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Abstract

Cataract disorder is one of the most common vision disorders in the world. As the average age of
the world population increases, many people suffer from it in middle and old age. Timely diagnosis
can prevent the reduction of vision and eventually loss of sight. Considering the prevalence of
Artificial Intelligence algorithms, especially in the medical industry, they could be used for Cataract
diagnosis, IOL determination, and PCO diagnosis. According to the studies, the proposed models for
Cataract diagnosis are very accurate. These developed algorithms have been able to make access to
ophthalmology services easier and reduce treatment costs significantly.
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Introduction

The cornea and lens are two important
refractive structures of the eye. Damage to
these structures could potentially lead to
vision impairment and blindness '. According
to the report of the World Health Organization
(WHO), among the 2.2 billion people with
eye disorders, 52.6 million of them are people
with cataracts >*. Therefore, cataracts are the
leading cause of blindness in the world. Also,
as the average age of the world population
increases, the demand for cataract surgery is
expected to increase .

To date, ophthalmologists have diagnosed
cataracts using a Slit-lamp, so the patient must
be in the doctor’s office. This has become a
significant challenge in, low-income and
resource-poor countries and communities due
to the lack of skilled ophthalmologists and the
high probability of error 7. Early diagnosis of
the disease before the appearance of the initial
symptoms of the disorder could significantly
prevent the progression of the disease and
ultimately, vision loss °.

In recent years, Artificial Intelligence (AI)
has been widely used in various aspects of
medicine, including personalized medicine
such as ophthalmology '°. Machine Learning
(ML) is a subset of Al. These days, Many ML
algorithms, have been developed to classify
cataract stages by using clinical images. These
images had been recorded from examinations
performed by ophthalmologists. Methods such
as Support Vector Machines (SVM) and Neural
Networks (NN) like Convolutional Neural
Networks (CNN), Multilayer Perceptron
Networks (MLP), or attention-based networks
have been used more to classify images '*!!,
These algorithms can play an essential role
in patient care by improving the doctor’s
diagnostic

performance and predicting

possible outcomes.

Due to the increasing use of Al algorithms
in diagnosing and identifying the progress
of cataracts, in this study, several developed
algorithms related to cataract diagnosis, Intra-
Ocular Lens (IOL) calculation, and Posterior
Capsule Opacity (PCO) have been provided.

In the following, first, a definition of cataract
and conventional imaging methods are
provided. Then, an introduction to Al and
its most widely used techniques, i.e., ML
and Deep Learning (DL), which is a subset
of ML, have been described. After that, the
datasets used in developing Al algorithms in
the cataracts field are examined. Finally, a
review of the current applications of ML and
DL algorithms in the cataract-related disorder

have been provided.

Cataracts

The eye lens is one of the body’s structures that
continues to grow throughout life. The two
leading causes of cataracts are associated with
genetics and aging. The lens’s transparency
depends on many factors, including its
microscopic  structure  and  chemical
components 2. The new fibers produced in
the lens do not replace the existing fibers,
and this causes yellow-brown pigments to
develop in the lens with increasing age, which
is the cause of cataracts. The creation of these
pigments reduces the ability of the lens to
homogenize light and leads to a disruption in
the architecture and regular arrangement of
the lens fibers, which reduces the lens’s power
to transmit light. Cataracts are divided into
three groups depending on which part of the
lens is affected: Nuclear Cataracts, Cortical
Cataracts, and Sub Capsular Cataracts '.

Ophthalmologists diagnose cataracts when the
lens is opaque. But when vision is impaired,
surgery is recommended. Of course, external

factors are also influential in cataracts, such
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Figure 1: Four levels of cataracts: a- Normal, b- Immature, c- Mature, d-Hyper mature (16)

as socioeconomic differences, especially in
developing countries, or excessive exposure
to Ultraviolet rays. Therefore, using Al-based
technologies in these countries could be
helpful in the early diagnosis of cataracts and
in reducing the costs for low-income groups *°.

