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Abstract: Alzheimer’s disease (AD) is a neurological disorder that significantly impairs cognitive
function, leading to memory loss and eventually death. AD progresses through three stages: early
stage, mild cognitive impairment (MCI) (middle stage), and dementia. Early diagnosis of Alzheimer’s
disease is crucial and can improve survival rates among patients. Traditional methods for diagnosing
AD through regular checkups and manual examinations are challenging. Advances in computer-
aided diagnosis systems (CADs) have led to the development of various artificial intelligence and
deep learning-based methods for rapid AD detection. This survey aims to explore the different
modalities, feature extraction methods, datasets, machine learning techniques, and validation meth-
ods used in AD detection. We reviewed 116 relevant papers from repositories including Elsevier (45),
IEEE (25), Springer (19), Wiley (6), PLOS One (5), MDPI (3), World Scientific (3), Frontiers (3), Peer] (2),
Hindawi (2), IO Press (1), and other multiple sources (2). The review is presented in tables for ease of
reference, allowing readers to quickly grasp the key findings of each study. Additionally, this review
addresses the challenges in the current literature and emphasizes the importance of interpretability
and explainability in understanding deep learning model predictions. The primary goal is to assess
existing techniques for AD identification and highlight obstacles to guide future research.

Keywords: Alzheimer’s disease; brain diseases; dementia; computer-aided diagnosis (CAD) system;
machine learning; deep learning

1. Introduction

There are various possible causes of Alzheimer’s disease, a progressive brain disorder
that affects memory, thinking, and behavior of elder age males and females. The exact
cause of Alzheimer’s is not fully understood, and it is likely that the disease is caused by
a combination of factors, including genetics, environmental influences, and lifestyle [1].
Dementia is a general term that is generated from Latin, with ‘de” indicating ‘apart” and
‘mentis” indicating ‘mind’. Dementia damages nerve cells, causing a decline in memory,
confusion, a decline in thinking and language skills, behavioral changes, and changes in
other mental abilities that eventually lead to death due to trauma [2]. Dementia is divided
into different categories, like Alzheimer’s, Lewy bodies, cardiovascular, frontotemporal
dementia, Parkinson’s disease dementia, and Wernicke-Korsakoff syndrome. Alzheimer’s
disease directly affects some parts of the brain that allow humans to perform common body
actions like hiking, swallowing, and eating. In many advanced states, it is one of the most
costly diseases, and it places physical and psychological burdens on caregivers. In an early
stage, the diagnosis of AD is necessary for proper treatment. Alzheimer’s disease (AD) is
uncommon in people at age 47. Earlier diagnosis mostly depends on the assessment of the
patient’s past time, medical report, or mental evaluation [3]. Currently, there are no nominal
and competent diagnostic tools accessible for diagnosing AD. There is no experiment that
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can verify whether a person has AD or not; while surgeons can assess whether an individual
has dementia or not, the actual reason can be hard to control. Dementia causes the brain
to lose mass, and the difference in size is clearly depicted in Figure 1 as a comparison
between a normal control (NC) brain, a mild cognitive impairment (MCI) brain, and an
Alzheimer’s disease (AD) brain. In individuals with normal cognition, there is typically
minimal to no significant brain shrinkage. Those with mild cognitive impairment (MCI)
might experience brain volume reductions of about 1-2% per year, which is faster than
normal aging. However, individuals with Alzheimer’s disease experience brain volume
reductions of approximately 3-5% per year. Specific regions, such as the hippocampus, can
shrink even faster, sometimes up to 10-15% per year in advanced stages.
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Figure 1. Alzheimer brain structure differences with the progress of brain diseases: normal control,
mild cognitive impairment (MCI) brain, and an Alzheimer’s disease (AD) brain.

According to the Alzheimer’s Association, Alzheimer’s disease is the sixth leading
cause of death in the United States [4]. As of 2021, it is estimated that there are approxi-
mately 6 million Americans living with Alzheimer’s disease, and this number is expected
to increase to almost 14 million by 2060 [5]. Additionally, it is estimated that one in three
seniors die with Alzheimer’s disease or another form of dementia. These statistics high-
light the importance of increasing awareness and funding for research into the prevention,
treatment, and cure of Alzheimer’s disease. One of the main factors that is thought to
contribute to the development of Alzheimer’s is age. The risk of developing Alzheimer’s
increases with age, and the disease is most common in people over the age of 65 [6]. Other
potential causes of Alzheimer’s include the following:

e  Genetics: Certain genetic variations have been identified that may increase the risk of
developing Alzheimer’s.

e  Environmental factors: Exposure to certain toxins or head injuries may increase the
risk of developing Alzheimer’s.

e  Lifestyle factors: Poor nutrition, lack of physical activity, and other unhealthy lifestyle
habits may increase the risk of developing Alzheimer’s.

e  Medical conditions: Certain medical conditions, such as high blood pressure, diabetes,
and high cholesterol, may increase the risk of developing Alzheimer’s.
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Nowadays, deep learning has been successfully applied to various tasks in medical
image analysis, such as image classification, object detection, and segmentation. Therefore,
researchers are focusing more on DL models to improve the performance of medical
applications and reduce the time and cost of the diagnostic process. Multiple reviews and
surveys have been published on Alzheimer’s disease and diagnosis methods to help new
researchers propose a novel method. Saleem et al. [7] reviewed the most recent datasets and
biomarkers used for diagnosis of Alzheimer’s disease. Researchers have reported that deep
learning techniques such as feed-forward DNN, CNN, AE, RNN, DBN, GAN, and hybrid
DL are widely used for AD diagnosis. The imaging modalities MRI, fMRI, {NIRS, FDG-
PET, amyloid-PET, Tau-PET, EEG, and MEG are important for the AD diagnosis process.
Khojaste-Sarakhsi et al.’s [8] survey covers a comparative analysis of 90 published papers
that present deep learning architectures. Another review [9] was conducted to review
Alzheimer’s disease detection models built using federated learning. Federated learning
allows hospitals to train these models together without sharing private patient data. The
study analyzes existing models, including their design, data use, and challenges for future
improvement. Researchers [10] developed a standardized set of filters for radiomics, a
field that extracts features from medical images. This improves the reliability of radiomics
tools used by doctors. They identified eight filter types and created reference images and
feature values for verification. A web tool allows software developers to check their tools
for compliance with the standards.

In this review, self-supervised learning and explainable model attention mechanisms
are considered. This review provides recommendations for conducting new research
targeting Alzheimer diagnosis. Taneveer et al. [11] reviewed 165 papers on Alzheimer’s
disease published between 2005 and 2019. Support vector machines (SVMs), artificial
neural networks (ANNSs), deep learning (DL), and ensemble methods are the primary areas
under which machine learning approaches are evaluated. Amir et al. [12] presented the
most recent findings and trends after conducting a thorough literature evaluation of more
than 100 articles. Regarding handling neuroimaging data arising from single-modality
and multimodality investigations, they review useful biomarkers and features (personal
information, genetic information, and brain scans), the necessary pre-processing stages, and
various approaches. Similarly, Al-Shoukry et al.’s [13] mini-review paper covers Alzheimer
datasets, diagnosis technique biomarkers, and neuroimaging techniques for image analysis.
Motivated by previously published work, we present the latest review to cover brain
imaging modalities, feature extraction techniques, datasets, proposed methods, tools,
evaluation measures, and validation techniques. The remainder of the paper is organized
as follows: Section 2 presents search strategies. Section 3 presents details on datasets widely
used in Alzheimer’s disease detection. Section 4 covers SVM-based machine learning
applications for Alzheimer’s disease. Section 5 presents deep learning approaches for AD
detection. Sections 6 and 7 present the discussion and the review paper’s outcomes.

