
Received 26 November 2024, accepted 23 December 2024, date of publication 26 December 2024,
date of current version 2 January 2025.

Digital Object Identifier 10.1109/ACCESS.2024.3522862

Explainable AI-Based Approach for Age-Related
Macular Degeneration (AMD) Detection
via Fundus Imaging
AINHOA OSA-SANCHEZ 1,2, HOSSAM MAGDY BALAHA 1, ALI MAHMOUD 1,
ASHRAF SEWELAM3, MOHAMMED GHAZAL 4, (Senior Member, IEEE), BEGONYA
GARCIA-ZAPIRAIN 2, AND AYMAN EL-BAZ 1, (Fellow, IEEE)
1Department of Bioengineering, J. B. Speed School of Engineering, University of Louisville, Louisville, KY 40292, USA
2eVIDA Research Group, University of Deusto, 48007 Bilbao, Spain
3Ophthalmology Department, Faculty of Medicine, Mansoura University, Mansoura 35516, Egypt
4Electrical, Computer, and Biomedical Engineering Department, Abu Dhabi University, Abu Dhabi, United Arab Emirates

Corresponding author: Ayman El-Baz (aselba01@louisville.edu)

This work involved human subjects or animals in its research. Approval of all ethical and experimental procedures and protocols was
granted by University of Louisville.

ABSTRACT Age-related macular degeneration (AMD) is a leading cause of vision loss in older people
and is characterized by subtle retinal changes that make early identification difficult. Previous studies have
demonstrated the efficacy of Vision Transformers (ViTs) in classifying medical images by successfully
detecting retinal disorders such as AMD. This paper addresses multiple shortcomings in conventional AMD
diagnostic techniques by exploring the detection and explanation of various AMD subtypes from numerical
features extracted with a ViT model from fundus images through cascaded artificial intelligence (AI) models
using transformers, convolutional neural networks (CNNs), and multilayer perceptrons (MLPs). The data
were preprocessed to recognize intricate disease-related patterns. The best test results using the cascade
method for each model type show that the MLP model achieved an accuracy of 91.86% (with a sensitivity of
92.22% and a specificity of 95.74%). The Transformer model achieved its highest accuracy of 83.72% (with
a sensitivity of 83.86% and a specificity of 89.74%). The CNN model demonstrated the best performance,
with an accuracy of 94.19% (with a sensitivity of 93.84% and a specificity of 96.00%). This work helps
clinicians interpret AMD cases and supports decision-making revealing hidden features of AMD that are not
visible to the human eye. Future research will focus on improving these systems by expanding the databases
in aggregate and incorporating multimodal data.

INDEX TERMS Age-related macular degeneration (AMD), computer aided diagnosis (CAD), deep learning
(DL), eXplainable artificial intelligence (XAI).

I. INTRODUCTION
Age-related macular degeneration (AMD) is a degenerative
eye disease affecting the macula of adults aged 50 years
or older. In 2020, there were more than 196 million
people affected by AMD worldwide (i.e. 8.7% of the total
population) which is a leading cause of visual impairment
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and limited vision worldwide [1]. The number is expected
to rise to more than 288 million by 2040 [2], of which about
113 million of these cases are expected in Asia [3].
In the United States, an estimated 19.8 million Americans

aged 40 and older were living with AMD in 2019, including
1.49 million with vision-threatening AMD. The prevalence
of AMD increases significantly with age, ranging from 2%
among people aged 40-44 to 46.6% among those aged 85 and
older [4]. Additionally, sex- and age-standardized rates of
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AMD were lower for non-Hispanic Black individuals (7.0%)
compared to other racial and ethnic groups, such as non-
HispanicWhite individuals (13.3%) and Hispanic individuals
(13.3%). AMD prevalence also showed significant state-level
variation, from 6.2% in the District of Columbia to 18.3% in
Florida.

In Europe, the prevalence and incidence of AMD are
expected to increase by 15% and 75%, respectively, by 2050,
mainly due to population aging. Among people aged
from 45 to 85 years, the pooled prevalence of AMD
is approximately 8.69% (95% confidence interval [CI],
4.26–17.40). This includes a prevalence of 12.33% (95% CI,
6.46-22.75) in people of European descent, 10.43% (95% CI,
5.27-20.01) in people of Hispanic descent, 7.53% (95% CI,
3.80-14.89) in people of African descent, and 7.38% (95%
CI, 3.80-14.89) in people of Asian descent [5], as shown in
Figure 1.

FIGURE 1. Bar chart illustrating pooled prevalence statistics of AMD
based on data from of [5].

AMD occurs when aging damages the macula and it
contains the highest concentration of photoreceptors in the
retina which is crucial for high-resolution central visual
acuity [6]. As we get older, debris, known as drusen,
accumulates between the retinal pigment epithelium and
Bruch’s membrane. The presence of drusen is one of the first
signs of AMD. There are two forms of AMD, dry and wet,
each classified into different stages [7].
Dry AMD occurs in three stages: early, intermediate and

late, the latter known as geographic atrophy or advanced non-
neovascular AMD [8], see Figure 2. The figure illustrates the
three stages of the dry AMD.Wet AMD, also called exudative
or neovascular, systematically manifests in the late stage and
is distinguished by two grades: inactive and active [9].
Furthermore, wet AMD can be classified as classic, occult

or mixed. Both neovascular (wet) AMD and late-stage dry
AMD are classified as advanced forms of the disease.
Dry AMD is the most common form, wet AMD, although
less common, accounts for 90% of AMD-related limited
vision [10].

More and more is known about AMD due to new research,
but it continues to be difficult to be diagnosed in the early
stages, which is why the different challenges have been
identified. According to the literature [11], [12], the following
challenges exist:

FIGURE 2. Graphical illustration of the three stages of Dry AMD.

• Early detection: Because the disease develops quietly
and early, detecting it can be difficult. In traditional
diagnosis, the lack of ability of current diagnostic
techniques to detect subtle alterations in the retina such
as visual acuity tests, fundus photography, and even
conventional Optical Coherence Tomography (OCT),
are often limited in their ability to detect early-stage
retinal changes. Specifically, these methods lack the
sensitivity required to capture subtle alterations in the
retina, such as the slight thinning of photoreceptor layers
in the ellipsoid zone. Saleh et al. [11] declared that in
the early stages of AMD, there is a slight thinning of
the photoreceptor layers, specifically in the ellipsoid
zone, but this is difficult to detect without sophisticated
imaging techniques.

• Personalized care: Given the different natures of AMD,
personalized diagnostic methods and care are necessary.
For instance, the technique of OCT has been modified
to provide comprehensive depictions of retinal changes
unique to various forms of AMD [12]. Hamid et al. [13]
noted that deep learning algorithms trained on retinal
images can help differentiate AMD types by identifying
these patterns.

• Case interpretation: Determining the diagnosis and
course of treatment can be difficult and subjective
when interpreting images of the retina. Traditional
diagnostic methods involve detailed assessments by
clinicians using imaging techniques such as fundus
photography and OCT to identify key biomarkers,
including drusen deposits and changes in retinal thick-
ness. However, these assessments can be influenced
by the clinician’s experience and interpretation skills,
leading to variability in diagnosis. For instance, a case

342 VOLUME 13, 2025



A. Osa-Sanchez et al.: Explainable AI-Based Approach for AMD Detection via Fundus Imaging

can be diagnosed late or intermediate according to the
experience of the doctor [11]. Karn and Abdulla [14]
mentioned that clinician experience may make the
task of assessing biomarkers on OCT images difficult.
Classifying variations in retinal thickness or the pres-
ence of drusen can be difficult. Aartificial intelligence
(AI) and machine learning (ML) technologies assist in
this process to reduce subjectivity. By analyzing large
datasets and learning to recognize patterns associated
with AMD, AI models provide more standardized evalu-
ations, reducing inter-clinician variability and enhancing
diagnostic accuracy. These technologies offer objective
analyses that support clinicians in making more precise
and reliable diagnoses, ultimately improving patient
outcomes and streamlining treatment decisions.

