing to AD. The proposal
encompassed classifying MCI to AD conversion and distinguishing be-
tween AD and NC. Notably, the approach was adaptable to various
image modalities (PET scans). Utilizing a convolutional framework al-
lows the system to handle different 3D image datasets. Also, the study
incorporated a multi-modal feature extractor and employed a 10-fold
cross-validation approach for testing and evaluation. The paper
acknowledged the problem of data overfitting in DL methods and the
data-scarce nature of medical datasets. In Ref. [138], the VGG archi-
tecture was optimized for the multi-classification of AD. The authors
employed fine-tuned pre-trained CNNs for feature extraction, resulting
in classification accuracy across the whole-brain model. The model
achieved an impressive accuracy of 99.36 % in the context of
multi-classification. However, the mode limitations included training
from scratch with 64 images per subject, which did not improve accu-
racy, possibly due to redundant or noisy information when adding more
slices. Therefore, results were reported only for up to 32 images per
subject.

The authors in Ref. [139] developed a Siamese CNN (SCNN) model,
drawing inspiration from the VGG-16 architecture (two modified
VGG16 parallel layers, “Siamese”), for the classification of dementia
stages. To address the challenges posed by insufficient and imbalanced
data, dataset (OASIS dataset) diversity (has been enhanced by inte-
grating augmentation techniques. Employing the proposed approach,
the authors achieved a test accuracy rate of 99.05 % in the classification
of dementia stages. Limited annotated data and complex preprocessing
steps with convoluted parameters impacted accuracy and constrained
the research. In Ref. [140], DCNN and a CNNmodel inspired by VGG-16
(VCNN) were developed for the classification of various stages of AD
using MRI images. Experiments were conducted on the ADNI dataset,
and the results showed that the proposed models achieved excellent
accuracies, with 93.44 % for CN vs. EMCI in the case of DCNN and 96.19

% for VCNN, respectively. The primary emphasis was placed on the
sagittal perspective of T1-weighted MRI scans with a restricted scope.
Model enhancement required fine-tuning parameters, such as layer
count, filter number, size, pooling, and dropout, while ensuring the
model size was kept to a minimum.

The study [141] investigated the suitability of ResNets for predicting
the progression from MCI to AD. It focused on identifying MCI in-
dividuals who will progress to AD within three years of pMCI versus
those who remain sMCI. While a test classification accuracy achieved
83.01 %, challenges included limited training data and the computa-
tional cost of training DCNNs. In Ref. [142], researchers proposed an
Improved Deep Learning Algorithm (IDLA) by utilizing Resting-state
functional data (R-fMRI). IDLA aimed to establish brain function and
measure connectivity among brain regions. The authors employed a
specialized network of autoencoders for early diagnosis, distinguishing
between natural aging and disorder progression. Although the model
achieved an accuracy of 94.6 %, the investigation into brain region
connections using R-fMRI data was restricted at that time.

A multi-task deep CNN and deep 3D DenseNet model were intro-
duced in Ref. [143]. The models involved automatic hippocampal seg-
mentation for AD classification. Although the authors achieved an
accuracy of 88.9 % in classifying AD vs. NC, there were limitations in the
detailed medical interpretation of learned features relevant to diseases
like AD or MCI. Therefore, to enhance interpretation ability, A visuali-
zation technique based on class saliency maps was employed (high-
lighting important brain areas for disease diagnosis). However, the
proposed method failed to provide a detailed medical interpretation of
the learned features relevant to diseases like AD or MCI.

The authors in Ref. [144] proposed the DCNN model to classify AD,
MCI, and NC. The model has been trained and tested based on ADNI
datasets and achieved an accuracy of 98.57 %. However, the absence of
fine-tuning of hyperparameters may have conceivably impacted the
accuracy of predictions. A computer-aided diagnosis (CAD) system has
been proposed in Ref. [145]. The authors introduced a DNN classifier for
image classification CN, AD, and MCI using ADNI datasets. To find the
best weight parameters, the model was optimized with the Enhanced
Squirrel Search Algorithm (ESSA). The accuracy of the proposed method
for AD/CN, AD/MCI and MCI/CN reached 96.43 %, 94.64 % and 91.07
%, respectively. Nevertheless, the segmentation and classification pro-
cesses had several challenges in the CAD-based AD diagnosis field.
Hence, the development of accurate approaches is needed for better
diagnosis.

Modifying the LeNet model proposed in Ref. [146], which incorpo-
rated both MinPooling and MaxPooling layers. The model outperformed
the original LeNet mode and achieved an average accuracy rate of 96.64
% in classifying AD. This modification allowed for better utilization of
low-intensity valued pixels in brain images, enhancing the model’s
performance compared to the original LeNet model. However, for pre-
dicting AD stages (NC, EMCI, LMCI, and AD) using fMRI data from the
ADNI dataset, the modified LeNet model has increased memory re-
quirements. Consequently, the model was restricted to investigation into
different stages of AD. To achieve an accurate classification among (AD,
MCI, EMCI and LMCI), the authors in Ref. [147] presented a fine-tuned
ResNet18 model. The model achieved outstanding accuracy rates: 99.99
% for EMCI vs. AD, 99.95 % for LMCI vs. AD, and 99.95 % for MCI vs.
EMCI classification. However, the paper did not investigate the model’s
performance in a multiclass classification scenario.

In [148], the authors introduced a layer-wise transfer learning
approach utilizing VGG 19. They conducted experiments on 300 ADNI
subjects, split into six binary groups. Although the proposed model
achieved an overall accuracy of 83.72 %, it came with a high compu-
tational complexity with a small dataset. The authors in Ref. [149]
constructed multilayer perceptron representations for individual AD risk
and high-resolution disease probability maps. The assessment was based
on regional brain activity. In the paper, the class imbalance was
addressed using the Synthetic Minority Oversampling Technique

Fig. 26. Distribution of the selected papers.
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(SMOTE) technique. The ADNI dataset cases comprise five subtypes: AD,
MCI, EMCI, LMCI, and NC. The 1296 MRIs from the ADNI dataset were
resized to 176 × 176 to suit the DEMentia NETwork (DEMNET). The
model achieved an accuracy of 84.83 %. The study included pre-
processing steps, including skull stripping and intensity normalization,
which may affect result comparisons. However, the authors did not
explore the potential benefits of fine-tuning pre-trained convolutional
layers, which could have enhanced the base model’s performance. In
Ref. [150], the authors introduced a combined approach that employed
Hough CNN, CNN, and DNN models for diagnosing AD. They used
volumetric features extracted from sMRI data. Using the GARD dataset,
the accuracy rates reached 94.82 % (94 %) in the left (right) hippo-
campus. However, validating the algorithm with larger open-source
datasets and exploring its applicability to other modalities’ data was
essential.