2. Search Strategy

We searched for important research papers using Google scholar, Scopus, Web of
Science, PubMed, and ScienceDirect, which are all freely available services. Research
papers that did not cover classification performance were excluded. Our search query was
designed as follows: “(Alzheimer OR dementia) AND (disease OR sickness OR illness
OR disorder) AND (detection OR classification OR detect) AND (technique OR method
OR approach OR framework OR trends)”. We also designed specific inclusion/exclusion
criteria for papers, as presented in Figure 2.

By using a combination of synonyms and related terms connected by OR, the query
ensures a wide coverage of relevant papers, capturing different terminologies used by
various researchers. The use of AND ensures that all aspects of the query must be present
in the papers, thereby narrowing down to studies specifically discussing the detection and
classification of Alzheimer’s or dementia. Including terms like “technique”, “method”,
“approach”, “framework”, and “trends” helps in pinpointing papers that delve into the
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technical aspects of detection and classification, which are crucial for understanding the
performance and efficacy of these methods. The search strategy ensures that a wide
range of relevant literature is included, avoiding the exclusion of important studies due
to varied terminology; focuses on the core areas of interest—detection and classification
techniques—ensuring the gathered papers are pertinent to the review; and helps in quickly
filtering out irrelevant papers that do not discuss classification performance, thus saving
time during the review process.

r—| Papers which are written in English. — Papers which are not written in English.
. . Papers which did not target the Alzheimer disease
— Papers published from year 2015 till current date. L4 ap ) 8
detection.
o | | Papers which are available in journals, conferences, © | | Papers without peer-reviewed and which are available in
e proceedings of conferences. = preprint or draft are excluded.
() ()]
= 5
= | | Papers which have presented improved or customized b | | Papers which did not evaluate the performance of
: Alzheimer disease detection p proposed/used techniques.
o 2
wv | | Papers with machine learning technique such as CNN, SVM, w | | Papers without machine learning technique such as CNN,
E and any ensemble model are included. % SVM, and any ensemble model excluded.
(& ]
- xX
— | | Papers with benchmark dataset such as ADNI, OASI or any w | | Papers without describing dataset such as ADNI, OASI or
private dataset are included. any private dataset are excluded.
Papers mentioning results in terms of accuracy, sensitivity, Papers without mentioning results in terms of accuracy,
'H and specificity in the abstract, results, or conclusion “~ sensitivity, and specificity in the abstract, results, or
sections are included. conclusion section are excluded.

(a) (b)

Figure 2. (a) shows the inclusion criteria, and (b) depicts the exclusion criteria of conducting this review.

The search query returned the following results: Google Scholar (22,200), Science
Direct (33,838), Scopus (11,123), PubMed (3963), and Web of Science (1386). After the
application of predefined inclusion/exclusion criteria, we retrieved 106 research papers
from Elsevier (45), IEEE (25), Springer (19), Wiley (6), PLOS One (5), MDPI (3), World
Scientific (3), Frontiers (3), Peer] (2), World Scientific (3), Hindawi (2), IO press (1), and
some other multiple sources (2).

3. Alzheimer Datasets

Several datasets are publicly available that are used by researchers to evaluate
Alzheimer methods.

3.1. ADNI Dataset

In 2003, the “ADNI dataset” was established as a publicly available dataset on its
website [14]. The ADNI dataset provides all information about patients having AD or
not and mild cognitive impairment (MCI). It mainly considers observing various affected
person information like the time of life, gender, and education. The ADNI dataset is used
to detect AD at an early stage. The core purpose of the ADNI dataset is to test MRI(t) and
PET biomarkers and to perform scientific and cognition psychophysiology evaluation in
combination to assess the progression of mild MCI [13].

ADNI offers a wealth of information beyond just diagnoses. It includes MRI and
PET scans, genetic data, cognitive test results, and cerebrospinal fluid (CSF) analysis. This
multimodal approach allows researchers to look for a combination of factors that might
indicate early AD. ADNI has been collecting data since 2004, with participants undergo-
ing repeated assessments over time. This longitudinal aspect is crucial for capturing the
gradual progression of Alzheimer’s and identifying subtle changes that might precede
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major symptoms. The richness of ADNI data can also be a challenge. Analyzing and
integrating information from various sources requires sophisticated techniques and exper-
tise. Alzheimer’s is presented differently in individuals. The ADNI dataset may not fully
capture this variability, potentially limiting the generalizability of findings.

3.2. OASIS Dataset

The OASIS dataset is based on a group of 416 individuals ranging in age from 18 to
96 [15,16]. Three or four distinct T1-weighted MRI scans performed in a single scan session
are presented for each subject. Men and women, both right-handed, are represented among
the subjects. One hundred of the over-60 participants had received a clinical diagnosis
of very mild to moderate Alzheimer’s disease (AD). A reliability dataset is also supplied,
which contains 20 nondemented participants who were photographed 90 days after their
initial session on a second visit. OASIS provides MRI scans and some clinical data at no
cost, making it a good starting point for researchers, especially those with limited budgets.
The OASIS dataset includes individuals across a spectrum of cognitive function, from
healthy to those with Alzheimer’s. This allows researchers to study the progression of brain
changes associated with early decline. OASIS primarily focuses on MRI scans, lacking
the richness of data offered by ADNI (PET scans, genetic data, etc.). This can limit the
ability to explore the multifaceted nature of Alzheimer’s. OASIS has fewer participants
overall, and specifically fewer with early-stage Alzheimer’s. This can lead to issues with
statistical power when detecting subtle early changes. The selection criteria for OASIS
participants might not perfectly reflect the broader population, potentially introducing bias
into the findings.

3.3. The Harvard Medical School Dataset

The HMS dataset includes T2-weighted brain MIR data [17]. The size of these images
is 265 by 256 pixels. These 613 images are divided into two Alzheimer’s disease classes;
27 images belong to the normal class, and 513 to the abnormal. The normal class has two
cases, while the abnormal class has forty cases. In the present HMS dataset, abnormal
images are related to provocative diseases, neoplastic, degenerative, and cerebrovascular.
HMS specifically targets individuals deemed non-cognitively impaired at baseline. This
focus on the early stages of Alzheimer’s makes it directly relevant for early detection
research. HMS includes data collected over multiple years, allowing researchers to track
changes in brain function and structure as participants progress. This longitudinal aspect
is crucial for capturing the early stages of Alzheimer’s disease. The HMS dataset is freely
available, promoting collaboration and wider participation in early detection research.
Compared to ADNI and OASIS, HMS is a newer project. This means there might be less
data available at present, limiting the scope of analyses. While the HMS website mentions
a publicly available dataset, details about specific data types and access procedures might
be less readily available compared to established resources like ADNI and OASIS.

