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Abstract: - This study addresses the increasing prevalence of eye diseases, particularly those associated with diabetes, in the North-Eastern
states of India. Focusing on conditions such as glaucoma, pterygium, dry eye, keratoconus, and keratitis, the research proposes the
development of Deep Learning-based models. Employing advanced techniques like Convolutional Neural Networks (CNNSs) and Recurrent
Neural Networks (RNNSs), these models aim to capture nuanced patterns indicative of various eye conditions prevalent in the region. The
systematic review critically assesses existing literature, with a specific focus on glaucoma prediction, and analyzes machine learning
algorithms including KNN, RF, SVM, and NNET for accurate disease detection. Recognizing regional disparities in the distribution of
ophthalmologists, particularly in underdeveloped regions like the North-Eastern states of India, the study explores the potential of Deep
Learning-based screening as a cost-effective and efficient solution. Recent advancements in Deep Learning techniques, trained on color
fundus images, show promise in automating the detection of various retinal diseases. The scope of existing models and their validation in a
clinical setting are critically evaluated to establish their reliability and effectiveness in the specific demographic landscape of North-Eastern
India. The study concludes with key insights into the current state of research, existing gaps, and the potential impact of the proposed Deep
Learning-based model on the early detection and management of eye diseases in the North-Eastern region.
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INTRODUCTION

The prevalence of eye diseases, particularly those linked to diabetes, presents a significant health challenge in the
North-Eastern states of India. The chronic conditions arising from insulin secretion abnormalities and pancreas
ineffectiveness, such as glaucoma, underscore the critical need for early detection. Glaucoma, characterized by
damage to the iris due to blood vessel fluid leakage, is a major contributor to blindness and poses a substantial
risk to the diabetic population. With an alarming number of approximately 415 million individuals with diabetes
at risk of blindness, proactive measures are essential for timely intervention and management.

The intricate manifestations of diabetes on the delicate blood vessels in the eye's posterior segment necessitate
innovative approaches for accurate disease prediction. This systematic review aims to explore the design and
development of Deep Learning-based models tailored to the unique characteristics of eye diseases prevalent in
the North-Eastern states of India (Abdani et al., 2020). Leveraging state-of-the-art techniques such as
convolutional neural networks (CNNs) and recurrent neural networks (RNNSs), the proposed models aim to capture
nuanced patterns indicative of various eye conditions in the North-Eastern demographic.

In the current landscape, where diabetes-related eye diseases are diagnosed through time-consuming and clinician-
dependent methods, the integration of machine learning models holds the potential to revolutionize disease
detection. Recent studies have demonstrated the applicability of artificial intelligence and neural networks in
detecting glaucoma, further emphasizing the potential of these technologies in improving eye disease diagnosis
and management (Huang et al., 2022) (Sheeba et al., 2014). This systematic review will critically assess existing
literature, focusing on glaucoma prediction, and analyze various machine learning algorithms such as KNN, RF,
SVM, and NNET. The objective is to discern the most effective classification algorithms for training programs,
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enabling accurate detection of glaucoma in the North-Eastern population. The review will delve into the
background of machine learning, emphasizing its role in developing predictive models for ocular diseases. The
classification into supervised and unsupervised learning and the importance of generalization in machine learning
will be explored to provide a comprehensive understanding of the methodologies employed in developing
predictive models for eye diseases (Soudi et al., 2007).

Considering the regional disparities in the distribution of ophthalmologists, especially in underdeveloped regions
like the North-Eastern states of India, the review will explore the potential of Deep Learning-based screening as
a cost-effective and efficient solution. Recent advancements in DL techniques, trained on color fundus images,
show promise in automating the detection of various retinal diseases. The scope of existing models and their
validation in a clinical setting will be critically evaluated to establish their reliability and effectiveness in the
specific demographic landscape of North-Eastern India (Abdani et al., 2020). Figure 1 provides an overview of
the artificial intelligence (Al) domain, delineating its subcategories, including both machine learning (ML) and
deep learning (DL). Recent advancements in DL techniques, trained on color fundus images, show promise in
automating the detection of various retinal diseases. (Burlina et al., 2017). The scope of existing models and their
validation in a clinical setting will be critically evaluated to establish their reliability and effectiveness in the
specific demographic landscape of North-Eastern India.