A framework based on DBN was established in Ref. [151] for
AD/MCI diagnosis. The authors employed dropout techniques and
zero-masking technology to enhance the DBN model’s generalization
capability. Using the ADNI dataset, the model achieved better classifi-
cation accuracy rates: 98.62 % for HC vs. AD and 99.62 % for sMCI vs.
AD. However, the study mentioned that it did not incorporate additional
neuroimaging modalities, such as PET alongside MRI, limiting its ability
to comprehensively explore the synergies between different imaging
modalities for more reliable biomedical support.

3D DenseNet architecture proposed in Ref. [106] for AD detection.
ADNI dataset was used to develop the model. Although the accuracy
reached 86 %, the work was conducted within the constraints of freely
available tools like Google Collaboratory with limited computational
resources and session time. The dataset exhibited a case of class
imbalance, with a specific focus on the low number of instances repre-
senting individuals with LMCI. This imbalance, along with the overall
instance count, had a notable impact on the accuracy of the dataset’s
predictions. Moreover, the existence of multiple occurrences errone-
ously classified as AD led to decreased specificity. The study [152]
employed several DL-based approaches to classify AD, MCI, and CN
cases using brain MRI data. The dataset consisted of 111 cases from
ADNI. Multiple ML algorithms, including SVM, were tested for AD
classification. Additionally, commonly used DNN models, including
AlexNet, VGG-16, VGG-19, and GoogleNet were implemented. After
performance comparison, it was evident that DNN models consistently
outperformed other methods, achieving 80–90 % accuracy rates.
Notably, VGG-19 emerged as the top-performing model, achieving an
accuracy of approximately 90 %. Nevertheless, the clinical trials of these
computational techniques remain limited.

The authors in Ref. [153] employed two key approaches. Firstly, they
utilized standard CNN methods with 2D and 3D structural brain images
from the ADNI dataset. The model showed an excellent performance,
achieving an accuracy of 97 %. Secondly, they applied transfer learning
techniques, resulting in 95.17 % and 93.61 % accuracy rates for 3D and
2D multiclass AD and MCI classifications. However, applying additional
pre-trained models and using data augmentation techniques were not
evaluated in the study, leaving their effectiveness and limitations un-
explored. The article [154] employed a neural network classifier
featuring a VGG16 feature extractor for early AD diagnosis. The authors
developed the model using two MRI datasets comprising 6400 (dataset
1) and 6330 (dataset 2) images. The model achieved showed better
performance using dataset 1, where the accuracy rates achieved 90.4 %
for dataset 1 and 71.1 % for dataset 2. Nevertheless, the paper lacked
details regarding the diversity and representativeness of the MRI data-
sets, potentially affecting the model’s generalizability.

For multiclass classification of AD, randomized weights of ResNet18
and DenseNet201 were employed in Ref. [155]. The authors used
gradient class activation maps to identify the discriminating regions in
the model’s predictions. Although the results showed that the modified
model achieved an accuracy of 98.89%, the study had limitations. These
include the need for multimodal input to distinguish EMCI-LMCI

differences. Furthermore, the suitability of the base domain model from
brain images for the target domain. In addition, the requirement for a
large dataset reduces overfitting. For brain MRI analysis and AD
detection, VGG16 inspired the underlying network architecture utilized
in Ref. [156]. The network incorporated a conditional loss function to
address the limited sample issue and enhance model accuracy. The au-
thors utilized the OASIS dataset and achieved an accuracy of 99.41 %.
Nevertheless, the dataset’s limited number of image samples could lead
to overfitting and negatively impact the performance of DL models.

CNN architecture in Ref. [157] was employed to classify 2182 image
objects from the ADNI. The evaluation involved 29 different pre-trained
models, where EfficientNetB0 achieved the highest test accuracy at
92.98 %. The study excluded certain models from further evaluation due
to their low performance, resulting in 18 models being considered for
accuracy and confusion matrix evaluations. However, certain model
groups, including ResNet V2, DenseNet, NASNet, Zeiler and Fergus
Network (ZFNet), and Inception, did not achieve efficient results.
Furthermore, the study highlighted challenges related to hardware re-
quirements in DL research and the limitations of available online ML/DL
tools, leading to the need for repeated tests. The authors in Ref. [158]
developed a practical AD diagnostic classifier using DL (the
Inception-ResNet-V2 CNN) and transfer learning. They utilized a vast
and diverse brain MRI dataset from over 217 sites/scanners, totaling 85,
721 scans from 50,876 participants. The model was tested using four
datasets and achieved 90.9 % accuracy on the ADNI dataset and 94.5 %,
93.6 %, and 91.1 % on three separate independent datasets, AIBL,
MIRIAD, and OASIS, respectively. However, the study exclusively used
structural MRI due to concerns about functional MRI reproducibility,
although functional measures could potentially improve brain disorder
classification.

To assess the impact of image segmentation on classification, the
work in Ref. [62] investigated various DL architectures applied to brain
MRI and segmented images. The authors implemented pre-processing
techniques to enhance MRI scans and post-processing for brain tissue
segmentation. Results showed that processed images achieved better
accuracy in AD vs. CN binary classification across architectures. The
model achieved an accuracy of 90.83 % for original images and 93.50 %
for processed ones. Although the model successfully enhanced brain 3D
MR images using segmented tissues, it is limited in its focus on
tissue-labeled images. Additionally, it lacks an empirical assessment of
potential overfitting or network instability.

For detecting AD using transfer learning, the authors in Ref. [159]
introduced the Alzheimer’s Disease Detection Empowered with Transfer
Learning (ADDTLA) model as a modified version of AlexNet. In the
study, four different AD stages were used: moderate dementia (MoD),
mild dementia (MD), very mild dementia (VMD), and non-dementia
(ND). The model achieved an accuracy of 91.70 % for early disease
detection. However, the paper lacked a comprehensive analysis of model
accuracy and didn’t fine-tune all convolutional layers, potentially
limiting performance. Furthermore, the authors didn’t explore alterna-
tive pre-trained networks or CNN architectures that could potentially
yield better results. Consequently, the study relied on a specific dataset,
which may have restricted the generalizability of its findings.