3.4. Max Planck Institute Leipzig Mind-Brain-Body Dataset

“This dataset is publicly available and includes 227 healthy participants comprising
a young (N =153, 25.1 & 3.1 years, range 20-35 years, 45 female) and an elderly group
(N =74, 67.6 = 4.7 years, range 59-77 years, 37 female) acquired cross-sectionally in Leipzig,
Germany, between 2013 and 2015 to study mind-body—emotion interactions. During a two-
day assessment, participants completed an MRI at 3 Tesla (resting-state fMRI, quantitative
T1 (MP2RAGE), T2-weighted, FLAIR, SWI/QSM, DWI) and a 62-channel EEG experiment
at rest. During task-free resting-state fMRI, cardiovascular measures (blood pressure, heart
rate, pulse, respiration) were continuously acquired.

Techniques like image flipping and rotation can artificially expand datasets and reduce
overfitting. Assigning higher weights to the under-represented class during training can
balance the model. Pre-training models on a larger, more diverse dataset can improve
performance on smaller datasets like ADNI or OASIS. Testing the model on completely
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independent datasets ensures generalizability and reduces bias. The specific methods for
ensuring data reliability and validity can vary depending on the dataset (ADNI, OASIS,
HMS) and the research itself. However, researchers generally employ several strategies to
address these concerns. Researchers [13] verify the credibility of the data source itself. For
established datasets like ADNI and OASIS, this might involve reviewing the institutions
and protocols behind data collection. Techniques are used to identify and address errors,
inconsistencies, or missing values within the data. Researchers [13] perform initial analyses
to visualize the data and identify any outliers or unexpected patterns that might indicate
data quality issues.

4. Feature Selection and Extraction with SVM

Feature-selection-based methods normally play an essential part in classifying data.
Similarly, various features are merged to form a single vector in different studies [18,19].
In a study [20], an SVM-based classifier is utilized for the accurate classification of AD
subjects using brain volume and clinical data. Subjects were randomly assigned to a
training group (AD = 46, normal = 46) and a testing group (AD = 45, normal = 46) for
SVM modeling and validation, respectively. The highest result was 62.64% accuracy
using the hippocampus volume alone. Mendonga et al. [21] proposed a novel method
using graph kernels constructed from texture features captured from sMR images. In this
approach, FreeSurfer was first used to segment MR brain images into various regions.
Then, three different methods were used to extract 22 texture features, and the probability
distributions of those features were used to determine the graph-node properties. With
the use of extracted sagittal plane slices from 3D MRI images, a study [22] presented a
DL model for all-level feature extraction and fuzzy hyperplane-based least square twin
support vector machine (FLS-TWSVM) for the classification of the derived features for
early diagnosis of AD (FDN-ADNet). In another study [23], for better prediction of AD, an
ensemble-based generic kernel is proposed where master—slave architecture is hybridized
to achieve optimum performance. The proposed model is an ensemble of Extreme Gradient
Boosting, Decision Tree, and SVM_Polynomial kernel (XGB + DT + SVM). In a study [24],
the application of a fully automatic CAD system based on supervised learning techniques to
segmented brain magnetic resonance imaging (MRI) from ADNI participants for automatic
categorization was suggested. Two important qualities of the suggested CAD system are its
optimal performance and visual aids for decision-making. In [25], a system for combining
edge and node characteristics for AD classification using multiple kernels is presented.
Using ten-fold cross-validation, an assessment of the proposed method was carried out
using MRI scans of 710 participants (230 healthy control (HC), 280 MCI (including 120 MClIc
and 160 MClInc), and 200 AD participants) from the Alzheimer’s disease neuroimaging
project database. Long et al. [26] presented a machine learning approach to compute
and analyze the regional morphological changes of the brain between groups in order to
distinguish patients with AD or moderate cognitive impairment (MCI) from healthy old and
to predict AD conversion in MCI patients. An embedding algorithm and a learning strategy
for classification were used after a symmetric diffeomorphic registration to calculate the
distance between each pair of subjects.

The research presented in [27-29] focuses on finding the most effective model for
detecting biomarker genes associated with AD using several feature selection methods,
including mRMR (Minimum Redundancy Maximum Relevance) and ReliefF. By comparing
these methods with an SVM classifier, these studies assessed the efficiency of feature selec-
tion techniques like mRMR, CFS, the chi-square test, F-score, and GA, using a benchmark
AD gene expression dataset of 696 samples and 200 genes.

We selected 53 studies based on SVM-based techniques; all technique, year, modality,
feature extraction, dataset, method, tool, measure, and validation details are presented in
Table 1.
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Table 1. Comparison of cutting-edge systematic review research in terms of modality, feature

extraction, datasets, methods, tools, evaluation metrics, and validation.

Feature

#  Reference Year Modality Extraction Dataset Method Tools Measures Validation
Khedher Acc =77.62;
1. , 2015  sMRI(T1) VBM + fast ICA ADNI SVM (linear) _ Sens = 80.27; 2-fold
etal. [24], Spec = 74.49
Cabral et al Acc = 80.0;
2. © 2015 FDG-PET VI ADNI SVM, GNB _ Sens = 83.4; 10-fold
[30] Spec =76.4
3. Schmitter 55,5 VRY (T VBM + VolBM ADNI SVM (linear) Sens = 86; LOOCV
: etal. [31] - Spec =91
g, Zhangetal o5 \Rperi)  VOIBM + 3SDDWT B SVM (RBF) MATLAB Acc =81 5-fold
[19] +PCA
Acc =92.75;
5. Zha“g etal. Hn15 sMRI (T1) DF+PCA OASIS TWSVM MATLAB  Sens = 90.56; 10-fold
[32] Spec = 93.37
Zhang et al. SVM _
6. ) 2015  sMRI(T1) PCA OASIS (polynomial) MATLAB  Acc=92.36 10-fold
Xu et al Acc =92.1;
7. - 2015 sMRI Lasso features ADNI S-LSTSVM(RBF) ~ MATLAB  Sens = 92.52; 5-fold
[34] Spec =
pec = 92.07
g, Reticoetal 535 GVRI(TI)  VBM+SVM-RFE  ADNI SVM (linear - Acc=70.7; 20-fold
[35]
. Acc=92;
g, Ortizetal 555  FDG-PET+ VBM + SICE ADNI SVM (linear) - Sens = 96; 10-fold
[36] SMRI Spec = 86
10. Zh[‘;%t al. 9016 SMRI PIS ADNI TS-SVM _ Acc =825 10-fold
Khazaee Acc=87.29,
no oVl 206 rs-fMRI Atlas (NBF) ADNI SVM MATLAB 7707074 Hold-out
12. Suketal 5515 sMRI(TD), At ADNI DW-S2MTL, ] 10-fold
g [39] PET, CSF as SVM (linear) - Spec e °
Plocharsky Morpholgical ) Acc = _87.9f
13. etal. [40] 2016 sMRI (T1) features (length, ADNI SVM (linear) MATLAB Sens = 90; 10-fold
’ area, depth) Spec = 86.7
sMRI (T1) + Acc = 918:
14, Tomgetal 556 FDGPET+ Atlas ADNI NGF + SVM _ Sens=88.9;  Leave-p-ou
[41] CSF + o a7
genetics P '
Zhu et al. sMRI (T1) + SVM + LDA + _
15. [15] 2016 PET . CdF Atlas ADNI PP _ Acc =955 _
. Acc =93.85;
16. Alaﬁgﬁt al 9017 SMRI(T1)  VolBM +KPCA ADNI SVl\lfe(rfl‘glst)lple B Sens=92.1;  10-fold
Spec = 94.45
Liu et al Acc =94.65;
17. o 2017 sMRI (T1) Atlas ADNI MKBoost + SVM _ Sens = 95.03; 10-fold
(251 Spec =91.76
Khedher Acc =87.12;
8. iy 2017 sMRI(TD) ICA ADNI SVM(RBF) _ Sens = 89.92; k-fold
) Spec = 83.98
Beheshti Acc =93.01;
19. 2017 sMRI (T1) VBM+GA ADNI SVM (linear) _ Sens = 89.13; 10-fold
etal. [44] Spec = 96.8
Long et al Acc =97.1;
20. © 2017  sMRI(T1) MDS+PCA ADNI SVM (linear) MATLAB  Sens = 93.85; 10-fold
[26] Spec = 87.37
21. eTta,;g?ig] 2017  sMRI(T1) VolBM ADNI SVM (linear) _ Acc =100 10-fold
. Acc = 88.52;
22, Asgarietal oh17 W count LIWC _ SVM+RF _ Sens = 84.60; 5-fold
[40] Spec = 92.20
. Acc=914;
23. H"Uﬁt;ft al 5oy rs-fMRI PCC+F-score ADNI SVM (linear) MATLAB  Sens = 83.24; 9-fold