Because of these difficulties and challenges discussed
in the literature, many research studies such as [15],
[16], and [17] focused on creating accurate, effective, and
personalized techniques to treat and diagnose AMD.Machine
learning and AI have emerged as potential solutions to
solve these obstacles. For example, [15], [18], [19] utilized
vision transformers (ViTs), [16], [20] used convolutional
neural networks (CNNs), and [17], [21] suggested hybrid
approaches.

Following the literature, the current study aims to tackle the
challenges of distinguishing between various grades of AMD
(e.g., normal, have intermediate AMD, geographic atrophy
(GA), or wet AMD). It mainly covers two research questions
(RQ):

• RQ1: How can our AI-based system improve early
detection and staging of AMD compared to traditional
diagnostic approaches?

• RQ2: How does AI-assisted retinal image interpretation
impact the efficacy and accuracy of AMD diagnosis and
treatment options?

Based on these RQs, our major objective is to improve
the classification and interoperability capabilities of our
suggested approach using AI models. Compared to the
literature, our approach provides the following significant
phases and contributions:

- Development of a non-invasive CAD system: The
study proposes a revolutionary CAD system that analy-
ses retinal images for early identification of AMD using
sophisticated machine learning techniques.

- Implementation of AI Algorithms: Different stages
of AMD were classified using a variety of AI models
in three-phase cascade method, such as CNN, Multi-
Layer Perceptron (MLP), and Transformers, showing
the effectiveness of these algorithms inmedical imaging.

- Hyperparameter Optimization: The study utilized the
Optuna library for hyperparameter tuning, enhancing the
performance of themodels and ensuring optimal training
conditions.

- Comprehensive Performance Evaluation: The effi-
cacy of the suggested models was evaluated using a
variety of performance measures, including accuracy,

sensitivity, specificity, and F1-score, which allowed for
a comprehensive examination of their capabilities.

- Contribution to Personalized Medicine: Through
the use of AI, the study increases the preci-
sion of AMD diagnosis, which advances cus-
tomized treatment regimens and may improve patient
outcomes.

This work holds significant value for the clinical sector
as it assists physicians in interpreting diverse cases, thereby
supporting their decision-making processes. Additionally,
it offers various explainability perspectives for AMD and
highlights hidden features that may not be visible to the
human eye.

Paper Organization: The rest of this paper is organized as
follows: Section II gives an overview of related studies in the
field, Section III describes the research materials, Section IV
describes the methodology used, Section V describes the
experimental setup and results, Section VI presents the
limitations of the current study, and Section VII concludes
the paper and offers insights into future work.

II. RELATED STUDIES
One of the leading causes of vision loss in the elderly is AMD,
as mentioned earlier. Because AMD requires individualized
care and is characterized by subtle changes in the retina,
diagnosis can be challenging as conventional techniques
often miss early warning indicators and image interpretation
is not always objective [1], [6], [11], [22], [23].

As noted, AI-based systems emerged as solutions for many
diseases diagnoses including AMD [24], [25]. These AI-
based systems includes Vision transformers (ViTs) that made
recent advances in computer vision (CV), particularly in the
area of medical image classification [26], [27], [28] such as
Diabetic Retinopathy (DR) [27], macular edema [21], and
AMD [15], [29].

ViT models have been demonstrated to be useful for
utilizing a variety of retinal image analytics to detect a
broad spectrum of retinal disorders. Examples of these condi-
tions include AMD, glaucoma, choroidal neovascularization
(CNV), and diabetic macular edema (DME) [18], [30].

ViT models are able to extract complex characteristics and
patterns from retinal images. This allows to focus on the most
important parts of the image and improves their ability to
detect subtle anomalies. For instance, Gholami et al. [15]
worked on detecting AMD using federated learning (FL) and
deep learning (DL) models. They aimed to improve AMD
diagnosis by training models on decentralized datasets from
different institutions.

They built DL models with data augmentation techniques
to handle variations in multiple datasets; implemented
FL algorithms to train models locally on a variety of
datasets; contrasted the results of multiple test sets between
centralized and local models using different encoders.
Centralized models were shown to be the best performing
models for E = 100. In particular, the ResNet18 encoder
showed remarkable accuracy rates, peaking at 94.58% ±
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0.62 on DS1. Furthermore, the ViT encoder demonstrated
remarkable performance, achieving accuracy rates of 98.18%
± 0.55 and 99.11% ± 0.39 on the DS2 and DS3 test sets,
respectively.

Moreover, Xu et al. in [17] examined DeepDrAMD,
AI vision model designed with deep learning via hierarchical
vision transformers to detect AMD using color fundus
images. Two external databases andWMUEH internal dataset
were used to train thismodel. Themain objectives of the study
were to build DeepDrAMD, and to evaluate its performance
in recognizing AMD cases and dividing them into different
subtypes such as wet AMD, dry AMD, and NVM type I and
type II subtypes of wet AMD. The evaluation metrics yielded
a AUC for DeepDrAMD was 96.47% on the WMUEH test
set and 98.76% on the external database Ichallenge-AMD.
Furthermore, the model showed discrimination capabilities
evidenced by an AUC of 99.36% on the WMUEH test set
to distinguish between MNV type I and type II subtypes of
wet AMD.

Additionally, Yao et al. [21] used the FunSwin approach
in to analyze fundus images to quantify the risk of macular
edema and grade diabetic retinopathy. This technique extends
the Swin Transformer framework, which has been improved
and modified to provide features for medical data. They
used the MESSIDOR dataset, which has 1,200 color fundus
images from the posterior pole of the eye. The goals of
the project were to use the FunSwin technique to quantify
diabetic retinopathy and calculate the risk of macular edema.
They obtained an accuracy of 0.9866 and an F1 score of
0.9896.

Furthermore, Yuka et al. [16] worked with a ViT seg-
mentation model to identify the double layer sign (DLS)
on OCT B-scans, because it is a conspicuous hallmark
of nonexudative macular neovascularization (neMNV). The
dataset they used included 251 eyes of 210 patients, including
those with both DLS and drusen. The study wanted to create
a deep learning algorithm that could detect neMNV from
structural OCT images. The performance of the model got
a sensitivity of 82%, specificity of 90%, positive predictive
value (PPV) of 79%, negative predictive value (NPV) of 91%,
and intersection over union (IoU) score of 61.11% for drusen
segmentation and 58.80% for DLS. Furthermore, the model
achieved an AUC value of 0.91.

Besides, the work of Jiang et al. [19] also made use of
ViT. They used an OCT fundus image dataset from Duke
University, which contained images from healthy individuals
as well as AMD and DME patients. The objective was to
create a CAD technique that correctly classified OCT fundus
images for the detection of AMD and DME retinal disorders
using the Vision Transformer. They achieved a classification
accuracy of 99.69% in differentiating between AMD, DME,
and normal images.

In addition, Akcca et al. [18] studied the use of ViTs
for automated identification of retinal disorders. A pub-
licly accessible dataset of 84,495 images divided into the
four classes CNV, Drusen, DME, and Normal was used.

