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Abstract—Retinopathy is a group of retinal disabilities that
causes severe visual impairments or complete blindness. Due to
the capability of optical coherence tomography to reveal early
retinal abnormalities, many researchers have utilized it to develop
autonomous retinal screening systems. However, to the best of
our knowledge, most of these systems rely only on mathematical
features, which might not be helpful to clinicians since they do not
encompass the clinical manifestations of screening the underlying
diseases. Such clinical manifestations are critically important to
be considered within the autonomous screening systems to match
the grading of ophthalmologists within the clinical settings. To
overcome these limitations, we present a novel framework that
exploits the fusion of vision language correlation between the
retinal imagery and the set of clinical prompts to recognize the
different types of retinal disabilities. The proposed framework
is rigorously tested on six public datasets, where, across each
dataset, the proposed framework outperformed state-of-the-art
methods in various metrics. Moreover, the clinical significance of
the proposed framework is also tested under strict blind testing
experiments, where the proposed system achieved a statistically
significant correlation coefficient of 0.9185 and 0.9529 with the
two expert clinicians. These blind test experiments highlight the
potential of the proposed framework to be deployed in the real
world for accurate screening of retinal diseases.

Index Terms—Vision Language Models, Optical Coherence
Tomography, Retina, Ophthalmology.

I. INTRODUCTION

Human vision is formed when the light passes through the
biconvex lens and falls on the retina [1]. The retina is a
complex membrane composed of several light-sensitive cells.
Once an object is perceived, the retina converts its projection
into a sequence of electrical impulses. Subsequently, these
impulses are sent to the visual cortex within the brain, where
they are processed and translated as visual information [2].
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The retina can be divided into two distinct regions: the
macular region and the peripheral region. The macular region,
also known as the macula, is responsible for generating
central vision, whereas the peripheral region is responsible
for generating side vision. Retinopathy is a collection of
retinal microvascular disabilities linked to many clinical states,
such as hypertension, sickle cell disease, lupus, and other
autoimmune diseases [3]. However, it is primarily associated
with Type-II Diabetes and is commonly known as Diabetic
Retinopathy (DR). DR from optical coherence tomography
(OCT) imagery is screened by observing the presence of
Diabetic Macular Edema (DME), a condition characterized
by significant thickness of the macula, leading to hazy and
impaired vision [4]. DME is often characterized by observing
the presence of hard exudates and the macular fluid within the
intra-retina or sub-retina [5]. Similarly, macular fluid can also
be observed in the presence of Age-related Macular Degen-
eration (AMD) [6]. AMD primarily affects older individuals
as a result of the accumulation of drusen (lipid and protein
deposits) and choroidal neovascularization (CNV) beneath the
retina. AMD is typically categorized into two stages: dry
(non-neovascular) AMD and wet (neovascular) AMD. Drusen
are the deposits of extracellular material developed during
the initial phases of AMD, which result in the degeneration
of the retinal pigment epithelium (RPE) layer. Choroidal
neovascularization (CNV) is a consequence of further disease
progression, characterized by the intrusion of abnormal blood
vessels from the choroid onto the retina, resulting in the
formation of choroidal neovascular membranes and other ab-
normalities in the chorioretinal region. The assessment of these
retinal disabilities is commonly conducted using color fundus
photography (FP), fundus fluorescein angiography (FFA), and
OCT [6]. Moreover, doctors predominantly use OCT scans for
the objective diagnosis of retinal diseases [6].

A. Clinical Significance of OCT Examination

Retinal OCT examination has been extensively adopted by
clinicians as a standard procedure for screening many retinal
diseases, such as DME and AMD [5]. In clinical settings,
OCT is currently the recommended examination method for
analyzing pathologies affected by DME. This is because OCT
provides precise visualization of intra-retinal fluid (IRF), sub-
retinal fluid (SRF), and hard exudates (HE) [6]. Additionally,
clinicians and researchers also conducted a thorough analysis
related to screening AMD pathologies using OCT, FFA, and
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FP, and determined that OCT scans can detect even the most
subtle early changes in CNV and AMD [7]. Similarly, they
also emphasized the usefulness of peripheral OCT imagery in
detecting the clinical manifestations related to diseases, such as
retinal holes, retinal detachment, and age-related retinoschisis
[8].

B. Motivation

In the past decade, several researchers have presented
computer-aided diagnostic systems for screening retinal dis-
eases. These systems utilize fundus, OCT, and a combination
of both fundus and OCT imagery [9]. Similarly, recent studies
utilized attention mechanisms [10] and hybrid convolutional
networks [6] to offer lesion-aware screening of retinal diseases.
Nevertheless, these models still cannot accommodate clinical
manifestations within the automated screening process, which
hinders their ability to be deployed in clinical settings to aid
clinicians in mass screening retinal diseases [11]. Furthermore,
due to the lack of correlating the clinical prompts within
the decision-making process, these frameworks have to be
re-trained or fine-tuned exhaustively to learn prognosis tasks
across different datasets and scanner specifications, which is
both infeasible and impractical [9]. Therefore, to produce a
scalable solution that can be deployed in clinical settings
to aid clinicians in their daily screening routine, there is a
dire need to develop a framework that possesses the ability
to incorporate clinical manifestations within the automated
screening process to generate meaningful results irrespective
of the datasets, or the scanner specifications.

C. Contributions

This paper presents a novel approach to correlate clinical
manifestations with the deep image features to accurately
screen retinal disabilities from the OCT imagery as per the
clinical standards. Unlike state-of-the-art methods, the pro-
posed framework does not require any re-training, fine-tuning,
or domain adaptation process to recognize different retinal
abnormalities from the OCT scans. Furthermore, the proposed
framework can robustly identify retinal diseases irrespective
of the scanner specifications, the pathological variations and
the vendor artifacts. Additionally, the proposed framework has
been rigorously tested on six public OCT datasets, where
it outperformed state-of-the-art methods for screening retinal
diseases (see Section V for more details). To summarize, the
main contributions of this paper are:
• A vision-language model that integrates clinical prompts

with the deep image features via vision-language correla-
tions to screen retinal disabilities from OCT imagery.