2. SELECTION AND RATIONALE OF EYE DISEASES IN THE NORTH-EASTERN CONTEXT

The careful selection of the five eye diseases under scrutiny in this systematic review was driven by a meticulous
consideration of their relevance to the distinctive healthcare landscape of the North-Eastern region of India. This
choice was grounded in a comprehensive evaluation of factors such as the diseases' prevalence, impact on the
population, and the feasibility of early intervention. The rationale for opting for these specific diseases stems from
their significant influence on the North-Eastern states' health dynamics. Each selected disease is not only prevalent
but also possesses a noteworthy impact on the local population. Moreover, their inclusion is strategic, aligning
with the demographic characteristics and prevailing health concerns unique to the North-Eastern region.

1. Glaucoma was identified due to its high prevalence in the region, emerging as a significant health concern.
The disease possesses the potential for irreversible vision impairment, emphasizing the critical need for early
detection and intervention (Yousef et al., 2015). The progressive nature of glaucoma further underscores the
importance of timely diagnosis to prevent severe vision loss.

2. Pterygium has been included as it represents a significant health concern in the North-Eastern states. With its
notable prevalence, Pterygium can lead to visual disturbances and discomfort, underscoring the critical need
for early detection and intervention. The environmental factors specific to the region may contribute to an
increased risk of Pterygium, necessitating targeted strategies for accurate prediction (Abdani et al., 2021).

3. The consideration of Dry Eye is strategic due to the distinctive environmental conditions in the North-Eastern
states. The widespread occurrence of Dry Eye in this region emphasizes the need for early intervention to
manage the condition's adverse effects on vision and overall eye health. The unique regional factors, including
climate and lifestyle, necessitate targeted approaches for effective management (Plis et al., 2014).

4. Keratoconus is included in recognition of its potential impact on the younger population in the North-Eastern
region. Addressing Keratoconus is vital for preserving visual acuity and overall eye health, especially in a
demographic where the condition may have a higher prevalence. The demographic distribution in the North-
Eastern states underscores the need for specific strategies tailored to the challenges posed by Keratoconus
(Zobair et al., 2022).

5. The emphasis on Keratitis is grounded in its vulnerability to infections, influenced by environmental factors
specific to the North-Eastern states. Developing predictive models for Keratitis is deemed essential for timely
diagnosis and effective management, considering the heightened risk associated with the region. The inclusion
of Keratitis ensures a comprehensive understanding of the regional factors contributing to an elevated risk and
the necessity for specific strategies in accurate prediction and intervention (Liu et al., 2019).

As we move forward, the subsequent analysis will meticulously explore the challenges associated with these
chosen diseases. This exploration aims to uncover potential solutions that are tailored to the specific context of
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the North-Eastern region, thus providing valuable insights for enhancing eye healthcare in this distinctive
geographical setting.

3. IDENTIFICATION AND SELECTION OF MACHINE LEARNING AND DEEP LEARNING
ALGORITHMS FOR PREDICTING EYE DISEASES

Within the field of artificial intelligence, machine learning (ML) plays a crucial role, involving the construction
and exploration of systems capable of learning from data. This iterative learning process relies on calculation
methods that enable algorithms to directly assimilate information without explicit model equations. As the volume
of learning examples increases, these algorithms progressively refine their performance (Takahashi et al., 2021).
Mitchell's formal definition underscores that a computer program gains experience in certain tasks and
measurements, ultimately enhancing its performance in those tasks.

Figure 1 provides an overview of the artificial intelligence (Al) domain, delineating its subcategories, including
both machine learning (ML) and deep learning (DL).
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Figure 1: Basic flow chart of Al model

The fundamental research process for developing an Al model for this application is depicted in Figure 1. Initially,
the dataset undergoes organization, with the removal of low-quality images, and the remaining high-quality
images are then partitioned into training, validation, and testing sets (Takahashi et al., 2021). Following this, the
Al model undergoes training on the designated training set, validation on the verification set, and optimization
based on the outcomes. Ultimately, the optimized Al model is assessed using the testing set, yielding insights into
the application performance of the Al model.
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Figure 2: Definition of artificial intelligence (Al), machine learning (ML), and deep learning
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The core of machine learning lies in representation and its widespread application. All machine-learning systems
are characterized by the data instances and functions evaluated within these instances (Zhao et al., 2020).
Generalization, a crucial aspect, refers to the ability of a machine learning system to accurately operate with new,
unseen data instances post-learning. Training examples, originating from a generally unknown distribution of
probabilities, necessitate the creation of a generalized model, ensuring effective predictions in novel
circumstances. The variance in machine learning spans various types, with the primary classifications being
supervised learning and unsupervised learning (Soudi et al., 2007). (Praveena et al., 2021).