Corneal and lens imaging methods

Fundus and Slit-lamp imaging are used to
examine the cornea and lens. In addition,
these two methods are important in studying
and diagnosing cataracts. Clinical images
used in ML algorithms were recorded by
ophthalmologists using Fundus and Slit-lamp
imaging devices.

Fundus imaging

Fundus ' imaging device consists of a
sophisticated microscope with a sensor. This
device absorbs light reflected from the inner
surface of the eye. Figure 1 shows four
severity levels of cataracts. Fundus imaging
device examines points within the eye that
are biologically important and the complex
patterns created by the retina structure.

Slit-lamp

The Slit-lamp ' device consists of a
biomicroscope and a high-intensity light

C d

source. This device can shine a thin beam
of light into the eye. This system is used to
examine the anterior and posterior parts of the
eye. Ophthalmologists should pay attention to
five factors when choosing a Slit-lamp 2. These
five factors are 1- the way of light radiation - 2-
magnification power - 3- the width and length
of the slit to radiate beam - 4- the filter used
and - 5- the type of light source %°. According
to the way of radiating light, Slit-lamp devices
could be classified into two types: Haag Streit
and Zeiss. In the Haag Streit type, the light
radiates from the top of the device. Meanwhile,
in the Zeiss type, the light beams from the base
of the device. Also, the magnification power
should be at least 20 times in Slit-lamp devices.
Also, the ophthalmologist uses a secondary
hand lens to examine the retina. This lamp
magnifies the internal structures of the eye
to use the obtained details for the anatomical
diagnosis of various cataract diseases. Figure
2 illustrates the four levels of nuclear cataracts.

A glance at Artificial intelligence

Machine learning is one of the broad and vital
fields of Artificial Intelligence. ML allows
the system to use the available data generated
during the clinical encounter between the
doctor and the patient to optimize itself ',
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Figure 2: Four levels of nuclear cataracts(4)

Classical ML algorithms such as Random
Forest (RF) that need to extract features,
can learn high-level features gradually by
discovering optimal parameters and weights.
Meanwhile, Artificial Neural Networks
(ANN), such as CNN, can learn high-level
features by extracting features automatically
from some layers and finding optimal weights
and parameters. Due to this property of
ML models, the performance of different
ophthalmic image classification models has
made significant progress. These models can
detect cataracts, calculate the power of the
IOL, and also predict the progression of PCO
(Figure 3) 8.

ML that, with the
availability of more powerful and cheaper

includes algorithms
hardware, can imitate human thinking using
pre-stored data. Deep learning is also a
subset of ML #2. The branch of DL includes
more advanced algorithms inspired by
neural networks. These algorithms, which
are called neural networks, can engineer and
automatically extract features from stored
data. The decision-making of ML and DL
algorithms is based on classification . DL
classification algorithms are more widely used.
The reason for this is the ability of DL methods
to extract features using several hidden layers
automatically. This NN particularity makes
them perform better in classifiers than ML

classical methods, which extract features

manually > (Figure 4).

The data given to the ML algorithms and
their sub-branches for prediction is pre-
processed in several stages. After performing
the pre-processing steps, features that are
distinguishable and non-redundant are
extracted. There are several methods to
extract features, some of which are: contourlet
transform, curvelet transform, principal
component analysis, and discrete wavelet
transform (Figure 5).

Therefore, feature extraction could reduce
model training time. It also avoids overfitting
the model.

phase, they feed to classification algorithms

After the feature extraction

to determine the class. There are different
classification algorithms, the most widely
used of which are: SVM, RF, Logistic
Regression (LR), Decision Tree (DT), and
K-nearest neighbor (KNN). In addition to the
mentioned cases, CNN and Recurrent Neural
networks (RNN) are among the most widely
used classifiers.

