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Editorial
Deep learning based artificial intelligence (AI) that seeks to simulate human intelligence has generated wide spread
interest in Medicine. Simultaneous development in computer graphic processing and improvement in mathematical models
have allowed analysis of big data possible for its applications in Medicine1. Ophthalmology being a specialty where multi
modal imaging is an important part of management has witnessed tremendous scope of application of AI.
Notwithstanding some inherent problems it is now clear that AI is going to play a very prominent role in future of
Ophthalmology2. It is thus important for ophthalmologists to understand basic principles of AI to understand the present
state and future potential of this technique in Ophthalmology. In this issue readers will find interesting articles on AI.
We are in the middle of Covid 19 pandemic. I appreciate the effort of authors, reviewers and journal staffs for whom we
could publish this issue in time while fighting the pandemic.
1.

Ting DSW, Pasquale LR, Peng L, Campbell JP, Lee AY, Raman R, Tan GSW, Schmetterer L, Keane PA,
Wong TY. Artificial intelligence and deep learning in ophthalmology. Br J Ophthalmol 2019 ;103:167-75.

2.

Kapoor R, Walters SP, Al-Aswad LA. The current state of artificial intelligence in ophthalmology. Surv Ophthalmol
2019;64:233-40.

Sambuddha Ghosh
Editor
journal@ophthalmicresearch.in
sambuddhaghosh@gmail.com
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Machine Learning: An Introduction
Subhashis Banerjee1, Sushmita Mitra1

Abstract:
Today artificial intelligence and machine learning have pervaded almost every domain of our daily lives, including medical applications.
In this context, a basic understanding of these technical areas becomes all the more evident. This article presents an introductory overview
on the concepts of machine learning and artificial intelligence. It has been prepared with minimal technical intricacies, in order to make
it lucid and understandable to an interdisciplinary audience, particularly from the medical domain. It encompasses major issues like data
and model selection, curse of dimensionality, as well as the different kinds of learning involved in the process.
Keywords: Artificial intelligence, Machine learning, Dimensionality reduction, Learning.
Artificial intelligence (AI)1 is an area of computer science
that emphasizes the creation of intelligent machines that
work and react like humans. In 1959, Arthur Samuel, a
computer scientist who pioneered the study of Artificial
Intelligence (AI), described Machine Learning (ML)2, 3 as
“the study that gives computers the ability to learn without
being explicitly programmed”. Alan Turing’s seminal paper
(Turing, 1950) introduced a benchmark standard for
demonstrating machine intelligence; whereby a machine
has to be intelligent and responsive in a manner that cannot
be differentiated from that of a human being. ML is an
application of AI where a computer/machine learns from
the past experiences (input data) and makes future
predictions. The performance of such a system should
at least be at par with human level. A more technical
definition given by Tom M. Mitchell2 states “A computer
program is said to learn from experience E with respect
to some class of tasks T and performance measure P, if
its performance at tasks in T, as measured by P, improves
with experience E”.
Machine Learning (ML) is a subset of AI, which
encompasses the construction and study of methods and
algorithms that can parse data, learn from it, and then
apply their learning towards arriving at informed decisions.
The purpose of ML is to facilitate computers to learn by
themselves. If programming is automation, then machine
learning is automating this process. Since generating

software is the major bottleneck, given the scarcity of
good developers, the objective is to allow the data to do
the work in lieu of humans. Machine learning is also a
way to make programming scalable.

•

Traditional Programming: Input data, with the
code, run on the computer to produce output.

•

Machine Learning: Input and output data are
provided to the computer to create a program for
decision-making.

The process of learning begins with observations or data
— such as examples, direct experience, or instructions
— in order to search for patterns in the data to make
better decisions in the future, based on the examples
provided. The primary aim is to allow the computer to
learn automatically, without human intervention or
assistance, and adjust its actions accordingly.
A machine learning pipeline is used to help automate the
learning workflow. It operates by enabling a sequence of
data to be transformed and correlated together in a model,
which can then be tested and evaluated to achieve an
outcome (positive or negative). Machine learning (ML)
pipelines consist of several steps to train a model, and
are iterative; as every step is repeated to continuously
improve upon the accuracy of the model and generate an
efficient algorithm. In order to build better machine learning
models, while deriving the maximum value from them, it
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becomes imperative to design accessible, scalable and
durable storage solutions; thereby, paving the way for
on-premise data storage.
Today data has become a modern-day currency.
Tremendous value and intelligence is being regularly
extracted from the large, captured datasets (Big data),
and has led to actionable insights through today’s world.
It is not just about storing data any longer, but capturing,
preserving, accessing and transforming it to take
advantage of its possibilities and the value it can deliver.
Many of today’s ML models or deep learning models [4]
are capable of executing a specific task or providing
insights derived from ‘what happened’ to ‘what is likely to
happen’ (predictive analysis). These models are complex
and are never completed; but rather, through the repetition
of mathematical or computational procedures, are applied
to the previous result and improved upon each time to
get closer approximations to ‘solving the problem’. Data
scientists want more captured data to provide fuel to train
the ML models. A typical machine learning pipeline would
consist of the following processes, as given in Fig. 1.
1.

Data collection: Machine learning requires training
data, and a large amount of it (whether labelled, as
in supervised learning; or unlabelled, as in
unsupervised learning). Data collection, or
datafication, is the first step.

2.

Data preparation: Raw data alone is not very useful.
The data needs to be prepared, normalized and deduplicated, while eliminating errors and bias.
Visualisation of the data can be used to look for
patterns and outliers; to determine if the right data
has been collected or if any of it remains missing or
incomplete.

3.

Choosing a model: The third step consists of
selecting the right model. There are many models
that can be used for many different purposes. Upon
selecting the model, one needs to be sure that the
model meets its business standard. In addition, one
is expected to be aware of the amount of preparation
(processing) the model requires, its accuracy, as
well as its scalability. A more complex model does

not necessarily constitute a better model.
4.

Training: This constitutes a major portion of machine
learning. The objective is to use the training data to
incrementally improve the predictions of the model.
Each cycle of updating the model parameters
corresponds to one training step. In supervised
learning the model is built using labelled sample data.
In unsupervised learning, on the other hand, the
algorithm tries to draw its inference from unlabelled
data (without references to known or labelled
outcomes).

5.

Evaluation: Next comes the evaluation of the model.
This entails testing the learning algorithm on an
unused (unseen) control dataset to determine how
well it performs. This can be representative of how
the model works in the real world; but it does not
necessarily imply the same. However the larger the
number of variables in the real world, the bigger the
training and testing datasets are expected to be.
Parameter tuning: After evaluating the model, one
needs to test the initial set of parameters to improve
the learning component in AI or the machine learning
algorithm. Increasing the number of training cycles
can lead to more accurate results. However, one
should be able to define when a model is good
enough; as otherwise one can end up continuing to
update the model. On the whole, this is purely an
experimental process.

6.

7.

Prediction: After completing the process of data
collection, data preparation, model selection,
training, evaluation and tuning of its parameters, it
is time to answer queries in terms of the model
prediction. This encompasses all kinds of predictions,
ranging from image recognition to semantics, all
through to predictive analytics.

Data and Model Selection:
A machine learning algorithm learns from data. It is critical
to provide appropriate data for the problem under
consideration. Given proper data, it needs to be
ascertained to belong to a suitable scale, format and
possess meaningful features. The more disciplined one
is in handling of data, the more consistent and better are

Fig. 1: A typical machine learning pipeline
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the results obtained. The process for getting data ready
for a machine learning algorithm can be summarized in
the following three steps.

•

Data Selection: Consider what data is available,
what data is missing and what data can be
eliminated.

•

Data Pre-processing: Organize the selected data
by formatting, cleaning and sampling from it.

•

Data Transformation: Transform pre-processed
data by engineering the features using scaling,
attribute decomposition and/or aggregation.

Data preparation is a broad subject involving a number of
iterations, exploration and analysis. Perfecting the art of
data preparation enables good machine learning. Data in
standard machine learning practice can be categorized
into three kinds as follows.

•

Training Data: The part of data used to train the
model. This is what the model actually sees (at input
and output) and learns from.

•

Validation Data: The part of the data which is used
to simultaneously evaluate the model, based on its
fit on the training data, while updating the hyperparameters involved (initial set parameters before
learning begins) during training.

•

Test Data: Once the model is completely trained,
the testing data provides an unbiased evaluation. On
being supplied the testing data as input, the trained
model predicts some values (without knowing the
actual output). The model is evaluated by comparing
its prediction with the actual output (as available in
the labeled test data). The procedure evaluates how
much the ML model has learned from the known
training data, during the training phase.

The goal of machine learning experts is to discover
patterns. But how can one be sure of having truly
discovered a general pattern and not simply memorized
the data? For example, imagine that we wanted to hunt
for patterns among genetic markers linking patients to
their dementia status, where the labels are drawn from
the category set {dementia, mild, cognitive impairment,
healthy}. Note that a person has unique genes to identify
herself (ignoring identical siblings), and it is also possible
to memorize the entire dataset. This is undesirable.
We do not want our model to predict something like “That
is Krishna — I remember him. He has dementia!” The
reason is very simple. When the model is deployed in a
real life scenario, it will typically encounter patients it
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has never seen before. The predictions will, therefore, be
useful only if the model has truly discovered a general
pattern. To recapitulate, more formally, the goal is to
discover patterns that capture regularities in the underlying
population from which the training set was drawn. If we
are successful in this endeavor, then we could
successfully assess risk even for those individuals that
the model has never encountered before. This problem of
“How to discover patterns that generalize?” is a
fundamental issue in machine learning.
The problem arises during training, when the model is
able to access only a limited fraction of the actual data.
The large publicly available image datasets contain roughly
one million images. However, we are often constrained to
learn from only thousands or tens of thousands of samples
due to space and time limitations of the computational
facilities. In a large hospital system we might require
access to hundreds of thousands of medical records.
Hence working with a finite number of samples, in such a
scenario, the model inherently runs the risk of discovering
apparent “incorrect” associations; which may not
necessarily hold in the context of larger data (as they
become dynamically available).
Upon altering the model structure or the hyper-parameters
during experimentation, one often notices that given
enough processing nodes, layers, and/or training epochs
(iterations), the model may eventually attain a perfect
score on the training set; although its accuracy on the
test data deteriorates. This phenomenon of fitting the
model more closely on the training data, as compared to
that of the underlying distribution, is called over fitting.
One of the techniques to combat over fitting is
regularization.