• A robust framework that can effectively screen retinal dis-
eases from diverse datasets by analyzing their clinically
significant manifestations in a self-supervised manner.

• Since the proposed scheme leverages self-supervision, it
does not require extensive fine-tuning or retraining efforts
for screening retinal diseases.

• An extensively tested approach under clinical settings
through a series of blind test experiments in which the
proposed system achieves a high statistically significant

correlation with the grading of the expert clinicians (see
Section V-D for more details).

D. Paper Organization

The rest of the paper is organized as follows: The literature
review is presented in Section II. Section III discusses the
proposed framework in detail. Section IV enlists the experi-
mental protocols. Section V presents the results obtained by
the proposed framework and its performance comparison with
state-of-the-art methods. Section VI discusses the proposed
framework and its applicability in the clinical settings for
screening retinal disabilities. Section VII concludes the paper
and highlights the prospects of the proposed approach in
different applications.

II. RELATED WORK

Retinal image analysis is a widely explored area where re-
searchers and clinicians have effectively employed various ma-
chine learning models to detect different retinal disorders using
fundus [1] and OCT scans [12]. From a clinical perspective,
OCT imagery is preferred over fundus photography because
it possesses the capacity to detect early pathological changes
in the human retina [9]. In this section, we present a detailed
discussion of some of the recent advancements related to the
automated screening of retinal diseases.

A. Autonomous Retinal Analysis Frameworks

Over the past few decades, many researchers have proposed
automated methods to screen retinal diseases using OCT
scans effectively. The initial wave of these methods relied on
conventional machine learning [13], which uses handcrafted
features to detect the presence of retinal diseases [12]. How-
ever, because of the inherent subjectivity within these features,
the conventional machine-learning approaches were only ap-
plicable to limited datasets and experimental conditions. The
deep learning models effectively mitigated this constraint by
enhancing the performance of traditional machine learning
methods [6]. Fang et al. [14] were among the first ones
to use CNN-based methods to segment retinal layers from
OCT images of non-neovascular AMD patients. Similarly, by
adhering closely to established ophthalmological examination
protocols in clinical settings, advanced attention mechanisms
were developed based on activation maps and rules-based
schemes [6]. These mechanisms, as proposed in [10] and [6],
allow deep learning models to highlight the underlying lesion
pathologies, enabling lesion-aware screening and grading of
retinopathy. Butola et al. [15] developed a specialized CNN
model called LightOCT [15]. This model consists of two
convolutional layers and a fully connected layer, and it is
designed to analyze OCT scans for screening AMD, DME,
and healthy subjects. Moreover, Das et al. [16] employed
adversarial networks to enhance the resolution of OCT scans,
aiming to improve the accuracy of AMD diagnosis.
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B. Advanced Retinal Analysis Frameworks

Many researchers have utilized deep-learning models for di-
agnosing retinal diseases. However, most of these frameworks
are fully supervised. Consequently, they necessitate extensive
and well-annotated data for training to achieve promising
results [6], [10]. Such a requirement makes these models
infeasible and impractical for deployment in the real world.
Furthermore, these models lack the ability to incorporate
clinical manifestations within the decision-making process,
where these clinical observations are necessary to replicate
the screening standards of clinicians and ophthalmologists. To
overcome the first limitation, many researchers have proposed
weakly supervised schemes that do not require extensive
annotation efforts to screen retinal diseases [17]. Ma et al.
[18] devised a method using weak supervision and multi-scale
class activation maps. They employed scaling and upsampling
techniques and attentional fully linked modules to accurately
identify and extract geographic atrophy (GA) lesions from
OCT imagery.
Weakly supervised approaches have partially alleviated the
need for extensive ground truth labeling [18]. However, these
methods either exhibit limited screening capabilities [19] or
necessitate exhaustive training procedures to identify retinal
diseases effectively [6], [10], [15], [20]. Similarly, to detect
new types of retinal abnormalities obtained from different
scanning devices, these models must undergo incremental
training iterations on large-scale data, which is again not a
scalable option [10]. To address the challenge of re-training
the model using extensive data, researchers have utilized incre-
mental few-shot learning [17] approaches. However, striking
the optimal balance of retaining the model’s prior knowledge
while learning new knowledge representation to avoid catas-
trophic forgetting is again a haggling job [17], and might
not achieve convergence across multi-vendor and multi-modal
setup established within the clinical settings. To overcome
these limitations, we present a novel approach to incorporate
clinical manifestations within the machine learning systems
via vision language correlations in order to identify retinal
disabilities in the clinical settings irrespective of the patho-
logical variations, the scanner differences, or vendor artifacts.
Furthermore, through rigorous evaluation of the proposed
scheme across six public datasets and blind-test experiments in
clinical settings, we showcased that the proposed framework
can remarkably screen retinal diseases compared to different
state-of-the-art methods. A detailed discussion of the contribu-
tions of the proposed framework is presented in Section I-C.