By ensuring a balanced training and testing set, they selected
34,464 images, with an equal proportion for each class. The
objectives of the study were to design a diagnostic system to
minimize the delay of the increasing number of OCT scans,
and demonstrate the effectiveness of transformer models
in categorizing retinal diseases. They obtained an accuracy
of 95.14% when the model was examined and the values
indicated good performance on several categories of retinal
disorders.

Instead of using patches and images, Hemalakshmi et al.
[20] presented a classification framework, called CNN-
RBF classifier, which used a hybrid model combining CNN
with radial basis function (RBF) classifiers. This method
uses features extracted from the multi-scale discriminant
robust local binary pattern (MS-RLBP) method, which used
gradient operations, local binary pattern (LBP) descriptors,
and RGB component analysis to transform retinal images into
numerical representations. The retinal images were further
classified into four groups using the suggested framework:
diabetic retinopathy (DR), AMD, CNV, and normal (NR).
The effectiveness of the method was demonstrated with an
accuracy of 97.22%, sensitivity of 96.49%, and specificity of
100%. These results show a progress in these methods and
show that numerical features can be used to diagnose retinal
disorders.

While previous research has explored the utility of AI-
based systems such as ViTs to directly classify retinal images,
the current research takes a different approach by focusing
on the extraction of numerical features from masked retinal
fundus images, instead of processing them directly.

III. MATERIALS
The main objective is to classify AMD grades using
numerical features coloured fundus images from patients into
different groups of AMD: normal, intermediate, GA and wet.
The dataset consists of 216 images for each grade, so in total;
the dataset comprises 864 images from the Comparison of
AMD Treatment Trials (CATT) and another 864 masks for
each of the images. 864 patients were recruited for a study
through the Comparison of AMD Treatment Trials (CATT),
sponsored by the University of Pennsylvania [31].

This study enrolled individuals over 50 years of age over a
two-year period at 43 clinical centers in differents places of
the United States. Participants received intravitreal injections
of ranibizumab or bevacizumab according to one of three
dosing regimens. Samples from the dataset are presented in
Figure 3
All clinical and imaging data for this study were

identified by the CATT Study Group before being sub-
mitted to the University of Louisville. All subjects pro-
vided informed consent, and data collection procedures
complied with applicable laws and regulations in each
setting.

Study treatments were administered through the CATT
program during each participant’s baseline appointment.
Treatment was administered to participants in the monthly
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TABLE 1. Summarization of the discussed related studies.

dose groups at each visit or as needed. Participants assigned
to the variable dose groups underwent treatment assessments
at each visit.

The dataset is balanced across four AMD subtypes, with
216 images per class. To maintain this balance, images
are divided into two folders: one folder contains GA and

Intermediate classes, and the other contains Normal and Wet
AMD classes. In the ‘‘CustomDataset’’ class, each folder
is treated as a distinct group label, with each containing
432 images (216 images per subtype). The ‘random_split‘
function ensures balanced splits for training, validation, and
testing.
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Using a cascade approach, the first classifier distinguishes
between the two groups (GA/Intermediate vs. Normal/Wet),
and a second classifier differentiates between the sub-
types within each group. This method preserves class
balance and allows for efficient classification of all AMD
subtypes.

FIGURE 3. Samples form the utilized AMD dataset.

IV. METHODOLOGY
The proposed framework, presented in Figure 4, starts by
employing a pre-input ViT model to extract numerical fea-
tures after preprocessing fundus images to highlight regions
of interest. A cascade technique of classifier models is then
used to examine these features and Bayesian optimization
is performed for hyperparameter tuning. Research has been
conducted on three different types of classifiers: CNN, MLP,
and ViT classifiers.

A. PREPROCESSING
The preprocessing procedure for this study is divided into
three main stages to ensure that the input data is well-
organized and full of information, several procedures are
crucial: splitting and preparing the dataset for model training
and evaluation; bitwise AND operation and image cropping;
and numerical feature extraction using ViT. The structure of
the preprocessing for the dataset is presented in Figure 5

1) BITWISE AND OPERATION AND IMAGE CROPPING
A two-phase preprocessing procedure was used. First, only
the areas of interest (ROIs) were extracted by bitwise
ANDing each fundus imagewith its correspondingmask. The
images were scaled to ensure proper proportions and allow
for accurate bitwise operations. Anatomical features in the
images were given prominence.

After the first phase, a cropping process was used to
remove the black border surrounding the ROIs to determine
the bounding box around non-black pixels. Only the material
of interest was kept. The cropped images were saved with a
standard file name and format.

By focusing on the most relevant features, this integrated
preprocessing method refines the dataset.

2) FEATURE EXTRACTION WITH ViT
Using ViTs for the first step in preprocessing the image
data is the extraction of numerical features. We employ
the ‘‘vit_base_patch16_224 model’’ [32], which has been
trained on extensive datasets (e.g., Imagenet database [33])
to provide robust feature representations. The ability of this
model to recognize complex patterns in images makes it
particularly suitable for our use.

The first step of the procedure is to load the images from
the designated location. Each image goes through a series of
adjustments, including center cropping to 224 pixels, scaling
to 256 pixels, and normalization using the mean and standard
deviation values. Scaling to 256 ensures that each image
is of the same size. The center crop is to ensure that the
model processes the main object while removing unnecessary
parts, the cropping stage is essential as it focuses on the
most relevant part of the image. Pixel values were adjusted
by normalization such that the mean and standard deviation
values were obtained from the ImageNet dataset, exactly
[0.485, 0.456, 0.406] for mean and [0.229, 0.224, 0.225] for
standard deviation) and were used to standardize the pixel
intensities of the image.

The ViT model needs images in a specific format, so these
procedures standardize the input and make it compatible with
the model. After being altered, the image is run through the
selected ViT model to extract the features.

3) DATASET SPLITTING AND PREPARATION
After extracting the numerical features, the dataset is split
into training, validation, and testing subsets to facilitate the
model development and evaluation process. 70% of the data
was split for training, 20% for validation and 10% for testing
into three batch sizes 16, 32 and 64 to investigate how they
affect the performance of the models.

B. CLASSIFICATION AND TUNING
In the cascade classification framework presented in this
study, three different possible classification models are used.
A cascade model is an advanced ensemble learning approach
whereby predictions are refined by successively applying
models, increasing overall reliability and accuracy [34]. The
models operate sequentially, with each model generating a
prediction and, based on the response of the previous model,
activating one of the two subsequent models. The cascade
remains active until a choice is reached or until the process
is terminated [35].

1) MLP
This forward-propagating neural network consists of multiple
layers of connected neurons and individual neurons that
process input signals, apply a nonlinear activation function,
and generate an output. The computation performed by a
neuron can be represented by Equation 1 where y is the
output of the neuron, f is an activation function (e.g., ReLU,
Sigmoid, TanH), wi are the weights associated with each
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FIGURE 4. The proposed framework of the current study.

FIGURE 5. The utilized preprocessing approach.

input, xi are the input signals, and b is the bias term.

y = f

(
n∑
i=1

wi × xi + b

)
(1)

MLPs learn by iteratively changing weights and biases to
minimize a loss function, which is known as backpropa-
gation. For classification problems, the mean squared error
(MSE) is a popular loss function, presented in Equation 2
where m is the number of data points, yi is the true label, and

ŷi is the predicted label.

