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ABSTRACT Retinal optical coherence tomography (OCT) and optical coherence tomography angiography
(OCTA) have emerged as promising, non-invasive, and cost-effective modalities for the early diagnosis of
Alzheimer’s disease (AD). However, a comprehensive review of automated deep learning techniques for
diagnosing AD or mild cognitive impairment (MCI) using OCT/OCTA data is lacking. We addressed this
gap by conducting a systematic review using the Preferred Reporting Items for Systematic Review and
Meta-Analysis (PRISMA) guidelines. We systematically searched databases, including Scopus, PubMed,
and Web of Science, and identified 16 important studies from an initial set of 4006 references. We then
analyzed these studies through a structured framework, focusing on the key aspects of deep learning
workflows for AD/MCI diagnosis using OCT-OCTA. This included dataset curation, model training, and
validation methodologies. Our findings indicate a shift towards employing end-to-end deep learning models
to directly analyze OCT/OCTA images in diagnosing AD/MCI, moving away from traditional machine
learning approaches. However, we identified inconsistencies in the data collection methods across studies,
leading to varied outcomes. We emphasize the need for longitudinal studies on early AD andMCI diagnosis,
along with further research on interpretability tools to enhance model accuracy and reliability for clinical
translation.

INDEX TERMS Alzheimer’s disease, cognitive impairment, deep learning, dementia, neural networks,
optical coherence tomography, optical coherence tomography angiography, retinal imaging.

I. INTRODUCTION
Alzheimer’s disease (AD) is an irreversible and progressive
brain disorder characterized by a decline in cognitive
function, and is the most prevalent type of dementia.
Currently, there is no known cure, and it is marked by
a significant reduction in brain size (neurodegeneration)
caused by the accumulation of proteins (amyloid-beta and
tau) in neurons [1]. As the retina and brain originate from
the same neural tube, the eyes are often regarded as an
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extension of the brain [2]. Postmortem studies have shown
that amyloid-beta and tau proteins accumulate in the retinas
of individuals with AD [3]. The slow progression of the
disease begins almost 20 years before the first symptoms arise
and later turn into a stage called Mild Cognitive Impairment
(MCI) [4]. High-resolution visual imaging technologies,
such as optical coherence tomography (OCT) and optical
coherence tomography angiography (OCTA) have recently
been proposed to examine the structural and vascular changes
in the retinas of patients with AD.

In a recent study, Vij and Arora [5] reviewed advances
in retinal modalities for diagnosing Alzheimer’s disease.
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Their review covered a range of structural, functional,
and multimodal/paired imaging modalities. Among these,
OCT is the most commonly studied tool used in 57% of
diagnoses primarily due to its non-invasive, cost-efficient,
and user-friendly nature. Another relatively new imaging
technique that has gained attention in recent years is
OCTA, which visualizes retinal blood flow computed from
consecutive OCT scans without the need for contrast agents.
Several studies have combined OCT and OCTA to enhance
AD diagnosis [6], [7], [8], and other techniques have
also shown promising results in diagnosing other cognitive
impairments [9], [10], [11], [12], [13]. Overall, OCT and
OCTA are practical and cost-effective retinal imaging tools
that show considerable promise for the diagnosis of AD and
cognitive impairment.

However, interpreting high-dimensional and multimodal
retinal scans generated by OCT and OCTA is a diffi-
cult and time-consuming process. Consequently, automated
approaches based on machine learning (ML) or deep learning
(DL) have been developed to improve the efficiency of
diagnosing retinal abnormalities. Although deep learning
methods present several challenges for retinal disease anal-
ysis [14], they have been used to improve image quality and
segment retinal layers, as well as to diagnose and predict the
disease course [15], [16], [17], [18].
Bourkhime et al. [19] recently reviewed 13 studies on

machine learning and novel ophthalmologic biomarkers (not
specific to OCT or OCTA) for AD screening. However, the
use of DL for AD diagnosis based on OCT and OCTA scans
or biomarkers is yet to be surveyed - a significant gap, given
the potential benefits of these techniques for early detection.
Our systematic review fills a critical gap in the understanding
of DL applications for diagnosing AD and MCI using OCT
and OCTA scans. We focus on methodologies that directly
impact the accuracy, reliability, and, ultimately, the clinical
value of DL-based diagnosis using these modalities. This
review incorporates the following key aspects:

Recent Medical Findings: We identified recent relevant
advancements linking AD/MCI to retinal abnormalities
detectable using OCT/OCTA imaging, which provides a
foundation for DL-based diagnosis studies.

Dataset Curation Practices:We analyzed data collection
practices, including dataset size, inclusion/exclusion criteria,
and data source consistency, to identify potential model
performance limitations.

Models and Training Techniques:We explored the tran-
sition from using hand-crafted features to directly processing
images with DL models. This analysis also examines the
strategies that address the limitations of small datasets.

Validation Strategies: We investigated the methods
researchers used to validate the performance and interpret the
output of their DL models.

By analyzing these aspects, our review highlights the
limitations of current data collection practices and the
growing trend towards image-based DL analysis on AD/MCI
diagnosis. We identified the need for public datasets and

longitudinal early AD/MCI studies. We also identified the
need for further research on interpretability tools to improve
their accuracy and reliability, ultimately enabling their
reliable and interpretable clinical use.

The remainder of this paper is organized as follows.
Section II establishes the relevant medical background and
recent findings linking AD/MCI to retinal abnormalities
that are detectable using OCT/OCTA imaging. Section III
introduces a framework for ‘‘Deep Learning Flow inAD/MCI
diagnosis using OCT/OCTA,’’ which allows us to analyze
the strengths, weaknesses, and prevailing trends in this field.
Section IV details the methodology of this systematic review,
adhering to the Preferred Reporting Items for Systematic
Review and Meta-Analysis (PRISMA [20]) guidelines, and
describes the selection process of 16 relevant studies from
an initial pool of 4006 candidates. Section V provides a
comprehensive examination of these studies through the lens
of the deep learning design flow. Finally, Sections VI and VII
present a detailed discussion and conclusions of our study.

II. RELATED MEDICAL FINDINGS
The World Health Organization (WHO) classifies dementia
as the seventh leading cause of death among older people
globally and recognizes it as a public health priority [1].
Dementia is not a single disease [21]; it is a general term
similar to heart disease and covers a wide range of specific
medical conditions. WHO defines dementia as follows:
‘‘Dementia is a syndrome due to disease of the brain,

usually of a chronic or progressive nature, in which there is
disturbance of multiple higher cortical functions, including
memory, thinking, orientation, comprehension, calculation,
learning capacity, language, and judgment’’ [22].
Alzheimer’s disease is the most common form of dementia

and is characterized by the accumulation of amyloid-beta and
tau proteins in neurons [21] causing degenerative changes and
mass decreases in the brain, especially in the hippocampus,
cerebral cortex, and ventricles [23], [24], [25].