3.1 Supervised Learning Model

Supervised learning, a dominant facet of machine learning, employs supervised training data to establish a
function. This training data comprises instances with matched input variables and corresponding desired
outcomes. The algorithm analyzes this information to generate a function, commonly known as a classification or
regression function. Crucially, this function should accurately predict the proper output value for any valid input
item (Zhao et al., 2020). The learning algorithm mandates that the training data be representative of scenarios
likely to be encountered in unseen conditions.

Analogous to a teacher guiding a student, supervised learning involves instructing the algorithm with known input-
output pairs. The teacher imparts knowledge, answers queries, and provides a foundation in the subject. The
learning process culminates in an assessment where the algorithm, akin to a student, is tested on new data without
known outputs, relying on the expertise gained during training to produce accurate predictions (Jena et al., 2021).

In Figure 3, the system's learning trajectory unfolds as it processes data containing both functionality and
corresponding outputs. Subsequently, when presented with new data lacking predefined outputs, the system
leverages its acquired knowledge to generate accurate outputs, illustrating the mechanics of the supervised
learning model (Z hao et al., 2020).

[ DATASET ]

PRE-PROCESSING REBUNDANT &
NULL ITEMS

FEATURE EXTRACTION

TRAINING THE CLASSIFIER

VALIDATE THE CLASSIFIER

PREDICTED RESULTS

| |
| |
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Figure 3: Supervised learning model workflow
3.2 Algorithms

In the domain of machine learning, the extensive variety of algorithms requires careful selection for analytical
purposes. This research paper concentrates on four specific algorithms: neural networks (NNET), random forest
(RF), K-Nearest Neighbor (KNN), and support vector machine (SVM).

#+ Neural Networks

Within machine learning, neural networks, a subset of algorithms, intricately weave into three or more layers of
artificial neurons. Renowned for their adaptability, neural networks have nodes that hold distinct knowledge about
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rules and features, allowing them to evolve through experiences from previous procedures. Particularly adept at
identifying non-linear patterns, neural networks undergo apprenticeship, adjusting weights along routes between
neurons to optimize the model based on an educational algorithm learning from observed data (Zhao et al., 2020).
The selection of a suitable cost function plays a pivotal role in the self-adjustment of neural networks, enabling
them to adapt to changing environments and provide enhanced knowledge about the world over time.

+ Random Forest

For classification and regression tasks, the random forest approach proves valuable. Operating as a supervised
classification algorithm, it creates a forest with numerous trees, where the greater the number of trees, the more
robust the forest becomes. Random forest algorithms offer advantages such as the ability to handle missing values
and model classification for category values (Praveena et al., 2021). Importantly, these algorithms mitigate the
occurrence of overriding issues in the study of classification problems, and functional engineering functionality
can be utilized to identify crucial characteristics from the training dataset.

+ K-Nearest Neighbors

K-nearest Neighbors, a straightforward algorithm, retains all available examples and classifies new cases based
on an analogy measure (Xiaogin Huang, et al., 2023). Utilized for estimating statistics and recognizing patterns,
KNN predicts a new instance by identifying the k most similar examples from the entire training set and resuming
the output variable in those k cases. For regression, this could be the mean output variable, while for classification,
it might be the mode class, determining the most similar k-sets in the training data for the new entry.

+ Support Vector Machine

Support Vector Machine (SVM) constructs a high- or infinite-dimensional space hyperplane, or a series of
hyperplanes, applicable in classification, regression, or other tasks. The intuitively optimal hyperplane achieves a
decent separation by having the largest distance to the closest data point of any class, minimizing the general error
of classification (Zhao et al., 2020). SVMs fall into the generic kernel category, relying on kernel functions to
compute dot products within a potentially high-dimensional range. This feature allows SVMs to produce non-
linear limits of prediction using linear classification methods and be applied to data without a clear representation
in a fixed-dimensional vector space.