L =
1
m

×

m∑
i=1

(yi − ŷi)2 (2)

2) CNN
It is a type of neural network used to analyze data that
resembles a grid. Convolution is a concept that CNNs use
to extract useful features from input data. The convolution
process is a dot product of the input image region and the
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filter, and creates a feature map by applying a series of
filters, or kernels, to the input image using a convolutional
layer. The resulting feature map captures local patterns and
relationships within the image as presented in Equation 3
where Fi,j is the element at row i and column j of the feature
map, Kk,l is the element at row k and column l of the filter,
Ii+k−1,j+l−1 is the element at row i + k − 1 and column
j+ l − 1 of the input image, and b is the bias term.

Fi,j = f

(
m∑
k=1

n∑
l=1

Kk,l × I(i+k−1,j+l−1) + b

)
(3)

Pooling layers are typically used to minimize the spatial
dimensions of feature maps while still maintaining crucial
information after the convolutional layer. Max pooling and
average pooling are two popular pooling strategies.

Finally, the recovered features are combined with fully
connected layers to create a classification or regression
output.

3) TRANSFORMER CLASSIFIER
A transformer is a neural network design that can identify
long-range dependencies in sequential input. Transform-
ers handle input sequences in parallel. The self-attention
mechanism is the core part of a transformer. Through this
method, the model can determine which elements of the input
sequence are the most important to process at a given time.
The attention calculation is based on the dot product between
the query, key, and value vectors, presented Equation 4 where
Q, K , and V are matrices representing the query, key, and
value vectors, respectively, and dk is the dimension of the key
vectors.

Attention(Q,K ,V ) = SoftMax
(
Q× KT

√
dk

)
× V (4)

Transformers can identify various patterns and correlations
within the input sequence as numerous self-attention heads
are employed. Additionally, positional encoding is used
to provide the model with information about the relative
position of each token in the sequence.

For classification tasks, a transformer can be used in
conjunction with a classification head, such as a fully
connected layer, to produce a probability distribution over
possible class labels.

4) PHASE 1: INITIAL CLASSIFICATION
The initial stage of theM1 classifier involves processing the
features and they are initially classified into two categories
based on the indicators they present: those with GA or
Intermediate conditions and those with normal or wet
circumstances.

5) PHASE 2: SPECIALIZED DIAGNOSTICS
After the initial classification, depending on the result,M2 or
M3 is activated:

- GA or Intermediate Conditions: For patients identi-
fied with GA or intermediate conditions, theM2 classi-
fier is activated.

- Normal or Wet Conditions: For classifications of
normal or wet conditions, theM3 classifier is activated.

The training and optimization of the classifier models
were carried out using Bayesian optimization based on
Gaussian processes. Unlike traditional grid search or random
search, Bayesian optimization incorporates the previous
evaluations, thus improving the efficiency and accuracy of
hyperparameter tuning [36], as shown in Figure 6.

Bayesian optimization, as mathematically represented in
Equation 5. Bayesian optimization differs from grid search
or random search as it considers all historical evaluations.

x̂ ∈ argmax
x∈X

f (x). (5)

Key architectural factors were tuned for each of the classifier
models. Each of these models was configured with unique
features to maximize task performance. With a fixed input
dimension and moving hidden dimensions, the MLP focused
on collecting the data related to the retrieved features. The
CNN’s fully linked and convolutional layers were designed
to detect spatial patterns in the data. Finally, the transformer
classifier was tuned to handle the intricate interactions
between data attributes.

C. ARCHITECTURE EXPLAINABILITY AND
INTERPRETABILITY
For AI models to generate accurate and intelligible predic-
tions in the context of AMD, it is imperative that they are
understandable and interpretable. Applying techniques such
as SHAP (Shap Additive Explanations) [37], [38] and LIME
(Local Interpretable Model Explanations) [38], [39] could
help achieve this.

SHAP values provide a unified measure of feature
importance by attributing a model’s prediction to its features
using cooperative game theory. The SHAP value φi for a
feature i is calculated as presented in Equation 6 where N
represents the set of all features, S is a subset of N excluding
feature i, and f (S) denotes the model’s prediction with the
features in subset S.

φi =

∑
S⊆N\{i}

|S|!(|N | − |S| − 1)!
|N |!

× [f (S ∪ {i}) − f (S)] (6)

LIME explains individual predictions by locally approxi-
mating the model with a simpler, interpretable model. The
approach involves perturbing the input data and observing
changes in predictions. The explanation model g is trained to
minimize the following objective as presented in Equation 7
where L is the loss function (e.g., mean squared error), f is
the original model, πx is the locality measure around instance
x, and �(g) denotes the complexity of the explanation
model g.

ξ (x) = argmin
g∈G

[L(f , g, πx) + �(g)] (7)
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FIGURE 6. The process of each classifier for training.

In diagnosing and treating AMD, these interpretability
methods can significantly aid clinicians by providing insights
into how machine learning models make decisions based on
retinal images. As an example:

- SHAP scores can show which features may be most
important in predicting the course of AMD. SHAP
values quantify the contribution of each feature to
the model prediction for individual cases. For AMD,
this might reveal that certain retinal layers or specific
drusen features have a greater influence on disease
progression. SHAP analysis can explain nonlinear
connections and feature interactions, showing how
multiple biomarker combinations affect classification.

- LIME offers local interpretations of each predic-
tion’s classification, helping clinicians understand the
model’s results. For each prediction, LIME builds
a more understandable and simplified model that
explains how the model reached its conclusion. LIME
might identify the precise imaging features or clinical
data points that were most important in determining
a particular risk assessment for AMD patients. This
patient-tailored explanation can help improve treat-
ment strategies and patient communication about risk
factors. LIME helps clinicians understand the outputs
of models by providing local explanations for each
patient’s prognosis.

Having SHAP and LIME together offers complementary
interpretation of the trained models. SHAP is ideal for

identifying global trends and interactions between patient
population characteristics, providing to clinicians a general
understanding of key factors in AMD progression. LIME,
on the other hand, allows clinicians to interpret individual
patient cases in detail, tailoring explanations to specific
diagnostic scenarios. By bringing the two methods together,
clinicians can rely on a comprehensive and interpretable
framework with SHAP to get general patterns and LIME for
patient-specific information. This dual approach can improve
the transparency and reliability of AI models, transforming
this tools for diagnostic support in AMD.

D. PERFORMANCE ASSESSMENT
Some performance measures were selected to see and
quantify the performance of each model on the classification
tasks. These measures provide crucial details about the
effectiveness and reliability of the suggested approach.

Accuracy is calculated dividing the total number of
samples by the number of samples that were correctly
classified. Higher accuracy shows that the classifier model is
more able to accurately determine which cases are good and
bad.

Sensitivity is the rate of true positives or recall and
measures the ability of the classifiermodel to identify positive
cases. It is calculated as the ratio of true positive samples to
the sum of true positive and false negative samples. A higher
sensitivity is important to reduce false negatives.
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Specificity measures the ability of the classifier model to
identify negative cases. It is calculated as the ratio of true
negative samples to the sum of true negative samples and false
positive samples. In order to reduce false positives, a greater
specificity value is crucial.

Precision represents the proportion of correctly classified
positive cases among all classified positive cases. It is
calculated as the ratio of true positive samples to the sum of
true positive samples and false positive samples. A lower rate
of false positives is indicated by a higher accuracy value.

The F1 Score is the harmonic mean of sensitivity and
accuracy and offers a compromise between sensitivity and
accuracy, making it useful when working with skewed
datasets. A higher F1 score indicates a better balance between
these two parameters.

Balanced Accuracy is a metric that takes into account
the true positive and true negative rates and is calculated
by averaging the sensitivity and specificity. This metric is
particularly useful for imbalanced datasets.