During embryonic development, the retina and optic nerve
grow from the neural tube and are thus considered parts
or extensions of the central nervous system [26]. The eye
is the only organ in which we can see the cardiovascular
blood vessels and an inner blood-retinal barrier (a tight
protective layer of cells and capillaries that prevent larger
molecules from entering the retina) similar to the blood-
brain barrier [3]. Because the eye is more accessible than the
brain, techniques used to examine the eye are more practical,
generally non- or less invasive, and more cost-effective
than brain imaging alternatives such as magnetic resonance
imaging (MRI), positron emission tomography(PET), and
computed tomography (CT) [27], [28]. The neurodegen-
erative process that affects brain neurons also affects the
retinal neurons. Specifically, postmortem AD studies have
highlighted the accumulation of Aβ and NFTs in retinal and
optic nerve tissues. Moreover, animal [29], [30], [31] and
human studies [32] have conclusively revealed retinal Aβ
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FIGURE 1. Ophthalmologists employ three groups of modalities to assess various eye diseases, including drusen,
age-related macular degeneration (AMD), and glaucoma: Structural, Vascular, and Functional assessments. The diagnosis of
neurodegenerative conditions such as Alzheimer’s disease (AD) and Parkinson’s disease using OCT and OCTA exhibits
potential. Section II discusses major AD-related biomarkers identified through OCT and OCTA.

accumulation. This raises the question: Can ophthalmological
assessments detect Alzheimer’s disease and related disor-
ders? Ophthalmologists commonly use multiple modalities
to assess various diseases. Figure 1 shows the modalities
grouped into three main categories [33].

1) Structural modalities: Fundus image, OCT, fundus
autofluorescence [33], and widefield autofluores-
cence [34].

2) Vascular modalities: Fundus fluorescence angiography
and OCTA [33].

3) Functional modalities: Electroretinogram (ERG) [35],
and various color and contrast tests [3].

In this study, we focused on a survey of AD diagnosis
studies performed via deep learning using two modalities:
OCT andOCTA images, as highlighted in Figure 1. Examples
of the OCT and OCTA scans are shown in Figure 2.
OCT is a non-invasive method used to obtain views of

retinal structures in two-dimensional (2D), cross-sectional,
and three-dimensional (3D) volumetric images [36]. OCT

provides extensive information regarding retinal morphology
and assists in the diagnosis of several diseases. A common
theme in these studies is the use of quantitative parameters
derived from OCT scans of the retina in addition to directly
examining 3D scans.

OCTA is a relatively new technique that has been
developed as a utility for use with OCT devices. It is
computed as the difference between two consecutive OCT
scans to visualize the relative motion in the retinal region,
which reveals blood flow and vascular details at a microm-
eter resolution. It offers an effective imaging method for
diagnosing eye diseases by unveiling microvascular changes
or abnormalities in the blood flow patterns. In addition to
being unavailable in all OCT devices, it is susceptible to
most OCT-induced distortions such as projection, motion,
segmentation, and signal loss [33].
In recent years there has been an explosion in AD/MCI

biomarker-related research studies and reviews [5], [27],
[37], [38], [39] on OCT and OCTA. Costanzo et al. [39]
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FIGURE 2. OCT and OCTA Modalities in detail. (a) Linkage of a fundus and its disk area shown by OCTA and OCT.
(b) Enface OCTA image and one of the OCT slices of the macula area. (c) Enface OCTA image showing the Foveal
Avascular Area (FAZ) in the middle with retinal blood and peripapillary vessels. The retina layers in the yellow box
colored and explained in detail. (d) OCTA enface images of four layers of the retina. Superficial Vascular Plexus (SVP):
the first layers of the retina (ILM, RNFL, GCL, and IPL). Deep Vascular Plexus (DVP): deeper layers of retina (IPL,INL,
OPL). The outer: avascular layers of the retina. Choriocapillaris: bottom layers of the retina (Choroidal layer in OCT).

performed an umbrella review of all systematic reviews
and meta-analyses on ocular biomarkers of AD between
2000-2021.

The following are the most commonly studied OCT-based
biomarkers we compiled from these reviews:

• The most significant biomarker observation noted in
most surveys was the thickness of the retinal layers [39].
Figure 2(c) shows the retinal layers. Retinal thickness
studies often refer to the inner layers such as the Retinal
Nerve Fiber Layer (RNFL), Ganglion Cell Layer (GCL),
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and Inner Plexiform Layer. These three layers are known
as the ganglion cell complexes. Ganglion cells are
vulnerable to neurodegeneration because of their related
mitochondrial dysfunction and unique composition of
axons without myelination [30]. Recent studies have
shown that the GCL thickness is more likely to be
associated with AD and MCI. [40], [41].

• Secondly, the highlighted observations were on macular
volume and thickness changes [27]. The macula pro-
vides sharp, clear, straight-ahead vision. It is responsible
for central and color vision [42]. Figure 2(b) shows the
macula region of the eye.

• Some studies have reported changes in choroidal volume
and thickness [27], wherein the choroidal layer supplies
nutrients to the retina and maintains the temperature and
volume of the eye [42].

The following are themost commonly studiedOCTA-based
biomarkers we compiled from these studies:

• Changes in the Foveal Avascular Zone (FAZ) [27], [38].
The fovea, whichmarks the center of the retina [42], [43]
is shown in Figure 2(c).

• Changes in vessel density [27].
• Changes in perfusion and vessel density were also
observed. Vessel perfusion density is defined as the total
area of perfused vasculature per unit area [43], [44].

• Changes in peripapillary vessel density, another parame-
ter that requires further research, were discussed in [27].
Radial peripapillary capillaries are distinctive vascular
networks within the RNFL around the optic disc. The
retinal layers are shown in Figure 2c.

In their comprehensive systematic review conducted in
2023, Ibrahim et al. [38] examined retinal biomarkers for AD
and MCI diagnosis using OCT/OCTA imaging techniques.
They observed that the inconsistency in findings across
different studies can be primarily attributed to the small sizes
of the study cohorts and the reliance on certain OCT/OCTA
device brands. These factors led to inconsistent results and
also showed that some parameters were significant only when
specific OCT machines were used.

AD investigations have included studies using mice, that
exhibit a genetic similarity of 99% to humans [45]. The
utilization of mice in research holds notable importance
as it enables longitudinal and age-related inquiries into
AD, with approximately nine mouse days equating to
one human year [45]. Specifically, triple-transgenic mouse
models (3xTg-AD or TMM) emulate crucial human AD
characteristics, such as the aggregation of amyloid-β and
tau proteins. A systematic review by Sánchez-Puebla et al.
[46] focused on OCT imaging in mouse models of AD.
This review examined OCT scans of healthy wild-type (WT)
mice and TMM of AD. Their analysis of 14 eligible studies
revealed a consistent focus on retinal layer thicknesses.
Similar to human studies, inconsistent results were observed
mainly due to the localization of retinal layers, particularly
in the macula and peripapillary regions. Besides, six of these
studies used the same mouse model.