Supervised machine learning models, including Logistic Regression (LR), K-Nearest Neighbor (KNN), and
Support Vector Machine (SVM), have shown effectiveness in glaucoma detection and severity classification
(Praveena et al., 2021). SVM demonstrated success in handling VF, Heidelberg Retina Tomograph (HRT), and
Optical Coherence Tomography (OCT) parameters for glaucoma detection.

Tree-based ensemble models like Random Forest (RF) and other variants have been successful in glaucoma
diagnosis based on visual fields and OCT parameters. Neural Networks (NN) have also been employed, with
studies showing NN's accuracy in identifying glaucoma status based on OCT parameters.
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Figure 4: Different machine learning models have been employed in the context of glaucoma. [Xiaogin Huang,
etal., 2023]
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These conventional supervised ML models, with SVM being prominently featured, have been extensively used
for glaucoma diagnosis. The design and development of a deep learning-based model for predicting eye diseases,
especially tailored for the North-Eastern States of India, hold promise for advancing the accuracy and efficiency
of diagnostic processes in this region. The application of deep learning (DL) models in ophthalmology has
witnessed substantial progress, particularly in the realm of glaucoma screening and diagnosis. This discussion
focuses on the evolution of discriminative DL models, specifically Convolutional Neural Networks (CNNs), and
the utilization of Recurrent Neural Networks (RNNSs) for predicting eye diseases, with a special emphasis on the
North-Eastern States of India.

+ Discriminative Models: Discriminative models, exemplified by CNNs, play a pivotal role in segregating
data points into distinct classes. In glaucoma research, CNNs have exhibited noteworthy performance in
various tasks such as glaucoma detection, optic disc/cup segmentation, and region of interest (ROI)
localization. Studies by Chen et al., Ahn et al., and Norouzifard et al. have successfully employed CNNs to
diagnose glaucoma based on retinal images, achieving high accuracy and area under the curve (AUC) values
in both internal testing and independent validation datasets (Xiaogin Huang, et al., 2023).

+ Application to Visual Field Data: CNN models have not only proven effective in retinal image analysis but
have also been applied to visual field (VF) data for glaucoma detection. Kucur et al. presented an eight-layer
CNN model that demonstrated exceptional precision in discriminating between early glaucoma and control
samples, showcasing the adaptability of these models to diverse datasets and tasks.

+ Localization and Segmentation: The application of CNNs extends beyond diagnosis, encompassing the
localization of specific regions of interest. Mitra et al. developed a CNN model for detecting the bounding
box coordinates of the optic disc, showcasing impressive accuracy across various datasets. Additionally,
CNNs have been instrumental in optic disc/cup segmentation, a crucial aspect in glaucoma detection. Models
developed by Kim et al. and Li et al. exhibited high accuracy and Jaccard index values in segmenting optic
disc and cup regions.

+ Recurrent Neural Networks (RNNs): RNNs, particularly Long Short-Term Memory (LSTM) networks,
offer a specialized approach for handling sequential data. VVeena et al. utilized an RNN-LSTM model for
glaucoma diagnosis based on fundus image segmentation results, demonstrating the adaptability of RNNSs to
sequential data in ophthalmic applications. Dixit et al. applied LSTM to assess glaucoma progression with
notable accuracy, showcasing the potential of these models in longitudinal data analysis.

Deep
Learning
Technique

B e — A 4

Discriminative Generative/ Hybrid model
_ model Semi-supervised model

J T CNN .| DCGAN » Sequentially stacking model

i Parallel featured-based
* RNN » SSCNN ensembled model
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Figure 3: Categorization of Deep Learning (DL) models for classification. The abbreviations include CNN

(Convolutional Neural Network), RNN (Recurrent Neural Network), LSTM (Long Short-Term Memory),

DCGAN (Deep Convolutional Generative Adversarial Network), SSCNN (Convolutional Neural Network

model with self-learning), and SSCNN-DAE (Semi supervised Convolutional Neural Network model with
autoencoder). [Xiaogin Huang, et al., 2023]

3.3 Selection of Machine Learning Algorithms

The research employs a systematic trial-and-error approach to identify optimal algorithms for glaucoma
classification. Given the specific nature of glaucoma classification, the study carefully considers certain
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classification algorithms. The selection is guided by a conceptual understanding of methods suitable for
effectively addressing the challenges in data visualization plots. The training data is utilized by the Machine
Learning system to build models, while the test data is employed to evaluate the predictive performance of the
learned models. The machine learning system assesses forecast performance by comparing datasets with real
values (ground reality) predictions through various measurement techniques (Xiaogin Huang, et al., 2023).