Learning Algorithms:
Learning is generally of five types, viz. supervised,
unsupervised, semi-supervised, reinforcement, and deep
learning. These are elaborated below.

A. Supervised learning
Here the machine experiences the examples along with
their labels or targets. The labels in the training data help
the algorithm to correlate the features. Two of the most
common supervised machine learning tasks are
classification and regression. In classification problems
the machine learns to predict discrete values,
corresponding to the most probable category, class, or
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exists no correct answers provided by a teacher.
Algorithms are on their own to discover and extract the
inherent structure in the data. An example is illustrated
in Fig. 3, where the machine needs to self-differentiate
between the categories “fish” and “bird”; without being
taught which belongs to which through any kind of training.
Until class labels get provided the machine has to learn
by itself to differentiate between these categories, through
discovery of some kind of similarities or patterns inherent
amongst the attributes involved. Unsupervised learning
problems can be further grouped into clustering and
association rule mining.

Fig. 2: Classification example.

label for the unseen test samples. Fig. 2 illustrates an
example of the classification task, where the model learns
to classify different geometric shapes like hexagon,
square and triangle. Applications of classification include
predicting whether a stock’s price will rise or fall, or
deciding if a news article belongs to the politics or leisure
section. In regression problems the machine must predict
the value of a continuous response variable. Examples of
regression include predicting the sales for a new product,
or the salary for a job based on its description. Some of
the popular algorithms include

•
•
•

Some of the well-known algorithms for unsupervised
learning include

•
•

k-means clustering,
A priori algorithm for association rule mining.

When presented with digital images at the input,
unsupervised learning corresponds to segmentation. In
the medical domain this could imply demarcating a tumor
in any organ under consideration.

k-nearest neighbours,
decision trees,
artificial neural networks.

In the medical domain supervised learning could strive to
predict whether a tumor is malignant or benign, or (say)
predict the grade of a cancerous tumor.

B. Unsupervised learning
Here the input data is provided with no label or target.
The goal of unsupervised learning is to model the
underlying structure or distribution in the data, in order to
learn more about it. Unlike supervised learning, there

Fig. 3: Unsupervised learning example.

In clustering the algorithm needs to discover the inherent
groupings in the data, such as grouping customers based
on their purchasing behavior. An association rule, on the
other hand, strives to discover rules describing large
portions of the data; such as, people that buy bread also
tend to buy milk.

C. Semi-supervised learning
Problems presenting with a large amount of input data,
where only some of them are labeled, fall under semisupervised learning. They are intermediate to supervised
and unsupervised learning. A good example is a photo
archive, where only some of the images are labeled while
the majority remain unlabeled. Many real world machine
learning problems fall into this area. This is because it is
often be expensive or time-consuming to label data, as it
may require access to domain experts.
This is particularly true in the medical domain, where
annotated images are typically scarce and hence
valuable. On the other hand, unlabeled data is cheap;
and easy to collect and store. One can use unsupervised
learning to discover and learn the structure among the
input variables. Moreover supervised learning can be
employed to make best guess predictions for the
unlabeled data, and subsequently use that as training
data for predictions on new unseen data. Terminologies
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like active learning and interactive learning refer to
such situations.
Fig. 4 illustrates the simple idea. First we train the model
on labeled data. Next the trained model is used to predict
labels for the remaining unlabeled data, thus creating
pseudo-labels. Finally, the originally labeled data and the
newly generated pseudo-labeled data are combined to
form a fresh dataset to further train the algorithm.

Fig. 5: Reinforcement learning.

sometimes the machine may not be able to learn whether
a certain action is effective, until much later in the
sequence of the episode.
Besides, there is the so-called dilemma of exploitation/
exploration trade-off. Aiming to maximize the numerical
reward, the agent has to lean toward actions that are
known to lead to positive results while avoiding those
which do not. This is called exploitation of the agent’s
knowledge. However, to determine which of the actions
is actually correct the agent ought to first explore all these
at the risk of getting penalised. This is known as
exploration. Balancing exploitation and exploration is one
of the key challenges in reinforcement learning, as
illustrated in Fig. 5; it is an issue that does not arise in
the purer supervised and unsupervised learning strategies.

E. Deep learning
Some of the limitations of traditional “shallow” ML
algorithms include their

Fig. 4: Semi-supervised learning.

1.

inability to deal with high dimensional data, i.e.,
“curse of dimensionality”,

2.

failure to scale on statistical challenges, due to
implicit “priors” assumptions like smoothness and
local constancy,

3.

dependency on human domain knowledge for feature
representation, and
inability to generalize well, with the hand-crafted
features being usually designed by experts over fixed
training sets.

D. Reinforcement learning
Reinforcement learning solves a different kind of problems,
where an agent interacts with an environment to change
its state and receives rewards (or penalties) accordingly.
There is no correct output label as in supervised learning,
but a reinforcement signal — serving as a reward for a
correct decision and punishment otherwise. Its goal is to
determine the pattern of actions yielding the highest
reward, while exhaustively investigating all possibilities.
One of the key features of this kind of learning is that the
actions might not affect the immediate state of the
environment but impact the subsequent ones. Therefore
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4.

Deep learning (DL) helps overcome some of these
problems through its automated extraction of features,
bypassing human intervention. Instead of relying on
statistical methods, the deep learning architectures
depend largely on calculus while attempting to mimic
the structure of the biological brain. Artificial neural
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networks, with considerable depth of layers, constitute
deep networks.
The training process for deep learning is quite similar to
that of conventional machine learning, except that there
is no more need for “Feature Engineering”. Since deep
learning models depend on connection weights to specify
the importance of corresponding input attributes, the
model automatically learns the relevant features. Thereby
higher weights get assigned to the features that are
relevant for a decision, with lower values being assigned
otherwise. This enables elimination of separate feature
engineering module, as shown in Fig. 6. Some of the
popular deep learning models include

Data needs to be provided as input to a learning algorithm.
If the model (algorithm) is the motor, then data is its fuel
to work. Features must represent the information of the
data in a format that best fits the needs of the algorithm
to be used to solve the decision problem. While some
inherent features can be obtained directly from the raw
data, we usually need some derived attributes from the
original set of features to handle the underlying decisionmaking problem. A not so good model fed with meaningful
features typically performs better than an amazingly
efficient algorithm fed with low-quality features; leading
to the phrase “garbage in, garbage out”.
Feature extraction generates valuable information from
raw features through reformatting, combining, and
transforming the primary features into newer more
appropriate ones. These can be consumed by a machine
learning model to achieve its goal. Feature selection is a
simpler task. Given a set of potential features, we select
some of them and discard the rest. Feature selection is
applied either to prevent redundancy and/or irrelevance
existing among the features; or just to get a limited number
of features to prevent over fitting. When all the features
are equally relevant, one can also perform feature
extraction to reduce the dimensionality for eliminating
any redundancy along with a reduction in computational
costs.

Fig. 6: Classification in deep learning.

•
•
•

reduce the number of features under consideration. Two
strategies, often used, are (i) Feature selection (choosing
a subset of the original set of attributes) and (ii) Feature
extraction (generating useful projected features from
existing attributes), as depicted in Fig. 7.

Convolutional neural network (CNN),
Autoencoder,
Long Short Term Memory (LSTM).

Curse of Dimensionality:
As the dimensionality3, 5 of the data increases, the amount
of data required to provide a reliable analysis begins to
grow exponentially. This phenomenon is referred to as
the “curse of dimensionality”. Simultaneously the
computational cost also increases, usually exponentially.
To overcome this problem it is necessary to find a way to

Feature selection strategies can be grouped as

•
•
•

wrappers,
filters,
embedded categories, like LASSO.

Some of the well-known feature extraction strategies
include

•
•

principal component analysis (PCA),
independent component analysis (ICA), among
others.

Artificial Intelligence in Medicine:

Fig. 7: Feature extraction and feature subset selection.