The study [160] evaluated the CascadeNet and ResNet algorithms
and demonstrated their classification of AD stages in MRI. Utilizing
Kaggle datasets, the proposed architecture achieved 99.02% accuracy in
quaternary classification, distinguishing between various AD subtypes.
However, the proposed model operated without the need for feature
extraction. Furthermore, the limitations included the absence of skull
alignment and subtraction in MRI preprocessing, which may have
impacted the results. Moreover, the study did not incorporate patient
history information, limiting the context and connections that could
have been established with the patient’s past medical records.

The authors in Ref. [161] focused on two-class AD using a
patch-based feature extraction approach and a 3-Dimensional ConvNet
model. The MRI images were used fromMIRIAD, and the 3D-CNNmodel
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achieved 99.79 % accuracy for AD detection. However, the study lacks
several limitations: 1) focus on a two-class classification task, 2) a reli-
ance on patch size for improved accuracy, and 3) a lack of exploration of
alternative neuroanatomical computation extraction methods, which
may have restricted the generalizability of the findings in real-world
clinical scenarios. Additionally, the authors did not provide an empir-
ical assessment of the impact of visualizing problematic areas in scans on
the effectiveness of the diagnostic method.

A modified InceptionV3 (AlzheimerNet) was proposed in Ref. [162]
and implemented to classify all five AD stages and SMC using ADNI MRI
data. Data preprocessing involved Contrast Limited Adaptive Histogram
Equalization (CLAHE) enhancement and data augmentation to address
dataset imbalance, resulting in 60,000 images across six classes. Initial
training and testing of five existing models yield test accuracies ranging
from 78.84 % to 96.31 %. Additionally, AlzheimerNet achieved the
highest accuracy at 98.67 %. However, the study did not explore the
potential of a hybrid model incorporating fMRI and PET datasets for
diagnosing AD stages, which could have offered a more comprehensive
understanding of the disease.

The authors in Ref. [163] developed a CNN architecture and utilized
2D MRI data from the OASIS. The reported results demonstrated the
performance of the model with an overall testing accuracy of 99.68 %.
However, the study did not address potential variations in AD prediction
accuracy across different disease stages or age groups. Furthermore,
advanced data mining algorithms and diverse datasets were not thor-
oughly explored. In the research [164], dynamic neuro-functional deep
ensemble networks were introduced to predict various stages of AD. The
authors utilized different frequency signals derived from rs-fMRI data.
Among the three analyzed frequency features (slow4, slow5, and
full-band), slow5 exhibited the highest performance when using the
(Alexnet + Inception) model (named D2). The model achieved an ac-
curacy of 96.61 % in distinguishing AD from normal (NL) subjects. The
D2 model achieved 81.87 % and 82.67 % in tests (MCI vs. NL) and (AD
vs. MCI), respectively. However, despite advancements in medical
image classification, issues such as non-universality, sensitivity to
lighting conditions, and reduced accuracy due to data quality could still
affect the reliability of the models.

The authors in Ref. [165] utilized CNN on MRI image datasets for
multi-classifying AD subjects into CN, MCI, EMCI, and LMCI categories.
Transfer learning was employed using pre-trained health data classifi-
cation models like MobileNet. The test results indicated that fine-tuning
theMobileNet pre-trainedmodel showed a higher accuracy of 96.6% for
multi-class AD stage classifications. Using the same ADNI dataset, the
authors evaluated several models, including VGG16 and ResNet50.
However, augmentation approaches, like downsampling, were not
implemented, which potentially may impact model robustness. Addi-
tionally, the paper did not address multi-modal fusion techniques, which
could have limited comprehensiveness.

The Federated Learning (FL) model was introduced in Ref. [166]
involving two local clients, each using the MobileNet model. To train the
MobileNet model efficiently, the authors employed a parallel approach
where multiple devices trained the model and only shared model
weights, not the raw data, with a central server. The proposed model
achieved high accuracy: 95.24 % (OASIS), 81.94 % (ADNI), and 83.97 %
(ADNI + OASIS). However, the model is limited classification to
AD-positive and AD-negative without distinguishing AD sub-stages were
not discussed. In Ref. [167], an early feature fusion approach was
introduced. Using a 3-in-channel approach, the approach combined PET
and MRI images from ADNI and trained a modified Resnet18 architec-
ture on both datasets. The model achieved a testing accuracy of 96.73 %
and a validation accuracy of 73.91 % on the ADNI database. Addition-
ally, the authors developed an Explainable Artificial Intelligence (XAI)
model to explain the results. However, the diagnostic accuracy of the
document is not excellent, where relatively low classification accuracy
was achieved.

A local cloud-based solution was developed in Ref. [168] for

classifying AD using MRI scans. The local server offered Software as a
Service (SaaS), and the front end was designed for user-friendly access to
the system. The multi-classification approach categorized AD into four
stages. Utilizing transfer learning with the pre-trained GoogLeNet
model, the accuracy achieved was 98 %, resulting in the development of
a local cloud web application for Alzheimer’s prediction. Furthermore,
the authors developed an application that enables doctors to assess the
presence of AD in patients remotely. Nevertheless, the paper acknowl-
edged potential difficulties that doctors might have faced when remotely
accessing the developed interface, leaving uncertainties about the us-
ability and effectiveness of the solution.

A CNN model was utilized in Ref. [169] to classify the brain MRI
dataset ADNI into four groups: MCI, AD, CN, and Healthy Person. The
proposal classification accuracy rate reached an accuracy of 95.82 %.
However, the study’s limitations encompassed resource constraints and
operational challenges associated with Google Colab. Additionally, the
research was limited in scope as it primarily focused on Alzheimer’s
disease data, potentially hindering its application to broader medical
classification issues and generalization across diverse datasets from
various domains. In the article [170], various DL algorithms (all 26
pre-trained Keras DL models) were employed for the multi-class classi-
fication of AD. The authors utilized ADNI and identified ResNet-50v2 as
the best performance, achieving 91.84 % accuracy and an f1-score of
0.97 for the AD class. Nevertheless, the primary limitation of the study
was its focus on AD diagnosis without testing other types of dementia
with overlapping symptoms. Also, the inclusion of demographic features
could have enhanced prediction reliability. Another drawback was the
lack of exploration of the potential for improved model performance by
utilizing multimodal or ensemble models (which may reduce noise and
capture both linear and nonlinear relationships in the data).