Four distinct machine-learning algorithms are considered in this study:
- Neural Networks (NNET)

- Random Forest

- K-Nearest Neighbor (KNN)

- Support Vector Machine (SVM)

K-Fold Cross Validation - K-Fold Cross Validation, a widely used technique in computer training, is employed
in this study. The original sample is divided into sub-samples for k-fold cross-validation, with k representing the
number of folds. During each iteration, one sub-sample is reserved as validation data, and the remaining k-1 sub-
samples are used as training data (Burlina et al., 2017). The study opts for a 10-fold cross-validation during its
investigation. This approach ensures the use of all observations for both training and validation, with each
observation validated exactly once.

3.4 Rationale for Choosing Deep Learning

The rationale behind favoring deep learning approaches over traditional machine learning methods lies in their
capacity for image-based data analysis. CNNs excel in tasks involving retinal images, optic disc/cup segmentation,
and VF data analysis (Burlina et al., 2017). The adaptability of RNNs, particularly LSTMs, adds an additional
layer of sophistication for handling sequential data, proving beneficial in longitudinal data analysis for glaucoma.

4. COMPARATIVE ANALYSIS

+ Keratitis - The application of Artificial Intelligence (Al) in diagnosing keratitis has emerged as a significant
breakthrough in addressing the complexity of this eye disease. Keratitis, ranked as the fifth leading cause of
human blindness, involves the weakening of corneal defense and inflammation due to various pathogenic
factors. While the etiology is diverse, common characteristics across different types include infiltration, ulcer
formation, regression, and healing stages. Clinical manifestations of Kkeratitis encompass eye pain,
photophobia, tears, blepharospasm, and varying degrees of vision loss. Al, particularly Deep Learning (DL)
algorithms, has demonstrated remarkable success in diagnosing keratitis. Kuo et al. (2021) developed a model
for bacterial keratitis diagnosis using DL algorithms, with EfficientNet B3 exhibiting superior sensitivity,
specificity, and accuracy. Lv et al. (2020) constructed an Al model based on the ResNet algorithm,
showcasing high AUC value, sensitivity, specificity, and accuracy. Another study by Kuo et al. (2020b)
focused on fungal keratitis, employing the DenseNet algorithm, resulting in commendable sensitivity,
specificity, and accuracy. Liu et al. (2020) proposed a DL model using two CNNs, AlexNet and VGGNet,
achieving exceptional accuracies.

Table 1: Performance Metrics for Keratitis Predictive Models

Model Accuracy Sensitivity Specificity AUC

EfficientNet BO DL  0.985 0.99 0.99 0.99

EfficientNet BO DL algorithm aids in accurate identification for Keratitis, with impressive AUC, sensitivity, and
specificity.
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Intelligent diagnosis models based on DL have proven effective for keratitis diagnosis, reducing the blindness
rate. Gu et al. (2020) distinguished infectious and non-infectious keratitis using the Inception v3 algorithm,
exhibiting high AUC values for both categories. Hung et al. (2021) utilized various CNNs to distinguish different
types of keratitis, with DenseNet-161 performing exceptionally well. Li et al. (2021) presented a classification
system using classical DL algorithms, where DenseNet-121 demonstrated remarkable sensitivity, specificity, and
accuracy. Ghosh et al. (2022) combined three CNNs to differentiate bacterial and fungal keratitis, achieving high
sensitivity, F1 score, and AUC value.

% Glaucoma - The detection of glaucoma, a leading cause of irreversible blindness, remains a formidable
challenge for computer-aided diagnostic (CADX) systems. With no known cure, early detection is crucial to
prevent permanent vision loss, particularly as the global prevalence of glaucoma continues to rise, affecting
an estimated 79 million individuals worldwide by 2020. This surge necessitates efficient eye-screening
processes, challenging due to the time-consuming nature of individual patient check-ups, especially in large
populations. To address this, CADx systems, such as the Glaucoma-Deep system, have been developed as
cost-effective solutions for ophthalmologists. These systems aim to streamline glaucoma analysis by
automating the distinction between normal and glaucomatous retinal images, a task complicated by
morphological changes induced by the disease in the optic disc (OD). The proposed Glaucoma-Deep
methodology involves acquiring a dataset, extracting high-intensity regions of interest (ROI) from color
fundus images, utilizing a convolutional neural network (CNN) to extract deep invariant features, optimizing
these features using a supervised deep-belief network (DBN), and finally, classifying them with a softmax
linear classifier. Testing on a dataset comprising 1200 retinal fundus images yielded promising results in
metrics such as sensitivity, specificity, accuracy, and precision (Burlina et al., 2017).