C. Large Language Models in Retinal Analysis

Recently, many clinicians highlighted the potential of using
large language models (LLMs) to screen retinal disabilities
within clinical settings. Desideri et al. [21] studied the effects
of using LLMs, such as ChatGPT 3.5 [22], Google Bard [23],
and Bing AI [24], in monitoring the progression of AMD.
They concluded that ChatGPT 3.5 [22] produced the most
satisfactory results against the specialized questions related to
monitoring the progression of AMD as compared to the other
LLM models. Apart from this, Jin et al. [25] presented an

overview on the usage of LLM models in managing various
diseases in ophthalmology and conclude that LLMs like Chat-
GPT [22] are appreciated by different clinicians around the
world to screen retinal and other ophthalmic diseases.
By digging into the literature, we observed that the LLMs,
especially ChatGPT 3.5 [22], and ChatGPT 4.0 [26], can
produce clinically significant prompts related to retinal dis-
abilities. They also provide excellent opportunities to the
researchers to use these prompts in training the deep learning
models to accurately screen the retinal diseases irrespective
of the scanner specification, the datasets, and the pathological
variations [21], [25], [27]–[30].

III. PROPOSED FRAMEWORK

The detailed block diagram of the proposed framework is
shown in Figure 1. During the training phase, the text encoder
is fine-tuned on a set of clinically verified retinal text prompts.
These text prompts highlight the presence of disease-specific
retinal lesions and abnormalities that appear on the retinal
OCT scans during the early progression of the disease. Once
the text encoder is fine-tuned, we use it to train the vision
encoder in a self-supervised manner using the proposed Las

loss function. The Las loss function transforms the features
from latent space to angular space and then tries to minimize
the distance between positives and anchors while maximizing
the distance between negatives and anchors in the angular
space. Positives are the text prompts belonging to the positive
disease class, where their features are extracted using the text
encoder. Negatives are the text prompts not belonging to the
positive class, where the text encoder extracts their features.
Similarly, anchors are the given OCT samples belonging to the
positive class, and the vision encoder extracts features from
them. It should be noted here that the loss values generated by
the Las directly showcase the deviation between the features
of the text prompts and the features of the vision encoder for
the given retinal disease (positive class), and minimizing these
loss values allow the vision encoder to produce discriminative
features from the OCT scans, irrespective of their scanner
specifications, that are self-aligned with the features generated
from the clinically verified text prompts. Hence, these visual
features, when aligned with the textual features generated from
the prompts, allow clinically significant screening of retinal
diseases at the inference stage. Moreover, once the vision
encoder is trained, we use it to extract distinct features from
the OCT scans belonging to any dataset or acquired from
different OCT machinery. We also use the fine-tuned text
encoder to generate text features from the default prompt,
in which we vary the lesion and disease label iteratively.
These ‘lesion’ and ‘label’ words are taken from the lesion
and pathology vocabulary created by the expert clinicians, and
for each combination of lesion and label word in the default
text prompt, we compute the vision language correlation
coefficient. The combination of text and visual features that
give the maximum correlation is then used to predict the
overall disease label for the given OCT scan. The detailed
description of each block within the training and testing phase
is discussed in the subsequent section below:
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Figure 1: Block diagram of the proposed framework. During the training phase, we fine-tune the text encoder to generate discriminative features from the
clinical prompts, which allows the vision encoder to learn the clinical manifestations from the OCT scans and recognize the disease patterns. The vision
encoder learns the clinical manifestations of the underlying disease using the proposed Las loss function, which inherently minimizes the distance between
anchors and positive samples while maximizing the distance between anchors and negative samples in the angular space. During the inference phase, we use
a single prompt with different combinations of words from the lesion and pathological vocabularies to generate textual features. Similarly, we extract the
visual embeddings from the OCT scans belonging to any dataset using the vision encoder. Afterward, we perform vision language correlations and choose
the combination of the lesion and pathological labels from the text prompt that has a maximum correlation coefficient with the visual features to identify the
disease label for the given test scan.

A. Training Phase

In the training phase, we fine-tune the text and the vision
encoders. The details about fine-tuning these models are
presented below:

1) Fine-Tuning Text Encoder: During the training phase, we
first fine-tune the text encoder on the set of retinal prompts
that are stored in the database. We used two different methods
of generating and collecting the text prompts. The first method
involved requesting the clinicians to generate the prompts
that represent symptomatic appearances of a healthy retina
in OCT imagery. The prompts also represent the presence of
symptoms for some of the widespread retinal diseases, such
as DME, drusen and choroidal neovascularization (CNV), in
OCT imagery. Furthermore, these prompts highlight the ap-
pearance of the clinical manifestations, such as retinal lesions
and biomarkers, which develop during the mild, moderate, and
severe progression of these retinal diseases. The clinicians also
observe these abnormalities in the OCT scans to screen these
diseases objectively in clinical practice. Following the same
analogy, we used these prompts as input to fine-tune the text
encoder so that it generates distant and clinically significant
feature representations for each disease. The total number
of prompts that the clinicians generated is 1,000 for each
retinal disease. Moreover, the text encoder is tuned on these
prompts for 100 epochs using ADAM [31] optimizer, having
an initial learning rate of 0.01 and a categorical cross-entropy
loss function with a batch size of 32. It should be noted that
the text encoder is fine-tuned to predict output labels from the
input prompt where the output labels are normal, CNV, drusen,
and DME. Moreover, the classification head mounted on the
text encoder is a neural network having these four output
classes. In the second method, we generated the text prompts
using ChatGPT 4.0 [26], which were clinically verified by
the panel of two expert clinicians. These prompts are then
used to fine-tune the text encoder, in a similar manner, using
the same training configurations which were used in the first
approach. The results for both approaches are discussed in the

ablation experiment (reported in Section V-A3). We noticed
here that by using the large pool of clinically verified prompts
(10,000 in total) for training the text encoder, the proposed
system achieved an overall better performance to screen retinal
diseases across each dataset (see Table IV). This performance
improvement is evident as more prompts highlighting the
presence of retinal lesions for each type of retinal disease
allow the text encoder to capture more exposure to produce
generalized feature representations that can accurately train
the vision encoder to generate better results. Furthermore,
generating these large prompts does not incur any hectic
workflows, as they are generated through ChatGPT 4.0 [26]
and are cross-verified by expert ophthalmologists only once.
At the same time, they allow the text encoder to produce
clinically significant latent space representations to screen
different types of retinal diseases irrespective of the dataset,
vendor artifacts, or scanner variations. Afterward, we used
this fine-tuned text encoder to train the vision encoder in a
self-supervised manner using the proposed Las loss function.
The training details of the vision encoder are presented in a
subsequent section.