FIGURE 3. PubMed statistics of DL, OCT and OCTA applications in years.

III. DEEP LEARNING-DRIVEN FLOW IN
OCT/OCTA STUDIES
Classical machine learning techniques require four com-
mon steps: feature extraction, dimensionality reduction,
algorithm/model selection, and feature-based learning. Arti-
ficial neural networks are a subset of AI inspired by
the simplification of neurons and their connections in the
brain. DL is a multi-layer structure of neural networks that
learns features and high-dimensional non-linear functions by
mimicking neuron connections and interactions in the human
brain. After the 2010s, DL gained momentum fromMachine
Learning [47] because it can learn directly from raw data
by implicitly learning feature extraction, representation, and
classification tasks.

Tian et al. [18] reviewed the applications of the DL-based
approach to different biomedical optical imaging fields
such as microscopy, fluorescence lifetime imaging, in vivo
microscopy, widefield endoscopy, photoacoustic imaging and
sensing, diffuse tomography, and functional optical brain
imaging. Unsurprisingly, DL has also become the latest trend
in analyzing OCT and OCTA scans [15], [16], [17]. Figure 3
shows the number of DL studies on OCT and OCTA images
reported in PubMed over the last seven years. Enhancements
in image quality, segmentation, clinical diagnosis, and
prognosis detection represent key areas where deep learning
has been significantly applied in the OCT/OCTA field [15],
[16], [18]. Despite this, research connecting DL with AD
and Mild Cognitive Impairment (MCI) diagnosis remains
minimal, accounting for only 1% of the studies.

Deep learning models require a substantial amount of
data for generalization. Despite the challenges associated
with limited datasets, lack of standardized image collection
and evaluation metrics, and computational limitations as
outlined by Yanagihara et al. [14], deep learning models have
recently been favored over traditional ML counterparts in
OCT and OCTA applications. We structured our analysis of
the reviewed studies within the framework of Deep Learning
Flow for AD/MCI diagnosis in OCT-OCTA as shown in
Figure 4. This framework enabled us to categorize DL
studies into key stages, such as dataset curation practices,
model training techniques, and validationmethods. Using this
framework, we extracted valuable insights into the strengths,
weaknesses, and prevailing trends of this domain.
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FIGURE 4. The framework of Deep Learning-driven flow for AD/MCI diagnosis in OCT/OCTA Studies showing common processes in dataset
curation, training, and validation phases.

A. DATASET CURATION
Dataset curation is a critical step in deep learning research,
which requires considerable time and effort. Medical studies
should comply with global (tenants of the Declaration
of Helsinki) and local ethical regulations and guidelines.
Written informed consent is obtained from all participants.
To determine their level of AD/MCI, all participants are
subjected to clinical neurological and/or neuropsychological
evaluations. Control groups are formed using various data
inclusion criteria, such as matching age, sex, and education
level. Not all individuals diagnosed with AD/MCI are
included in deep learning studies. Some are excluded if they
have a history or signs of other neurological or psychiatric
conditions or different forms of dementia. Particularly
in OCT/OCTA research, the ophthalmologists screen out
individuals with additional conditions, such as diabetes mel-
litus, systemic arterial hypertension, cardiovascular diseases,
retinal disorders, retinal diseases (such as glaucoma), or eye
issues (including trauma, surgery, or inflammation). Even
if data collection is not part of the study, the dataset used
must be evaluated for eligibility based on inclusion and/or
exclusion criteria, collection methodology and standards,
and how well the data represents the entire population. The
dataset distribution (percentages and p-values) is usually
reviewed in terms of eyes used (left/right), age, sex, years of
education, and AD/MCI scores in descriptive analysis [48].

OCT and OCTA scans consist of slices (B-scans) of
two-dimensional images that form the three-dimensional vol-
umetric data. Scanning devices can also generate numerical
measurements based on these scans. Therefore, these studies

provide a rich source of alternatives for feature extraction.
Some later studies preferred directly using images, whereas
others applied various feature extraction processes. Similar to
clinical diagnosis, demographics and patients’ other medical
details, such as sex, age, and test results, are also included in
the model datasets.

Raw OCT slice images are susceptible to speckle noise
due to coherent light scattering, while low signal levels in
some devices result in other types of noise. Because the retina
is non-rigid, a moving layer of tissue inside a mobile body,
non-standard frames, motion blur, and artifacts may occur.
Moreover, patients with AD/MCI may not follow the scan-
ning procedure instructions effectively, resulting in frequent
motion artifacts in the images. In response, researchers have
utilized various image improvement techniques [15], [16],
[18]. Preprocessing, such as enhancing the image quality
using computer vision (CV) techniques beforeML or DL, is a
popular topic in medical imaging research.

B. MODELS AND TRAINING
In machine learning and deep learning, the development and
optimization of models play a crucial role in achieving accu-
rate and reliable outcomes. Convolutional neural networks
(CNN) have become the standard for feature extraction,
allowing DL models to undergo end-to-end training directly
from the input images. Recent methods, such as attention
mechanisms [49] and transformers [50], are leading the
way in training these models, using innovations to improve
their performance. Attention-basedmodels, initially designed
to improve recurrent neural networks (RNN) for machine
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translation, have broadened their applications across various
domains, including language, speech, and vision. They
enhance the deep network performance in numerous pattern
recognition tasks by enabling easier visualization and inter-
pretation of network outputs. For instance, attention maps
provide a visual representation of the relative importance
of different areas in the input data, aiding in understanding
the decision-making process of the model. Furthermore,
the introduction of the transformer architecture [51], [52]
for images has marked a significant leap forward. These
self-attention-powered models can process input-output rep-
resentations without requiring conventional CNNs or RNNs,
boosting efficiency and interpretability in pattern and image
recognition tasks.

ML and particularly DL models require large amounts of
data (examples) to generalize learned tasks. This requirement
makes overfitting a significant concern when using small
datasets. The most widespread solution to this issue is to
increase the size of the image datasets by producing new
examples using data augmentation. Another widely used
method is transfer learning, which involves copying and
importing weight values from the lower layers of a network
previously trained on a large generic image database, such
as ImageNet [53] or alternatively (or additionally) on a
similar larger dataset of another condition. After transferring
the weights, the network was fine-tuned on the study data
for a few iterations to complete training. However, using
ImageNet pre-trained networks imposes some restrictions,
such as the requirement for three-channel (Red, Green, Blue)
input images of a certain size, which are not fully compatible
with the 3D volumes generated by OCT/OCTA scanners.