The paper [171] presented the Inception V3 model for identifying
and classifying different AD types using brain MRI from OASIS.
Although the model achieved higher accuracy (89 %), the model suffers
from several limitations. The paper’s limitations included not thor-
oughly exploring the impact of different transfer learning models on AD
detection and having a narrow focus on a specific type of medical im-
aging data, potentially limiting the development of a more compre-
hensive diagnosis approach. In Ref. [172], the authors utilized three
CNN models (VGG16 and Xception models and a fully customized CNN
model) to detect and classify four stages of AD from 2D MRI on Kaggle.
The custom model achieved the best performance with an accuracy of
94.77 % and an F1-score of 0.9481. However, the model needs more
real-world images in training for reliable performance.

The authors in Ref. [173] proposed an Image-Fused multi-modality
CNN architecture named "Image-Fused" for early diagnosis of AD. The
study investigated the impact of hyper-parameters, including the
training-testing split and learning rate, on performance. The model
achieved a testing accuracy of 98.9 % with a learning rate of 0.0001 and
an 80:20 % training-testing ratio. However, the limitations of the work
included the omission of an exploration of fMRI data integration with
the proposed model. Furthermore, there was a lack of integration of
clinical and genetic data and a focus on simulation rather than
real-world application. Moreover, there was a need for improved noise
removal techniques and feature extraction methods to enhance the
system’s performance.

Building upon the above analysis, we observed that the ADNI dataset
was the most prevalent choice among the reviewed papers. The OASIS
dataset followed in popularity. To provide a clearer overview, we
summarized the findings as follows.

1. Table 4 provides a critical summary of the works that utilized the
ADNI dataset.

2. Table 5 summarizes the studies that utilized the OASIS dataset.
3. Table 6 lists the contributions of the papers that the studies that

utilized datasets other than ADNI or OASIS.
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Table 4
A critical summary of the works that utilized the ADNI dataset.

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

[131] 2017 ADNI NC, MCI,
LMCI, and
AD

GoogLeNet, 98.88 For MCI:
Specificity = 99.9 %
Sensitivity = 99.9 %
PPV = 99.8 %

The absence of incorporating
clinical data and multimodal
data handling limited the
system’s robustness.

ResNet-18 98.01 For LMCI:
Specificity = 99.9 %
Sensitivity = 99.9 %
PPV = 99.7 %

ResNet-152 98.14 For AD:
Specificity = 99.9 %
Sensitivity = 99.9 %
PPV = 99.8 %

[132] 2018 ADNI NC, pMCI,
sMCI, and
AD

3D CNN Multi-modality 95.68 Sensitivity = 81.08 %
Specificity = 84.31 %
AUC = 88.43 %

The method needed a large
training dataset, which was
challenging for multi-modality
brain images.

[135] 2019 ADNI-1 CN, EMCI,
LMCI, and
AD

CNN AD vs. MCI 97.2
AD vs. NC 99.4
NC vs. MCI 98.9

The NC vs. MCT group has the highest results:
Precision = 99.4 %
Recall = 98.5 %.

1. Using MRI only, genomics
and biomarkers might
enhance the results.

2. The hierarchical feature
extraction method still
needs to be improved.

3. The complementarity
between multimodal data
was not taken into
consideration.

ADNI-2 AD vs NC 98.6
AD vs. LMCI 99.7
AD vs. EMCI 100
NC vs. EMCI 99.7
NC vs. LMCI 98.5
EMCI vs. LMCI 98.0

The AD vs. EMCI group has a perfect score of 100 % for Precision,
Recall and f1-score metrics.

[136] 2019 ADNI (600
individuals)

CN, EMCI,
and LMCI

CNN CN vs. LMCI 94.54 The CN vs. LMCI group in the sagittal view achieved the highest results:
Sensitivity = 91.70 %
Specificity = 98.19 %
F-score = 94.84 %
AUC = 99.40 %

A small sample size (600
individuals, 200 per group)
impacts the resulting
robustness.

[137] 2019 ADNI HC, pMCI,
sMCI, and
AD

CNN Overall accuracy = 86 – 1. Overfitting in DL methods
due to high parameter
count.

2. Challenges with data
scarcity in medical
databases for network
architecture construction.

[138] 2019 ADNI NC, MCI,
and AD

Modified VGG Overall accuracy = 99.36 For CN vs. AD:
Specificity = 100 %
For MCI vs. NC:
Sensitivity = 99.5 %.

Adding more image slices with
decreasing entropy resulted in
the addition of redundant or
noisy information, impacting
the quality and effectiveness of
the model.

[140] 2020 ADNI CN, EMCI,
LMCI and
AD

DCNN and CNN DCNN VCNN 1. The DCNN’s lowest training loss is 2.02 % for the classification task of AD
vs LMCI.

2. The lowest testing loss is 3.17 % for the AD vs CN classification task.

1. The VCNN lowest
training loss is
1.74 % for the
classification task
of AD vs LMCI.

2. The lowest testing
loss is 4.82 % for

1. Focuses on the sagittal view
of T1-weighted MRI images,
limiting its scope.

2. Model improvement
requires optimizing
parameters like layer count,
filter number, size, pooling,

CN vs
EMCI

93.44 96.19

AD vs
CN

91.40 93.78

CN vs
LMCI

93.76 94.87

(continued on next page)
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Table 4 (continued )

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

the classification
task of AD vs. CN

and dropout while keeping
model size minimal

AD vs
EMCI

91.56 92.80

AD vs
LMCI

93.28 94.79

LMCI
vs
EMC

89.68 92.91

[141] 2020 ADNI CN, sMCI,
pMCI, and
AD

ResNet with
different depths
(D = 1, 2, 3, and
4)

Overall accuracy = 83.01 Sensitivity = 76 %
Specificity = 87 %
AUC = 0.88

1. Limited training data size.
2. Computationally expensive nature of training deep

CNNs.