The Dice Coefficient, also known as the F1 score,
measures the similarity between the predicted and actual
segmentation cases. It is calculated as the ratio of the overlap
between the two to the total number of pixels in both regions
and provides a balanced evaluation, rewarding the precision
and recall.

The false negative rate (FNR)measures the proportion of
true positive cases that are incorrectly classified as negative.
It is calculated as the ratio of false negatives to the total
number of true positives. The FNR is good to see the model’s
inability to correctly identify positive cases, as a lower FNR
indicates better performance in detecting positive cases [40].

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(8)

Precision =
TP

TP+ FP
(9)

Specificity =
TN

TN + FP
(10)

Recall = Sensitivity =
TP

TP+ FN
(11)

F1-score =
2 × Precision × Recall
Precision + Recall

(12)

FNR =
FN

FN + TP
(13)

V. EXPERIMENTS AND DISCUSSION
Experiments Configurations: The classification models

were trained using a dedicated local workstation with
an NVIDIA Quadro M4000 graphics card [41]. It offers
sufficient processing power for demanding deep learning
applications. The purpose of this hardware configuration was
to specifically utilize the parallel processing power of the
GPU, which is essential for accelerating model training and
enabling efficient manipulation of system files.

Python 3.9 [42] and PyTorch [43], a deep learning
framework well known for its adaptability and effectiveness

in research settings, were used to run the model building,
training, validation, and testing processes.

Scikit-Learn [44] is a Python AI package that was used
to generate evaluation metrics such as specificity, confusion
matrix, F1, accuracy, and sensitivity. Two Python libraries
were used to produce publication-quality figures and analyze
the data, Matplotlib [45] and SeaBorn [46]. These tools
improved the interpretability and clarity of the study data
by facilitating the creation of visual representations such as
plots of performance metrics, confusion matrices showing
classification results, feature extraction results, and activation
maps.

The target of the experiments is to answer the current
study research questions. This is accomplished by applying
machine learning algorithms such as CNN, MLP, and
Transformer Classifier to examine the numerical features
collected from retinal images. To ensure that each model is
optimized, these models are trained and evaluated using a set
of experiments including early stopping, loss, and precision
tracking. Performance metrics of precision, accuracy, recall,
and sensitivity are calculated through test runs. Using the
Optuna library, hyperparameters of each model are tuned and
the results of each tuning are saved to evaluate how well the
models solve the key research problems.

A. HYPERPARAMETER TUNING
To maximize computational effectiveness and training stabil-
ity across several models, we tested batch sizes of 16, 32,
and 64. Early stopping was employed to avoid overfitting,
and learning rates were constantly adjusted using the Adam
optimizer [47], whichwas based on suggestions fromOptuna.
The best hyperparameters with the best accuracy were found
after 300 attempts.

1) MLP
The MLP was designed with an input dimension of 1000,
reflecting the number of extracted features. Hidden dimen-
sions were optimized between 64 and 1,024, and the output
dimension was set to 2 for binary classification.

For batch size 16, M1 was optimized with a hidden
dimension of 856, a learning rate of 1.596 × 10−4, and
146 epochs, while M2 had a hidden dimension of 322,
a learning rate of 6.46 × 10−5, and 191 epochs. M3, for
the same batch size, featured a hidden dimension of 245,
a learning rate of 2.93 × 10−5, and 93 epochs.

With a batch size 32,M1 was configured with a hidden
dimension of 116, a learning rate of 9.06× 10−5, and trained
for 184 epochs.M2, under the same batch size, had a hidden
dimension of 384, a learning rate of 5.291×10−4, and trained
for 137 epochs, whileM3 had a hidden dimension of 471,
a learning rate of 4.603 × 10−4, and completed 81 epochs.
Finally, for batch size 64, M1 had a hidden dimension

of 826, a learning rate of 3.258 × 10−4, and trained
for 97 epochs. M2 featured a hidden dimension of 663,
a learning rate of 9.723 × 10−4, and trained for 187 epochs,
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TABLE 2. Quantitative metrics for evaluating AMD detection performance.

whileM3 was optimized with a hidden dimension of 900,
a learning rate of 1.32 × 10−4, and trained for 83 epochs.

2) CNN
The CNN optimization design included a first convolutional
layer with output channels ranging from 16 to 64. The
fully connected layer was optimized with features ranging
from 128 to 512, while the second convolutional layer had
output channels ranging from 32 to 128.

For Batch Size 16, M1 was configured with 52 output
channels in the first convolutional layer and 58 in the second,
along with 275 output features in the fully connected layer.
The learning rate was set to 5.496×10−4, and the model was
trained for 20 epochs. M2, on the other hand, had 50 and
123 output channels in the first and second convolutional
layers, respectively, with 421 output features in the fully
connected layer, a learning rate of 8.052 × 10−4, and was
trained for 50 epochs. M3 featured 32 and 106 output
channels, with 495 output features, a lower learning rate of
1.972× 10−4, and a considerably longer training duration of
148 epochs.

For Batch Size 32, M1 was optimized with 54 output
channels in the first convolutional layer and 110 in the second,
along with 475 output features in the fully connected layer,
a learning rate of 4.464 × 10−4, and 20 epochs of training.
M2 included 38 and 117 output channels, with 324 output
features, a learning rate of 7.197 × 10−4, and was trained
for 91 epochs.M3 was set with 34 and 106 output channels,
230 output features, a learning rate of 3.109 × 10−4, and
26 training epochs.

For Batch Size 64, M1 consisted of 30 output channels
in the first convolutional layer and 81 in the second, with
134 output features in the fully connected layer, a learning
rate of 1.406 × 10−4, and 45 epochs of training. M2 had
56 and 120 output channels, with 300 output features,
a learning rate of 5.652 × 10−4, and was trained for
128 epochs.M3 used 32 and 120 output channels, 420 output
features, a learning rate of 3.352 × 10−4, and 42 training
epochs.

3) TRANSFORMER CLASSIFIER
The Transformer model was fit to an input dimension of
1000 and the number of layers was varied from 1 to 6. The

number of attention heads was optimized between 1 and 8,
and the model dimension between 64 and 1024 to ensure
divisibility by the number of attention heads for efficient
multi-head attention.

For a batch size of 16,M1 achieved optimal performance
with a single layer, six attention heads, and a model
dimension of 640. It utilized a learning rate of approximately
1.256 × 10−5and was trained for 23 epochs.M2 also used
one layer and six attention heads but had a larger model
dimension of 940, the learning rate was 4.593 × 10−5, with
17 epochs.M3 was configured with a setup with four layers,
eight attention heads, and a model dimension of 377 with a
learning rate of 4.22 × 10−5 and was trained for 20 epochs.
For a batch size of 32, the optimal configuration for

M1 included four layers, four attention heads, a model
dimension of 559, a learning rate of 5.066 × 10−5and was
trained for 17 epochs. M2 had two layers, four attention
heads, a model dimension of 554, a higher learning rate of
1.73 × 10−4 and was trained for 12 epochs. M3 in this
batch was optimized for six layers, six attention heads, model
dimension of 866, learning rate of 2.57 × 10−5, and it was
trained for 24 epochs.

With a batch size of 64,M1 was configured with one layer,
two attention heads, a model dimension of 245, a learning
rate of 2.19 × 10−5and was trained for 44 epochs.M2 was
optimized with three layers, four attention heads, a large
model dimension of 1,200, a learning rate of 8.83× 10−5and
was trained for 26 epochs. Finally,M3 had one layer, seven
attention heads, a learning rate of 12.6 × 10−5 and a model
dimension of 547.