Spe =90.1
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. Feature 4 es
#  Reference Year Modality Extraction Dataset Method Tools Measures Validation
Beheshti Acc=84.17;
2. Ol 2017 sMRI (T1) VBM (NBF) ADNI SVM _ Sens = 88.83; 10-fold
etal Spec = 79.00
Alam et al Acc =9385
25. [s] 2017 SMRI DTCWT/LDA ADNI TWSVM MATLAB Sens = 92.1; 10-fold
Spec = 94.45
Sun et al Acc=95.1;
26. Lo 2018 sMRI (T1) VBM+PCC ADNI Group lasso SVM  MATLAB Sens = 93.8; 5-fold
Spec = 83.8
Liuetal Acc =95.37;
27. [50] ) 2018 sMRI (T1) Atlas ADNI MKBoost + SVM _ Sens = 92.49; 10-fold
: Spec = 96.08
28. Ze‘%ﬁt al 2018 SMRI(T1) PCA e and ADNI SVM (RBF) _ Acc=825 10-fold
Basaia et al Acc=98.2;
29. 5] 2018 sMRI (T1) GM, WM, CSF ADNI CNN Python Sens = 98.1; 10-fold
Spec =98.3
.. Acc =97.08;
30. Lt"ﬂfnfgr;] 2018 sMRI(T1) VolBM ADNI ( Olsr‘fgfnial) _ Sens=98.09;  10-fold
etal I poly Spec = 96.07
Kamathe sMRI (T1, T2) SVM _
3L ol 2018 " PD ICA ADNI (polynomial) MATLAB Acc =100 _
32. Bi[g‘g]al' 2018 rs-fMRI PCC ADNI RSVM (RBE) _ Acc = 94.44 _
Mazaheri Sens = 80;
3. ol ] 2018 EEG TFRs _ SVM (RBF) _ Spec = 95 LOOCV
34, Paraskevaidi 5518 104 plasma PCA-LDA SVM MATLAB ~ Sens=84; LOOCV
" etal. [57] p - Spec = 86
Hett et al. Hippocampal . Sens = 93.4;
35. 58] 2018 SMRI (T1) dogments ADNI Fusion SVM MATLAB Spec = 876 10-fold
. Acc=96.1;
Peng et al. sMRI +PET +  Volume + mean SVM (multiple g
36. [59] 2019 SNP intensity features kernels) g;r;i _ 34713, 10-fold
Fritsch Linguistic 3
37, atal [60] 2019 data n-gram LST™M Acc=85.6 LOOCV
Gosztolya A ti . Acc =80,

38 tol 6%’] 2019 si‘gii ic MFCC _ SVM (linear) _ Specgz el 5-fold
39, XinBietal. 5519 FMRI ROI ADNI SVM, ELM,CNN  MATLAB Acc =94.44 5-fold
: [62] , , cc=94. -fo

40. MRSt al 2000 fNIRs B B DL, NN Python Acc=90 B
Acc =95.65;
41. Qaclhf&a] 2020 FMRI, MMSE ROI ADNI SVM MATLAB  Sens = 93.39; _
ctal Spec = 97.22
g, Burgos 2020 MRI, PET ROI ADNI SVM, CNN _ Acc 5-fold
etal. [65]
Sharma Acc=72,71,
8. by 202 MRI, PET ROI ADNI SVM _ 18, and 91 LOOCV
g4, Vichianin 555, MRI ROI ADNI SVM _ Acc = 62.64 _
etal. [20]
Mendonca _
5. oAl 1] 2022 MRI ROI ADNI SVM _ Acc=92 5-fold
46. Kha[gﬁt al. o0 MRI ROI ADNI SVM _ Acc = 89.77 10-fold
Sharma . Acc=7.15,
47. etal. [66] 2022 fNIRs - Private SVM _ 97.29 and 95 LOOCV
48. Arc[gf]t al. 9003 fNIRs - Private SVM _ Acc = 98.95 LOOCV
g9, Pasnoori 504 MRI - Kaggle SVM, MRMR _ Acc=832 10-fold

etal. [27]
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Table 1. Cont.
#  Reference Year Modality E)I:;:tcltl{: n Dataset Method Tools Measures Validation
50. Efgl‘“[};g? 2024 MRI ; Private SV, MRMR, B Acc=95.1 10-fold
51. jAeltSi’l\la.ngS]n 2024 MRI - Private SVI\I/{[’ehNé E%VIR’ _ Acc =83 10-fold
5 Pufi6 o al. 504 EEG ; SEG SVM _ Acc=985 10-fold
5. ol 2024 EEG SEG SVM, KNN _ Acc=955 5-fold

5. Deep Learning Approach Applications

Artificial neural networks (ANNSs) are largely adopted for machine learning models
that can model highly nonlinear patterns of data. Deep neural networks (DNNs) are
more complex neural networks with multiple convolution operations, batch normalization,
ReLU, and SoftMax functions. In this review, we will also discuss transfer learning, feature
extraction, and deep learning ensemble methods.

5.1. Transfer Learning

Samples from only a single domain are normally used in conventional machine learn-
ing models, but performance is affected badly when samples are very small. Transfer
learning is a method that makes use of samples from many auxiliary (related) domains
in addition to the target domain. To improve performance in differentiating MCI-C from
MCI-NC, Cheng et al. [70] presented a unique strategy for concurrently utilizing data from
the auxiliary domain (i.e., AD and NC) and unlabeled data. Li et al. [3] also transferred
knowledge gained from ADNI samples to the samples acquired locally through the sub-
space alignment algorithm. Orouskhani et al. [71] use a unique deep triplet network as a
metric learning strategy for Alzheimer’s disease detection and brain MRI analysis. Because
there are not enough samples, the suggested deep triplet network adds a conditional loss
function to increase the model’s precision. Chui et al. [72] proposed a generative adver-
sarial network (GAN) to generate additional training data in the minority classes of the
benchmark datasets. Kumar et al. [73] proposed a scheme for efficiently retrieving signifi-
cant characteristics from MRI (magnetic resonance imaging) medical images to diagnose
Alzheimer’s at the MCI level. They suggested a classification model that employs the
AlexNet architecture. Shanmugam et al. [74] presented a study that employed neuroim-
ages and transfer learning to identify early signs of AD and different phases of cognitive
impairment (TL). In this classification, 6000 photos from the ADNI database were used to
train and test three pre-trained networks, including GoogLeNet, AlexNet, and ResNet-18.