[142] 2020 ADNI NC, EMCI,
LMCI, and
AD

Autoencoders Overall accuracy = 94.6 Sensitivity = 94.6 %
Specificity = 96.7 %

1. IDLA relies on background information for
predictions.

2. Limited exploration of brain region connections using
R-fMRI data.

[143] 2020 ADNI NC, MCI
and AD

Multi-task deep
CNN +3D
DenseNet

For AD vs. NC = 88.9
For MCI vs. NC = 76.2

A dice similarity coefficient = 87.0 %
PPV = 84.6 %
Sensitivity = 89.7 %

Lacks a detailed medical interpretation of learned
features for practical clinical use in understanding brain
abnormalities.

[144] 2021 ADNI NC, MCI,
and AD

DCNN Overall accuracy = 98.57 Validation accuracy = 87.72 % 1. Limited evaluation of performance metrics
(specificity, sensitivity, recall, F1-score) for the DCNN
model.

2. The absence of hyperparameter tuning may impact
predictive accuracy.

[145] 2021 ADNI CN, MCI,
and AD

DNN Overall accuracy = 96.43 Sensitivity = 96.43 %
Specificity = 96.43 %
AUC = 0.964

Segmentation and classification challenges in CAD-based
AD diagnosis require the development of more accurate
approaches for improved diagnosis.

[146] 2021 ADNI CN, MCI,
and AD

Modified LeNet Overall accuracy = 96.64 Best performance, CN vs MCI in the 60–69 age group:
F1 score = 0.97,
Precision = 96 %,
Recall = 98 %.
Best performance, MCI vs AD in the 70–79 age group:
F1 score = 0.98,
Precision = 96 %,
Recall = 97 %.
Best performance, CN vs AD in the 70–79 age group:
F1 score = 0.97,
Precision = 0.96 %,
Recall = 95 %.

1. There were increased memory requirements due to the
modified LeNet model.

2. There was a limited exploration of various stages of
AD.

3. Dependence on a single dataset source (ADNI) may
have affected generalizability.

[147] 2021 ADNI NC, EMCI,
LMCI and
AD

Modified
ResNet18

CN vs. EMCI: 98.74 97.24 Sensitivity
(%)

100 Specificity
(%)

This study did not investigate the model’s performance on
a multiclass classification case.CN vs. LMCI: 92.23 90.23 94.21

EMCI vs. LMCI: 99.76 99.56 99.97
[148] 2021 ADNI NC, EMCI,

LMCI and
AD

VGG-19 AD vs. CN: 98.73 98.19 Sensitivity
(%)

99.09 Specificity
(%)

The study used a small sample: 300 patients from ADNI.
It had high computational complexity.EMCI vs. LMCI: 83.72 82.09 85.13

[151] 2021 ADNI HC, sMCI
, pMCI
and AD

DBN HC vs. AD = 98.62
HC vs. pMCI = 96.67
HC vs. sMCI = 92.31 pMCI
vs. AD = 91.89
sMCI vs. AD = 99.62
sMCI vs. pMC = 87.78

– The paper did not utilize additional neuroimaging
modalities like PET alongside MRI, limiting its
understanding of synergies between modalities in the
biomedical field.

(continued on next page)

E.M
.M
oham

m
ed
etal.

Informatics in Medicine Unlocked 50 (2024) 101551 

22 



Table 4 (continued )

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

[106] 2021 ADNI CN, MCI,
EMCI and
AD

3D DenseNet-
121

Overall accuracy = 86 Specificity = 86 % 1. Constraints from Google Colab limited data
augmentation and epochs.

2. The dataset had class imbalance, particularly low
LMCI instances. Imbalance and instance count
impacted prediction accuracy.

3. There is low specificity due to multiple instances being
misclassified as AD.

Precision = 86 %
Recall = 86 %
AUC = 0.91

[152] 2021 ADNI NC, MCI
and AD

SVM 74.25 – There were very limited clinical trials of computational
techniques.AlexNet 85.14

VGG16 88.92
VGG19 90.02
GoogLeNet 87.29

[153] 2021 ADNI AD, EMCI,
LMCI and
NC.

2D CNN 93.61 1. For AD 3D CNN and MCI and NC in 2D CNN:
The highest Precision = 0.98 %.
2. For NC in 3D CNN:
The highest Recall = 98 %
F1 Score = 0.98

Additional pre-trained models and data augmentation
techniques were not evaluated, leaving their effectiveness
and limitations unexplored.

3D CNN 95.17
VGG19 97

[155] 2022 ADNI NC, MCI,
EMCI,
LMCI and
AD

ResNet18+
DenseNet201

Multiclass classification:
Overall accuracy: 98.8

Multiclass classification:
Precision = 98.94 %
Recall = 98.89 %

1. It should have considered multimodal input for better
EMCI-LMCI differences.

2. The base domain model from brain images suited the
target domain.

3. A large dataset was needed to reduce overfitting.
[157] 2022 ADNI CN, MCI,

and AD
AlexNet 89.95 1. The highest rates in the models:

EfficientNetB3:
Precision = 89.78 %
EfficientNetB2:
Sensitivity = 94.42 %
EfficientNetB3:
Specificity = 97.28 %
2. The highest sensitivity rate for the NC class:
VGG19 model: 93.80 %,
3. The highest sensitivity rate for the MCI class:
ResNet152 model: 89.00 %.
4. The highest precision rate for the NC:
VGG19 model: 90.98 %.
5. The highest precision rate for the MCI class:
Xception model: 88.54 %.
6. The highest specificity rate for the NC:
VGG19 model: 94.92 %.
7. The highest specificity rate for the MCI class:
ResNet101 model: 95.22 %.

1. Global databases were used due to limitations, often
being inadequate.
2. Hardware requirements posed challenges in DL studies.

EfficientNetB0 92.98
EfficientNetB1 91.91
EfficientNetB2 90.88
EfficientNetB3 90.93
EfficientNetB4 88.33
EfficientNetB5 89.91
EfficientNetB6 89.49
EfficientNetB7 87.12
LeNet 87.72
MobileNet 83.40
MobileNetV2 80.19
ResNet50 88.56
ResNet101 86.98
ResNet152 87.77
VGG16 89.72
VGG19 89.77
Xception 77.40

[62] 2022 ADNI CN and
AD

3D ResNet-20 AD vs. CN
Overall accuracy: 93.7

– 1. It is limited to tissue-labeled images andmay not apply
to other segmentation methods.