2) Fine-tuning Vision Encoder: Once the text encoder is
fine-tuned, we use its representations as ground truth to
update the weights of the vision encoder to produce similar
embeddings in a self-supervised manner using the proposed
Las loss function. Las loss function transforms the latent
space representation of the text and vision encoder in the
angular space where it tries to minimize the distance between
the vision encoder representations (anchors) and the text
encoder representations of the positive class (positives), while
simultaneously maximizing the distance between anchors and
negatives (the text encoder representations for the non-positive
categories). Moreover, the vision encoder is fine-tuned for 100
epochs with a batch size of 32 using ADAM [31] optimizer
and the Las loss function. The input size of the vision encoder
is 224× 224× 3, and no data augmentation step was applied
in fine-tuning both the text and vision encoders. The details

This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2024.3462653

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Abu Dhabi University. Downloaded on October 17,2024 at 12:24:49 UTC from IEEE Xplore.  Restrictions apply. 



5

about the Las loss function are presented below.
3) Las Loss Function: We propose an angular space loss

function Las to constrain the vision encoder toward learning
the retinopathy screening tasks in alignment with the feature
representations generated by the text encoder from the clinical
prompts. Las transforms the feature representations of both
text and vision encoder from latent space to angular space,
where it minimizes the distance between embeddings of an-
chors xa and the positives xp while maximizing the distance
between embeddings of anchors xa and negatives xn. The
transformation of features from latent space to angular space is
based on the dot product, which allows the optimal discrimina-
tion between the features of the positive and negative samples.
This is because the dot product brings the homogeneous
(similar) features together and separates the heterogeneous
(dissimilar) features. Moreover, Las requires no supervision
from the ground truth labels. Instead, it constrains the vision
encoder to learn retinopathy screening tasks using the text
encoder representations in a self-supervised manner. Due to
this self-supervision and angular space transformation of the
feature representation produced by the Las loss function, the
vision encoder, once trained, can optimally recognize different
types of retinal diseases from the OCT scans irrespective
of the dataset or scanner variations at the inference stage.
Mathematically, Las is expressed as:

Las = − 1

bs

bs−1∑
i=0

log

(
αi

αi + βi

)
, (1)

where
αi = e−d(cos(θi,a),cos(θp))/τ , (2)

βi = e−d(cos(θi,a),cos(θn))/τ . (3)

cos(θi,a) denotes the angular space representations generated
from each anchor sample xi

a by taking its dot product with
the weights of the vision encoder wv , such that wv.x

i
a =

|wv||xi
a| cos(θi,a). These angular space representations are

administrated by a hyperparameter θi,a, which is the angle
between the anchor input xi

a and the vision encoder weights
wv , and it is computed as: θi,a = arccos

(
wv.x

i
a

|wv||xi
a|

)
. Similarly,

cos(θp) denotes the angular space representations generated
from the positive samples xp, and cos(θn) represents the
angular space representations generated from the negative
samples xn. Apart from this, τ denotes the temperature
constant, bs denotes the batch size, and the function d(e, f)
computes the Euclidean distance between the vectors e and
f . The proposed Las loss function updates the model weights
wv in each iteration by minimizing the distance between the
features extracted from anchor samples xa and the positive
samples xp while maximizing the distance between features
produced from xa and the negative samples xn, in the angular
space. Once this fine-tuning routine is completed, we get the
optimal model weights wv for the vision encoder model that
generates image features for each class, which are maximally
aligned with the text features produced from the clinical
prompts by the text encoder. We also highlight here that the

number of features generated by the text and vision encoder
backbones can differ based on their architectures. However,
for the optimal text encoder, BERT [32], chosen through the
ablation experiments, reported in Section V-A1, the number
of text features ft are 3072. Hence, the feature set size is
1×3072. Similarly, the number of image features fi extracted
from the optimal vision encoder, PVT [33], selected through
the ablation experiments reported in Section V-A2, are 512,
and the size of the respective feature set is 1 × 512. Since
the number of text and image features does not necessarily
match, we resized the text features from 3072 to 512 through
sub-sampling with a sampling rate of 6. In general, when the
length of text and image features do not match, we resize the
larger set of features (either text or image) to length n through
sub-sampling, where n = min(len(ft), len(fi)).

B. Inference Phase

Once the text and vision encoders are fine-tuned, we use them
to screen retinal diseases using OCT scans from different
datasets. To screen the candidate OCT scans against retinal
diseases, they are passed through the vision encoder that
generates the visual embeddings. Moreover, a default prompt
is passed to the text encoder in which we vary the lesion and
label words using the lesion and pathological vocabularies, as
shown in Figure 1. The text within the default text prompt
is: ‘The OCT sample majorly contains {lesion} and represent
{label}’. For each combination of ‘lesion’ and ‘label’ words in
the default prompt, the text encoder generates unique textual
features that highlight the clinical manifestations related to
each disease. The textual features are then correlated with
the visual embeddings to generate a correlation coefficient.
Afterward, the ‘lesion’ and ‘label’ word pair, which produces
a maximum correlation coefficient, are used to screen the
underlying disease. The details about the vision language
correlations are presented below:

1) Vision Language Correlations: The classification within
the proposed framework is based on vision language correla-
tions, which measure the degree of similarities between the
image features fi and the clinically significant textual features
ft to screen the retinal diseases. Moreover, for each pair of
‘lesion’ and ‘label’ words in the default prompt, we generate
the textual features using the text encoder, which are correlated
with the visual features generated by the vision encoder for the
given OCT scan. Let j denote the number of ‘lesion’ words
in the lesion vocabulary, and k denote the number of disease
‘labels’ in the pathological vocabulary. Then, for a given OCT
scan, the total number of correlations the proposed scheme
performs is j × k. Similarly, the total number of correlations
performed by the proposed framework on a given dataset is
j × k ×m, where m denotes the total number of OCT scans
within the respective dataset. Moreover, the correlations are
computed using a Pearson correlation coefficient r [34], as
expressed below:

r =
n× (p− q)√

(n× s)× (n× w)
, (4)
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where

p =

n−1∑
u=0

fu
t f

u
i , (5)

q =

n−1∑
u=0

fu
t ×

n−1∑
u=0

fu
i , (6)

s =

n−1∑
u=0

(fu
t )

2 −

(
n−1∑
u=0

fu
t

)2

, (7)

w =

n−1∑
u=0

(fu
i )

2 −

(
n−1∑
u=0

fu
i

)2

. (8)

Although, the number of correlations performed within the
proposed framework is directly proportional to the number
of OCT scans and the number of combinations between
‘lesion’ and ‘label’ words that are taken from the lesion and
pathological vocabularies. However, since it does not consume
much time in computing a single correlation, the overall
runtime of the proposed system is not significant (as discussed
further in Section V-C), where n denotes the total number of
features.

2) Classification based on Maximum Correlation: For a
candidate OCT scan, once the correlation for all the combina-
tions of textual and visual features is obtained, the proposed
framework assigns the ‘label’ of the default text prompt
to the given OCT scan that has the maximum correlation
coefficient between the respective textual and visual features.
The assignment of the final disease label to the given OCT
scan based on the maximum correlation coefficient ensures that
the proposed framework is screening the retinal diseases by
considering the clinically significant manifestations (lesions),
which the expert ophthalmologists also observe as a standard
practice within the clinical settings.

IV. EXPERIMENTAL SETUP

In the following section, we report a detailed description of
the datasets, the training and implementation protocols, and
the evaluation metrics by which we compared the proposed
framework’s performance with state-of-the-art works.

A. Datasets

To evaluate the classification performance of the proposed
framework and to compare it with the state-of-the-art methods,
we used six popular and publicly available datasets dubbed the
Zhang [20], Duke-1 [35], Duke-2 [13], Duke-3 [36], Rabbani
[37], and BIOMISA [38]. The description of the datasets,
as well as the training and testing splits used in this paper,
is presented in Table I. From Table I, we can observe that
Zhang [20] dataset contains a total of 109,309 OCT scans
that represent Drusen, CNV, DME, and healthy pathologies.
Out of these total scans, we have used 9,500 OCT scans for
training purposes, and the rest of them are used to evaluate
the proposed framework at the inference stage. It should be
noted that the proposed framework was trained only once
on the 9,500 scans from the Zhang dataset [20], while the
other datasets were used only for testing purposes. Moreover,

Table I: A detailed description of all the datasets along with the training-
test splits that are used in this research. ’-’ indicates the samples from the
respective dataset were not used in the training at all. Moreover, Drusen and
CNV pathologies are considered as AMD across Duke-1 [35], Duke-2 [13],
Duke-3 [36], Rabbani [37], and BIOMISA [38] datasets for fair comparison.

Dataset Training Testing Pathologies
Zhang [20] 9,500 99,809 Drusen

CNV
DME

Normal
Duke-1 [35] - 38,300 AMD (Drusen + CNV)

Controlled (Normal)
Duke-2 [13] - 610 DME
Duke-3 [36] - 3,231 AMD (Drusen + CNV)

DME
Normal

Rabbani [37] - 4,241 AMD (Drusen + CNV)
DME

Normal
BIOMISA [38] - 4,163 AMD (Drusen + CNV)

DME
Normal

Duke-1 [35] contains a total of 38,300 OCT scans, which
depict AMD and controlled pathologies. We used all 38,300
scans from the Duke-1 dataset [35] for testing the proposed
framework. The Duke-2 dataset [13] contains 610 retinal OCT
scans that depict severe DME pathologies. Similarly, Duke-3
[36], Rabbani [37], and BIOMISA [38] datasets contain a total
of 3,231, 4,241, and 4,163 OCT scans, respectively, which
depict AMD, DME, and healthy pathologies.

B. Implementation Details

The proposed framework is implemented using TensorFlow
2.1.0 and Python 3.7.9 on the Anaconda platform with a
machine having Core i9-10940@3.30 GHz processor, 128 GB
RAM, and a single NVIDIA Quadro RTX 6000 GPU having
CUDA toolkit v11.0.221 and cuDNN v7.5. Apart from this,
the training details are explained in Section III-A.

C. Evaluation Metrics

We used the standard classification metrics, such as recall, pre-
cision, F1 score, receiver operator characteristics (ROC) curve,
area under the curve (AUC), precision-recall (PR) curve, and
average precision (AP) scores to evaluate the performance of
the proposed framework and compare it with state-of-the-art
methods.

V. RESULTS

This section reports the detailed evaluation of the proposed
framework and its comparison with state-of-the-art methods
across six public retinal OCT datasets. Before diving into
the comparative analysis, we first report the ablation studies
through which we determined the optimal hyperparameters of
the proposed framework.