5.2. Feature Selection Techniques

Many techniques have been proposed for better feature selection (FS) from neuroimag-
ing data. Wang et al. [75] adopted a hybrid PSO with the artificial bee colony (ABC)
optimization algorithm along with a feed-forward neural network (FFNN). This technique
is utilized to deal with the problem of high dimensionality in whole-brain analysis by
extracting features from specific ROIs of the brain. Gorji et al. [76] proposed a novel and
effective technique based on pseudo-Zernike moments (PZMs) for the structural MRI-
based diagnosis of MCI in persons from AD and healthy control (HC) groups. To extract
discriminative information from the MR images of the AD, MCI, and HC groups, the
proposed technique employed PZMs. The data retrieved from the MRIs were classified
using two different artificial neural network types, based on learning vector quantiza-
tion (LVQ) networks and pattern recognition, respectively. Jha et al. [77] extract features
from an image and present the dual-tree complex wavelet transform (DTCWT). Principal
component analysis is used to reduce the dimensionality of the feature vector (PCA). To
separate AD and HC from the input MR images, the feed-forward neural network (FNN)
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is given the reduced feature vector. Liu et al. [78] present a deep multitask multichannel
learning scheme for AD classification using MRI data. In order to extract several image
patches around discovered landmarks, a data-driven method was used to retrieve dis-
criminative landmarks from MR images. Mahendran et al. [79] adopted a technique for
categorizing AD patients; a deep learning-based classification model with an embedded
feature selection strategy was applied. The data were preprocessed by performing quality
control, normalization, and downstream analysis before choosing the pertinent features.
EL-Geneedy et al. [80] proposed a pipeline based on deep learning for the accurate di-
agnosis and stage stratification of AD. The suggested analytic pipeline makes use of 2D
T1-weighted MR brain images and shallow convolutional neural network (CNN) archi-
tecture. In addition to a quick and precise AD diagnostic module, the suggested pipeline
offers both a global classification (normal vs. mild cognitive impairment (MCI) vs. AD)
and a local classification. Lahmiri et al. [81] introduced a convolutional neural network
(CNN) model to automatically extract deep traits from magnetic resonance images (MRIs)
without the need for any prior assumptions. Filtering is also used to reduce the number
of features, and the k nearest neighbors (kNN) algorithm is used to distinguish between
AD subjects and healthy control (HC) subjects. The Bayesian optimization (BO) algorithm
is used to optimize the kNN. In a study [82], a hybrid EEG-fNIRS model for categorizing
four classes of participants, comprising two groups of AD patients and two groups of
healthy controls (HCs), was proposed. A linear discriminant analysis (LDA) classifier
was used to assess the performance of EEG-derived and fNIRS-derived features after they
had been sorted using a Pearson correlation coefficient-based feature selection (PCCFES)
technique. In [83], the hybrid EEG-fNIRS was used in developing machine learning (ML)-
based classification models to categorize four subject groups, including healthy controls
(HCs) and three AD patient classes. For the multiclass classification using the fNIRS and
EEG characteristics, a conventional neural network and a hybrid CNN and LSTM net-
works were developed. To implement binary and ternary illness classification models,
three-dimensional convolutional neural networks (3D-CNNs) [84] were combined with
magnetic resonance imaging (MRI). In order to compare the deep learning performances
of 3D-CNN, 3D-CNN support vector machine (SVM), and two-dimensional (2D) CNN
models, the dataset from the Alzheimer’s disease neuroimaging initiative (ADNI) was
employed. In [85], the use of deep neural networks, in particular CNNs combined with
saliency maps, trained on power modulation spectrogram inputs to find optimal patches
in a data-driven manner, was proposed. Experiments were performed on EEG data ac-
quired from 54 participants, including 20 healthy controls, 19 patients with mild AD, and
15 moderate-to-severe AD patients. Alzheimer’s disease (AD) poses significant challenges
in early diagnosis, particularly in the mild cognitive impairment stages. Combining MRI
and PET imaging can enhance diagnostic accuracy by leveraging MRI's structural insights
and PET’s physiological data. This paper introduces a multimodal fusion approach using
discrete wavelet transform (DWT) and a pre-trained VGG16 neural network to optimize
image analysis, reconstructing fused images with inverse DWT and classifying them using
a vision transformer. An evaluation of the approach on the ADNI dataset achieved notable
accuracies: 81.25% for MRI and 93.75% for PET in distinguishing AD from early and late
mild cognitive impairment stages. Another paper [86] introduces a multimodal fusion
approach utilizing the discrete wavelet transform (DWT) to analyze neuroimaging data.
The optimization of this method is enhanced through transfer learning with a pre-trained
VGG16 neural network.

The study [87] employs a spectral graph attention model to aggregate node embed-
dings within and between clusters of normal and diseased populations. This is followed by
a bilinear aggregation model, which highlights abnormalities across different population
categories. Finally, an adaptive fusion module dynamically combines the results from both
models to improve Alzheimer’s disease (AD) prediction accuracy. In [88], the authors
propose a heterogeneous ensemble framework of Bayesian-optimized time-series deep
learning models to identify progressive deterioration of brain damage. The work [89]
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introduces a novel end-to-end coupled-GAN (CGAN) architecture for Alzheimer’s disease
(AD) diagnosis. The CGANC network comprises two components: a CGAN for extracting
fused features from multimodal MRI and PET data and a CNN for classifying these features.
The CGAN is trained to encode both MRI and PET images into a shared latent space, from
which fused features are extracted and classified into specific AD stages.

We selected 43 studies based on deep learning-based techniques; all technique, year,
modality, feature extraction, dataset, method, tool, measure, and validation details are
presented in Table 2.

Table 2. Comparison of cutting-edge systematic review research in terms of modality, feature
extraction, datasets, methods, tools, evaluation metrics, and validation.