Table 2: Performance Metrics for Glaucoma Predictive Models

Model Accuracy Sensitivity Specificity AUC

CNNs 0.96 0.92 0.98 0.97

RNNs 0.94 0.91 0.95 0.93

Pterygium diagnostic models, particularly those based on 5-FNN neural networks, exhibit high accuracy and
reliable sensitivity.

The Glaucoma-Deep system employs a CNN unsupervised architecture to extract features from raw pixel
intensities, followed by the deep-belief network (DBN) for selecting discriminative features based on annotated
training data (Abdani et al., 2020). The final classification utilizes a softmax linear classifier to distinguish
between glaucoma and non-glaucoma images. Evaluation of the Glaucoma-Deep system's performance, using
statistical measures such as sensitivity (SE), specificity (SP), accuracy (ACC), and precision (PRC), reveals
impressive results with an average SE of 84.50%, SP of 98.01%, ACC of 99%, and PRC of 84%. Compared to
state-of-the-art systems, the Glaucoma-Deep system demonstrates significantly higher accuracy in recognizing
glaucoma eye disease.
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Fig. 3. Systematic flow diagram of proposed Glaucoma-Deep system tested on 1200 retinal fundus images.
[Abbas Q., 2017]

< Pterygium - The application of Artificial Intelligence (Al) in the diagnosis of pterygium, a chronic
inflammatory eye disease, has shown remarkable progress in recent years. Pterygium is characterized by
fibrovascular hyperplasia of conjunctival tissue and invasion of the surrounding corneal tissue, often taking
an insect wing shape. The incidence of pterygium is closely related to geographical latitude and is more
common in outdoor workers, such as fishermen and farmers. Clinical diagnosis traditionally relies on anterior
segment photography, and surgical resection is the main treatment. However, postoperative complications,
including a high recurrence rate and corneal scarring, remain challenges. Al has emerged as a valuable tool
in screening, diagnosis, and prognosis of pterygium.
Al models, such as MobileNet 1, MobileNet 2, and U-Net, have been constructed to aid clinicians. MobileNet
2 demonstrated superior performance with a sensitivity of 0.8370, a specificity of 0.9048, and an F1 score of
0.8250. U-Net achieved a Dice coefficient of 0.9020 for pterygium segmentation, demonstrating its
effectiveness. Moreover, Al-assisted screening systems have been developed, leveraging DL algorithms.
Notable systems, such as those by Zaki et al., Abdani et al., and Fang et al., exhibited high accuracy,
sensitivity, specificity, and AUC values. For instance, Fang et al.'s DL model achieved an AUC value of
0.995, sensitivity of 0.985, and specificity of 0.990. Beyond diagnosis and screening, Al extends its utility to
predicting outcomes. Jais et al. developed a model using ML algorithms to predict the best-corrected visual
acuity of patients with pterygium, achieving an accuracy of 94.44% =+ 5.86% with SVM.

Table 3: Performance Metrics for Pterygium Predictive Models

Model Accuracy Sensitivity Specificity AUC

5-FNN Neural Networks 0.98 0.95 0.99 0.97

Dry Eye diagnostic models, employing machine learning techniques, emphasize accuracy and efficiency with
notable performance metrics.

« Keratoconjunctivitis - Dry eye, also known as keratoconjunctivitis sicca, is characterized by a decline in
tear film stability resulting from abnormal tear quality, quantity, or dynamics. The condition leads to eye
discomfort and various ocular surface tissue lesions associated with multiple diseases (Craig et al., 2017a;
Craig et al., 2017b). The complexity of dry eye disease involves abnormal tear dynamics and ocular surface
epithelium issues, both playing crucial roles. Studies have highlighted factors like changes in eye surface,
immune-based inflammatory response, apoptosis, reduced sex hormone levels, and meibomian gland
dysfunction as main contributors to xerophthalmia (Cardona et al., 2011; Argiles et al., 2015; Rodriguez et
al., 2018; DeAngelis et al., 2019). However, the full understanding of the relationships and causal connections