2. There’s no evaluation of overfitting or network
stability.

[162] 2023 ADNI AD, EMCI,
LMCI,
MCI, SMC,
and NC.

Modified
InceptionV3
named
AlzheimerNet

Overall accuracy: 98.6 Precision = 98.68 %
Recall = 98.68 %
Specificity = 99.74 %
F1-score = 98.68 %

It did not explore a hybrid model using fMRI and PET data
for AD stage diagnosis, limiting its scope.

[164] 2023 ADNI AD, MCI,
and NL

Alexnet +
Inception named
(D2)

(Slow5)
AD vs. NL: 96.61
AD vs. MCI: 82.67
NL vs. MCI: 81.87

94.3 Sensitivity
(%)

94.9 Specificity
(%)

0.966 AUC 1. Medical image classification is vital and has
challenges.

2. Existing methods lack universality and have issues.
3. Standard classification might not suit the real world.
4. The study used a small ADNI dataset.

81.1 80.1 0.844
79.8 75.47 0.822
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Table 4 (continued )

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

[165] 2023 ADNI AD, EMCI,
LMCI, and
NC.

MobileNet 96.22 1. for Final CN JPEG:
The lowest F1-score = 0.93.
2. Themacro average and weighted average of precision and recall are 96%.
3. The highest F1-score: 0.96

1. A small dataset may have affected accuracy.
2. A lack of discussion on augmentation.
3. Multi-modal fusion was not explored, limiting

comprehensiveness.

VGG16 91.66
DenseNet121 92.44
ResNet50 66.22

[167] 2023 ADNI NC, EMCI,
LMCI and
AD

Resnet18 Testing accuracy: 96.7
Validation accuracy: 73.9

Specificity: 94.32 %
Sensitivity: 66.74 %

The paper lacked optimal diagnostic accuracy, as
indicated by the classification accuracy achieved by
73.90 % on the ADNI database.

[168] 2023 ADNI LMCI, AD,
NC, and
EMCI.

Fine-tuned
GoogLeNet

Overall accuracy: 98 – Uncertainties existed regarding the usability and
effectiveness of the solution due to potential difficulties
faced by doctors when remotely accessing the interface.

[169] 2023 ADNI Class 0:
MCI,
Class 1:
AD,
Class 2:
CN,
Class 3:
Healthy
Person

CNN Overall accuracy: 95.82 1. Best in classifying the CN group, with a Precision of 93.7 %, Recall of 94.7
%, and F-score of 96.2 %.

2. Worst in classifying the MCI group, with a Precision of 90.7 %, Recall of
92.3 %, and F-score of 94.5 %.

1. Using Google Colab imposed limitations, including
resource constraints, temporary storage, idle timeouts,
and shared resources.

2. The study focused on AD data, limiting its
applicability to other medical classification issues.

3. Limited exploration of diverse datasets from various
domains affected the model’s generalizability.

[170] 2023 ADNI LMCI, AD,
NC, MCI,
and EMCI.

ResNet-50v2 Overall accuracy 91.84 1. The highest rates for AD class are:
Precision = 95 %.
Recall = 99 %
F1-score = 0.97.
2. The lowest rates for NC class are:
Precision = 75 %.
Recall = 76 %
F1-score = 0.76.

1. The study focused solely on AD diagnosis, neglecting
other dementia types with overlapping symptoms.

2. The absence of demographic features limited
prediction reliability.

3. Multimodal or ensemble models weren’t explored,
missing the potential for improvedmodel performance
and noise reduction.

[173] 2023 ADNI NC, and
AD

Multi-modality
CNN (named
Image Fused)

Overall accuracy: 98.9 Precision = 100 %
Recall = 99 %
F1-score = 0.99

1. Limited exploration of fMRI data integration.
2. Lack of clinical and genetic data integration.
3. Emphasis on simulation over real-world application.
Improvement is needed in noise removal and feature
extraction methods.
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8. Challenges and open research directions

Balancing model complexity and clinical relevance is essential to
obtain an optimal AD diagnosis using DL, which offers promise in AD
diagnosis. This section addresses RQ6 and explores the main remaining
challenges that hinder the optimal utilization of deep learning for AD
diagnosis. Fig. 27 presents a breakdown into five key challenges as
follows.

8.1. availability and generalizability of large datasets

The effectiveness of both ML and DL algorithms in disease diagnosis
heavily depends on the availability of high-quality training models.
Additionally, the scarcity of annotated data presents a significant chal-
lenge in AI-based medical diagnosis [174]. Despite the presence of on-
line datasets like ADNI and OASIS, the limited availability of medical
data hinders progress [175]. Achieving high generalizability and
ensuring patterns extend to broader contexts remain difficult due to data
privacy constraints, impacting the reliability of model predictions for
new, unseen data. While data enhancement and transfer learning tech-
niques mitigate over-fitting, the shortage of sufficient data samples may
still lead to generalization issues [176]. Table 7 provides an overview of
the most frequently used private and public AD datasets.

8.2. overfitting problem

Overfitting occurs when the model is trained on data that contains
noise and excessive, irrelevant details. Additionally, using an insuffi-
cient amount of training data can lead to overfitting. Increasing the
volume of available data is a recommended solution to address this issue
[177]. To alleviate this issue, the dropout can drop the units (i.e., hidden
and visible) in a neural network [178].

8.3. black box challenges

While ML and DL methods hold promise for brain disease diagnosis
and predictions, they often lack transparency, making it challenging to
understand their internal workings clearly [179]. One of the trending
issues is the "black box" problem. Neural networks often likened to black
boxes that transform input into output, are frequently employed in
machine learning techniques [180]. While the mathematics behind
constructing a neural network is straightforward, comprehending the
intricate process by which it produces outputs can be challenging. ML
algorithms collect vast amounts of data, identify patterns, and create
predictive models. However, gaining a clear understanding of the inner
workings of these models remains a challenge [181]. It cannot provide
specific reasons or explanations for selecting particular features during
the training process or for the variations in performance—whether high
or low. Furthermore, it doesn’t elucidate how the relationships within
the training data are reflected in the feature selection process [182].