The future of ‘standard’ medical practice might be here
sooner than anticipated, where a patient could see a
computer before seeing a doctor. Through advances in
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artificial intelligence (AI), it has become feasible for the
unveiling of exciting possibilities in low-cost AI-enabled
healthcare in the near future. The continually accumulating
data, generated in clinics and stored in electronic medical
records through common tests and medical imaging,
enables an ever-growing list of possible applications of
artificial intelligence and high performance data-driven
medicine. These applications have changed and will
continue to change the way both doctors and researchers
approach clinical problem-solving.
While some of the algorithms can compete with clinicians
in a variety of tasks, they are yet to be fully integrated
into day-to-day medical practice. Why? Because although
these algorithms can meaningfully impact medicine and
bolster the power of medical interventions, there are
numerous regulatory concerns that need to be addressed
first. Just like doctors are educated through years of
medical schooling, doing assignments and practical
exams, devoting hard work, and learning from mistakes,
the AI algorithms must also learn to perform their jobs.
Generally the jobs that AI algorithms can do are the tasks
which require human intelligence to complete; some such
being pattern and speech recognition, image analysis,
and decision-making. For example, humans need to
specify to the computer exactly what they would look for
in the image provided to an algorithm.
Although AI algorithms are great for automating arduous
tasks, they can only serve to help doctors in the context
of “assistive intelligence”. ML is not deemed to substitute
but to assist medical practitioners in their quest for a
decision. Thereby tedious tasks of their workload can be
reduced, such that human intelligence can be focused
only on the finer decision-making related to our huge
population.
The concept of using advanced diagnostic capabilities to
tailor treatment, specific to an individual’s genetic build,
is called personalized (or precision) medicine. This aims
to individualize treatment towards the specific
characteristics of a patient and her tumor genotype, in
order to offer the right drug at the right time to the right
patient in the right dosage. Associating molecular
genotypes with imaging phenotypes (biomarkers) is
termed radiogenomics, and it throws up an exciting
emerging field of research.
Most applications of AI in medicine read in some type of
data, either numerical features (such as heart rate or
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blood pressure) or image-based features (from, say, MRI
scans or fundus/OCT images of the eye or histology
images of biopsy tissue samples) at the input. The
algorithms then learn from the data and churn out either
a probability or a classification. For example, the
actionable result could be the probability of having an
arterial clot, given the heart rate and blood pressure data,
or the labeling of an imaged tissue sample as cancerous
or non-cancerous. In medical applications, the
performance of an algorithm on a diagnostic task is
compared to that of a physician in order to evaluate its
ability and value in the clinical framework.
A recent research in our team developed a deep learning
based CNN for the automated segmentation of different
intratumoral structures of glioma 7 , viz. gadolinium
enhancing tumor (ET), the peritumoral edema (ED), and
the necrotic and non-enhancing tumor (NCR/NET). The
model is provided in Fig.8.

Conclusions and Discussion:
Deep learning is fast becoming the chosen technology
for numerous image-based competitions, including
MICCAI BraTS, often leading to substantial jumps in
performance on these challenges. As deep architectures
typically consist of a large number of parameters, it
necessitates a larger dataset than classical machine
learning and/or deep learning for proper generalization.
Transfer learning is one way to circumvent the data
scarcity problem encountered in the medical imaging
domain. Models like VGGNet or ResNet, trained from
scratch on the ImageNet, have been applied in the
medical domain by simply training the final fully connected
layer(s). Data augmentation (encompassing flips,
Gaussian noise, jittering, scaling, blurring, rotation,
shears, crops) is also useful in segmentation and
classification tasks for handling limited and unbalanced
medical data. Recently generative adversarial networks
have been shown to be effective for data augmentation.
An automated diagnosis may also assist the doctor by
allowing more time to focus on complicated cases
requiring greater attention. The use of postoperative
imaging, in addition to the preoperative imaging features,
can provide a better estimate of overall survival. Besides,
the grand challenges provide a viable approach for data
annotation towards effective deep learning.
A multiomic approach, encompassing a combination of
one or more of radiomics, histomics, genomics,
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Fig. 8: Multi-planar CNN architecture for segmentation of different glioma sub-regions [6].

transcriptomics,
proteomics,
radiogenomics,
radioproteomics (imaging-proteomics), along with
metadata such as survival information, holds potential in
making personalized therapies economically more viable.
This will definitely result in assistance to physicians,
surgeons, and radiologists, towards improved diagnosis
and prognosis, in the form of “augmented” intelligence
towards predictive, preventive, personalized, participatory,
and precision medicine.
The wealth of today’s healthcare data, often characterized
as big data, provides invaluable resources towards new
knowledge discovery that has the potential to advance
precision medicine. Deep learning has been shown, in
some cases, to attain decision-making performance
comparable to that of human beings. All these entail interand multi-disciplinary efforts across cross-sectoral fields.

With the worldwide availability of big datasets in healthcare
(encompassing images and patterns in digital form), high
computing power, efficient low-cost algorithms, and easy
access to cloud computing solutions, the growth of
interest in deep learning applications is increasing.
However, in spite of the superior performance of deep
learning architectures in medical image analysis, it cannot
be denied that expert strategies (involving issues like data
pre-/post-processing and augmentation techniques,
choice of loss function) play a major role in modulating
the output quality. The lack of interpretability in deep
learning architectures is another bottleneck.
Understanding the basis for predictions in deep learning
enhances the confidence in a decision for its acceptance,
and falls under eXplainable AI or XAI. Finally, the success
lies in judiciously exploiting domain expertise in modeling
a problem.
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Detection of red lesions in retinal fundus images using YOLO V3
Prayas Pal1, Swagata Kundu1, Ashis Kumar Dhara1

Abstract
Diabetic Retinopathy (DR) is one of the common eye diseases in the world today which causes blindness in adults. The primary
symptom of DR is dilations of capillaries leading to microaneurysms (MA).Severity results in cottony structures called exudates and
large red lesions called hemorrhages. Computer aided diagnostic tools for automatic detection of red lesions at its early stages will ease
the pressure on existing clinicians. This paper focuses on automatic detection of red lesion in Fundus images using the You Look Only
Once version 3(YOLO V3) algorithm. YOLOv3 algorithm identifies all the red lesions present in an image and makes a bounding
box around each red lesions. For detection, it uses Darknet 53 CNN based model and squared error loss function for identifying
bounding box and logistic regression for finding confidence score of an object and lastly uses non-max suppression for suppressing other
than the best-fit bounding boxes.

A

s number of diabetic patients are increasing rapidly
worldwide thus people are more prone to be affected
by DR. It is the leading cause of blindness in developing
countries. Effective treatment of DR is possible but it
needs continuous monitoring and early detection is
necessary. Diagnosis of DR is done by analyzing Fundus
images. One of the easiest way for DR diagnosis is using
computer aided system for lesion detection in Fundus
images. Annual examinations for all diabetic patients are
highly recommended since many patients remain unware
of DR. and comes for diagnosis with severe vision
impairment. A computer aided system based on image
processing would be cost effective and ease the work of
ophthalmologists, since number of ophthalmologists
present in India are often outnumbered by the total number
of DR cases in urban and rural areas.

There has been many classical methods in machine
learning for detection of red lesions in Fundus images2.
Used hue saturation value brightness correction and
contrast limited adaptive histogram equalization to Fundus
images followed by template matching and cross
correlation for extraction of hemorrhages. Hemorrhages
are detected using splat feature classification where from
each splat features are extracted to describe its
characteristics compared to its surroundings24. A novel
method based on dynamic shape features were

suggested which did not require precise region
segmentationl6. Due to variability in illumination and image
quality the small retinal changes in longitudinal Fundus
images is difficult to detect1, suggested a robust and
flexible approach for automating the detection of
longitudinal retinal changes due to red lesions using
normalized Fundus images that reduced illumination. A
hybrid approach based detection of red lesions is used8,
pixel classification based red lesion candidate detection
system is employed, thus vascular and red lesions could
easily be separated from the background, the detected
candidates and further classified using k-nearest neighbor
classifier. A method using watershed transform and image
contrast normalization that helps in distinguishing
microaneurysms from other lesions were used5. Image
enhancement, shade correction and image normalization
of the green channel are the four steps which were
implemented to classify red lesion candidates from other
candidates. Classification mainly relied on kernel density
estimation. With variable bandwidth18. A three step method
based on candidate selection, microaneurysm detection
and probability evaluation were described, use of novel
operator named Radon Cliff operator is suggested which
is capable of detecting noisy Gaussian like circular
structures irrespective of their shapes6. A novel detection
of microaneurysms by locally matching lesion template
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for wavelet transformed images, they used an optimization
process based on Powell’s direction set descent13. An
amplitude modulation and frequency modulation method
for differentiating between normal and pathological retinal
images were proposed, cumulative distribution functions
of amplitude and frequency magnitude along with
frequency angle were proposed25. A microaneurysm score
map based on binary output and considering all regional
maxima is used in order to get the probability maps10,
they avoided the use of supervised training and
classification. Detection of red lesions is performed by
vessel extraction, optic disc removal and candidate
detection, they used curve let based enhancement
method to separate the background from the fore ground
along with maximum matched filter, maximum laplacian
and Gaussian filter7. An algorithm based on common
analytical approach capable of identifying both red and
bright lesions without the need of any preprocessing or
post processing was proposed (Anderson Rocha). A novel
method for microaneurysm detection using directional
cross-section profiles created on the local maxima pixels,
peak detection process is applied 11. An automatic
screening system for detection and management of DR
based on several feature extraction methods14.

Methodology

This paper focuses on application of YOLOv326,27,28 in red
lesion detection. A brief description about our dataset,
preprocessing, methodology and experimental result has
been given in this paper.

1x

Preprocessing

2x

After preprocessing, the annotation file of the
corresponding dataset has been made. Since the dataset
size is small, some augmentations (for eg. Horizontal
flip, vertical flip, rotation, contrast change, noise addition)
have been done to increase the training dataset. Each
annotation file contains the location of all red lesions in
the form of its center coordinate(x,y) and width,
height(w,h).
After this, the YOLOv3 (You Look Only Once) algorithm
has been used26. 416 * 416 size of images has been fed
to the Darknet53 CNN based model with corresponding
ground truth tensor.
YOLOv3 system predicts bounding boxes using
dimension clusters as anchor boxes. The network predicts
4 coordinates for each bounding box, x, y, w, h. It also
predicts an objectness score for each bounding box which

Fundus images suffer from poor illumination and poor
contrast problems. It is seen that red lesions shows
maximum contrast and its class imbalance issues are
reduced in green channel. The Fundus images in RGB
were extracted in green channel followed by contrast
limited adoptive histogram equalization (CLAHE) to make
the red lesion clearly visible9,16,21.