Among the mentioned neural networks,
CNN % is the most widely used in image
processing issues such as ophthalmology
image processing. In CNN, the architecture of
the layers is such that it avoids the problem
of image processing in the form of piece
processing that was common in NNs such as
MLP. CNN can identify patterns in images.

In other words, the layers of CNN help this
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Detection of cataracts
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Figure 3: Al workflow for Cataract prediction, IOL calculation, and PCO has been shown by some

related studies
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network to learn different features of an image.

In general, the architecture of a CNN consists
of an input layer, an output layer, and several
hidden layers. In each hidden layer, the weight

of the neurons and the bias values are the same.

But the network constantly updates the weights
of the neurons during training. Updating the
weights of the neurons in the hidden layers
means that the neurons are detecting different
features. Three of the most common layers
that lie between the input and output layers
are pooling, convolution, and ReLU, which

Convolution

Input

transform data to learn specific features. The
convolution layer applies a set of filters on
the input images that activate certain features
of the images. The ReLU activation function
allows for faster training. Because by keeping
positive values and mapping negative values
to zero, it transfers only the activated features
to the next layer. By performing sampling,
the pooling layer reduces the dimensions of
the features, and in this way, the number of
parameters that the network must learn and
the number of calculations would be reduced.
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Pooling

vy L2
11 ) S LY 8

ceerrs

v

Feature Extraction

—

Classification

Figure 6: CNN workflow with Convolution, Pooling, and fully connected layer
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Figure 7: RNN and LSTM comparison. a- RNN (X X : Input, YY, : Output, hh : Hidden state).
b- LSTM (x x;: Input, hh: Hidden state, cc, : Cell state, f: Forget gate, g: Memory cell, i: Input gate,

o: Output gate)

The last layer, which is a fully connected layer,
consists of a vector with k length which is the
number of classes into which the CNN could
classify the data. On this layer, the SoftMax
activation function is applied to classify
images. Figure 6 illustrates the CNN workflow
and association layers.

In addition, RNNs 2* are other types of neural
networks that are interesting for researchers in
video processing. RNN uses past information
on current and future inputs to improve its
performance. The structure of the RNN
consists of state and hidden loops. Having a
loop allows the network to work on sequences
such as video processing by storing past
information in a hidden state. The RNN has
two categories of weights to use the past
information. The network learns these weights
for both the inputs and the hidden state during
the training process. So, the hidden state is
based on the previous entries. Finally, the
output is based on the current input and the
hidden state. To solve the RNN problem by
learning long-term dependencies, network
training is done through backpropagation. But
this causes the RNN to experience gradient

disappearance or gradient explosion. As a
result, the weight of the network becomes
too small or too large and limits the learning
of long-term dependencies. A Long-Term
Short-Term Memory (LSTM) network is a
special type of RNN that can overcome this
problem. For the network to learn long-term
dependencies better, the LSTM network uses
additional gates to control the information
in the hidden cell to the output and the next
hidden state. Figure 7 demonstrates the RNN
and LSTM architecture.

Performance evaluation of ML systems is done
using the parameters of accuracy, sensitivity,
recall, specificity, Area Under Curve (AUC),
and F1 score. Table 1 shows the formulas of
the most common evaluation metrics.

In the development of algorithms based on
Al for processing ophthalmic images, it is
essential to provide statistics on the population
on whose eye images the algorithm is based.

Datasets

The set of images used in the training of
ML and DL algorithms that are available to
the public are Cataract challenge ', Age-
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Table 1: The most common metrics calculate the ML algorithm’s performance

Metric Formula Methods
TN+TP . . .
Accuracy TNETPLFNLFP Binary classification
TP . . .
Recall TP+EN Binary classification
o N . . .
Specificity TN+EP Binary classification
.. TP . . .
Precision “TP+FP Multiple classifications
2xprecisionxrecall ) ) )
Fl-score — Multiple classifications

precision + recall

Related eye disease study ¢, Visual Field 7/,
CaDIS %8, and EyePACS ?°. Table 2 shows the
general information of these datasets. These
datasets are used to compare different cataract
classification methods. To check the accuracy
of the model trained on these datasets, the
clinical dataset collected from the participating
laboratories is used, and most of them are
private.