Recently, XAI has emerged as a crucial tool for enhancing the
transparency of AI-based systems. The primary objective of XAI is to
provide methods that produce more interpretable models while main-
taining high performance levels. In the context of brain disease diag-
nosis, identifying suitable XAI approaches [183–185] can contribute to
verified predictions, improved models, and new insights. Ultimately
leading to more reliable and trustworthy brain disease detection
systems.

8.4. interoperability and collaboration

In brain disease detection, numerous approaches exist for AI-based
hardware and software solutions. However, manufacturers’ differing
rules, regulations, and interfaces can lead to interoperability issues
[186]. To mitigate this issue, collaborative efforts involving healthcare
providers, manufacturers, and AI scientists are essential for improving
brain disease treatment quality and mitigating data scarcity. Leading
global health organizations like the World Brain Alliance, World Health

Table 5
A critical summary of the works that utilized the OASIS dataset.

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

[133] 2018 OASIS Non-demented, Very mild
dementia,
Mild dementia and
Moderate dementia

CNN
(M1+M2+M3)

Overall
accuracy:
93.18

Precision: 94 %
Recall: 93 %
F1-score: 0.92

The dataset had 416 sMRI data points, but a
larger dataset is essential for effective DNN
training.

[139] 2020 OASIS CDR-0 (NoDementia),
CDR-0.5 (Very Mild
Dementia),
CDR-1 (Mild-Dementia),
and CDR-2 (Moderate AD)

SCNN inspired by
VGG16

Overall
accuracy:
99.05

– 1. There was a smaller number of annotated
data.

2. Preprocessing steps such as skull
stripping, segmentation, and
normalization had convoluted
parameters, which were the big problems
in dealing with many parameters
correctly.

[156] 2022 OASIS No Dementia, Very Mild
Dementia, Mild Dementia,
and Moderate AD

Deep triplet
network inspired
by VGG16

Overall
accuracy:
99.41

– The lack of image samples in the datasets
caused over-fitting and deteriorated the
performance of DL models.

[163] 2023 OASIS ND, MoD, MD, and VMD. CNN Testing: 99.68
Training:100
Validation:
99.27

Sensitivity: 100 % 1. The study did not explore AD prediction
variations across stages or ages.

2. It lacked investigation of advanced data
mining algorithms and diverse datasets.

Specificity: 100 %
AUC: 100 %

[171] 2023 OASIS Mild Demented, Moderate
Demented, Non-
Demented, and Very Mild
Demented

Inception V3 Overall
accuracy: 89

1. The highest results for
"very mild demented" are
specificity, sensitivity, and
recall, which are all 100%.

2. The lowest precision for
"Moderate Demented": 78
%

3. The lowest recall and F1-
score for "Mild Demented"
are 0.79 and 0.82,
respectively.

1. limited exploration of the impact of
various transfer learning models on AD
detection accuracy.

2. The study’s narrow focus on specific
imaging data (MRI) may have hindered a
more comprehensive approach by
integrating other data types like PET
scans.
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Table 6
A critical summary of the works that did not utilize ADNI or OASIS datasets.

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

[134] 2019 ADNI +
Milan

HC, s-MCI, c-MCI and AD CNN HC vs. AD: 98.2
c-MCI vs. s-MCI:
74.9
c-MCI vs. HC: 87.7
s-MCI vs. HC: 76.4
AD vs. c-MCI: 75.8
AD vs. s-MCI: 86.3

1. For AD vs. HC
classification, the
highest rates are:

Sensitivity = 98.1 %
Specificity = 98.3 %
2. For the AD vs. c-MCI

classification:
The lowest sensitivity =

74.8 %.
3. For the c-MCI vs. s-MCI

classification: The
lowest specificity = 74.9
%.

1.Future c-MCI presence was not
excluded among s-MCI.
2. Longer follow-ups could have

enhanced the diagnosis and the
algorithm.

3. The model needed testing with
various biomarkers for dementia
prediction.

4. Typical AD presentations need
effective diagnostic tools.

5. Preclinical phase accuracy testing
and general population screening
were needed for risk identification.

[149] 2021 Kaggle MD, MOD, ND, and VMD. CNN (named
DEMNET)

Overall accuracy:
95.23

Precision = 96 % 1. The omission of pre-processing steps
such as skull stripping and intensity
normalization without thorough
may have impacted the model’s
effectiveness.

2. The study didn’t explore the
potential benefits of fine-tuning pre-
trained convolutional layers, which
could have enhanced the base
model’s performance.

Recall = 95 %
F1-score = 95.27 %
AUC = 97 %

ADNI NC, EMCI, LMCI and AD Overall accuracy:
84.83

AUC = 95.62 %

[150] 2021 GARD NC and AD CNN + DNN LH-DNN: 94.82 Precision = 97 % 1. It depended on the accuracy of
previous localization and volume
estimation methods.

2. There was validation on a small
dataset.

Recall = 86 %
F1-score = 91 %

RH-DNN 94.02 Precision = 100 %
Recall = 81 %
f1-score = 90 %

[154] 2022 Kaggle
AD
dataset1

MildDemented,
ModerateDemented,
NonDemented, and
VeryMildDemented

DCNN and
VGG16 (as
feature
extractor)

Overall accuracy
90.4

Precision = 90.5 % The dataset was limited in size and
diversity, potentially impacting the
model’s ability to generalize its findings
to broader populations or data
distributions.

Recall = 90.4 %
AUC = 96.9 %
F1-score = 0.904

Kaggle
AD
dataset2

non-demented, mild
demented, and very mild
demented

Overall accuracy
71.1

Precision = 71 %
Recall = 71.1 %
AUC = 85 %
F1-score: 0.71

[159] 2022 Kaggle MD, MoD, ND, and VMD. Modified
AlexNet named
ADDTLA

Overall accuracy
91.70

Sensitivity = 93.7 % 1. Limited model accuracy analysis and
fine-tuning.

2. It ignored alternative pre-trained
networks and architectures.

3. Findings were possibly limited due
to dataset choice.

Specificity = 96 %
Precision = 91.5 %
F1 score = 0.925

[160] 2022 Kaggle dementia, very mild
dementia, mild dementia,
and moderate dementia

Cascade-
ResNet-18

The accuracy of the
quaternary
classification:
99.02

Precision = 99.02 % 1. Lack of skull alignment and
subtraction in MRI preprocessing
may impact results.