8x

Dataset

8x

Publicly available dataset MESSIDOR was used for
training the YOLO V3 network. MESSIDOR dataset
consists of 1200 RGB Fundus images. 742 out of 1200
were selected, 572 for training and 170 for validation. Since
the ground truth for MESSIDOR dataset is not publicly
available thus the images had to be annotated under the
supervision of ophthalmologists. DIARETDB1 data set
was used for the testing. DIARETDB1 dataset consists
of 89 images, the ground truth for red lesions are publicly
available.
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4x

Type

Filters

Size

Output

Convolutional
Convolutional
Convolutional
Convolutional
Residual

32
64
32
64

3x3
3 x 3 /2
1x1
3x3

256 x 256
128 x 128

Convolutional
Convolutional
Convolutional
Residual

128
64
128

Convolutional
Convolutional
Convolutional
Residual

256
128
256

Convolutional
Convolutional
Convolutional
Residual

512
256
512

Convolutional
Convolutional
Convolutional
Residual

1024
512
1024

128 x 128
64 x 64

64 x 64
3 x 3 /2
1x1
3x3

32 x 32

32 x 32
3 x 3 /2
1x1
3x3

16 x 16

16 x 16

Avgpool
Connected
Softmax
Fig1: Architecture of DarkNet 53
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shows the probability that the bounding box perfectly
bounded a red lesion.
YOLOv3 uses Convolution Neural Network based model
named as Darknet53. This model contains a total of 106
layers including Residual networks, skip connection, up
sampling. This simple light weight network also provide
better and fast detection. Its output is generated by
applying a 1 x 1 kernel on a feature map. In YOLO v3, the
detection is done by applying 1 x 1 detection kernels on
feature maps of three different sizes at three different
places in the network which are precisely given by down
sampling the dimensions of the input image by 32, 16
and 8 respectively.
The shape of the detection kernel is 1 x 1 x (B x (4+1 +
C)). Here B is the number of bounding boxes a cell on
the feature map can predict, For each bounding box we
have 4 attributes (i.e. center coordinate(x,y) and width,
height(w,h)) and one object confidence, and C is the
number of classes. Here in red lesion detection B = 3
and C = 1, so the kernel size is 1 x 1 x 18. The feature
map produced by this kernel has identical height and
width.
The first detection is made by the 82nd layer. For the first
81 layers, the image is down sampled by the network,
such that the 81st layer has a stride of 32. For my input
image of shape 416 x 416, the resultant feature map would
be of size 13 x 13. One detection is made here using the
1 x 1 detection kernel, giving us a detection feature map
of 13 x 13 x 18.

At each scale, it uses 3 anchor boxes. So a total of 9 the
KNN algorithm. Then these anchor boxes are arranged
in descending order according to the dimension and
allotting the first 3 for the first scale, the next three for the
second scale, and the last three for the third scale.
This model uses the loss function in two parts. It penalizes
wrong bounding box prediction by squared error loss.
Logistic regression is used for finding confidence score
of an object. This should be 1 if the bounding box prior
overlaps a ground truth object by more than any other
bounding box prior. The model is then trained using Adam
optimizer with proper learning rate and decay.
The output of the model can have many bounding boxes
associated with a single object and also presents some
false predictions with very less objectness scores. For
this reason, an IOU threshold and an objectness threshold
has been selected. First, those bounding boxes have been
eliminated whose objectness score less than the
threshold objectness value. Then the non-max
suppression has been used to suppress other than the
best-fit bounding boxes associated with an object. In nonmax suppression, the bounding box with the highest
confidence score is selected, while the rest are eliminated.

Experimental Results
Accuracy of the model is determined by Average Precision
(AP) value. AP is calculated from precision vs recall curve.

Then, the feature map from layer 79 is subjected to a few
convolutional layers before being up sampled by 2x to
dimensions of 26 x 26. This feature map is then depth
concatenated with the feature map from layer 61. Then
the combined feature maps is again subjected a few 1 x
1 convolutional layers to fuse the features from the earlier
layer. Then, the second detection is made by the 94th
layer, yielding a detection feature map of 26 x 26 x 18.
A similar procedure is followed again, where the feature
map from layer 91 is subjected to few convolutional layers
before being depth concatenated with a feature map from
layer 36. Like before, a few 1 x 1 convolutional layers
follow to fuse the information from the previous layer. We
make the final of the 3 at 106th layer, yielding feature
map of size 52 x 52 x 18.

Fig 2: Detection of red lesions using YOLO V3 for DIARETDB1
images
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Recall = TP/(TP+FN)
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From the precision vs recall curve we calculate the AP
using 11 point interpolation method
Performance of YOLOv3 in red lesion detection is 83.33%.

Table-1: Average precision value of test data
Model

Average Precision

YOLOv3

83.3

Discussion:
This paper has shown how we can automate the detection
of red lesions from an image. This model will detect as
well as localize all the lesions from an image. Such a
model will reduce the manual labor for the doctors and
health workers and will automate the diagnosis process
of a patient. So this kind of model can be deployed in
practical fields to reduce efforts and save time.
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A randomized study of intraocular pressure changes at regular intervals
following ND: YAG laser capsulotomy done with and without using a
contact lens in patients with posterior capsular opacification
Minu R1, Saba Kausar1, Savant Sarvesh Lingu1, Rohini Shetye1

Abstract
Purpose: To study the pattern of intraocular pressure changes at regular intervals following Nd: YAG laser capsulotomy with or
without using contact lens for the procedure. And to assess the need for anti-glaucoma medications following the procedure. Methods: In
our study, 143 patients with posterior capsular opacification were evaluated. Data collected from the patients included sex, age,
diagnosis, affected eye, vision,Nd: YAG laser power used and intraocular pressures recordings. Patients were randomly distributed in two
groups based on use of Abraham Nd YAG laser lens for the procedure. Intraocular pressures were measured at regular intervals post
procedure. Those patients whose intraocular pressure were >24 mm Hg at 1 or 4 hours were started on antiglaucoma medications.
Results: We found that intraocular pressures increased to a maximum level at 1 hour (p< 0.0001)after the procedure and then
decreased subsequently in both the groups. Sulcus or bag fixated intraocular lenses did not affect the amount of intraocular pressure rise
(all p > 0.05).28.5% patients in group I whereas 21.9% patients in group II required anti-glaucoma medications post procedure. In
the patients who required antiglaucoma medications, the Nd: YAG laser power used showed a correlation with the IOP rise at 1 hour
in all patients. Conclusion: Our study concluded that there was an IOP rise following the laser procedure. It had a peak at around 1
hour and then decreased subsequently. (p <0.0001)Out of two types of procedures used for Nd: YAG laser capsulotomy, with and
without using Abraham’s contact lens, our study concluded that IOP rise was similar in both. (p >0.05).
Key words: Intraocular pressure, posterior capsular opacity, Nd: YAG laser capsulotomy.
Abbreviations :IOL- Intra Ocular Lens, IOP- Intra Ocular Pressure, PCIOL- Posterior Chamber Intraocular Lens, LASERLight Amplification by Stimulated Emission of Radiation, PCIOL- Posterior Chamber Intraocular Lens, Nd:YAG- Neodymium
doped Yttrium Aluminium Garnet, PCO- Posterior Capsular Opacity.

P

osterior capsule opacification (PCO) is the most
common visually disabling consequence of modern
cataract surgery and has important medical, social and
economic implications1. Visually significant PCO develops
in more than 25% of patients undergoing standard
extracapsular cataract extraction or phacoemulsification
with posterior chamber intraocular lens implantation over
the first 5 years after surgery2.
Modern day cataract surgery entails leaving behind an
intact posterior lens capsule and a part of anterior capsule,
comprising the capsular bag, for intraocular lens
implantation. Proliferation and differentiation of cells in
the equatorial lens bow and their subsequent migration
towards the posterior capsule leads to posterior capsule

opacification. The term PCO is actually a misnomer. The
capsule itself does not opacify, an opaque membrane
develops as a result of proliferation and migration of
regenerative lens epithelial cells towards the posterior
capsule. This leads to progressive loss of transparency
of the posterior capsule and causes visual morbidity when
the visual axis is affected.
In recent years, laser-induced plasma formation has been
used in various fields of laser medicine for photodisruption,
ablation, or lithotripsy 3,4 . It has become especially
important in intraocular microsurgery5,6. At present, the
most effective treatment of PCO is Neodymium:YttriumAluminum-Garnet (Nd:YAG) laser capsulotomy. The
procedure involves clearing of the visual axis by creating
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a central opening in the opacified posterior capsule by
focusing a Nd:YAG laser pulse, with energy of few
millijoules and duration of a few nanoseconds, just behind
the posterior capsule 2,7 . Although Nd:YAG laser
capsulotomy is easy, non-invasive, effective and relatively
safe technique to clear the visual axis, it has a few
complications, which include damage to the intraocular
lens (IOL), intraocular pressure (IOP) elevation, pupillary
block glaucoma, aqueous misdirection syndrome, iris
bleeding,cystoid macular edema and exacerbation of
localized endophthalmitis 7,8,9. It has been seen that
intraocular pressure rises quite often post Nd: YAG laser
capsulotomy. This may have a drastic effect on optic nerve
and precipitating glaucoma.
There are many studies on IOP rise following Nd: YAG
laser capsulotomy, but these have not specified the use
of antiglaucoma medications- whether it is required to be
started in all patients, whether IOP rise occurs in all
patients and factors responsible for the same. Hence this
study was undertaken to study the pattern of intraocular
pressure changes at regular intervals following Nd: YAG
laser capsulotomy, to compare intraocular pressure
changes with and without using Abraham’s lens for the
procedure, to compare intraocular pressure changes in
patients with sulcus fixated intraocular lens and capsular
bag fixated intraocular lens and to assess the need for
antiglaucoma medications following Nd: YAG laser
capsulotomy.