B. REPORTED RESULTS
1) MLP
We present the testing metrics forM1,M2, andM3 across
different batch sizes as follows:

For a batch size of 16, M1 got a test loss of 0.8627,
an accuracy of 82.56%, a F1-Score of 81.02%, a FNR score of
0.1795 and a sensitivity of 82.05%. The BAC and NPV were
both 82.05%, and the confusion matrix got 39 true positives,
8 false positives, 7 false negatives, and 32 true negatives.
M2 had a test loss of 0.7575, an accuracy of 85.71%, a F1-
Score of 87.89%, a FNR score of 0.1852 and a sensitivity
of 81.48%, with BAC and NPV values also at 81.48%,
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TABLE 3. The utilized hyperparameters for the Transformer, MLP, and
CNN models.

and its confusion matrix showed 14 true positives, 1 false
positive, 5 false negatives, and 22 true negatives.M3 got the
highest performance with a test loss of 0.2132, an accuracy
of 95.45%, a F1-Score of 95.00%, a FNR score of 0.0.05 and
a sensitivity of 95.00%. Both BAC and NPV were 95.00%,
supported by its confusion matrix of 23 true positives, 1 false
positive, 1 false negative, and 19 true negatives.

With a batch size of 32, M1 had a test loss of 0.2639,
an accuracy of 88.37%, a F1-Score of 87.29%, a FNR score
of 0.0811 and a sensitivity of 91.89%, with corresponding
BAC and NPV values of 91.89%. This was reflected in its
confusion matrix of 42 true positives, 7 false positives, 3 false
negatives, and 34 true negatives.M2 reported a test loss of
0.6390, an accuracy of 85.71%, a F1-Score of 85.00%, a FNR
score of 0.1053 and a sensitivity of 89.47%, with BAC and
NPV at 89.47%, derived from its confusion matrix of 19 true
positives, 4 false positives, 2 false negatives, and 17 true
negatives.M3 achieved a test loss of 0.1177, an accuracy of
95.45%, a F1-Score of 94.12%, a FNR score of 0.0588 and a
sensitivity of 94.12%, with BAC and NPV values of 94.12%,
supported by its confusion matrix of 26 true positives, 1 false
positive, 1 false negative, and 16 true negatives.

For a batch size of 64,M1 recorded a test loss of 0.3656,
an accuracy of 91.86%, a F1-Score of 90.91%, a FNR score
of 0.1026 and a sensitivity of 89.74%, with BAC and NPV
also at 89.74%, based on its confusion matrix with 44 true
positives, 3 false positives, 4 false negatives, and 35 true
negatives. M2 had a test loss of 0.5158, an accuracy of
92.86%, a F1-Score of 91.30%, a FNR score of 0.0526
and a sensitivity of 94.74%, with BAC and NPV values of
94.74%, as shown by its confusionmatrix of 21 true positives,
2 false positives, 1 false negative, and 18 true negatives.
M3 achieved a test loss of 0.4102, an accuracy of 90.91%, a
F1-Score of 92.31%, a FNR score of 0.1429 and a sensitivity

of 85.71%, with BAC and NPV at 85.71%, reflected in its
confusion matrix of 16 true positives, 0 false positives, 4 false
negatives, and 24 true negatives.

The cascade test results for different batch sizes are
summarized in the following part:

For a batch size of 16, the cascade method achieved an
accuracy of 89.53%, a F1-Score of 89.85% and a FNR score
of 0.956. The confusion matrix showed 37 true positives,
2 false positives, 7 false negatives, and 40 true negatives.
Sensitivity of the classesM3 was 85.11%, and of the classes
M2 was 94.87%. The BAC was calculated as 90.09%, and
the NPV was 85.11%.

With a batch size of 32, the accuracy improved to 91.86%.
The confusion matrix indicated 45 true positives, 5 false
positives, 2 false negatives, and 34 true negatives. Sensitivity
of the classesM3 was 94.44%, and for classes ofM2 was
90.00%. The BAC was 92.22%, F1-Score was 90.73%, FNR
score was 0.0749 and the NPV was 94.44%.

For a batch size of 64, the accuracy was slightly reduced
to 88.37%. The confusion matrix displayed 35 true positives,
4 false positives, 6 false negatives, and 41 true negatives.
Sensitivity of the classesM3 was 87.23%, and of the classes
M2 was 89.74%. The BAC was 88.49%, F1-Score was
90.42%, FNR score was 0.1148 and the NPV was 87.23%.

2) CNN
We present the testing metrics forM1,M2, andM3 across
different batch sizes as follows:

For M1 with a batch size of 16, the model achieved
a Test Loss of 0.8465, an Accuracy of 82.56%, a FNR
score of 0.2051 and a Sensitivity of 79.49%. The F1-
Score was 80.92%, the NPV was 85.11%, and the BAC
was 82.75%. These metrics indicate that while the model
performed reasonably well, there was room for improvement
in sensitivity. M2 with the same batch size showed a Test
Loss of 1.2267, an Accuracy of 80.95%, a Sensitivity of
77.78%, a F1- Score of 76.92%, a FNR score of 0.2222, the
NPV of 81.25%, and the BAC was 78.57%, the performance
in the accuracy and sensitivity was lower compared toM1.
M3, also with a batch size of 16, demonstrated superior
performance with a Test Loss of 0.4867, an Accuracy of
90.91%, a Sensitivity of 90.00%, a F1-Score of 90.32%,
a NPV of 91.67%, a FNR score of 0.1 and a BAC of 90.91%,
this is the most effective model in this batch size category.

For M1 with a batch size of 32, the model recorded a
Test Loss of 0.3203, an Accuracy of 91.86%, a FNR score
of 0.0270 and a Sensitivity of 97.30%. The F1-Score was
94.56%, the NPV was 97.67%, and the BAC was 93.45%,
showing better results than the batch size of 16.M2 at this
batch size achieved a Test Loss of 0.5914, an Accuracy of
92.86%, a FNR score of 0.0526 and a Sensitivity of 94.74%.
The F1-Score was 93.75%, the NPV was 95.45%, and the
BAC was 92.77%, indicating better results but not as high as
Model 1 in this batch size.M3 obtained the best performance
with a batch size of 32, showing a Test Loss of 0.1907,
an Accuracy of 95.45%, a Sensitivity of 88.24% a F1-Score
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of 93.10%, a NPV of 96.43%, a FNR score of 0.1176 and a
BAC of 91.93%, showing the best results among all models
in this batch size.

ForM1 with a batch size of 64, the model got a Test Loss
of 0.3202, an Accuracy of 93.02%, a Sensitivity of 94.87%,
a F1-Score of 93.86%, a NPV of 95.83%, a FNR score of
0.0513 and a BAC of 92.91%.M2 with this batch size had a
Test Loss of 0.4620, an Accuracy of 90.48%, a Sensitivity of
94.74%, a F1-Score of 91.18%, a NPV of 95.24%, a FNR
score of 0.0526 and a BAC of 92.14%, indicating lower
metrics thanM1.M3 got a Test Loss of 0.4979, an Accuracy
of 90.91%, a Sensitivity of 85.71%, a F1-Score of 91.43%,
a NPV of 94.12%, a FNR score of 0.1277 and a BAC of
90.25%, reflecting a good performance with minor tradeoffs
compared to the other models in this batch size category.