A. Ablation Studies

We performed a series of ablative experiments to determine
1) the optimal text encoder, 2) the optimal vision encoder, 3)
the optimal set of clinical prompts, 4) the optimal value of the
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Table II: Determining the optimal text encoder across each dataset. Bold
indicates the best performance, while the second-best scores are underlined.
Moreover, the abbreviations are: ZH: Zhang [20], BO: BIOMISA [38], D1:
Duke-1 [35], D2: Duke-2 [13], D3: Duke-3 [36], RB: Rabbani [37].

Dataset Encoder Recall Precision F1 AUC
ZH [20] BERT [32] 0.9128 0.9471 0.9296 0.9728

Word2Vec [39] 0.8246 0.8502 0.8372 0.9272
XLNet [40] 0.8963 0.9346 0.9150 0.9591

BO [38] BERT [32] 0.9308 0.9564 0.9434 0.9805
Word2Vec [39] 0.8427 0.8751 0.8586 0.9456

XLNet [40] 0.9196 0.9472 0.9331 0.9728
D1 [35] BERT [32] 0.8951 0.9148 0.9048 0.9246

Word2Vec [39] 0.7821 0.8204 0.8007 0.8859
XLNet [40] 0.8802 0.9043 0.8920 0.9047

D2 [13] BERT [32] 0.8729 0.9042 0.8882 0.9182
Word2Vec [39] 0.7743 0.8263 0.7994 0.8583

XLNet [40] 0.8618 0.8875 0.8744 0.9109
D3 [36] BERT [32] 0.8846 0.9017 0.8930 0.9208

Word2Vec [39] 0.7723 0.8119 0.7916 0.8813
XLNet [40] 0.8794 0.8879 0.8836 0.8965

RB [37] BERT [32] 0.9217 0.9382 0.9298 0.9408
Word2Vec [39] 0.8043 0.8531 0.8279 0.8963

XLNet [40] 0.9135 0.9261 0.9197 0.9374

temperature constant τ which gives the optimal performance
of the proposed framework at the inference stage, 5) the
optimal loss function to fine-tune vision encoder in a self-
supervised manner, and 6) the comparison of the proposed
vision language correlations with the conventional Euclidean
distance and cosine similarity metric used in the vision lan-
guage models [11].

1) The Optimal Text Encoder: The first ablation experiment
relates to determining the text encoder, which results in the
best overall performance for screening retinal diseases from
OCT scans across each dataset. For this purpose, we plugged
different models, such as BERT [32], Word2Vec [39], and
XLNet [40], as a text encoder within the proposed framework
and computed the overall performance to screen the retinal
diseases. Here, we used PVT [33] as a vision encoder model,
which is constrained using the proposed Las loss function. The
results for this experiment are reported in Table II from which
we can observe that across each dataset, BERT [32] generated
the best text features, which resulted in better classification
performance of the proposed framework. Moreover, the second
best results are generated when we used XLNet [40] across
each dataset. Although the performance difference between
BERT [32] and XLNet [40] is not significant, both of these
models can be used as a text encoder within the proposed
scheme. But since BERT [32] generated overall better results,
we chose it as an optimal text encoder for the rest of the
experimentation.

2) The Optimal Vision Encoder: The second ablation ex-
periment relates to determining the vision encoder, which
gives the overall best performance in screening retinal diseases
from OCT scans across each dataset. For this purpose, we
plugged different popular models, such as ResNet-50 [41], ViT
[42], and PVT [33], as a vision encoder within the proposed
framework and compared their overall performance to screen
retinal diseases. Here, we used BERT [32] as a text encoder
that produced the most discriminative text features that serve
as a guide to the vision encoder in screening retinal diseases
per the clinical standards. Moreover, we constrained the vision

Table III: Determining the optimal vision encoder across each dataset. Bold
indicates the best performance, while the second-best scores are underlined.

Dataset Encoder Recall Precision F1
Zhang [20] ResNet-50 [41] 0.8672 0.9052 0.8857

PVT [33] 0.9128 0.9471 0.9296
ViT [42] 0.8924 0.9253 0.9085

BIOMISA [38] ResNet-50 [41] 0.8912 0.9176 0.9042
PVT [33] 0.9308 0.9564 0.9434
ViT [42] 0.9107 0.9291 0.9198

Duke-1 [35] ResNet-50 [41] 0.8351 0.8624 0.8485
PVT [33] 0.8951 0.9148 0.9048
ViT [42] 0.8543 0.8759 0.8649

Duke-2 [13] ResNet-50 [41] 0.8348 0.8691 0.8516
PVT [33] 0.8729 0.9042 0.8882
ViT [42] 0.8548 0.8864 0.8703

Duke-3 [36] ResNet-50 [41] 0.8421 0.8693 0.8554
PVT [33] 0.8846 0.9017 0.8930
ViT [42] 0.8608 0.8776 0.8691

Rabbani [37] ResNet-50 [41] 0.8863 0.9046 0.8953
PVT [33] 0.9217 0.9382 0.9299
ViT [42] 0.9054 0.9143 0.9098

encoder using the proposed Las loss function during training
to generate distant feature representations to screen retinal
diseases at the inference stage. The results for this experiment
are reported in Table III from which we can observe that
across each dataset, PVT [33] produces the best results in
generating the most discriminative features which are aligned
with the textual features in screening different types of retinal
diseases across each dataset. Since PVT [33] provided the
best classification performance compared to the other models,
we used it as an optimal vision encoder for the rest of the
experimentation.