Materials and methods:
It was a randomised clinical trial, conducted on 143 eyes
presenting with visually significant posterior capsular
opacification after 6 months of cataract surgery in the
outpatient department of a tertiary care hospital in western
Maharashtra over a duration of 1 year and 6 months from
August 2014 to January 2016.It was conducted after
obtaining ethics committee approval from Ethics
Committee for Research on Human Subjects. Sample
size was calculated using OpenEpi software. As the
sample size calculated by the software for statistical
correlation was around 25 only, we decided to include
the maximum number of patients presenting to our OPD
during the period of 1 and half years. Only patients who
completed the study satisfactorily were included in the
analysis.

Inclusion criteria was patients with visually significant
posterior capsular opacification after 6 months of cataract
surgery and no other cause of diminution of vision. In our
study, density of capsular opacity (grade 2 or more) in
the undilated papillary area on slit lamp and visibility of
optic disc margins and blood vessels, with a normal
macular area on fundus with BCVA ≤ 6/12 was considered
as visually significant PCO10. Exclusion criteria were: PCO
associated with corneal scars, irregularities or edema
that interferes with target visualization, associated active
or old intraocular inflammation, known glaucoma patients
and thick capsules which cannot be cut with Nd: YAG
laser. To decrease bias, the same Nd: YAG laser machine
(AppaYag laser, model 307, 1064nm wavelength, super
Gaussian, Q switched mode of operation) and Goldmann
applanation tonometer was used for all patients. Same
size of capsulotomy (4 mm circle using pupillary margin
as reference and size of slit beam adjusted to make
uniform size opening) was made. All procedures were
done by the same ophthalmologist, who was masked to
the type of procedure.
Pre-procedure assessment included complete ophthalmic
history and duration after cataract extraction, best
corrected visual acuity, slit lamp biomicroscopy- a detailed
anterior segment examination was done to know the type
and placement of IOL, presence of iridocapsular adhesions
if any, assessment of type of PCO, indirect
ophthalmoscopy to visualise the retina and Goldmann
applanation tonometry (mm Hg). The nature, purpose and
complications of the procedure was explained to the
patient and consent taken.
Patients were dilated withTropicamide (0.8% w/v) and
phenylephrine (5% w/v) drops,twice at 10 minutes interval.
No pretreatment prophylaxis was given. In patients in
whom Abraham’s lens was used, three applications of
topical anaesthesia (0.5% proparacaine) 1 drop at 5
minutes interval was applied to cornea. Coupling agent
used for contact lens was xylocaine jelly.
During capsulotomy, minimum amount of energy
necessary to obtain breakdown and rupture of the capsule
was used. Capsule was examined for wrinkles that
indicated tension lines. Shots were placed across the
tension lines resulting in a larger opening per pulse, since
the tension causes the initial opening to widen. Laser
shots were fired to create a circular opening in the
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posterior capsule. Visually significant pits were minimized
and avoided by using minimum energy, improved laser
beam optics and accurate focussing.
Post procedure recording of IOP was done at 1 hour, 4
hours, 1 day, 7 days and 14 days by Goldmann
applanation tonometry. Topical steroids- Moxifloxacin and
dexamethasone 0.1% combination 4 times/ day for 15
days was started. Antiglaucoma medication was given if
intraocular pressure at 1 or 4 hours was greater than 24,
0.5% timolol 2 times/ day was being prescribed to the
patient. On each follow up visit, visual acuity, pupillary
reaction, slit lamp examination (cornea, anterior chamber
reaction or IOL damage), fundus and IOP (mm Hg) was
noted. Spectacle correction was given after 1 week.

Observations and results:
143 eyes of 119 patients were enrolled during the period
of this study. Their age and sex were matched. 61 patients
ranging from 40 to 82 years were included in group I. 58
patients ranging from 40 to 79 years were included in
group II. The mean age of patients in group I and II was
61.6 and 59.9 years respectively with an overall mean of

60.75 years. In both the groups, the majority of patients
i.e. 50.8% and 39.6% belonged to the age group of 61-70
years. Out of 61 patients in group I, 33 (54%) were females
and 28 (46%) were males. Out of 58 patients in group II,
32 (55%) were females and 54 (45%) were males.119
patients were randomly distributed in both the groups by
asking them to pick odd even chits. Group I (70 eyes of
61 patients) included eyes of patients in whom the
Abraham’s contact lens was not used during
capsulotomy whereas group II (73 eyes of 58 patients)
included eyes of patients in whom the contact lens was
used. These were further divided into subgroups A and B
according the status of IOL fixation in the eye. A included
in the bag fixation whereas B included in the sulcus
fixation of IOL. T test and two way repeated measure
ANOVA was applied. P value at 95 % confidence interval
was calculated using an online calculator, http://
vassarstats.net/.
The mean pre procedure intraocular pressure in group I
was 13.74 mm Hg. It showed a post procedure maximum
rise at 1 hour, mean of which was 18.85 mm Hg. It then
gradually decreased over 14 days with a mean of 14.68
mm Hg. The mean pre procedure intraocular pressure in

Table-1: Comparison of mean IOP, standard deviation, P value and confidence interval
between group I and II.
Group

Mean IOP
(mmHg)

Std. Deviation

P value

Group I
Group II

13.74
14.27

3.22888
3.21999

.326

-1.597

.535

1 hour

Group I
Group II

18.85
19.01

4.30128
4.44876

.831

-1.604

1.291

4 hours

Group I
Group II

18.28
17.56

4.16035
4.24587

.305

-.666

2.114

24 hours

Group I
Group II

16.71
16.38

3.79222
3.75141

.601

-.917

1.578

7 days

Group I
Group II

15.37
15.28

3.56379
3.23814

.883

-1.041

1.209

14 days

Group I
Group II

14.68
14.63

3.19212
3.10692

.916

-.986

1.097

Pre procedure IOP

95% Confidence Interval
for Difference
Lower
Upper
Bound
Bound

Post procedure
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Fig.-1: Estimated marginal means of IOP

group II was 14.27 mm Hg. It showed a post procedure
maximum rise at 1 hour, mean of which was 19.01 mm
Hg. It then gradually decreased over 14 days with a mean
of 14.63 mm Hg. (Table-1, Fig 1) Comparison of mean
IOP, standard deviation, P value and confidence interval
between group I and II have been discussed in table-1.
In group I, there was a mean rise of 5.11, 4.54, 2.97,
1.62, 0.94 mm Hg at 1 hour, 4 hours, 24 hours, 7 days
and 14 days respectively as compared to pre procedure

value. In group II, there was a mean rise of 4.73, 3.28,
2.1, 1.01, 0.35 mm Hg at 1 hour, 4 hours, 24 hours, 7
days and 14 days respectively as compared to pre
procedure value. This mean rise was compared to the
pre procedure value and t test was applied. Group I showed
a significant rise in intraocular pressure at 1 hour, 4 hours,
24 hours, 7 days and 14 days. Group II showed a
significant rise in intraocular pressure at 1 hour, 4 hours,
24 hours, 7 days, whereas 14th day didn’t show any
significant rise. In group I, at 1 hour interval, 8 of 70 eyes
i.e.11.42% had > 10 mm Hg rise whereas 33 of 70 eyes
i.e. 47.14% had >5 mm Hg rise in IOP. In group II, at 1
hour interval, 6 of 73 eyes i.e.8.21% had > 10 mm Hg
rise whereas 30 of 73 eyes i.e. 41.09% had >5 mm Hg
rise in IOP. The mean intraocular pressures at a particular
time interval were compared between the two groups.
The means of intraocular pressures at regular intervals in
group I A with I B (Table-2) and II A with II B (Table-3) were
noted. Differences between them were noted. T test was
applied which did not show any significant difference
between the 2 groups. Comparison of mean IOP, standard
deviation, P value and confidence interval between group

Table-2: Comparison of mean IOP, standard deviation, P value and confidence interval of
group IA and IB
Group

Pre procedure IOP Group IA
Group IB

Mean IOP
(mmHg)

Std. Deviation

P value

95% Confidence Interval
for Difference
Lower
Upper
Bound
Bound

14.5854
12.5517

3.29375
2.77213

.008

.538

3.530

Post procedure
1 hour

Group IA
Group IB

18.2927
19.6552

4.01400
4.63123

.194

-3.434

.709

4 hours

Group IA
Group IB

18.5366
17.9310

4.60488
3.48395

.552

-1.418

2.629

24 hours

Group IA
Group IB

16.4390
17.1034

3.75532
3.87616

.474

-2.507

1.178

7 days

Group IA
Group IB

15.0732
15.7931

3.37928
3.83014

.409

-2.449

1.009

14 days

Group IA
Group IB

14.3902
15.1034

3.16921
3.23314

.361

-2.260

.834
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Table-3: Comparison of mean IOP, standard deviation, P value and confidence interval of
group IIA and IIB
Group

Pre procedure IOP Group IIA
Group IIB

Mean IOP
(mmHg)