Developed algorithms for Cataract detection

As has been mentioned before, ophthalmic
images such as Fundus and Slit-lamp are used
to develop Al algorithms for cataract diagnosis.
Until now, many systems using ML algorithms,
which are a set of Al algorithms, have been
designed for cataract detection. Our review
paper investigates cataract classification using
DL, and in some studies, has been combined
with classical ML techniques for image
classification.

XU et al. 3, proposed an architecture that
consisted of a ResNet network, along with
two SVMs as classifiers and a fully connected
neural network. This new architecture has been
called Hybrid Global-Local Representation
CNN Model (GLCM). This architecture has

been trained by using cataract fundus images.
To use the potential of fundus images, they
used a technique based on multiple stacked
features to distinguish the intensity of cataracts.
The overall accuracy of this proposed model
has been reported over 86 %. This group
of researchers used this model to diagnose
different stages of cataracts. So, sensitivity and
specificity have been reported for four classes
Non-cataractous, Mild, Moderate, and Severe.
The amount of sensitivity and specificity for
images with non-cataractous labels were 95 %
and 83.32 %. Also, for the Mild labels, these
mentioned metrics have been reported at
79.8 % and 88.38 %. For another two classes,
sensitivity and specificity have been reported
at 80.05 %, 88.30 % for the Moderate level,
90.10 %, and 84.95 % for the severe level of
cataracts.

Gao et al. ', presented a structure of CNN,
RNN, and Support Vector Regression (SVR)
algorithms. To teach the proposed method,
they used the images obtained from the
clinical examinations of ophthalmologists
with a slit-lamp device. This model could only
reach an accuracy of about 70 % and 0.304 for
Mean Absolute Error (MSE). But, Li et al. 32,
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Table 2: Some of the well-known Cataract datasets

Dataset Name images number of samples Type of dataset Disease name

Cataract challenge 50 videos video cataracts

Age-Related eye disease AMD, Cataracts, and
206500 Fundus photograph
study healthy eyes
. . . . Glaucoma, Cataracts,
Visual Field 4012 Visual Field
and healthy eyes
EyePACS 1239 Fundus images Cataracts
CaDIS 4670 50 videos Cataracts

developed a model called Visionome, which
can achieve accuracy between 79 % and 99 %
for identifying cataracts or pathology of the
anterior part of the eye by using only slit-lamp
cataract images.

Xu et al. 3%, have used a group of CNNs
such as (AlexNet) and (VisualDN) to learn
features directly from the input data obtained
from fundus images. These methods could
detect cataracts by their different layers. This
proposed method achieved an accuracy of
about 86 %, and to some extent, could meet
the expectations of telemedicine for eye care.
Also, MSE has been reported at 0.336 for
this model. In another study, Zhang et al. **,
developed an architecture in which they used
eight layers of Deep CNN with a SoftMax
activation function to classify cataract images
for cataract detection and cataract grading task.
The proposed model achieved an accuracy of
over 93 % on database 2 G. Also, they have
reported sensitivity and specificity for cataract
grading tasks on database 4 G. For the
suggested method, sensitivity, and specificity
have been reported at 95.63 % and 77.99 %
on images classified as non-cataractous. Also,
sensitivity and specificity for this method
were 83.28 % and 90.22 % for the Mild grade,
57.92 % and 91.04 % for Moderate grade, and
81.67 % and 88.60 % for the severe level of

cataract. The reported accuracy for grading
cataract tasks has been reported at over 86 %.
In addition, Dong et al. ¥, developed a model
using SoftMax activation function and five
layers of CNN to classify cataract images in
different stages of this ocular ailment. The
proposed method achieved accuracy between
81 % and 94 %.