The cascade method was applied to each batch size to
check the overall performance of the model. For the batch
size of 16, the method achieved an accuracy of 86.05%.
The confusion matrix showed a balanced performance across
classes, with a sensitivity of 82.98% for the classesM3 and
89.74% for the classesM2. The F1-Score was 86.33%, the
NPV was 89.77%, the FNR score was 0.1702 and the BAC
was 86.36%.When applied to the models trained with a batch
size of 32, the cascade method achieved the best results, with
an accuracy of 94.19%, a F1-Score of 93.98%, a NPV of
96.08%, a FNR score of 0.0.0833 and a BAC of 93.83%. The
sensitivity was 91.67% for the classesM3 and 96.00% for
classesM2.
For the largest batch size of 64, the cascade method

obtained an accuracy of 88.37%, a sensitivity of 87.23% for
the M3 classes and 89.74% for the M2 classes, with an
F1-Score of 88.39%, an NPV of 89.74%, a FNR score of
0.1429 and a BAC of 88.48%.

The cascade approach got the best metrics with the
batch size of 32, as it was the most accurate and balanced
results.

3) TRANSFORMER CLASSIFIER
We present the testing metrics forM1,M2, andM3 across
different batch sizes as follows:

For a batch size of 16, M1 got a test loss of 0.7770,
an accuracy of 83.72%, a sensitivity of 84.62%, which
translates to a BAC of approximately 82.05% a F1-Score of
82.50%, a FNR score of 0.1538 and an NPV of 86.75%.M2,
with a test loss of 0.7456 and an accuracy of 85.71%, showed
a sensitivity of 81.48%, a BAC of around 81.48% a F1-Score
of 87.93%, a FNR score of 0.1852 and an NPV of 87.38%.
M3 achieved a lower test loss of 0.2652, an accuracy of
93.18%, perfect sensitivity of 100%, a F1-Score of 93.02%,
a FNR score of 0.0, and both BAC and NPV were also 100%.

When evaluated with a batch size of 32,M1 recorded a
test loss of 0.3222 a F1-Score of 90.93%, a FNR score of
0.0541 and an accuracy of 91.86%. It had a sensitivity of
94.59%, corresponding to a BAC and NPV of approximately
94.59%.M2’s performance included a test loss of 0.3193 and
an accuracy of 88.10%, with a sensitivity of 84.21%, a F1-

Score of 86.49%, a FNR score of 0.1579,leading to a BAC and
NPV of around 84.21%.M3 achieved a test loss of 0.2164, a
F1-Score of 90.90%, a FNR score of 0.1176 and an accuracy
of 93.18%. Its sensitivity was 88.24%, with the BAC and
NPV both approximating 88.24%.

For a batch size of 64,M1 got a test loss of 0.4669,
an accuracy of 90.70%, with a sensitivity of 89.74%, a F1-
Score of 89.74%, a FNR score of 0.1026, a BAC and NPV
of about 89.74%. M2 had a test loss of 0.5705 and an
accuracy of 90.48%, with a sensitivity of 94.74%, a F1-Score
of 89.95%, a FNR score of 0.0526, corresponding to a BAC
and NPV of 94.74%.M3, got higher test loss of 0.4297 and
an accuracy of 90.91%, a sensitivity of 85.71%, a F1-Score
of 92.31%, a FNR score of 0.1429, with the BAC and NPV
both around 85.71%.

The following findings provide an overview of the
performance of the cascaded transformer model for various
batch sizes.

For a batch size of 16, the cascade model achieved an
accuracy of 83.72%, a F1-Score of 85.31%, a FNR score of
0.1277 with a sensitivity forM3 classes of 87.23%, while
forM2 classes it was 79.49%. The BAC for this batch size is
approximately 83.36% and the NPV is 86.21%.

For a batch size of 32, the cascade model recorded an
accuracy of 77.91%, a F1-Score of 73.24% and a FNR score
of 0.2778. The sensitivity forM3 class was 72.22%, while
for M2 classes it was 82.00%. This model got a BAC of
approximately 77.11% and a NPV of 72.22%.

With a batch size of 64, the cascade model achieved an
accuracy of 81.40%, a F1-Score of 81.46% and a FNR score
of 0.2553. The sensitivity forM3 classes was 74.47% and for
M2 classes, it was 89.74%. The BAC for this batch size was
approximately 82.11% and the NPV was 81.98%.

The findings presented provide an analysis of the three
models used to categorize AMD. The models were evaluated
with different batch sizes and using a number of criteria.
Overall, in terms of the different metrics, the MLP and CNN
consistently performed better than the Transformer classifier.
The optimal batch size varied between the different models,
but a batch size of 32 yielded the best metrics in most cases.

Research using MLP, CNN, and Transformer classifier
models provides evidence to answer RQ1, results show that
across a range of evaluation metrics, MLP and CNN models
outperformed the Transformer classifier.It is evident that for
a batch size of 16, the MLP model, namely M3, obtained
an accuracy of 95.45% and a sensitivity of 95.00%. The
observed enhancement in performance implies that artificial
intelligence andmachine learning algorithms greatly enhance
the precision of AMD early detection and staging, signifying
a breakthrough in comparison to conventional diagnostic
techniques.

Regarding RQ2, the findings of the study demonstrate the
influence of AI-assisted models on diagnostic accuracy. The
MLP model proved to be valid for accurately recognizing
AMD cases, as evidenced by its balanced accuracy (BAC) of
95.00% and a perfect sensitivity forM3.
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TABLE 4. Summarization of the obtained results for the different configurations and classification models. Bold results are for the cascaded suggested
approach. Blue results are the best reported metrics.

Even the Transformer classifier was not lacking in
potential, as M3 achieved a perfect sensitivity of 1 and
a test loss of 0.2652. However, overall, the MLP and
CNN models performed better. This high degree of accu-
racy highlights how AI has the potential to improve
the efficacy and accuracy of AMD diagnosis, resulting

in better treatment options and ultimately better patient
outcomes.

C. EXPLAINABILITY AND INTERPRETABILITY
Explainability and interpretability have been applied to the
M3 model with a batch size of 32 to the three different
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FIGURE 7. Explainability and interpretability of the transformer classifier.

models. SHAP analysis revealed that several features played
a pivotal role in shaping the Transformer model, which is
shown in Figure 7. The most significant feature was found to
be feature number 678 as it continuously increased the output
of the model.

On the other hand, feature number 627 had a very
detrimental effect. Although not as noticeable as feature
number 678, features 542, 523, 738, and 991 also showed
notable positive impacts. These findings provide information
on the factors affecting the behavior of themodel, information
that may be used to enhance the model’s performance.

The high probability of 1 associated with the GA class
in the Lime plot suggests that the Transformer model has a
high degree of confidence in its prediction of that class for
the specific occurrence. Significant features supporting the
prediction include feature number 585, which has a strong
positive value, and feature number 951 and 379, where a
negative value appears to be significant. Even though they
are less significant, features such as 374, 710, and 648 may
still have some influence.

As for the CNN model, SHAP analysis showed (Figure 8)
that feature number 5 is the most notable positive contributor,
resulting in the best results. On the other hand, feature number
177 shows a significant negative influence that frequently
results in lower predictions. Moreover, features with different
effects, such as features 202 and 242, suggest that the
interaction of other features may affect their influence.

The high probability of 1 associated with GA in the case
of the LIME explanation indicates that the model has a high
degree of confidence in its prediction of GA. Feature 487,
feature 712, and potentially feature 696 are important features
that support this prediction. They all have positive values
that appear to be significant. Features such as 719, 250, 774,
674, 950, 781, and 790 may also affect the prediction to
some extent, but are less significant. All in all, the Lime

chart indicates that the combination of these particular feature
values is what primarily drives the GA model’s prediction.