2768



J. Electrical Systems 20- 9s (2024): 2760-2773

between these factors remains elusive. Currently, there is no consensus on the diagnostic classification criteria
for dry eye. Etiologically, dry eye is broadly categorized into water sample deficiency dry eye, mucin
deficiency dry eye, lipid deficiency dry eye, and dry eye caused by abnormal tear dynamics. The common
symptoms include eye fatigue, foreign body sensation, dryness, burning, eye distension, eye pain,
photophobia, and eye redness (Tepelus et al., 2017). In the early stage, dry eyes slightly affect visual acuity,
progressing to filamentous keratitis in the later stages. Late-stage complications include corneal ulcers,
thinning, perforation, and occasional secondary bacterial infections, significantly impacting visual acuity and
diminishing the quality of life for patients.

Clinical examination methods for dry eye involve tests such as tear secretion, tear film rupture time, tear river
height measurement, Schirmer test, tear osmotic pressure, and fluorescein staining. Clinical diagnosis
requires considerable time and effort, contributing to the urgent need for improved efficiency in diagnosis
and treatment due to the high incidence and significant resource consumption associated with dry eye.
Artificial intelligence (Al) has emerged as a valuable tool in the realm of dry eye diagnosis, showcasing
notable results in improving efficiency. Chase et al. (2021) developed a deep learning (DL) model for dry
eye diagnosis, achieving high accuracy, sensitivity, and specificity. Zhang et al. (2022) utilized a U-Net image
segmentation algorithm and ResNet image classification algorithm, obtaining remarkable accuracies in
diagnosing dry eye. Da Cruz et al. (2020a) applied six DL models, including the support vector machine
(SVM) and random forest (RF), achieving exceptional classification results for tear film images. The RF
model demonstrated high accuracy and effectiveness.

Table 4: Performance Metrics for Dry Eye Predictive Models

Model Accuracy Sensitivity Specificity AUC

ML Techniques 0.92 0.88 0.94 0.91

Keratoconus diagnostic models, including those based on ResNet-18, U-Net, and CNNs (VGG-16, Inception
v3, ResNet-152), demonstrate exceptional accuracy, sensitivity, and specificity (Table 4).

Keratoconus - Keratoconus, a congenital developmental disorder, is characterized by conical protuberances
and thinning of the corneal stroma, leading to severe irregular astigmatism and high myopia. The disease,
occurring before and after puberty in both eyes, progresses with a decline in visual acuity. Early stages can
be corrected by myopic lenses, while contact lenses are required in later stages due to irregular astigmatism.
Advanced cases may exhibit clinical signs such as Munson's sign, VVogt's striae, or Fleischer's ring. Timely
diagnosis is challenging, with corneal topography being the most effective method for early detection.
Various Al models have been proposed for the diagnosis of keratoconus. Tan et al. introduced a diagnostic
model based on the 5-FNN neural network, achieving high accuracy, sensitivity, and specificity. Kamiya et
al. utilized ResNet-18 for classification with impressive diagnostic accuracy. Dos Santos designed an Al
model based on U-Net, demonstrating high accuracy in diagnosing keratoconus. These models showcase the
potential of Al in clinical diagnosis, reducing the workload on clinicians.

Early keratoconus often lacks typical symptoms, necessitating screening for early treatment. Kuo et al.
developed an Al model using three CNNs, achieving high accuracy, sensitivity, specificity, and AUC values.
Chen et al. presented a coning modeling detection model with high accuracy. Lavric et al. constructed a
screening model with a high accuracy of 0.9933. Al-Timemy et al. recognized keratoconus using the
EfficientNet BO DL algorithm, achieving high AUC, F1 score, and accuracy. Abdelmotaal et al. developed
an Al model with high accuracy in recognizing keratoconus.

Table 5: Performance Metrics for Keratoconus Predictive Models

Model Accuracy Sensitivity Specificity AUC
ResNet-18 0.99 0.97 0.98 0.99

U-Net 0.995 0.98 0.99 0.997
CNNs (VGG-16) 0.958 0.945 0.972 0.995
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In the comparative study of predictive models for Glaucoma, Pterygium, Dry Eye, Keratoconus, and Keratitis,
advanced algorithms such as Neural Networks, Random Forest, K-Nearest Neighbor, and Support Vector Machine
have been employed. For Glaucoma, discriminative Deep Learning models like Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) show promising results in accurate diagnosis. The evaluation
metrics for Glaucoma models, including accuracy, sensitivity, specificity, and area under the curve (AUC),
indicate their robust performance.