In a newly published paper, Qiang et al. *,
developed a system based on Faster R-CNN
and ResNet deep learning framework. The
system has been trained on the datasets of
EENT Hospital and the Pujiang Eye Study
Project. The suggested system had able to
achieve an AUC equal to 0.983 for the EENT
hospital dataset and 0.977 for the Pujiang
dataset in the classification of cataract images.
In a study by Garcia et al ¥/, a region-based
CNN trained on frames of phacoemulsification
cataract surgery videos. In addition, this
algorithm could recognize the phase of the
ongoing surgery. Therefore, machine vision
or attention algorithms were applied to the
identified phases. Algorithms were able to
provide visual feedback to the surgeon. The
mentioned algorithm was able to reach AUC
equal to 0.972 for phacoemulsification. Finally,
this algorithm achieved 90.23 % accuracy in
pupil segmentation.

The model implemented by Tauoma et al. 3%,
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was an automated ML model. This model
was able to classify ten different stages of
cataracts. The team designed the model on
Google Cloud AutoML Video Classification.
The model was trained on a public dataset
including 122 surgical videos. Another data
set was used to validate the model. This model
achieved an AUC equal to 0.855. In addition,
the sensitivity and accuracy criteria have
been reported as 81 % and 96 %, respectively.
This model could predict the two stages
of cataract surgery, Hydrodissection, and
phacoemulsification, with 100 % and 92.31 %
accuracy, respectively.

In the model developed by Jacob et al. *°,
VGG-16 has been used to classify fundus
images that were most likely to have a cataract
disorder. In evaluating the performance of this
model, only accuracy was considered. This
model was able to classify fundus images with
98.83 % accuracy.

In another study by Matton et al. %, a
model based on dense CNN and a recursive
averaging method has been developed. In
this study, cataract surgery videos collected
during 2020 and 2021 were used to train the
model. Finally, a database containing 190
videos and more than 3.9 million annotated
frames, called BigCat, was created from
these images. The Area Under the Receiver
Operator characteristic Curve (AUROC) value
of 0.9985 was reported for the trained model.
Also, the F1 score and accuracy of this model
were equal to 0.9528 and 0.9935.
CataractNet’s deep neural network for cataract
detection on Fundusimages has been developed
by Junayd et al. *! The computational cost and
average execution time of CataractNet are
lower than pre-trained CNN models. To train
this model, 1130 Fundus images related to
cataracts and without cataracts were added to
4746 images and used. The trained algorithm

achieved an accuracy higher than 99 %
and outperformed many cataract detection
methods.

IOL determination using machine learning

methods

One ofthe challenges for ophthalmologists after
cataract surgery is the accurate determination
of the IOL. Despite significant advances in
IOL * prescription formulas, refractive errors
may occur and require replacement. Therefore,
this issue can pose a significant challenge
even to patients. In recent years, the use of ML
algorithms has led to significant progress in
this field.

Wu et al. ¥, developed an algorithm that uses
different modes to classify the images obtained
by taking pictures with a slit-lamp device into
two categories mydriatic and non-mydriatic.
This proposed architecture is ResNet deep
learning network, which can distinguish
between a cataract lens and a standard
crystalline lens with a 3-step sequence. The
AUC value for the proposed architecture
has been reported to be greater than 0.99 for
postoperative and over 0.95 for cataract mode.
Also, the reported accuracy for both of these
modes was 98.18 % and 88.79 %. Although
the measured sensitivity for postoperative and
cataract phases were 96 % and 92 %. Ladas
et al. ¥*, have combined SVR, X-Gradient
Boosting (XGB), and ANN methods, which
are among supervised learning algorithms,
with SRK, Holladay II, and Ladas Super
formulas. The result of this procedure was an
improvement in Mean Absolute Error (MAE)
and the number of eyes at 0.5 diopters for each
of the mentioned IOL formulations. SVR and
XGB had 81 % performance improvement
compared to SRK with 61 %.