C. STUDY VALIDATION
A rigorously and methodologically validated machine learn-
ing model can provide the reliability required for practical
deployment in medical settings. The main concerns are
the generalizability and repeatability of the results [54].
Numerous factors influence the generalizability of the
findings, including the dataset size, composition, diversity,
and methodology employed for partitioning data into training
and test sets. Several studies have presented accuracy metrics
by using separate (hold-out) test datasets. A more reliable
method often employed is N-fold cross-validation, where the
dataset is divided into N random folds. Subsequently, the
model undergoes training onN-1 folds for each iteration, with
the remaining fold designated for testing. The aggregated test
results from all iterations are then averaged and reported,
along with their mean and standard deviation.

Importantly, patient-based splitting is necessary to prevent
data leakage. For example, including slices from the same
OCT scan in both the training and testing sets or augmenting
the entire dataset before splitting would compromise valida-
tion [55]. Similarly, using one eye’s OCT scan for training
and the other for testing from the same patient could be
considered leakage.

Data imbalance, prevalent in medical scenarios in which
one or more target conditions are less frequent, presents
another challenge beyond the limited dataset size. Thus, the
distribution of classes within the test dataset becomes critical.
For diagnostic tasks such as Alzheimer’s vs. healthy person,
metrics such as precision (1-specificity), recall (sensitivity),
and F1-score provide views of performance from the perspec-
tive of both classes. A common measure, the Area Under
the Receiver Operating Characteristic Curve (AUROC),
reflects the ranking ability of the method, independent of
the decision thresholds. Additionally, Cohen’s Kappa [56]
offers a measure of agreement between the predicted labels
and expert annotations (or agreement between multiple
experts). Adjusting for chance agreement enhances the inter-
pretability of model accuracy for categorical outcomes [57].
In multi-class scenarios, confusion matrices summarize
the frequency of incorrect classifications between different
classes.

Furthermore, statistical methods, such as t-tests, are used
to compare metrics across different models or conditions.
The associated p-value indicates whether the observed
differences in the means are statistically significant, which
is essential for validating the effectiveness of new diagnostic
tools or algorithms against existing standards or competing
technologies [58].
Despite their high performance, DL architectures are often

regarded as black-box models. Ensuring trust in predictions
is crucial for clinical decision-making. In response to this
challenge, researchers are actively developing and employing
interpretability and explainability tools, such as Deep Taylor
Decomposition [59] and Grad-CAM [60]. Interpretability
and explainability, although often used interchangeably in
the context of deep learning (DL) models, have distinct
meanings. Interpretability focuses on understanding the inner
workings of the models, whereas explainability focuses on
explaining the decisions made. Consequently, interpretability
demands a deeper level of detail than explainability does.
In medical imaging, explainability refers to the extent to
which a healthcare professional can understand the cause of
a classification decision made by using a model. Accurate
and comprehensive explanations of DL model decisions can
enhance trust and adoption among healthcare professionals.
In AD studies, explainability in terms of highlighting the
most salient discriminative regions in the input could aid in
the localization of AD-related changes and abnormalities in
the retina. Furthermore, this could facilitate the discovery
of new AD-related biomarkers. Although these techniques
provide insights into model reasoning, they are limited in
highlighting relevant regions within the input data [61]. With
the advancement of large language models, there is a growing
trend towards the generation of human-readable text-based
explanations [62].

Recent DL studies are pushing the boundaries by integrat-
ing complex features into advanced layers and architectures.
To understand the contribution of these elements, ablation
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studies are conducted, where certain features or components
are intentionally omitted. This helps to verify their impact
on the model’s performance by comparing the outcomes with
and without these specific aspects [63], [64].

IV. METHODS
To review ML/DL-based approaches for AD or MCI diagno-
sis in OCT and/or OCTA scans, we followed the guidelines
of the Preferred Reporting Items for Systematic Review and
Meta-Analysis (PRISMA) [20]. Figure 5 shows the PRISMA
flow chart for the systematic review.

Information Sources:We performed an exhaustive search
of PubMed, Web of Science, Scopus, Google Scholar,
Semantic Scholar, and CrossRef databases for relevant
studies published between 2015-2024.

Search Strategy: We surveyed the databases above using
the following combinations of terms:

(‘‘Alzheimer’s’’ OR ‘‘dementia’’ OR ‘‘cognitive impair-
ment’’) AND (‘‘optical coherence tomography’’ OR ‘‘optical
coherence tomography angiography’’ OR ‘‘retinal imaging’’)
AND (‘‘neural networks’’ OR ‘‘machine learning’’ OR ‘‘deep
learning’’)

Eligibility Criteria:Articles meeting all the criteria below
were selected for analysis:

• The article was available in English.
• An English abstract was available for non-English
language articles.

• It was published as a primary research paper in a
peer-reviewed journal. Conference papers, duplicates,
datasets, book chapters, and articles that provided only
statistical analyses were excluded.

• It described an ML/DL model for AD detection, screen-
ing, or prediction using only OCT/OCTA scan images
or data derived from these images. Articles related only
to segmentation or image quality improvement were
excluded.

• It focused solely on AD and/or MCI (not other
diseases such as age-related macular degeneration,
drusen, etc.).

Data Extraction, Quality Assessment, and Bias Anal-
ysis: We searched the databases (PubMed, Web of Science,
Scopus, Google Scholar, Semantic Scholar, and CrossRef) to
identify studies that matched our search strategy. We then
cross-checked and identified the studies that met our
eligibility criteria. For eligible studies, a detailed analysis was
performed to obtain critical information such as the number
of participants, year of publication, algorithms applied
and their characteristics, model prediction parameters, and
performance metrics (including accuracy, discrimination
sensitivity, and specificity rates). We did not use QUADAS-
2 [65] for bias and validity analysis in our study because its
construct validity and the reliability of its items for measuring
study quality have not been confirmed [66], particularly

in Alzheimer’s disease diagnostic accuracy analyses where
sample sizes are typically small.

V. RESULTS
Our search initially retrieved 4006 references. After applying
the elimination steps shown in Figure 5, we identified
16 studies that met our inclusion criteria. Two of these were
previously identified by Bourkhime et al. [19]. In our survey,
we identified five animal (mouse) and eleven human studies.
Four animal studies were conducted by a group of researchers
at Coimbra University, utilizing the same data. These
investigations were longitudinal studies involving OCT and
Fundus imaging of mice aged between 1 and 16 months.
However, there are extensive inclusion and exclusion criteria
for patients in human studies. Additional checks are required
to ensure the sample dataset correctly represents the total
population. Due to these design differences between human
and mouse studies, we analyzed mouse studies in a separate
section.

A. DATASET CURATION
Tables 1 and 2 present a detailed overview of each study,
including the data sources, study designs, participant demo-
graphics, scanning devices, data exclusion rules, descriptive
data analysis, main variables studied, feature selection
processes, and data preprocessing steps.