Regarding the MLP model, the SHAP analysis demon-
strated that, as shown in Figure 9, Feature 684 is the most
significant positive contributor, continuously resulting in
greater outputs. Feature 831, on the other hand, continu-
ously lowers expectations, suggesting a negative association.
Feature 362 and Feature 800, in particular, show varying
impacts, indicating that their impact depends on how other
characteristics interact.

The high probability of 1 associated with GA in the case
of the LIME explanation indicates that the model has a high
degree of confidence in its prediction of GA for the particular
instance. Features 774, 695, and 618 are important features
that have positive values and seem to have an impact on this
prediction. Even though they are less significant, traits like
323, 645, 324, 784, 67, 617, and 329 can also have a small
impact on the prediction.

D. RELATED STUDIES COMPARISONS
It is clear that our MLP model performs well, particularly
with a batch size of 32 where it achieved an accuracy of
0.9186. The sensitivity for the classes M3 and M2 was
0.9444 and 0.9000, respectively, with a BAC of 92.22%.
However, when we compared to state-of-the-art methods,
such as those by Jiang et al., [19] which reported a classi-
fication accuracy of 99.69% with ViT, and Gholami et al.,
[15] with ViT encoder accuracy of 98.18% and 99.11%, your
MLP results are lower.

These studies emphasize the superior performance of
transformer-based models in medical imaging tasks, indi-
cating that while our MLP shows strong performance, ViT-
based approaches still outperform in terms of accuracy and
sensitivity.
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FIGURE 8. Explainability and interpretability of the CNN classifier.

FIGURE 9. Explainability and interpretability of the MLP classifier.

Our CNN results, particularly with a batch size of 32,
are quite competitive, achieving an accuracy of 94.19% and
a sensitivity of 0.9600 for the M2 class. This outcome is
quite similar to the 95.14% ViT model accuracy reported
by Akcca et al. [18]. Even yet, our CNN model is not as
accurate as the CNN-RBF model of Hemalakshmi et al.,
[20] which reached 97.22%. This suggests that transformer-
based models, like ViT, may still be superior in extremely
specialized datasets even though CNNs are quite effective
in our framework, especially when using the cascade
strategy.

Out of all our models, the Transformer classifier in our
analysis performs the worst. It obtained an accuracy of just
0.7791 with a batch size of 32, and sensitivities of 0.7222 for

M3 and 0.8200 forM2. In comparison to the transformer-
based models published by Gholami et al., Jiang et al., and
Akcca et al., this result is noticeably lower. ViT models
achieved accuracy levels close to 95% in those studies, with
some models reaching 99.69%.

Our results demonstrate that while the MLP and CNN
models perform well, particularly with a batch size of 32,
the performance gap between these models and ViT-based
approaches remains notable. Specifically, transformer-based
models such as those by Jiang et al. [19], Gholami et al.,
[15] and Akcca et al. [18] achieve accuracy levels between
95% and 99.69%, surpassing the sensitivity and accuracy of
our CNN and MLP models. This suggests that ViT’s feature
extraction capabilities, which are utilized in our framework,
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TABLE 5. Comparison of the performance of our models with state-of-the-art methods.

still provide substantial improvements when applied to AMD
detection.

The ViT-based feature extraction step plays a crucial role in
identifying fine-grained patterns in the data, particularly for
subtle abnormalities associated with AMD. While our CNN
and MLP models perform well in the cascading framework,
integrating ViT’s features could be further optimized to
improve their performance, especially in detecting challeng-
ing cases.

In terms of sensitivity, the ViT models show superior
ability to identify true positives, which is crucial for early
detection in medical applications. The interpretability of ViT
also provides transparency in understanding the regions of
the image that contribute to the model’s decisions, enhancing
trust in clinical settings.

In conclusion, our CNN and MLP models perform well,
particularly when batch size is 32, but they are not as
good as the most recent ViT models without numerical
features. Studies have shown that transformer-based meth-
ods have higher sensitivity and accuracy, thus including
such models in your framework may improve performance
even more.

VI. LIMITATIONS
The limited amount and diversity data of the dataset selected
to train and test the models may have limited the work
and results. In addition, much work remains to be done on
the interpretability and explainability of the models, which
is critical for clinical decision making. Gaining trust and
ensuring ethical use requires an understanding of model
thinking.

Technically speaking, the bitwise AND operation and
cropping steps rely on bounding box calculation and image
mask correction. These procedures are prone to errors that
provide unreliable results. Resizing the images can also
cause distortions that degrade the quality of its features.
Another area of concern is hyperparameter tuning. BThere
is some possibility that the Bayesian optimization has not
fully explored the parameter space and that the number
of tests or the preset ranges may result in a less than
ideal fit.

VII. CONCLUSION AND FUTURE DIRECTIONS
AMD is a degenerative eye disease affecting the macula
and primarily affects older adults. AMD arises from age-
related damage to the macula, which houses a high density
of photoreceptors essential for sharp central vision. Drusen,
or a buildup of debris, between the retinal pigment epithelium

and Bruch’s membrane, are an early sign of AMD. The
research provides compelling evidence to address two
research questions. The first is to how AI/ML algorithms
can improve early diagnosis and staging of AMD compared
to conventional techniques. In particular, the MLP model
M3 achieved an impressive accuracy of 0.9545 and sensi-
tivity of 0.95 with a batch size of 16. This improvement
demonstrates the significant role of AI and ML algorithms
in increasing the accuracy of early detection and staging
of AMD. The second research question is about how AI-
assisted retinal image interpretation impacts the efficacy and
accuracy of AMD diagnosis and treatment options. The study
highlights the substantial influence of AI-assisted models
on diagnostic accuracy. The MLP model was shown to be
able to identify AMD cases with good accuracy, with a
BAC of 0.9500 and perfect sensitivity for the M3 model.
While the Transformer classifier also showed potential,
achieving a perfect sensitivity of 1 and a test loss of 0.2652,
the MLP and CNN models generally delivered superior
performance.

A major challenge is early detection of AMD, which
can be difficult due to its insidious progression and the
limitations of current diagnostic techniques to identify subtle
changes in the retina. To address this, our work employed
Bitwise ANDOperation and Image Cropping techniques with
AI algorithms, which improved the identification of these
alterations and facilitated intervention. Another challenge
is the need for personalized care due to the variability
of AMD. Our framework incorporated AI techniques for
both image classification and preprocessing to improve the
accuracy of AMD classification and provide personalized
treatment recommendations. The challenge of case inter-
pretation poses difficulties due to the subjective nature of
the data, considering the metrics. Our study utilized AI
models (e.g., ViT, CNN, and MLP) to mitigate this subjec-
tivity and added the explainability studies of the different
models.

Future research is encouraged to examine whether these
models can be applied to diverse clinical settings and
demographic groups, as well as whether remote monitoring
systems can be implemented to promote treatment adherence.
Moreover, to provide a more comprehensive context for
the diagnosis and classification of AMD, the integration of
multimodal data (e.g., clinical, demographic, and genetic
information) together with retinal imageswill be investigated.
The creation of AI-based remote monitoring systems for
continuous patient follow-up is another important area of
focus. These systems allow early changes in patients’
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condition to be detected and improve medication adherence,
which in turn optimizes disease management. Furthermore,
involving ophthalmologists in a feedback loop will be
positive to improve AI models with the help of their
clinical expertise. By incorporating their experience into the
feedback, the model can be iteratively fine-tuned to improve
both performance and explainability, better aligning with
real-world diagnostic needs and facilitating broader uptake
into clinical practice.
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