Feature

# Reference Year Modality Extraction Dataset Method Tools Evaluation Validation
Acc =100;
54. Wa“;g;t al o015 SMRI(T2) DWT - ANN MATLAB Sens = 100; 5-fold
(751 Spec =100
sMRI + Acc=80.1;
s5.  Cheng et al 9015 (TCIS)F + Atlas ADNI M2TL _ Sens = 85.3; 0-Fold
(701 PET Spec =73.3
Payan et al. Acc =95.38,
56. [90] 2015 MRI 3D patch ADNI SAE _ 86.84 9211 _
Gorii et al Pseudo- Acc =97.27;
57. 177 ol 2015 sMRI(TD) Zernike ADNI PRNN, LVQNN _ Sens = 96.64, 10-fold
(76l moment Spec =97.79
. Acc =99.30;
58. A;Ie"ts:'f“[‘;'l] 2016 3D sMRI VBM ADNI CNN _ Sens = 100; 10-fold
: Spec = 98.60
Acc =89;
59. Suketal [92] 2016 rs-fMRI ROI ADNI CNN _ Sens = 73; LOOCV
Spec = 60
Ortiz et al Acc =90;
60. (03] = 2016 sMRI(T]) VBM _ DBN Python Sens = 86; 10-fold
N Spec =94
61. Al]oE’;j]ef al 2016  Biomarkers . _ ANN MATLAB  Sens, Spec .
Acc =97.27;
62. Zher})gS etal. 5516 MRI, PET 93 ROI MMSDPN Sens = 97.32; 10-fold
[95] Spec = 98.33
63. Sa”[?)fé]et al 2017 rsfMRI  Slice-based ADNI DL-CNN Python Acc =100 5-fold
64. Ho[g%t al. 2017  sMRI(T1) _ OASIS CNN(TL) MATLAB Acc =96.25 5-fold
Acc =91.02;
65. Suketal [98] 2017 sMRI 93 ROI ADNI JLLR DeepESRNe _ Sens = 92.72; 10-fold
Spec = 89.94
Acc =90.06;
66. Jhaetal [77] 2017  sMRI(T1) VBM OASIS PCA + FFNN MATLAB Sens = 92.0; 10-fold
Spec = 87.78
. Acc=95.5;
67. ~ Leracifano 5y EEG PSD, epoch ADNI CNN MATLAB 79.7;73.35; _
etal. [99] 61.06
mlt\x/ﬂlilct}l\?rirliel Acc =937,
68. Liuetal. [78] 2018 SMRI (T1) Patch-based ADNI dee 1 MATLAB Sens = 94.6, 5-fold
p ey Spec =93.2
network b ’
Acc =93.58;
69. Luetal [100] 2018  FDG-PET ROI ADNI MDNN _ Sens = 91.54; 10-fold
Spec = 95.06
Acc =89.5;
70. Lietal. [101] 2018 sMRI (T1) Patch based ADNI DenseNet MATLAB Sens = 87.9; 10-fold
Spec =90.8
Cui et al Acc = 89.69;
71. : 2018  sMRI(T1) VBM ADNI ANN + BGRU _ Sens = 86.87; 5-fold

[102]

Spec = 92.58
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Table 2. Cont.
# Reference Year Modalit Feature Dataset Method Tools Evaluation Validation
y Extraction
Acc =100;
72.  SPasovetal o019 GMRI(TI)  ROIL APOed ADNI CNN Python Sens = 100; 10-fold
[103] Spec = 100
pec =
Acc=93.61,
73, Wangetal 59 vRp(T1) Volume ADNI 3D-CNN _ 98.42,98.83, 10-fold
[104] 97.52
. . Acc =98;
O -
- LU Spec =94
Dua et al. CDR, ASF, SVM, CNN, ipython, Acc =89.75,
75 [106] 2020 MRI nWBV OASIS RNN, LSTM TensorFlow 9222 -
76. Le%llao‘;ﬁ al. 5020 MRI ADNI  ANN, SVM, RBF _ Acc =85 10-fold
77. le\’t[‘;}f“[‘fé’g‘% 2020  MRI, PET DKPCA ADNI SVM, SCNN _ Acc=99.05 6-fold
78 Liﬁ ggt]aL 2020 MRI FSL, SPM ADNI SVM, CNN _ Acc=79 -
Xia et al. 3D CNN, 3D _
79 (10] 2020 sMRI ROI ADNI CLETM, KNN ~ Acc = 94.19 10-fold
80. Ogt"e‘:f%‘ﬁ‘i 2022 sMRI Volume OASIS VGG16 _ Acc = 99.41 B
81. Ch‘f}ze]f al. o002 SMRI Volume OASIS GAN _ A9 5l
82. Helﬁ?’ ﬁt al o0 SMRI ROI ADNI GAN _ Acc=94.34 6-fold
83. Kur‘[‘;‘gft al- 2022 sMRI ROI OASIS AlexNet - Acc -
g4, Mahendran 5y, SMRI ROI ADNI DRNN Acc 5-fold
: etal. [79] -
GoogLeNet, Acc =96.39,
g5, Shanmugam gy SMRI ROI ADNI AlexNet, and _ 94.08, and 5-fold
etal. [74] ResNet-18 9751
EL-Geneedy ADNI, -
86. etal. [80] 2023 SMRI ROI OASIS CNN _ Acc =99.68 5-fold
87. Cical[‘;fze] etal.  5pp3 fNIRs - Private CNN _ Acc=79.81 5-fold
88. Hoetal. [83] 2023 fNIRs - Private CNN _ Acc=71.01 -
Acc =82.57;
89. Fe“§ ft al o3 sMRI - ADNI CNN _ Acc = 89.76; -
[84] Acc=95.74
90. LOP{GgSS]et al o3 fNIRs - Private CNN _ Acc=7281 5-fold
Lahmiri et al Acc =94.96;
91. 2023 SMRI SMRI ADNI CNN _ Sens = 92.05; 5-fold
[81] Spec = 96.62
Python, Acc =70.83%,
92. Zhar]1i<;2et al. o3 fNIRs - Private CNN Tensorflow, 76.92%, 5-fold
[112] Keras 80.77%
93. ]ia[cff%t]al' 2023 fNIRs - Private CNN Python Ace =70%, 5-fold
94. gi‘fs[aég]i 2023 sMRI ROI ADNI VGG16 Tensorflow  Acc =93.97 5-fold
95. Yar%;]t al o3 SMRI ROI ADNI GNN Pytorch Acc = 95.00 5-fold
96. Rahmetal oo aMRI ROI ADNI GRU-LSTM Pytorch Acc = 88.00 5-fold
g7, Choudhury = Hoy  sMRI ROI ADNI CGAN Tensorflow  Acc = 94.00 5-fold

etal. [89]
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6. Ensemble-Based Learning Approach Applications