We observed that clinics collected local datasets from a
limited number of patients for their research. There is a lack
of openly available OCT/OCTA datasets for patients with
AD and MCI. Although the data collected increased in later
studies, the numbers were still very low for the deep learning
models. Individuals with MCI are at an increased risk of
developing AD or other forms of dementia, making early
detection and intervention particularly important. Studies
conducted after 2023 [67], [68], [69] included MCI patients
in their work as well.

We encountered a lack of consistency in data collection
standards. The datasets originated from various clinics,
each with distinct AD, MCI, and Healthy Cohort (HC)
numbers. Furthermore, the exclusion criteria detailed in
Section III-A varied between studies, with some studies
not mentioning these criteria altogether. All studies listed
their data sources and inclusion criteria, while five failed to
explain their data exclusion rules [69], [70], [71], [72], [73].
Numerous studies enhanced their analyses by incorporating
demographic information to alleviate the biases arising from
small dataset sizes. However, such descriptive analyses were
absent in these five studies [69], [70], [71], [72], [73], where
exclusion rules were also omitted. OCT and/or OCTA-driven
numerical data were also incorporated in the descriptive
analysis in some studies [67], [68], [72], [74]. Inaddition,
OCT and OCTA scans were obtained using different devices
across studies. These discrepancies resulted in disparate data
domains across the studies.

The limited number of cases in small OCT datasets
poses challenges for DL networks in identifying features
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FIGURE 5. Flow diagram of eligible study selection from a search across PubMed, Web of Science, Scopus,
Google Scholar, Semantic Scholar, and CrossRef databases yielded 4006 deep learning (DL) publications
related to OCT and OCTA applications between 2015 to 2024 (End of Feb. 2024).

associated with complex conditions such as AD or MCI.
Moreover, researchers needed to exclude some of the scans
further due to low signal quality, noise, and motion artifacts.
Therefore, some studies integrated additional information,
including descriptive patient data and quantitative data
derived from OCT and/or OCTA scans, such as Retinal
Nerve Fiber Layer (RNFL) thickness, into their models
to address this challenge [72]. Wisely et al. [6], [67]
compared various input combinations, with the best single
input identified as the GC-IPL thickness image obtained from
OCT. Combiningmultimodal retinal images, OCT andOCTA
quantitative data, and patient data only marginally improved
performance. However, the best performance was obtained
using only the numerical data obtained from OCT devices.
Yoon et al. [75] applied another strategy by combining
multiple quantitative radiomic features and patient data with
OCTA images.

Earlier studies [72], [73], [76] predominantly used numer-
ical data derived from OCT and OCTA images. Similar
to animal studies, Nunes et al. [76] generated Mean Value
Fundus (MVF) [77] images from each layer, followed by
the computation of a feature vector based on the gray-
level co-occurrence matrix (GLCM) [78]. In later studies,
OCTA images were exclusively utilized by Wang et al. [79],
Liu et al. [70], and Gao et al. [69], suggesting a potential trend
towards relying solely on image inputs.

All studies after 2022, except those by Wang et al. [71]
and Gao et al. [69], successfully leveraged OCTA images
in their AD detection studies. While Wang et al. [79] used
Superficial (SVP or SVC) and Deep (DVP or DVC) Vascular
Plexus images of the FAZ area directly, Gao et al. [69] had
a different approach by using the polar transformed SVC
and DVC images. Zhao et al. [68] and Yoon et al. [75] used
automated segmentation of the FAZ area. Yoon et al. [75]
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TABLE 1. Dataset curation protocol details of selected studies. (Part 1).

derived ‘‘randomic features’’ of the FAZ area in their study,
and Zhao et al. [68] added microvasculature segmentation as
well to the features of their training.

B. MODELS AND TRAINING
Table 3 presents the models and training methodologies
employed in each study, describing the augmentation

techniques, data-splitting strategies, and ML/DL algorithms
used in each study. Additionally, it highlights the utilization
of transfer learning techniques, where applicable.

We observed a change in the training models and setup
that aligned with the developments in the field. Early studies
mainly incorporated numerical and/or derived numerical
features to train ML models [72], [73], [76]. In contrast, later
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TABLE 2. Dataset curation protocol details of selected studies.(Part 2).

studies relied on deep learning models despite the associated
challenges listed by Yanagihara et al. [14].

After 2022, the studies started to use images directly
in their training and feature extraction with convolutional
networks. Wisely et al. [6], [67] in both of their studies,
employed a convolutional neural network-based architecture
processing a combination of OCTA images and other data to
predict AD. Recent studies [6], [68], [69], [70], [79] have
demonstrated the use of attention in OCT/OCTA-based AD
diagnosis. Although transfer learning from ImageNet was
more popular for the feature extraction part of the networks
[6], [67], [69], Xie et al. [74] used transfer learning from
other OCTA segmentation networks called OCTA-NET and

FAZ-Net. However, we did not include this study in our
list of eligible studies because the results were not used for
AD classification. The only example of a UNet used for
segmentation was by Yoon et al. [75]

Training with small data sets was the biggest challenge in
these studies. Our review revealed that the most widespread
solution to this issue was to increase the size of the datasets
by producing new instances using data augmentation [6],
[70], [79]. Although there were studies in our survey
that transferred their weights from a range of pre-trained
networks [6], [67], [69], [75], none of these transfer learning
examples could use 3D OCT scans directly as inputs because
the source networks were trained on generic two-dimensional
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TABLE 3. Details of the models and training procedures of the selected models. Acc: Accuracy, Sens: Sensitivity, Spec=Specificity, AUC: Area under ROC
curve.

(RGB) color images, which comprise ImageNet-like
databases.

The classification results of recent deep learning (DL)
studies were promising when each individual study was
considered. Eight studies reported Area Under the Curve
(AUC) results. Wisely et al. [67] and Gao et al. [69] reported
the highest AUCs of 0.96, whereas Lemmens et al. [72]
reported the lowest AUC of 0.74. Among the seven studies
that reported accuracy results, Gao et al. [69] achieved
the highest accuracy of 0.92, and Yoon et al. [75] had
the lowest accuracy of 0.65. Only Nunes et al. [76] and
Yoon et al. [75] reported their sensitivity and specificity
results, while Sandeep et al. [73] reported inverted measures
of false acceptance and false rejection rates. Moderate to high

Kappa results were observed in studies by Zhao et al. [68],
Liu et al. [70], and Wang et al. [79]. F1-Scores of 0.89,
0.86, and 0.71 were reported in three respective studies
[68], [71], [79].

C. VALIDATION OF THE STUDY
We detailed the validation methods and scores used to assess
the accuracy and reliability of each study’s findings, along
with any external validation efforts that further verified
the robustness of the models outside the initial testing
environments in Table 4.