Std. Deviation

P value

95% Confidence Interval
for Differenceb
Lower
Upper
Bound
Bound

13.8636
14.8966

3.03155
3.44699

.182

-2.560

.494

Post procedure
1 hour

Group IIA
Group IIB

18.6364
19.5862

4.68094
4.08409

.376

-3.075

1.175

4 hours

Group IIA
Group IIB

17.4545
17.7241

4.82944
3.23923

.793

-2.308

1.769

24 hours

Group IIA
Group IIB

15.9545
17.0345

3.72268
3.76528

.231

-2.863

.704

7 days

Group IIA
Group IIB

15.0000
15.7241

3.15491
3.36894

.353

-2.270

.822

14 days

Group IIA
Group IIB

14.5000
14.8276

3.31662
2.80394

.662

-1.818

1.163

IA versus IB and group IIA versus IIB have been discussed
in table-2 and 3 respectively.
Out of 70 eyes in group I, 20 eyes (28.57%) had IOP
above 20mmHg and required anti glaucoma medications
(>24 mm Hg IOP at 1 or 4 hours post op) whereas out of
73 eyes in group II, 16 eyes (21.91%) with raised IOP
required anti glaucoma medications (>24 mm Hg IOP at
1 or 4 hours post op). Out of all the patients requiring
antiglaucoma medications in both the groups, the
difference between their IOPs at respective time interval
was noted. (Table-4)
In the patients in whom antiglaucoma medications were
used (IOP >24 mm Hg at 1 or 4 hours), the IOP rise at 1
and 4 hours was correlated with the Nd: YAG laser power
used. In group IA, the IOP rise at 1 hour (p= <0.0001)
and 4 hours (p= 0.006) were in correlation to the laser
power used (mean power used 33.08). Similarly in group
IB, the IOP rise showed a positive correlation to the laser
power used at 1 hour (p= 0.0003) and at 4 hours (p =
0.012)(mean power used 40.12).In group II, the IOP rise
was correlated to the laser power used at 1 hour (p=
0.0003) and at 4 hours (p = 0.012). In group IIA, IOP rise
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at 1 hour was in correlation with the laser power used (p=
0.001). 4 hours IOP rise failed to show any correlation
with the power used (p =0.42)(mean power used was
41.2). Similarly in group IIB, IOP rise at 1 hour was
correlated to the laser power used (p= 0.001). IOP rise at
4 hour failed to show any correlation with the power used
(p= 0.08)(Mean power used 34.5) (Table-5).
whereas in the other group II, at 1 hour interval, 8.21%eyes
had > 10 mm Hg rise and 41.09% eyes had >5 mm Hg
rise in IOP. The level of pressure rise was variable in
different studies. Study conducted by Flohr and co authors
who studied 53 eyes and reported 25% cases having a
more then 10 mm Hg of IOP rise12. Cullom and co authors
conducted a study and reported 5 mm Hg increase of
IOP in 13% and 10 mm Hg in 4%13. These wide range of
differences is due to the different parameters on which
IOP rise depends such as laser power, capsulotomy size,
patient profile etc. Flohr, Robin, Kelly studied 53 eyes
and reported 25% cases having a more then 10 mm Hg
of IOP rise12. Whereas Cullom Jr, Schrwartz reported 5
mm Hg increase of IOP in 13% and 10 mm Hg in 4%13.
Studies are also being conducted evaluating IOP rise with
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Table-4: Mean of IOPs at regular time interval in patients requiring antiglaucoma medications
Mean of intraocular
pressures of group I

Mean of intraocular
pressures of group II

Difference
between the means

Pre procedure

15.8

15.75

0.05

1 hour

23.4

25.5

-2.1

4 hours

22.7

22.37

0.33

24 hours

18.5

19.12

-0.62

7 days

16.6

16.2

0.4

14 days

16.2

16.2

0

time interval. Simsek et al showed the maximum of 5.95
(+/- 5.32) mm Hg of IOP rise within 24 hours of YAG
laser capsulotomy and lasting for 24 hours14. Gimbel et
al conducted a study comparing pressures at 1, 2, 3, 6,
and 24 hours after YAG capsulotomy between bag-fixated
and sulcus-fixated cases. There were substantial and
statistically significant intraocular pressure rises in the
sulcus-fixated group starting at 1 and 2 hours after YAG
capsulotomy, and peaking at 3 hours (mean rise, 7.83
mm Hg). They did not find any peaks of intraocular
pressure rise among bag-fixated cases (mean change,
“0.32 mm Hg at 3 hours) 15.
An obstruction of the trabecular meshwork by
inflammatory cells and debris from the capsulotomy is
thought to cause a reduced drainage capacity and thereby
increased IOP. It has been related to the anterior chamber
trabecular meshwork to contain fibrin, lens material,
inflammatory cells, pigment and erythrocytes. Similarly,
studies using laser flare cell meter on human subjects
also show that acute intraocular hypertension after
capsulotomy is related to elevated aqueous particles.

Schubert postulates specifically that the loss of dialyzable
protein from disrupted vitreous is responsible for the IOP
increase in post YAG capsulotomy16. Other postulated
mechanism include pupillary block due to forward
movement of vitreous and shockwave damage to the
trabecular endothelial cell, release of inflammatory
mediators, and direct effect on trabecular cells.
Our study did not show any statistically significant
difference in IOP rise in bag or sulcus fixated intraocular
lenses at any time duration. This is contrary to a study
conducted by Gimbel et al who found a substantial and
statistically significant intraocular pressure rises in the
sulcus-fixated group starting at 1 and 2 hours after YAG
capsulotomy, and peaking at 3 hours (mean rise, 7.83
mm Hg). There were no such peaks of intraocular
pressure rise among bag-fixated cases (mean change,
“0.32 mm Hg at 3 hours). They hypothesised that bagfixated intraocular lenses may act as a barrier to debris
and avoid blocking of the trabecular meshwork, thus
reducing pressure rises after YAG capsulotomy15.

Table-5: Correlation of IOP rise with Nd: YAG laser power used in different groups
Time interval

Mean power (mJ)

IOP rise

p value

Significance

correlation

Group IA

1 hour
4 hours

33.08
33.08

5.5
7.0

<0.0001
0.006

Significant
Significant

Yes
Yes

Group IB

1 hour
4 hours

40.12
40.12

10.7
6.7

0.0003
0.012

Significant
Significant

Yes
Yes

Group IIA

1 hour
4 hours

41.2
41.2

10.4
8.0

0.001
0.42

Significant
Not significant

Yes
No

Group IIB

1 hour
4 hours

34.5
34.5

8.6
4.3

0.001
0.08

Significant
Not significant

Yes
No
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In our study, anti glaucoma medications was required in
28.57% eyes in group I and 21.91% in group II (>24 mm
Hg IOP at 1 or 4 hours post procedure). In patients
requiring antiglaucoma medications, the IOP rise at each
time interval was correlated with the laser power used. In
groups IA and IB, the IOP rise at 1 and 4 hours showed a
correlation to the laser power used. In groups IIA and IIB,
IOP rise at 1 hour showed a correlation to the laser power
used, whereas IOP rise at 4 hours failed to show any
correlation with the power used. Most of the literature
regarding the relation of laser energy to IOP rise does
not implicate the amount of energy used. Kraff et al
showed that total energy per case was inconsequential
with regard to any complications. Arona Rosa reported
IOP rise in patients receiving above 25 mJ or higher
amount of YAG energy. Literature has shown that IOP
rise is more in patients with high baseline IOPs. Shani,
David, Tessler reported patients having glaucoma are at
an increased risk of IOP rise post YAG17. Although the
incidence of IOP rise is well documented along with
evidence that administering doses of pressure lowering
drops reduce these IOP spikes, there is no evidence that
the temporary IOP rise actually cause damage to the
long term vision of patient. There are no reports of vein
occlusion, arterial occlusion or optic nerve damage as a
result of Nd: YAG laser capsulotomy unprotected by
pressure lowering drops. On the contrary the eye drops
given to prevent IOP problems have been known to cause
significant, sometimes severe side effects in some
general patients on treatment. Prophylactic agent is not
an established norm as the effects of IOP rise has shown
to be minimal, although theoretically it would be feasible
to use them. Migliori, Beckman, Channel pretreated with
timolol found that it blunted the spike immediately after
YAG laser posterior capsulotomy but not at 3 to 4 hours
after laser18.

procedure used for treating posterior capsular
opacification. Although it is a relatively safe procedure, it
causes some complications like rise in intraocular
pressure.
Our study concluded that there was an IOP rise following
the laser procedure. It had a peak at around 1 hour and
then decreased subsequently. Out of two types of
procedures used for Nd: YAG laser capsulotomy, with
and without using Abraham’s contact lens, our study
concluded that IOP rise was similar in both (not significant).
We also compared the bag or sulcus IOL fixation to IOP
rise post procedure and we concluded that the IOP rise
did not show any significant difference between the two
types of IOL fixation. Amongst the patients who required
antiglaucoma medications, Nd: YAG laser power used
showed a positive correlation to the IOP rise.
Based on these findings, we can infer that IOP
measurement at one hour following the procedure can
identify most patients who need antiglaucoma
medications post NdYAG capsulotomy. This will help
reduce indiscriminate use of topical antiglaucoma drugs
which are otherwise widely given to all patients post
NdYAG posterior capsulotomy procedure.

References:
1.

Hollick EJ, Spalton DJ, Ursell PG, Pande M V,
Barman SA, Boyce JF, et al. The effect of
polymethylmethacrylate, silicone, and polyacrylic
intraocular lenses on posterior capsular opacification
3 years after cataract surgery. Ophthalmology
1999;106:49–54; discussion 54–5.

2.

Apple DJ, Solomon KD, Tetz MR, Assia EI, Holland
EY, Legler UF, et al. Posterior capsule opacification.
Surv Ophthalmol 37:73–116.

3.

Gitomer SJ, Jones RD. <title>Laser-produced
plasmas in medicine</title>. In: Jacques SL, editor.
OE/LASE ’90, 14-19 Jan., Los Angeles, CA.
International Society for Optics and Photonics; 1990.
page 118–32.