3) Determining the Optimal Set of Clinical Prompts: In
Section III-A1, we explained that the text encoder is fine-
tuned using two approaches. In the first approach, we used
1,000 retinal prompts generated by expert clinicians to fine-
tune the text encoder. These prompts highlighted the clinical
manifestations and biomarkers in identifying retinal diseases.
Moreover, in the second approach, we used 10,000 prompts
generated by ChatGPT 4.0 [26] but thoroughly verified by the
two expert clinicians in order to fine-tune the text encoder in
discriminating DME, AMD, and healthy pathologies. The clas-
sification performance of the proposed framework using both
approaches across each dataset is reported in Table IV. From
Table IV, we can see that, across each dataset, the performance
of the proposed framework is similar when an equal number
of clinical prompts (i.e., 1,000) are used in fine-tuning the text
encoder where these prompts are directly generated by both the
expert clinicians and ChatGPT 4.0 [26]. However, the overall
performance of the proposed framework significantly increases
when we use all the 10,000 prompts generated by ChatGPT
4.0 [26] in fine-tuning the text encoder. This performance gain
is evident as the text encoder, fine-tuned on 10,000 prompts,
gets more exposure to the variety of biomarkers that can exist
within the OCT scans in the presence of each retinal disease.
On the contrary, it is difficult for clinicians to produce 10,000
prompts for training any machine learning model. So, we use
the 10,000 clinical prompts generated by ChatGPT 4.0 [26] as
an optimal set of prompts to fine-tune the text encoder within
the proposed framework, and ChatGPT 4.0 [26] has already
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Table IV: Determining the optimal set of clinical prompts that are used in
fine-tuning the text encoder to produce clinically significant screening of
retinal diseases across each dataset. Bold indicates the best performance,
while the second-best scores are underlined. Moreover, ’C-Prompts’ stands
for Clinicians’ Prompts.

Dataset Prompts Recall Precision F1 AUC
Zhang [20] GPT-4 1k 0.8775 0.8906 0.8840 0.9463

C-Prompts 0.8813 0.9061 0.8935 0.9528
GPT-4 10k 0.9128 0.9471 0.9296 0.9728

BIOMISA [38] GPT-4 1k 0.9175 0.9406 0.9289 0.9524
C-Prompts 0.9096 0.9324 0.9208 0.9614
GPT-4 10k 0.9308 0.9564 0.9434 0.9805

Duke-1 [35] GPT-4 1k 0.8435 0.8671 0.8551 0.8762
C-Prompts 0.8528 0.8843 0.8682 0.8958
GPT-4 10k 0.8951 0.9148 0.9048 0.9246

Duke-2 [13] GPT-4 1k 0.8049 0.8237 0.8141 0.8758
C-Prompts 0.8243 0.8332 0.8287 0.8968
GPT-4 10k 0.8618 0.8875 0.8744 0.9109

Duke-3 [36] GPT-4 1k 0.8371 0.8184 0.8276 0.8856
C-Prompts 0.8417 0.8398 0.8407 0.8972
GPT-4 10k 0.8846 0.9017 0.8930 0.9208

Rabbani [37] GPT-4 1k 0.8786 0.8975 0.8879 0.9058
C-Prompts 0.8952 0.9156 0.9052 0.9243
GPT-4 10k 0.9217 0.9382 0.9298 0.9408

Table V: Determining the optimal value of temperature constant τ on the
Zhang dataset. Bold indicates the best performance, while the second-best
scores are underlined.

τ Recall Precision F1 AUC
1 0.8961 0.9383 0.9167 0.9634

1.5 0.9128 0.9471 0.9296 0.9728
2 0.8747 0.9056 0.8898 0.9453

been recognized by many clinical researchers in generating
clinically significant prompts for the retinal diseases [21], [25],
[27]–[30].

4) Determining the Temperature Constant τ : In this se-
ries of experiments, we determined the optimal value of
the temperature constant τ , which is a hyperparameter that
softens the target probabilities produced by the model to
maximize its generalization capacity. For this purpose, we
varied the value of τ between 1 to 2 in the step of 0.5
within the Las loss function during the training phase and
then measured the overall classification performance of the
proposed framework at the inference stage. From Table V, we
can observe that when we varied τ from 1 to 1.5, we achieved
a performance boost of 1.82%, 0.929%, 1.32%, and 0.966%
in terms of recall, precision, F1, and AUC scores, respectively.
However, increasing τ does not guarantee that the network’s
performance will always increase. For example, when τ = 2.0,
we observe a reduction in the overall performance of the pro-
posed framework. Therefore, to produce the best classification
results, we used τ = 1.5 within all the experimentation.

5) Determining the Optimal Loss Function: The fifth abla-
tion experiment is related to determining the optimal loss func-
tion that can be used in the training phase to update the weights
of the vision encoder and align its feature representations with
the textual features generated by the text encoder. For this
purpose, we used the triplet loss function Lt [43], soft nearest
neighbor loss function Lsn [44], MagFace loss function Lmf

[45], angular loss function La [46], and the proposed Las

loss function to fine-tune the vision encoder. Afterward, we
compared their performance difference across each dataset

Table VI: Determining the optimal loss function to constrain the vision
encoder during the training phase. The results are reported at the inference
stage across each dataset once the proposed framework is trained using
the respective loss function. Bold indicates the best performance, while the
second-best scores are underlined.

Dataset Loss Recall Precision F1 AUC
Zhang [20] Lt 0.8651 0.8842 0.8745 0.9356

Lsn 0.8869 0.9163 0.9013 0.9564
Lmf 0.8948 0.9273 0.9107 0.9651
La 0.8724 0.9158 0.8935 0.9586
Las 0.9128 0.9471 0.9296 0.9728

BIOMISA [38] Lt 0.8752 0.9076 0.8911 0.9527
Lsn 0.9051 0.9281 0.9164 0.9613
Lmf 0.9143 0.9395 0.9267 0.9716
La 0.9082 0.9306 0.9192 0.9684
Las 0.9308 0.9564 0.9434 0.9805

Duke-1 [35] Lt 0.8293 0.8471 0.8381 0.8996
Lsn 0.8563 0.8754 0.8657 0.9078
Lmf 0.8678 0.8923 0.8798 0.9175
La 0.8605 0.8846 0.8723 0.9128
Las 0.8951 0.9148 0.9048 0.9246