The only common practice observed in these studies
was that the training results were calculated using a five-
fold cross-validation technique. In their last work, only
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TABLE 4. Validation strategies of the selected studies.

Wisely et al. [67] ran their models 10 repetitions and
used the median performance to calculate their results.
All the studies used additional metrics apart from accu-
racy. The later studies [67], [68], [69], [75] incorporated
the most common metrics: Accuracy, Area Under Curve
(AUC), Sensitivity, and Specificity. Wisley et al. [67] and
Yoon et al. [75] added confidence calculations (p-values) to
their results.

Another common practice was to verify the studies using
various ablation methodologies. All of the studies apart from
Wang et al. [71] and Sandeep et al. [73] applied these
techniques.

The three studies by Wang et al. [79], Liu et al. [70],
and Gao et al. [69], which used images directly, also
verified their results using other datasets. These studies also
used interpretability techniques and applied various ablation
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TABLE 5. Animal study details of ML/DL models using OCT and OCTA data.

techniques. In our analysis, we observed that these three
studies were well-designed examples of deep learning flows.

It is difficult to collect AD-specific data in isolation,
therefore Liu et al. [70] and Wang et al. [79] used the public
OCTA-500 dataset [80], whereas Nunes et al. [76] included
Parkinson’s disease in their original dataset. Zhao et al.
[68] and Gao et al. [69] used additional AD-specific
datasets to verify their results. They both observed relatively
good results with transfer learning and fine-tuning in other
domains.

The most frequently employed methods in terms of
interpretability were Grad-CAM [6], [68], [69], [70], [79].
Singh et al. [59] evaluated 13 deep learning explainability
methods for OCT scans and found that the Deep Taylor
method outperformed others in diagnosing choroidal neo-
vascularization (CNV), diabetic macular edema (DME), and
Drusen. Interestingly, none of the AD-related studies in our
review applied thismethod to explain classification decisions.
However, Zhao et al. [68] stood out as they applied an
additional interpretability technique called importance maps.
Lie et al. [70] divided the image into early treatment of
diabetic retinopathy study (ETDRS) grids. They analyzed
the importance of each grid for diagnosis. Zhao et al. [68]
extracted eight parameters from the images characterizing
both the retinal microvasculature and foveal avascular zone
(FAZ), such as vascular length density and vascular area
density. Then, they constructed two additional interpretability
analyses to show the importance of these parameters in
diagnosis, first at the image level with different OCTA
layers and second at the region level on enface images.
Gao et al. [69] used mixed modalities (Fundus and OCT
images ) to detect AD. Their interpretability results showed
that the network focused on the last OCT image layers (ELM
to Chorodial).

D. ANIMAL STUDIES
In our analysis, we identified five mouse studies. Although
they do not follow a standard framework like human
studies, they still apply dataset curation, model training, and
validation processes. We grouped these findings in Table 5
according to the study design, main variables used in the
specified ML/DL algorithms, validation methods, and major
outcomes.

All mice studies involved OCT and Fundus imaging of
mice aged between 1 and 16 months. Although the dataset
selection process was not as complicated as that in human
studies, image quality was one of the biggest challenges.
Researchers have utilized various image improvement tech-
niques, including normalization, [81], [82], [83] histogram
equalization, [82] contrast enhancement, [83] as well as
Gaussian [82] and median filters [73] to enhance the quality
of OCT scans. Subsequently, in later studies [84], deep
learning-based (U-Net) models were employed for automated
segmentation. In these studies, the MVF images and their
GLCM features were generated. The GLCM features were
then classified using a support vector machine (SVM) model,
demonstrating the feasibility of AD detection in mice using
OCT scans [77]. Remarkably, early detection was achievable
with over 80% accuracy in 4-month-old mice, and over
90% accuracy in 8-month-old mice. Ferreira et al. [82] used
MVF images for each layer directly to re-train separate
convolutional networks (Inception v3) for AD classification.
They performed best with MVF images computed using the
RNFL-GCL complex. The only study that worked directly
from OCT-scanned images was conducted by Guimares et al.
[81]. They re-trained two separate DenseNet (ImageNet)
models to predict the age of TMM and WT mice. They
observed the possibility of age prediction for a mouse in both
networks with reasonable accuracy.
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Sayeed et al. [83] also used 24 3xTg-AD and 2256 WT
mice to compare the classification accuracy of various ML
algorithms, including decision trees, neural networks, ran-
dom forests, and SVM. They used GLCM from a normalized
covariance matrix of the fundus and OCT images. The SVM
algorithm exhibited the best performance. The decision tree
algorithm registered the second-best performance, whereas
the neural network algorithm registered the worst.

VI. DISCUSSION
Neuroimaging tools, such as magnetic resonance imaging
(MRI), positron emission tomography (PET), computerized
tomography (CT), and electroencephalography (EEG) help
identify Alzheimer’s disease (AD). Interest has grown in
optical coherence tomography (OCT) and optical coherence
tomography angiography (OCTA), which are promising tools
for early AD diagnosis. These tools are more accessible,
non-invasive, and cost-effective than alternatives (MRI, PET,
CT, and EEG). OCT/OCTA generates high-dimensional,
multimodal imaging data. It is time-consuming and chal-
lenging to interpret and classify. Therefore, the integration
of computer-aided machine learning (ML) and deep learning
(DL) approaches is required to aid reading and classification.

There are a few reviews in this field, each with a limited
scope. Richardson et al. [85] briefly reviewed artificial
intelligence in dementia, while Nahid et al. [86] explored
imaging biomarkers for the early detection of AD using
Deep Learning in neuroimaging and ophthalmology based
on a limited number of studies. Bourkhime et al. [19]
recently reviewed studies on machine learning and novel
ophthalmologic biomarkers for AD screening and identified
only two studies related to OCT images.

This systematic review used the PRISMA framework [20]
to evaluate the effectiveness of machine learning (ML) and
deep learning (DL) approaches in detecting or diagnosing
Alzheimer’s disease (AD) and Mild Cognitive impairment
(MCI) using OCT and OCTA scans. A key difference from
other related reviews is our structured approach through
a ‘‘Deep Learning Flow Framework’’ explicitly tailored
for AD/MCI diagnosis using OCT/OCTA, as depicted in
Figure 4. This structure allowed us to classify DL studies into
critical phases, including dataset curation practices, model
training techniques, and validation methods. Unlike previous
reviews that broadly focused on structural and functional
imaging modalities, our review emphasizes the systematic
application of deep learning techniques to OCT/OCTA data.
Additionally, we examined both human and animal studies
to provide a more comprehensive understanding of the
current research landscape and highlight the translational
potential of animal models in clinical practice. Our study
identified 16 studies, including six that used mice as subjects.
We reviewed the human and mouse studies separately.