2. The absence of patient history
information limits contextual
connections with medical records.

[161] 2022 MIRIAD NC and AD 3D-CNN Test accuracy:
99.79

Precision = 100 % 1. Limited to a two-class classification
task.

2. It relied on patch size for improved
accuracy.

3. There was no exploration of
alternative neuroanatomical
computation extraction methods,
potentially limiting generalizability.

AUC = 100 %

[166] 2023 ADNI+
OASIS

AD-positive and AD-negative Modified
MobileNet
(Federated
approach)

83.97 Precision = 74.29 % Computational cost and limited
classification of AD-positive and AD-
negative without distinguishing AD sub-
stages were not discussed.

Sensitivity = 61.90 %
Specificity = 92.11 %

[172] 2023 Kaggle Non-demented, very mild
demented, mild demented,
and moderate demented

Fully
customized
CNN

94.77 1. The customized model
achieved the highest
rates in: Precision =

92.75 % Recall = 95 %
F1-score of 0.948
2. VGG16 achived the

highest AUC = 99.3 %.
3. The Xception model

achieved the lowest
rates in:

Precision = 91.51 %
Recall = 91.41 %

1. A small number of images compared
to traditional DL applications.

2. Class imbalance resulted from the
unequal number of images in each
class.

(continued on next page)
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Professions Alliance, and the World Health Organization could collab-
orate with international AI groups to tackle these challenges [187].

8.5. medical data processing

As mentioned earlier, AI applications often face hardware limita-
tions, especially when dealing with medical data, due to the need for
lossless data preservation. This becomes more critical as increased
processing power demands more memory and computational resources
[188]. Image pre-processing is a major concern, as its both
time-consuming and space-intensive. Interestingly, object detection
techniques can achieve high-accuracy AD prediction without
pre-processing. Future efforts could focus on these methods to reduce
overhead and costs. With the typically large volume of data used for
brain disease detection, diverse data sources, and real-time sensor data,
data processing platforms encounter significant challenges in effectively
managing and maintaining generated data [189].

9. Main research key findings

9.1. Frequently use of CNN pre-trained AD diagnosis models

To highlight the prevalence of some models in academic literature,
shedding light on the popular choices in this field. It is important to note
that these models may often be modified, fine-tuned, customized, or
integrated with other models to suit the specific requirements of AD
diagnosis and detection studies. Therefore, we extensively investigated
the most utilized models by supreme papers published in highly ranked
publishers (such as, Science Direct, IEEE, and Springer). This review
leverages the latest research by focusing on articles published within the
past ten years (2013–2023). As shown in Fig. 28, the number of articles
published in Science Direct outperformed other publishers in the context
of AD detection. While VGG is the most utilized model, mobileNet is
employed the least among the studied architectures. The best explana-
tion of this utilization is the best-achieved performance via the VGG
model.

9.2. ADNI vs OASIS datasets: a decade-long review (2013–2023)

The most commonly used publicly available online data sources are
ADNI and OASIS. Therefore, from 2013 to 2023, we searched for orig-
inal papers that utilized these two datasets from three highly reputable
scientific databases: Science Direct, IEEE, and Springer. We carried out
two search campaigns using defined keywords. First: ("Alzheimer’s
disease" OR "AD") AND ("Alzheimer’s Disease Neuroimaging Initiative"
OR "ADNI"). Second: ("Alzheimer’s disease" OR "AD") AND ("Open Ac-
cess Series of Imaging Studies" OR "OASIS"). As depicted in Fig. 29, ADNI
is consistently used more frequently than OASIS across these publishers,
suggesting its wider usage and relevance in academic research during
this decade. Additionally, the analysis of the studies demonstrated that

Table 6 (continued )

Ref Year Dataset Classes Algorithms Results Limitation

Acc (%) Other

AUC = 97.54 %
F1- score = 0.915.

Fig. 27. Challenges and future directions in AD literature.

Table 7
AD Dataset state.

Datasets State

ADNI Public
OASIS Public
MILAN Private
NACC Public
GARD Private
MIRIAD Public
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papers published in Science Direct journals are more than other pub-
lishers. Therefore, By analyzing these papers, researchers can explore
and identify promising techniques for early AD detection in Science
Direct.

9.3. MRI vs. PET

As illustrated in Fig. 30, MRI is the dominant imaging technique
employed in AD detection studies. This dominance is because of the cost
associated with radiopharmaceuticals required for PET scans [187].

9.4. Deep learning models

Fig. 31 Our analysis of 45 papers (Fig. 31) identified that the ResNet
model and CNN models are the most prevalent DL architectures
employed in AD diagnosis. VGG and other architectures were also uti-
lized, although to a lesser extent. These models were employed in
various versions and dimensions to achieve accurate classification, often
customized, fine-tuned, or integrated with other models.

10. Conclusion

In this paper, we provided an extensive survey of the recent attempts
to diagnose AD using DL. We particularly focus on the role of imaging

Fig. 28. Frequently used CNN pre-trained AD diagnosis models in Science Direct, IEEE, and Springer from 2013 to 2023).

Fig. 29. Number of papers in the ranked scientific databases according to AD datasets from 2013 to 2023.
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modalities and preprocessing techniques in enhancing image quality for
accurate AD diagnosis. Furthermore, we conducted a comparative
analysis of recent research to clarify the latest DL developments.
Therefore, one of the main findings from this survey, compared to other
publishers, is that the papers published in Science Direct journals are the
most utilized CNN pre-trained models and datasets in the last decade.
Furthermore, the study showed that MRI imaging techniques have been
utilized more than other techniques. Moreover, the survey presented
practical implications and open research directions for diagnosing AD.

Nevertheless, the absence of comprehensive medical records and
datasets in Arabic countries poses a significant challenge for AD diag-
nosis in Arab countries. Addressing this gap is crucial and will contribute
to raising awareness and fostering local expertise in Alzheimer’s
research within the Arab healthcare landscape. Therefore, one of our
primary focuses is creating an Iraqi AD dataset for patients from
different cities. This comprehensive dataset will facilitate the develop-
ment and validation of AI models specifically tailored for the diagnosis

of AD in the Iraqi population. Finally, we believe that this survey helps
as a valuable resource for researchers in the AD context and acknowl-
edges the existing challenges.

10.1. List of acronyms

Table 8 presents the list of acronyms used in this article.
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