Ensemble-based learning approaches have been widely used in the field of Alzheimer’s
disease (AD) research to improve the accuracy and reliability of diagnosis, prediction, and
classification models. Ruiz et al. [114] propose a four-way classification of 3D MRI images
using an ensemble implementation of 3D DenseNet models. In this research, dense con-
nections were used that enhance the movement of data within the model due to having
each layer connected with all the subsequent layers in a block. Pan et al. [115] proposed
a classifier ensemble developed by combining CNN and EL, i.e., the CNN-EL approach,
to identify subjects with MCI or AD using MRI. A sizable number of CNN models were
trained using a set of sagittal, coronal, or transverse MRI slices for each binary classifi-
cation task before being combined into a single ensemble. An et al. [116] presented an
ensemble learning-based approach for Alzheimer’s disease classification. This research
outlines a novel application of machine learning to improve Alzheimer’s disease primary
care. Fang et al. [117] introduced an approach that combines three state-of-the-art deep
convolutional neural networks (DCNNs) with multimodality images for AD classification.
Furthermore, they suggested a novel ensemble DCNN-based Adaboost algorithm-based
multimodality data fusion and classification approach. Using stacked convolutional neu-
ral networks (CNNs) and a bidirectional long short-term memory (BiLSTM) network,
El-Sappagh et al. [118] present a robust ensemble deep learning model. The multimodal
multitask model utilizes a fusion of five types of multimodal time-series data in addition
to a set of background (BG) knowledge to jointly predict multiple variables. Hedayati
etal.’s [119] research presents a method that consists of two main steps. Firstly, an ensem-
ble of pre-trained autoencoder-based feature extraction modules is employed to generate
image features from a 3D input image. Secondly, a convolutional neural network is utilized
for diagnosing Alzheimer’s disease. Razzak et al. [120] proposed using an integrated
deep ensemble learning framework to enhance the accuracy of predicting Alzheimer’s
disease (AD) diagnosis. In contrast to DenseNet, the authors introduce a multiresolutional
ensemble PartialNet that is specifically designed for AD detection utilizing brain MRIs.
PartialNet integrates identity mappings, diversified depth, and deep supervision, which
enables effective feature reuse and, consequently, improves learning. In [121], a new ap-
proach is proposed that combines ensemble learning with the MDR constructive induction
algorithm to efficiently identify epistasis interactions related to Alzheimer’s disease (AD).
Discovering such interactions is a major obstacle and has a significant impact on personal-
ized medicine (PM). The ensemble learning techniques utilized in this framework include
Random Forest (RF) with the Gini index and permutation importance, Extreme Gradient
Boosting (XGBoost), and classification and regression trees (CARTS).

We selected 11 studies based on ensemble-based approaches; all technique, year,
modality, feature extraction, dataset, method, tool, measure, and validation details are
presented in Table 3.

Table 3. Comparison of state-of-the-art systematic review research regarding modality, feature
extraction, datasets, methods, tools, evaluation metrics, and validation.

Feature

# Reference Year Modality Extraction Dataset P. Method Tools P. Evaluation Validation

95 Ru[llzliﬁ al. o SMRI ROI ADNI Ensemble - Acc = 83.33 10-fold

9% Pa[fl‘fg]al- 2020 SMRI ROI ADNI Egﬁ%ﬁ‘gk’cg‘ﬁ;ﬂ - Acc = 84.00 5-fold
Ensemble (Ba.yes

o7 Anetal a0 sMRI ROI NS Tllit,s]'zfz_;l,olggfégil - Acc =785 5-fold

Forest, Naive
Bayes, MLP)
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Table 3. Cont.
# Reference Year Modalit Feature Dataset P. Method Tools P. Evaluation Validation
y Extraction : .
Ensemble
9g  Famgetal g SMRI ROI ADNI (GoogLeNet, /ATy AB Acc=98.72 -
[117] ResNet,
DenseNet)
99 Bag[lleztzﬁt al 2000 sMRI ROI OASIS LR SVMLDT fensorflow Acc=86 5-fold
El-Sappagh : _
100 etal. [118] 2020 sMRI ROI ADNI CNN, BiLSTM - Acc=92.62 -
Hedayati Acc =95, Acc =90,
101 etal. [119] 2021 sMRI ROI ADNI Ensemble CNN - Acc=925 10-fold
Khoei et al. Stacking-based _
102 [123] 2021 sMRI ROI ADNI ensemble - Acc=96.5 5-fold
Acc =100.0
Ensemble _ ‘
Razzak etal. 509 SMRI ROI ADNI (DenseNet, - o= 2928 5-fold
103 [120] PartialNet) Acc=88.71,
artiafive Acc=98.23
Chatterjee . _
104 etal. [124] 2022 sMRI ROIL OASIS Voting ensemble - Acc=96.4 5-fold
Shaffi et al. . Ensemble (KNN, ~ _
105 [125] 2023 fNIRs - Private XGBoost, SVM) Acc=94.92 5-fold
Hamid et al. . Ensemble _
106 [121] 2023 fNIRs - Private (XGBoost, CART) - Acc = 0.6515-0.6649 10-fold

7. Discussion

Our review paper results indicate that more than 90 studies used the most popular
ADNI dataset. In second place, the OASIS dataset is used in 6 studies, followed by
23 studies that used in-house private datasets. In our review, 43% of the studies use the
LOOCYV validation method with 30% and 10% shares of 10-fold and 5-fold cross-validation
methods. Furthermore, more than 80% of studies does not disclose their cross-validation
method. As discussed in the above section, different SVM variants have been utilized for
the early detection of Alzheimer’s disease. We observed that 83% of papers use a standard
SVM classifier. This can also indicate the high popularity and effectiveness of the SVM
classifier in AD prediction. Similarly, TWSM (3%) and LSTSVM (3%) are used, followed by
CSVM (1%) usage. CNN architecture (AlexNet, ResNet, DenseNet, and VGG16) is utilized
in more than 70% of studies. However, LSTM, PRNN, and GAN networks are also used in
20% of the studies. Furthermore, 10% of the studies used customized CNN architecture for
accurate AD classification. As shown in Figure 3, ensemble-based learning approaches with
SVM and CNN architecture are widely used, followed by, DenseNet, and XGBoost. The
results and statistics show that ensemble-based learning approaches also mainly focused
on SVM and CNN-based architectures.

Differnt Methods used in Numbers of Stuides (%)

30

25

=R N
o o o ©

Figure 3. Plot displaying various methods used for ensemble-based learning approaches.
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In deep learning studies, we also noticed that in some studies, pre-trained models are
used for the feature extraction process, and final classification is performed using SVM-
based classifiers. Image modality plays a vital role in the classification of MRI-based images.
T1-weighted images are used in the case of structural MRI (sMRI) images, and only a few
studies use T2-based images [54]. This is because the delineation of the ventricular surface
of the brain due to atrophy is clearly visible in T1-weighted images. Figure 4 displays the
use of various modalities of data in the task of classifying Alzheimer’s using SVM. It can be
seen that the sMRI modality is widely utilized, appearing in more than 30 research studies.

Imaging Modalities used in Number of Stuides (%)
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Figure 4. Graph illustrating different image modalities and other data utilized by SVM and deep
learning techniques for Alzheimer’s.

Transfer learning and data augmentation are suitable solutions for tackling over-fitting
issues in DL models. We also identified that models developed on multimodal MRI (fMRI
and DTI) perform superior to models developed on individual fMRI and DTI. Selecting the
appropriate pre-processing and segmentation techniques is crucial for building efficient
DL models for AD diagnosis. In this study, we noticed that the use of neurophysiological
data with MRI and PET can improve an AD classification method. The hippocampus is
an important ROI for AD diagnosis, and hippocampal atrophy is the most essential part
for AD diagnosis. In summary, the choice between SVM, ensemble learning, and CNNs
depends on the specific needs of the Alzheimer’s detection task. SVMs may be a good
choice for simpler binary classification problems, while ensemble learning and CNNs may
be better suited for more complex data or image analysis tasks. Ultimately, it is important to
choose the algorithm that best fits the specific task and available resources. Overall, {NIRS
has shown promising results in detecting early signs of Alzheimer’s disease and monitoring
disease progression. However, further research is needed to validate the use of fNIRS in
clinical settings and to develop robust and reliable algorithms for analyzing fNIRS data.
Incorporating power analysis and functional network analysis into CAD systems holds
immense potential for revolutionizing Alzheimer’s disease diagnosis and comprehension.
Power analysis sheds light on minute, localized changes in brain activity, while functional
network analysis reveals the broader impact of AD on brain connectivity. By working in
tandem, these techniques pave the way for significantly more accurate and earlier detection
of the disease, ultimately facilitating the development of personalized diagnostic and
therapeutic strategies. This integration not only sharpens diagnostic precision but also
offers a deeper dive into the neurological underpinnings of Alzheimer’s disease. Some
papers might have employed methods to visualize the features the model focuses on when
making detections. This could involve techniques like Grad-CAM (Gradient-weighted
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Class Activation Mapping), which highlights the image regions most influential in the
model’s decision. Some studies might have conducted experiments where they remove or
modify specific features within the model and observe the impact on detection accuracy.
This helps understand which features are most critical for the model’s performance.