4.

Vogel A. Nonlinear absorption: intraocular
microsurgery and laser lithotripsy. Phys Med Biol
1997;42:895–912.

5.

Fujimoto JG, Lin WZ, Ippen EP, Puliafito CA, Steinert
RF. Time-resolved studies of Nd:YAG laser-induced
breakdown. Plasma formation, acoustic wave

Limitations of our study:
z

z

Steroid responders could not be ruled out as steroids
were started only after the first 2 readings were taken.
Other IOL related factors (except bag or sulcus
fixation) were not taken into consideration.

Other complications of capsulotomy were not assessed.

Conclusion:
Nd: YAG laser capsulotomy is the most frequently used

60

Current Indian Eye Research

Volume 7, Issue 2, December 2020

Minu R et al.: Leser capsulotomy

generation, and cavitation. Invest Ophthalmol Vis Sci
1985;26:1771–7
6.

7.

8.

9.

Vogel A, Schweiger P, Frieser A, Asiyo MN,
Birngruber R. Intraocular Nd:YAG laser surgery:
laser-tissue interaction, damage range, and reduction
of collateral effects. IEEE J Quantum Electron
1990;26:2240–60.
Hawlina G, Perovšek D, Drnovšek-Olup B, Mo•ina
J, Gregorèiè P. Optical coherence tomography for
an in-vivo study of posterior-capsule-opacification
types and their influence on the total-pulse energy
required for Nd:YAG capsulotomy: a case series.
BMC Ophthalmol 2014;14:131.
Javitt JC, Tielsch JM, Canner JK, Kolb MM, Sommer
A, Steinberg EP. National outcomes of cataract
extraction. Increased risk of retinal complications
associated with Nd:YAG laser capsulotomy. The
Cataract Patient Outcomes Research Team.
Ophthalmology 1992;99:1487–97; discussion 1497–
8.
Karahan E, Er D, Kaynak S. An Overview of Nd:YAG
Laser
Capsulotomy.
Med
hypothesis,
DiscovInnovOphthalmol 2014;3:45–50.

10. Mudhol. Square-edge intraocular lens versus
conventional round-edge intraocular lens in prevention
of posterior capsule opacification: A randomized
clinical trial. J. Sci. Soc.2016;43:6.
11. Channell MM, Beckman H, Aron-Rosa D AJGM et
al, Aron-Rosa D GMAJ, Fankhauser F RPSJ et al,
Fankhauser F LH van der ZE, et al. Intraocular
Pressure Changes After Neodymium-YAG Laser

Posterior Capsulotomy.
1984;102:1024–6.

Arch

Ophthalmol

12. Flohr MJ, Robin AL, Kelley JS. Early complications
following Q-switched neodymium: YAG laser
posterior capsulotomy. Ophthalmology 1985;92:360–
3.
13. Cullom RD, Schwartz LW. The effect of apraclonidine
on the intraocular pressure of glaucoma patients
following Nd:YAG laser posterior capsulotomy.
Ophthalmic Surg 1993;24:623–6.
14. Simsek S, Ertürk H, Demirok A, Cinal A, Yasar T,
Karadenizli C. The effect of 0.25% apraclonidine in
preventing intraocular pressure elevation after
Nd:YAG laser posterior capsulotomy. Eur J
Ophthalmol 8:167–72.
15. Gimbel H V. Effect of Sulcus vs Capsular Fixation
on YAG-Induced Pressure Rises Following Posterior
Capsulotomy. Arch Ophthalmol 1990;108:1126.
16. Schubert HD. Vitreoretinal Changes Associated With
Rise in Intraocular Pressure After Nd:YAG
Capsulotomy. Ophthalmic Surgery, Lasers Imaging
Retin 1987;18:19–22.
17. Shani L, David R, Tessler Z, Rosen S, Schneck M,
Yassur Y. Intraocular pressure after neodymium:YAG
laser treatments in the anterior segment. J Cataract
Refract Surg 1994;20:455–8.
18. Migliori ME. Intraocular Pressure Changes After
Neodymium-YAG Laser Capsulotomy in Eyes
Pretreated With Timolol. Arch Ophthalmol
1987;105:473.

Cite this article as:
Minu R, Kausar S, Lingu SS, Shetye R. A randomized study of intraocular pressure changes at regular intervals following ND: YAG laser
capsulotomy done with and without using a contact lens in patients with posterior capsular opacification. Current Indian Eye Research 2020;7:5461.

Current Indian Eye Research

61

Original Article

Volume 7, Issue 2, December 2020

A Comparative Study on Variation of Optical Coherence Tomography
measured Retinal Nerve Fibre Layer Thickness in Myopic, Emmetropic
& Hypermetropic Teenagers
Avik Dey Sarkar1, Radhakrishna Mandal1, Rupam Roy1, Sanjay Kumar Daulat Thakur1, Mukul Chandra Biswas2,
Pratiroop Gangopadhyay1

ABSTRACT
Objectives: To compare the effect of refractive status on Retinal Nerve Fibre Layer Thickness (RNFL) in Myopic, Hypermetropic
and Emmetropic Teenagers. Methods: A cross-sectional study was done between April 2018-May 2019 where 300 patients of age
between 11-19 years selected by systemic random sampling. 100 individuals each with Myopiaand Hypermetropia were selected and
divided into Low, Moderate and High grades and rest of the patients were Emmetropic. All subjects underwent Subjective Refraction
followed by RNFL analysis of both eyes using Spectral Domain Optical Coherence Tomography. Results: The average age of the
study population was 14.23±2.75years. There were 155 males and 145 females. In our study the average Uncorrected Visual Acuity
was gradually deteriorating with increase in grades of Myopia and Hypermetropia while compared to Emmetropic individuals. The
average overall RNFL thickness was significantly lower in the high myopic group than the emmetropic group (p=0.0002). No other
group showed any difference in RNFL thickness with the emmetropic group. On quadratic evaluation, RNFL thickness was lower in
all quadrants in High Myopia and Superior and Temporal quadrant was significantly greater in low hypermetropia and inferior
quadrant in high hypermetropia when compared to Emmetropic group. Conclusion: Thus, from our study we can conclude that the
RNFL thickness does not show any significant change with refractive errors except for high degrees of Myopia.
During optic nerve development, 2.85 million nerve fibres
exist, but by the third trimester, we lose about 35%1 and
the peripapillary retinal nerve fibre layer (RNFL) thickness
will continue to decrease with advancing age 2 .
Understanding the determinants that affect the RNFL
reserve in childhood helps us in the diagnosis and
monitoring of optic nerve diseases. Previous studies have
found that white race3, lower birth weight4, longer axial
length, and myopia have been associated with a thinner
RNFL5. On the contrary, optic disc tilting6 and Asian or
Hispanic race have been associated with a thicker RNFL3.
Refractive errors are common in childhood with the World
Health Organization estimating that 153 million people
worldwide have visual impairment caused by uncorrected
refractive errors7. With age, the refractive status often
changes from hyperopia to myopia; hence, the
progressive RNFL thinning that comes with age can either
be a result of age-related ganglion cell loss or due to the

stretching of RNFL from the axial myopic shift in
childhood5. Myopia has been associated with an increased
risk of various other eye diseases, of which glaucoma
remains one of the pertinent 5,6.The morphological
appearance of the optic nerve head in myopia renders
the clinical diagnosis and monitoring of glaucoma
progression in myopic eyes challenging.
Effect of refractive error status of the eye on RNFL
thickness may be relevant for the assessment of the
psychophysical tests commonly used in the diagnosis
and follow up of patients with glaucoma and other optic
nerve diseases.
Near infrared light (830nm) is used by OCT from a super
luminescent diode laser which is transmitted to the retina
via a fibre optic delivery system. When this light back
scatters from the retina fibre optic interferometer captures
it and reference mirror longitudinal data is extracted. The
backscattering information provided by multiple individual
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axial A scans are used to construct the cross-sectional
OCT images of the retina. The degree of light scattering
from the retinal tissue at different 22 depth is represented
with false colour on a monitor8. Approximately 1 second
is taken to acquire a scan. In order to avoid areas of
peripapillary atrophy a circular scan of 3.4mm is used9.
Mean RNFL thickness measurements are calculated
using a computer algorithm which identifies and
demarcates signal corresponding to RNFL8. Increased
thickness along the superior and inferior poles of the optic
nerve head gives a typical “double hump” appearance when
RNFL thickness is normal10,11. New three-dimensional
optical coherence tomography (3D-OCT) instruments
(Topcon-3D OCT-1000, OPTOVCUERTVue-100,
OPTOPOL-SOCT COPERNICUS) are much faster than
conventional OCT and have become more sophisticated
ophthalmic imaging modalities8.
Although red free fundus ophthalmoscopy and
photography allows direct visualization of the RNFL, so
far these techniques are subjective, qualitative and not
quantitative and reproducible 12. Optical Coherence
Tomography (OCT) is a new non-invasive technique which
gives high resolution cross-sectional images of various
ocular structures with an axial resolution of 10 microns.
Thickness of the retina particularly of the RNFL can be
measured as well as visualized using high resolution
OCT13.

Aim:
To compare the effect of refractive status on Retinal Nerve
Fibre Layer Thickness (RNFL) in Myopic, Hypermetropic
and Emmetropic Teenagers.