Table 6 visually summarizes Tables 1, 2, 3 and 4, outlining
our key findings on how each study conformed to the
framework for ML and DL studies. We did not include
the classification results in Table 6 for several reasons that

hindered a direct comparison of their reported performances.
(1) The models were trained and tested on highly distinct
private datasets acquired using various devices. (2) Different
methodologies were used to distribute instances between
training and testing partitions. (3) The final classification
decision might be based on the results from either one or both
eyes. (4) Performance was reported using different metrics,
such as accuracy, AUC, sensitivity-specificity, F-1 score, and
Cohen’s Kappa.

Building on this unique framework, we discuss our find-
ings from the perspectives of performance, datasets, overall
performance, deep learning models, and interpretability.

Datasets: A major issue with all the human-based studies
we analyzed was the small sample size and lack of
public data. The use of distinct private datasets in different
studies prevents direct comparisons and makes it difficult to
assess the generalizability of the classification performances
achieved. Our review also highlights significant challenges
in the dataset curation process, such as different scanning
devices and inconsistent data inclusion/exclusion criteria for
the cohorts. These variations resulted in inconsistent study
domains.

We observed OCTA datasets and studies [68], [70], [75] in
the years following 2023. They were aligned with medical
protocols and concentrated on FAZ biomarkers for AD
detection.

Overall Performances: The inconsistencies between
the metrics and datasets used in different studies made
it impossible to compare and validate the classification
accuracies. We observed that all recent DL studies used
AUC metrics in addition to other metrics such as (accuracy,
Kappa, Sensitivity, Specificity, and F1-Score). Wisely et al.
[6], [67] and Lemmens et al. [72] preferred to use a single
metric (AUC). The best overall performance was achieved
by Gao et al. [69] with high accuracy (0.92) and AUC
(0.96). Most studies used additional features (image-based or
quantitative) to increase performance. All studies, for those
except Wang et al. [71] and Lemmens et al. [72] used both
eyes (left and right) to double the dataset size. Nunes et al.
[76] found that classification accuracy improved from 82% to
96% when both eyes received the same classification. Some
studies, particularly those of Wang et al. [79], Liu et al. [70],
and Gao et al. [69], demonstrated a more comprehensive
benchmarking approach using external datasets, different
models, interpretability, and ablation studies. Yoon et al. [75]
tested their data using other models, and Wisely et al. [6]
included interpretability results.

Deep Learning Models: Our analysis revealed a shift
from classical ML pipelines to fully automated DL models
for AD detection using OCT/OCTA images. We observed
a shift from numerical features such as layer thickness
measurements and textural metrics, to the direct processing of
images as inputs. This transition was evident in recent mouse
[81], [83], [87] and human studies [6], [67], [68], [69], [70],
[75], [79] built on end-to-end DL architectures. Furthermore,
we observed a correlation between the increasing complexity
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TABLE 6. High-level summary of Tables 1, 2, 3 and 4, showing how the studies comply with the framework details explained in deep learning-driven flow
for AD/MCI diagnosis in OCT/OCTA. Green: the full process is observed in the study, Red: the process is not mentioned or observed in the paper. Amber:
no evidence of any exclusion criteria is observed even with inclusion criteria explained in the paper.

of the models that incorporate advanced DL techniques.
Attention mechanisms were applied in all DL studies
except that by Yoon et al. [75]. Transformers were not
used directly in any of the proposed models; however,
Zhao et al. [68], Gao et al. [69], and Liu et al. [70]
compared their model’s classification performance with
well-known transformer architectures. These DL networks
are considered complex black boxes. Therefore, in addition
to interpretability analysis, more tools are required to test
their robustness. All DL studies applied various ablation
mechanisms to test the contribution of the features and/or
parts to the performance of their models.

We also reviewed how these studies addressed the chal-
lenges of applying data-hungry DL models to OCT images
on small datasets. To address this issue, many researchers
applied techniques such as data augmentation [6], [67],
[68], [69], [70], [79] and transfer learning [6], [67], [68],
[69], [75]. Another challenge involved OCT image quality
and standardization issues, which were mostly addressed by
manually removing low-quality images. Studies used various
image transformation [69], [73], [79], enhancement [69], and
artifact removal techniques [69], [73].

All reviewed DL studies except those by Liu et al. [70]
and Wang et al. [79] utilized transfer learning from generic
networks pre-trained on ImageNet-like databases. However,
OCT scan slice images differ significantly from images in
general databases because the pixel values represent the
measured depth of the retinal tissue at a resolution of a
few micrometers, which may limit the benefits of transfer
learning. Additionally, because pre-trained networks are
often trained on generic RGB color image datasets, their
application requires alignment with the input format. This

requirement confines the analysis to a fixed-size single
2D image input, thereby limiting the utilization of the
entire 3D retinal volume. New OCT fine-tuned foundational
models have become available. However, they imposed
the same limitations because they were also fine-tuned
on generic 2D ImageNet pre-trained foundation models.
RETFound [88], for instance, was trained on a substantial
collection of 736K OCT images from various datasets aimed
at both segmentation and classification tasks. OCTA-NET
[89] and FAZ-NET [90] were developed using the ROSE
dataset [89] for microvasculature and FAZ segmentation.
Despite these developments, none of the analyzed studies
employed OCT/OCTA-specific pre-trained networks.

Interpretability andExplainability: Popular DL explain-
ability methods were designed for standard images. However,
retinal images exhibit different characteristics, making it
important to identify the most suitable method for explaining
OCT/OCTA images. Despite reports that the Deep Taylor
method performs better for OCT scans [59], some recent
studies [6], [68], [69], [70], [79] utilized the most popular
explainability technique called GradCAM.

New interpretability and explainability methodologies
have been developed for transformer-based architec-
tures [91]. RETFound [88], a pre-trained transformer
model for OCT scans, employs a technique specifically
designed for transformer networks that utilizes Deep Taylor
mechanisms [59]. However, further studies are required
to investigate the most effective interpretability methods
for OCT/OCTA images, particularly when trained using
transformer-based networks.

Liu et al. [70] and Zhao et al. [68] utilized an advanced
interpretability technique known as importance maps. This
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approach involved generating additional parameters from
images and conducting interpretability analyses to assess
the significance of these parameters in the model’s clas-
sification process. These studies were notable for their
focus on identifying novel biomarkers rather than merely
classifying data. Liu et al. [70] discovered that, in diagnosing
Alzheimer’s disease (AD), the choriocapillaris (CC) layer is
more crucial than the deep vascular complex (DVC) layer
in optical coherence tomography angiography (OCTA), with
the parafoveal region being the most critical part of the
retina. In contrast, Zhao et al. [68] determined that the
DVC is the most significant layer for distinguishing between
AD and mild cognitive impairment. They found that five
out of eight parameters in the DVC showed significant
differences between early-onset AD and controls, whereas
only two parameters were significant between mild cognitive
impairment and controls. These studies also demonstrated
that utilizing more tailored interpretability techniques can
enhance the identification of new biomarkers, as these tools
can reveal additional informative details.