Kane’s * formula for predicting IOL is one of
the most effective formulas in studies. This
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formula is a combination of regression and
Al has consistently been in the Top 3 new
generation formulas in terms of performance.
In addition, it has surpassed the Haigis, Olsen,
and Barrett Universal II formulas as well as
the third-generation formulas. The reported
MAE for the Kane formula is 0.377.

In another study, Carmona-Gonzalez et
al. ¥ TUsed KNN, ANN, SVM,
RF Machine Learning models, and they

and,

developed a method to calculate IOL power
called Karmona. This data-driven method
uses specific parameters to predict IOL. The
results of this method have been exceptionally
superior compared to Barrett Universal II
and other third-generation formulas. For the
Karmona formula, MAE before adjusting has
been reported at 0.24+0.18 and after adjusting
has been performed, was 0.24+0.18. Another
formula has been developed to calculate IOL
power called PEARL-DGS #. This model
predicts the influential position of the lens and
biometric values by linearizing the output. In
the comparison that was done to evaluate the
formula with 13 other formulas, it was ranked
after the last generation of formulas, namely
Kane, Evo 2.0, VRF-G, and Barrett Universal
11 1. But the overall result was evaluated as
good. Finally, after the full release of the data,
it was found to outperform the Olsen, Evo
2.0, and Barrett Universal II formulas. MAE,
Median Absolute Error, and mean Prediction
Error have been recorded at +0.25, +0.5, and
+0.75.

Ladas et al. >3, have developed an incredible
formula for the IOL. This formula is the result
of the combination of SRK/T, Hoffer Q, and
Holladay I formulas with Koch adjustment
and also Haigis formulas. Considering that
this formula shows an accurate representation
of the output sections, compared to Barrett
Universal II and Holladay I, couldn’t have

better performance.

Algorithms for identifying Posterior Capsule
Opacity

One of the most common complications after
cataract surgery, which has a significant impact
on vision, is PCO **. To overcome this problem,
several algorithms based on Al were developed.
Mohammadi et al. >, presented an algorithm
for checking PCO with an accuracy of nearly
87 %, based on ANNSs. Also, for this proposed
model AUROC reported at 0.71. In addition,
Jiang et al. %, to monitor the progress of PCO
over 24 months, presented a hybrid algorithm
based on CNN and LSTM. They trained
their model using 6090 images from clinical
examinations performed by ophthalmologists.
This model, called TempSeq-Net, achieved a
high accuracy of 92 % and an AUC greater
than 0.97.

Algorithms developed in this field of cataract
screening can predict the possible risk early.
This helps to treat the patient correctly and
thus avoid possible complications that affect
vision.

Conclusion

In this article, 19 studies were reviewed to
evaluate the proposed methods for cataract
diagnosis, Posterior Capsule Opacity, and
IOL determination. 11 articles related to
classification methods of cataract images, six
articles for IOL determination formulas, and
two articles for suggested methods for posterior
capsule opacity detection were reviewed. This
article allows researchers to be aware of the
advances in Artificial Intelligence algorithms
for cataract diagnosis and the necessary care
during and after the operation.

Artificial Intelligence and its use in the field of
ophthalmology have brought benefits such as
cost reduction and accessibility. There are still
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extensive challenges facing using Artificial
Intelligence-based methods in this field, such
as data security and patient privacy. But one
of the other challenges is that anterior segment
diseases such as cataracts are often not imaged.
Therefore, the process of model training and
validation is complicated due to the lack
of data. Of course, the main challenges in
undeveloped and developing countries are
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ML: Machine Learning

DL: Deep Learning
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NN: Neural Network

SVM: Support Vector Machine

RF: Random Forest

LR: Logistic Regression

KNN: K-Nearest Neighbor

RNN: Recurrent Neural Network

CNN: Convolutional Neural Network
PCO: Posterior Capsule Opacification
WHO: World Health Organization
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LSTM: Long-Term Short-Term Memory
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