Materials and Methods:
Irrespective of laterality of the eye examined Hundred (100)
teenagers of ages between 11-19 years of myopia,
hypermetropia and emmetropia each were selected for
the study by systemic random sampling of the patients
attending OPD services at Midnapore Medical College
between April-2018 to May-2019. This sample size is
determined, based on the prevalence calculated in a
previous study by Mohammad-Mehdi Parvaresh14 et al18.
This study was approved by the local ethical committee.
Those with amblyopia, strabismus, astigmatism higher
than 1.00 D, corneal disorders, retinal and optic disc

diseases, glaucoma and a previous history of ophthalmic
surgery or ocular trauma were excluded from the study.
All subjects underwent detailed clinical examination which
included measurement of refractive error using retinoscopy
and autorefraction, visual acuity by Snellen charts and
further conversion to Logmar equivalents, slit lamp
examination, Goldmann Applanation tonometry and
fundoscopy. After refraction, both myopic and
Hypermetropicindividuals were divided into 3 groups
according to the grade of refractive error. The Myopic
patients were divided into Group A with low(≤ 3.00D), Group
B consisting Moderate (3.25D-6.00D) and Group Cwith
High (>6.00D) myopic refractive error. The
Hypermetropicindividuals were also divided into Group E
consisting Low (≤2.00D), Group F with Moderate (2.25D5.00D) and group G having High (>5.00D) hypermetropia.
Emmetropic subjects were categorized under Group D.
All patients underwent RNFL analysis of both eyes using
TOPCON 3D OCT -2000 3D Optical coherence
tomography of PC software edition Version 4.0X. All
images were captured by a single observer and internal
fixation was used as a target. RNFL analysis was done
using a fast RNFL thickness 3.4 scanning protocol.
Scanned images were accepted based on signal to noise
ratio (SNR) and scan percentage values. Significance of
the results was assessed at 5% level of significance.
Analysis of variance (ANOVA) was used to find the
significance of study parameters between three or more
groups of patients.

Result:
In this study 600 eyes of 300 individuals underwent
evaluation of retinal nerve fibre layer thickness in the age
group of 11-19 years using Spectral Domain OCT.
In our study the average Uncorrected Visual Acuity in
group A was 0.40±0.31 LogMAR, in group B was
0.61±0.41LogMAR and in group C was 1.38±0.25
LogMAR. The average uncorrected visual acuity in group
E was 0.43±0.32LogMAR, in group F was 0.66±0.41
LogMAR and in group G was 1.41±0.26 LogMAR. After
refraction all the patients had full correction and had a
Best Corrected Visual Acuity was 0 LogMAR.
The average RNFL thickness in Emmetropic individuals
was 96.80±26.78µm. This was reference thickness for
comparing the effect of changing refractive status with
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Table-1: Table showing Average overall RNFL and Average RNFL of each quadrant of all the
groups.
PARAMETERS

GROUP A
n=46

GROUP B
n=31

GROUP C
n=23

GROUP D
n=100

GROUP E
n=54

GROUP F
n=34

GROUP G
n=12

RNFL
AVERAGE(µm)

96.39±26.41
(p=0.81)

96.18±27.22
(p=0.39)

77.3±20.83
(p=0.0002)

96.80±26.78

97.77±26.87
(p=0.06)

97.84±26.48
(p=0.23)

98.45±27.57
(p=0.13)

RNFL
SUPERIOR(µ)

117.87±10.57 120.89±11.23
(p=0.2)
(p=0.37)

95.26±8.18
(p=0.0005)

120.08±13.48 122.04±11.20 122.43±10.76 122.21±13.15
(p=0.04)
(p=0.14)
(p=0.22)

RNFL
INFERIOR(µ)

124.07±10.51 123.84±10.06 97.63±9.29
(p=0.2)
(p=0.27)
(p=0.00002)

122.96±11.07 122.38±12.30 123.62±10.77 127.29±11.51
(p=0.47)
(p=0.29)
(p=0.04)

RNFL
NASAL(µ)

74.35±7.83
(p=0.2)

73.85±8.65
(p=0.32)

60.7±6.9
(p=0.00002)

74.93±6.93

75.79±7.56
(p=0.2)

73.47±7.99
(p=0.8)

75.46±7.31
(p=0.4)

RNFL
TEMPORAL(µ)

69.92±8.19
(p=0.4)

68.66±7.79
(p=0.2)

55.61±6.96
(p=0.00002)

69.25±7.32

70.89±8.2
(p=0.001)

71.85±8.6
(p=0.3)

68.83±7.22
(p=0.4)

RNFL thickness. Results have showed decreasing RNFL
thickness with increasing myopia whereas RNFL
thickness increases with increasing diopteric value of
Hypermetropia Table-1. The quadrantic assessment of
RNFL thickness in the different groups followed ISNT rule
with inferior quadrant showing maximum RNFL thickness
followed by the superior, nasal and temporal quadrants.
Group A (Low Myopia) had an average RNFL thickness
of 96.39±26.41µ. While Group B (Moderate Myopia) with
average RNFL thickness 96.18±27.22µ and Group C
(High Myopia) with average RNFL thickness 77.3±20.83µ.
In Hypermetropic side Group E with low Hypermetropia
showed average RNFL thickness 97.77±26.87µ. Whereas
Group F (Moderate Hypermetropia) and Group G (High
Hypermetropia) had 97.84±26.48µ and 98.45±27.57µ as
average RNFL thickness respectively.
In this study, the average RNFL thickness has decreased
in Myopic side with minimum thickness in High Myopic
subjects. The change is seen statistically significant in
Group C (High Myopia) when compared to Emmetropic
study population (Group D), (p=0.0002). While the RNFL
thickness in Group A (p=0.8) and Group B (p=0.4) had
no significant difference with the emmetropic group.
In our study we can see a steady increase in RNFL
thickness in the Hypermetropic groups with increase in
severity. However, it was not significant in any of the groups
when compared with the emmetropic group. (Low
hypermetropia p=0.06, Moderate hypermetropia p=0.2,
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High hypermetropia p=0.1).
On quadratic evaluation maximum RNFL thickness in
Nasal quadrant was in Group E(75.79±7.56µ)whereas
Group F was maximum both in Superior(122.43±10.76µ)
and Temporal(71.85±8.6µ) quadrant and Group G shows
maximum RNFL thickness in Inferior(127.29±11.51µ)
quadrant. Minimum RNFL thickness in all quadrants were
in Group C.When the quadratic evaluation in each of the
Myopic and Hypermetropic groups were compared with
the Emmetropic group a significant only a significant
decrease in all the quadrants was seen in Group C
(p=0.0002). The average RNFL was significantly greater
in the Superior (p=0.04) and Temporal Quadrants
(p=0.001) in Group E and in the Inferior Quadrant (p=0.04)
of Group G.No other groups had any significant difference
with the Emmetropic group in any quadrant.

Discussion:
In our study conducted among the teenagers of age 1119years visiting the Ophthalmology OPD in a tertiary care
hospital 300 patients were randomly selected for
assessment of RNFL thickness for our study where 100
subjects of myopes, hypermetropes and emmetropes
each were evaluated. The average age of the study
population was 14.23±2.75years. There were 155 males
and 145 females in our study. Intra-ocular pressure was
in normal rangein all of them.In our study the average
Uncorrected Visual Acuity was gradually deEteriorating
with increase in grades of Myopia and Hypermetropia
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while compared to Emmetropic individuals. After refraction
all the patients had full correction and had a Best
Corrected Visual Acuity of 0 in LogMAR equivalent.
In a study by Sowmya V,Venkataramanan VR, and
Prasad V15 showed that the effect of refractive status of
the eye on RNFL thickness may be relevant in the
diagnosis of glaucoma and other optic nerve diseases.
Subjects were divided into 5 groups based on the amount
of refractive error consisting 60 patients in each group.On
analysing the results, patients with all grades of myopia
and hypermetropia showed significant variation in average
RNFL thickness when compared to Emmetropic
individuals (p<0.001).
In 2014, a study by Singh D et al 16 showed that the
average RNFL measurements were significantly lower in
high myopia (78.68 ± 5.67) and moderate myopia (83.76
± 3.44) group compared with emmetropia group (91.26 ±
2.99), also in the superior and inferior mean clock hours.
In our study, Group A (Low Myopia), Group B (Moderate
Myopia) and Group C (High Myopia)showed decreased
average RNFL thickness when compared toGroup D
containing Emmetropic individuals. But the change was
not steady with increasing grades of Myopia and only
significant decrease in average RNFL thickness was
noticed in High Myopic group (p=0.0002). In
Hypermetropic side Group E with low Hypermetropia
Group F (Moderate Hypermetropia) and Group G (High
Hypermetropia) had higher average RNFL thickness,
steadily increasing with severity of Hypermetropia when
compared to Group D. There was No other group other
than Group C with High Myopia showed any statistically
significant difference in average RNFL thickness when
compared to the emmetropic group. On quadratic
evaluation, there were significant decrease in all the
quadrants in Group C. The average RNFL was significantly
greater in the Superior (p=0.04) and Temporal Quadrants
(p=0.001) in Group E and in the Inferior Quadrant (p=0.04)
of Group G. Rest of the groups showed no significant
difference when compared with the quadranticevaluation
of the emmetropes.

thinning can probably be attributed to the greater axial
length of the eyeball which cause significant stretching
of the sclera and retina. This study also states that there
may be chance of quadrantic RNFL variation on
Hypermetropic side that needs further evaluation with larger
and more generalised study sample. It also shows
tendency of some protective supremacy in case of
Hypermetropic individuals against physiological Nerve
Fiber Layer loss. Overall, our study shows that refractive
error has statistically minimal influence on RNFL
thickness other than High Myopic individuals. Hence SDOCT based calculation of average RNFL thickness in
different optic nerve related pathologies can be a good
modality for diagnosis irrespective of patients’ refractive
status unless the patient is High Myopic.
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