All eligible studies compared their explainability results
with those of medical biomarkers discussed in Section II.
However, none of these studies verified their findings with
ophthalmologists or through any annotations of test data.
Comparing the explainability results with regions annotated
by ophthalmologists on the same images could offer more
accurate metrics for assessing the performance of the trained
models. Specifically, the Intersection over Union (IoU) met-
ric can be used to quantify the overlap between highlighted
regions of the model and the expert-annotated regions,
providing a robust measure of agreement and accuracy.

Animal Studies and Their Translational Potential: Our
analysis of animal (mouse) studies revealed their pivotal
role in Alzheimer’s disease (AD) research, providing insights
that complement human investigations. Mouse models,
which share 99% genetic similarity with humans, enable
longitudinal inquiries into AD, with triple-transgenic mouse
models (3xTg-AD or TMM) replicating key characteristics of
human AD. Studies focusing on OCT and Fundus imaging in
mice aged between 1 and 16 months mainly focused on the
early stages of cognitive impairment and disease progression.
Since one human year is roughly equivalent to ninemice days,
mouse studies are crucial for longitudinal and age detection
research into early AD progression.

Limitations and Advantages Compared to Other
Modalities:OCT/OCTA studies are relatively new compared
with other neuroimaging research areas. Consequently, the
datasets and publicly available data are limited. The scarcity
of large standardized datasets hinders the ability to test
and compare the robustness of OCT/OCTA-based models
across different studies. Despite being more accessible, non-
invasive, and cost-effective compared to alternatives such as
MRI, PET, CT, and EEG, the challenges in dataset curation
limit the number of publications in this field. This scarcity
makes it difficult to conduct meta-analyses or validate
findings against established benchmarks.

Furthermore, the presence of numerous other eye diseases,
such as age-related macular degeneration and glaucoma,
complicates the identification of AD-related changes in
the eye. Currently, no research or data collection includes
multiple eye diseases alongside AD in patients. The lack
of comprehensive data makes it difficult to distinguish
AD-specific biomarkers from those associated with other
ocular conditions. Detailed structural and vascular informa-
tion regarding the retina found on OCT/OCTA may reflect
other neurodegenerative changes in the brain. For example,
changes in the retinal nerve fiber layer were also reported
in Parkinson’s Disease, Amyotrophic lateral Sclerosis, and
Huntington’s disease [92].

Future Directions:Developing standardized protocols for
data collection and image acquisition is essential to ensure
consistency and comparability across studies. The American
Alzheimer’s Association has initiated the collaborative Atlas
of Retinal Imaging in Alzheimer’s Study (ARIAS) [93], This
study defined a ‘‘minimum dataset’’ framework for SD-OCT
retinal image acquisition and analysis and an ongoing data
collection initiative that adheres to the framework [34].
Similarly, Sampson et al. [94] discussed the requirements for
standardizing the retinal OCTA imaging.

Increasing the availability of large, high-quality public
datasets is critical for supporting the training and validation
of deep learning models. Several initiatives have been
undertaken to address this issue. For example, the UK
Biobank offers a database containing thousands of OCT
scans along with a comprehensive set of health records.
Wagner et al.’s AlzEye initiative [95] currently represents
the most extensive dataset of ophthalmic images but is not
publicly available at the time of writing.

It is essential to conduct longitudinal studies to track
disease progression and validate the predictive capabilities
of deep learning models over time. Although two recent
studies by Wisely et al. [67] and Zhao et al. [68] worked with
cohorts with mild cognitive impairment, longitudinal studies
in humans have yet to be conducted.

The integration of OCT/OCTA imaging with other diag-
nostic modalities, such as genetic and neuropsychological
data, will enable the development of more comprehensive and
accurate diagnostic models. Large-scale global datasets, such
as the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
[96], which include magnetic resonance imaging (MRI),
positron emission tomography (PET), and related data from
thousands of subjects are essential for neuroimaging-based
AD research. Nevertheless, data availability remains a major
obstacle to progress in the OCT/OCTA field, and there is an
urgent need to compile more comprehensive datasets.

Advancing the use of 3D OCT/OCTA imaging techniques
to capture more detailed structural and vascular changes
in the retina could improve the accuracy and robustness
of deep learning models for AD diagnosis. All reviewed
studies were based on 2D OCT/OCTA slice images, although
OCT/OCTA scans are 3D volumes of multiple slices. 3D
OCT scans have the potential to explore larger retinal areas
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and accelerate the search for novel biomarkers. However,
workingwith 3D volumetric data poses additional challenges,
including the requirement for larger training datasets and
computational complexities. Advances in computational
power and cloud services have enabled the analysis of 3D
volumetric retinal images. However, a substantial increase in
input dimensionality requires a significant amount of data to
facilitate the learning of the representation and downstream
tasks of AD detection. Recent research has begun to focus on
entire 3D OCT scans [97], [98], [99], [100].

State-of-the-art DL model explainability is limited to
highlighting salient or important regions in an input image.
They do not provide higher-level observational explana-
tions, such as thinning, thickening, rotation, deformation
of specific anatomic features, or interrelations of various
regions. Consequently, the current state-of-the-art tools do
not support differential comparisons across norms of healthy
individuals or patients with AD to fully support research or
early diagnosis. Therefore, further studies are required to
investigate more effective explainability and interpretability
methods for OCT and OCTA images.

Limitations of the Current Survey: The primary lim-
itation of this study is that despite reviewing an extensive
collection of 4006 papers, only 16 were eligible for compari-
son and analysis. This study covers only OCT/OCTA-related
ML and DL studies published between 2015 and 2024 (end
of February 2024). This survey only considered the studies
written in English.

VII. CONCLUSION
This study reviewed the use of OCT and OCTA retinal
imaging in deep learning to diagnose Alzheimer’s disease
and mild cognitive impairment. We examined recent deep
learning approaches and OCT/OCTA datasets targeting the
diagnosis of these disorders and analyzed 16 relevant ML-
/DL-based studies. The relatively small number of studies
indicates the early stages of this research field. Our analysis
was structured around a Deep Learning Flow framework
that facilitated the analysis of key aspects within the
studies, including data curation protocols, models, training
methodologies, and validation strategies.

Our review revealed significant challenges in the dataset
curation process, including the limited size of datasets,
inconsistent criteria for including or excluding data, and
variations in the standards of scanning devices, leading
to discrepancies across studies. Nevertheless, research on
AD using both OCT and OCTA modalities is gaining
momentum, potentially leading to the discovery of new
AD-specific biomarkers, particularly as large-scale public
datasets become available.
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