Limitations and Future Work

Among the modalities commonly used in Alzheimer’s disease research, magnetic
resonance imaging (MRI) is often considered the best-suited modality for this purpose.
MRI provides high spatial resolution and excellent soft tissue contrast, allowing researchers
to detect subtle structural changes in the brain associated with Alzheimer’s disease. Ad-
ditionally, MRI can be used to evaluate multiple aspects of brain structure and function,
such as white matter integrity, gray matter volume, and cortical thickness. In most studies,
MRI and PET are the most used imaging modalities for Alzheimer’s disease diagnosis and
monitoring. MRI is better suited for detecting structural changes, while PET is better suited
for detecting molecular changes in the brain. However, the choice of imaging modality
depends on the specific clinical question being addressed. The integration of these neu-
roimaging techniques can aid in identifying Alzheimer’s disease and can be combined with
other factors such as memory test scores and genetic information to achieve a more precise
diagnosis. Multiple multimodal fusion-based approaches have also contributed to improv-
ing the accuracy of classification. Fusion involves providing various inputs to a single
network using different types of datasets, such as sMRI, PET, and fMRI, to obtain higher
accuracy. While MRI and PET scans are the most used multimodalities for Alzheimer’s
disease diagnosis, some studies have also incorporated neuropsychological test data and
pathological data such as MMSE, CDR, and ADAS-Cog. These scores have been shown to
increase classification accuracy by approximately 2%, as demonstrated in the preceding
section. Although researchers have made significant strides in the early diagnosis of novel
biomarkers, accurately predicting whether non-convertible mild cognitive impairment will
become convertible mild cognitive impairment, and using multimodality for Alzheimer’s
disease prognosis, there is still much work to be done. An approach can be developed for
classifying multimodal data and clinical test data to further enhance classification accuracy.
Including several neuropsychological tests and clinical data with other imaging data may
also lead to improved classification and detection accuracy. Additionally, besides structural
and functional neuroimaging modalities, biochemical functioning-based modalities such
as magnetic resonance spectroscopy (MRS) can be integrated. MRS may aid in improving
Alzheimer’s disease diagnosis by discovering new biomarkers that complement structural
imaging modalities. This could enhance the prognosis capability for Alzheimer’s disease
and increase the scope of differential dementia diagnosis.

Furthermore, the area of feature selection is also being researched for improvement.
Choosing the area of interest instead of allocating the entire imaging data would undoubt-
edly enhance performance. The slice-based approach has been widely used, but it results
in many feature arrays. As a result, the image can be segmented based on the area of
interest, and the segmented data or extracted patches can be used to train the model. This
approach would be more computationally efficient and less expensive than the entire
slice-based learning. Additionally, we can include cerebral atrophies such as a decrease in
GM and WM volumes, gyri shrinkage, sulcus expansion, and other structural deformations
caused by AD, and treat each region as a separate area of interest to increase our model’s
training ability. The Hyperparameter optimization approach can also be used to select
learnable hyperparameter values of the network. The classification of MCI and CN subjects
is the most challenging task, as accuracy is significantly lower than other classifications,
as seen throughout the review. Measures can be taken to improve the classification from
ncMCI to cMCI. This scope has attracted researchers’ attention, and much research is still
ongoing in this domain. The window size selection and trial extraction can affect the
performance of deep learning models for Alzheimer’s detection. Optimal window size and
trial extraction methods depend on several factors, including the imaging modality, the
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research question, and the size of the dataset. Therefore, careful selection and optimization
of these parameters are crucial for developing accurate and robust models for Alzheimer’s
detection. The model over-fitting challenges are seen in both SVM and ANN models when
the dataset has few samples and is more sensitive to noise. Another issue occurs, when
the number of features for each data point exceeds the number of training samples, in
this scenario SVM model underperform. Deep learning models also require extensive
amount of label data, due to hospital ethical and privacy patient restriction policy make it
difficult to access labeled data that can be major stumbling point in advancement of deep
learning method for AD diagnosis. However, we also noticed that unsupervised deep
learning techniques such as auto-encoders are effective for limited data challenges. The
settings of hyperparameters like learning rate, drop-out, number of epochs, batch size,
momentum, etc. have an impact on how well DL algorithms work. To obtain the same
experimental outcome, it is imperative to apply the same set of hyper-parameters across a
variety of levels. Developing explainable CNN models that can provide insights into the
features and regions of the brain that are important for Alzheimer’s detection can improve
clinical understanding and guide treatment decisions. Incorporating longitudinal imaging
data into CNN models can improve the accuracy of disease prediction and help identify
biomarkers for disease progression. Developing robust and secure systems for deploying
CNN models in clinical settings is crucial for realizing their potential for improving patient
outcomes. In future, conventional machine learning techniques (Random Forest, KNN, and
SVM) can be utilized to assist DL network feature selection and discrimination processes.

Despite significant advancements, some limitations still exist concerning diagnosis and
prognosis. Patients who suffer from claustrophobia or epilepsy are not suitable candidates
for MRI procedures. Furthermore, researchers require additional multimodal data with
continued follow-up to achieve more precise training, even after MRI scans are available.
Ignoring neurodegeneration caused by age is a significant limitation because it is chal-
lenging to predict the extent of degeneration for each patient accurately. These limitations
highlight the challenges surrounding the neuroimaging diagnosis of Alzheimer’s disease.

8. Conclusions

In this review, most studies employ three major machine learning methods—SVM,
ANN, and ensemble-based learning approaches—for diagnosing Alzheimer’s disease.
Researchers are also exploring advanced techniques such as transfer learning, ensemble
learning, and multi-kernel strategies for SVM. Findings indicate that SVM is widely used
due to its robustness. However, many studies note that ANN-based models often encounter
the problem of local minima. Despite this, ANNs are highly adaptable for incremental
learning, modeling sequential data, and quantizing high-dimensional spaces. Consequently,
novel ANN variations may be beneficial for Alzheimer’s diagnosis, as deep learning and
ensemble learning demonstrate promising results in accurately modeling highly complex
data. Nonetheless, further research is needed to better integrate feature selection methods
with machine learning models for specific data modalities. Additionally, we observed that
most researchers focus more on feature extraction processes than on improving classification
methods. Addressing this challenge in future studies could provide deeper insights into
Alzheimer’s disease. Moreover, there is a need for developing machine learning models
that can integrate data from multiple modalities for early detection of Alzheimer’s disease.
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