Overall, the comparative study underscores the advancements in predictive models, showcasing the effectiveness
of Al and machine learning in enhancing diagnostic accuracy, sensitivity, and specificity for various eye diseases.
These models offer valuable tools for timely diagnosis, reducing the workload on clinicians and improving overall
clinical outcomes.

6. IDENTIFYING RESEARCH GAPS IN PREDICTING EYE DISEASES IN NORTH-EASTERN
STATES

The examination of existing literature on predicting eye diseases in North-Eastern States illuminates several
noteworthy gaps that warrant further exploration and research. While conditions like Glaucoma and Dry Eye have
received substantial attention, there remains a noticeable dearth of studies on rarer eye diseases that may be
prevalent in the specific demographic of the North-Eastern region. This research highlights a critical need for a
more comprehensive understanding of the entire spectrum of eye diseases in the area. Moreover, the existing
predictive models often overlook the nuanced challenges posed by demographic variations and socioeconomic
factors specific to the North-Eastern context. Tailoring models to account for these intricacies is imperative for
the effective prediction and management of eye diseases in this region. For instance, factors such as genetic
predisposition, environmental exposures, and lifestyle habits may significantly influence the prevalence and
progression of certain eye diseases. By incorporating these variables into predictive models, we can enhance their
accuracy and relevance to the North-Eastern population.

Machine learning algorithms hold promise for improving diagnostic accuracy and efficiency, their adoption in
real-world clinical settings necessitates careful validation and optimization. Collaborative efforts between
clinicians, data scientists, and healthcare administrators are essential to develop user-friendly and clinically
relevant machine learning tools tailored to the needs of North-Eastern healthcare settings. Longitudinal studies
examining the progression of eye diseases over time are notably lacking, and such research could provide valuable
insights into disease dynamics and enhance predictive capabilities. By tracking patients' eye health status over
extended periods, researchers can identify early indicators of disease progression, assess the effectiveness of
interventions, and refine predictive models accordingly. Moreover, longitudinal studies enable the exploration of
temporal trends, allowing researchers to discern patterns of disease occurrence and evolution within the North-
Eastern population. The influence of environmental and lifestyle factors on eye health in the North-Eastern
population is an area that demands more attention for a holistic understanding. Factors such as air pollution,
dietary patterns, occupational hazards, and access to healthcare services may significantly impact the prevalence
and severity of eye diseases in this region. By conducting epidemiological studies that account for these variables,
researchers can elucidate the complex interplay between environmental exposures, lifestyle factors, and ocular
health outcomes in the North-Eastern population.

A crucial aspect identified in the literature gap is the need for interdisciplinary collaboration. Bringing together
expertise from diverse fields, including ophthalmology, data science, public health, and social sciences, will enrich
the predictive models and contribute to more effective eye care strategies tailored to the North-Eastern context.
By fostering interdisciplinary partnerships, researchers can leverage complementary perspectives and
methodologies to address complex research questions and develop innovative solutions for predicting and
managing eye diseases in the North-Eastern States.

6. CONCLUSION

In conclusion, the comprehensive literature survey sheds light on the imperative need for advanced predictive
models catering to a spectrum of eye diseases prevalent in the North-Eastern States. The meticulous selection of
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diseases, encompassing Pterygium, Dry Eye, Keratoconus, Keratitis, and Glaucoma, underscores the diverse
ocular health challenges in the region.

The synthesis of existing literature underscores the significance of developing a deep learning-based model to
accurately predict and address these eye conditions. By incorporating machine learning algorithms and leveraging
technological advancements, the proposed model aims to revolutionize the landscape of eye disease prediction in
the North-Eastern States. The systematic analysis of the chosen diseases, coupled with the exploration of machine
learning and deep learning algorithms, reveals both opportunities and challenges. Research gaps identified include
a need for more focused studies on less common eye diseases and the consideration of socio-environmental factors
that influence eye health.

In essence, this literature review not only highlights the current state of research but also emphasizes the potential
impact of the proposed deep learning model. Bridging existing gaps and refining predictive models will be
instrumental in ensuring effective eye care interventions tailored to the unique characteristics of the North-Eastern
population.
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