Duke-2 [13] Lt 0.8042 0.8395 0.8214 0.8639
Lsn 0.8253 0.8615 0.8430 0.8956
Lmf 0.8436 0.8814 0.8620 0.9132
La 0.8375 0.8729 0.8548 0.9028
Las 0.8729 0.9042 0.8882 0.9182

Duke-3 [36] Lt 0.8273 0.8463 0.8366 0.8837
Lsn 0.8514 0.8876 0.8691 0.9042
Lmf 0.8695 0.8913 0.8802 0.9120
La 0.8612 0.8895 0.8751 0.9082
Las 0.8846 0.9017 0.8930 0.9208

Rabbani [37] Lt 0.8656 0.8769 0.8712 0.9096
Lsn 0.8863 0.9089 0.8974 0.9211
Lmf 0.8986 0.9143 0.9063 0.9345
La 0.8914 0.9096 0.9004 0.9269
Las 0.9217 0.9382 0.9298 0.9408

to screen retinal diseases at the inference stage. The results
are reported in Table VI from which we can observe that
across each dataset, the proposed Las generated the most
aligned feature representations with the textual embeddings,
which resulted in an overall performance gain of 2.03%,
1.77%, 2.76%, 2.94%, 1.43%, and 2.52% in terms of F1 score
compared to its competitors across Zhang [20], BIOMISA
[38], Duke-1 [35], Duke-2 [13], Duke-3 [36], and Rabbani
[37] datasets, respectively. The performance improvements
produced by the Las loss function stems from the fact that
Las is specifically designed to constrain the VLM models
to adapt to the new datasets in order to perform the prior
learned tasks in a self-supervised manner. The self-supervision
here is established when Las minimizes the Euclidean dis-
tance between the image features (anchor) and the textual
features (positives) in an angular space while maximizing the
distances between anchors and negatives (textual features not
belonging to the positive class). Moreover, the state-of-the-
art loss functions, such as La [46] and Lmf [45], although
work well for the vision encoders, they are not inherently built
to analyze the relationship between image and text features.
Due to this reason, their performance deteriorates compared
to the proposed Las loss function when constraining the
proposed VLM scheme to learn retinopathy screening tasks
across different multi-vendor datasets (see Table VI for more
details).

6) The Optimal Classification Method: Once the text and
vision encoders are fine-tuned during the training phase, we
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Table VII: Determining the optimal classification method to screen retinal
diseases from the OCT scan of each dataset. Bold indicates the best perfor-
mance, while the second-best scores are underlined.

Dataset Method Recall Precision F1 AUC
Zhang [20] Cosine 0.8641 0.9078 0.8854 0.9536

Euclidean 0.8453 0.8898 0.8669 0.9283
Correlation 0.9128 0.9471 0.9296 0.9728

BIOMISA [38] Cosine 0.8861 0.9238 0.9045 0.9536
Euclidean 0.8617 0.8809 0.8711 0.9425

Correlation 0.9308 0.9564 0.9434 0.9805
Duke-1 [35] Cosine 0.8462 0.8756 0.8606 0.8954

Euclidean 0.8236 0.8545 0.8387 0.8713
Correlation 0.8951 0.9148 0.9048 0.9246

Duke-2 [13] Cosine 0.8391 0.8601 0.8494 0.8753
Euclidean 0.8064 0.8526 0.8288 0.8479

Correlation 0.8729 0.9042 0.8882 0.9182
Duke-3 [36] Cosine 0.8452 0.8647 0.8548 0.8891

Euclidean 0.8291 0.8386 0.8338 0.8657
Correlation 0.8846 0.9017 0.8930 0.9208

Rabbani [37] Cosine 0.8705 0.8925 0.8813 0.9143
Euclidean 0.8498 0.8643 0.8569 0.8975

Correlation 0.9217 0.9382 0.9298 0.9408

use them at the inference stage to screen retinal diseases
from the OCT scans. In order to do this, we first extract the
text features from the default prompt in which we vary the
‘lesion’ and ‘label’ words using the lesion and pathological
vocabularies (see Section III-B). For each set of textual
features generated from the ‘lesion’ and ‘label’ words, we
check its correlation with the visual features. The ‘label’
word generated from the textual and visual features pair that
has the maximum correlation is then used as a final label
for the given OCT scan. In this ablation experiment, we
compared the performance of vision language correlations
with the other similarity metrics, such as cosine similarity, and
Euclidean distance, which can also be used as a classification
method within the proposed framework. After injecting these
similarity metrics with the proposed framework, we evaluated
their overall performance toward screening retinal diseases and
compared them with the vision language correlation method.
The results for this experiment are reported in Table VII
from which we can observe that although the cosine similarity
and Euclidean distance method produced decent classification
results. However, the best performance is obtained using the
vision language correlations across each dataset. These im-
provements stem from the fact that vision language correlation
allows the proposed framework to generate contextual-aware
similarities from which the maximum correlation is obtained
only when the visual features are closely aligned with the
clinically significant textual features. Since the vision language
correlations produced better classification results than the other
similarity metrics, we chose it as an optimal classification
method for the rest of the experiment.

B. Comparative Analysis

This section compares the proposed framework with state-of-
the-art (SOTA) methods across all six public datasets. This
section also compares the proposed framework thoroughly
with the recent vision language models to screen retinal
diseases from the OCT scans across each of the six datasets.
Furthermore, this section reports the blind test experiments

through which we compared the classification performance of
the proposed framework against the grading of two expert clin-
icians in clinical settings using unseen OCT scans depicting
different retinal abnormalities. Lastly, we present the runtime
performance comparison of the proposed framework against
SOTA methods and shed light on its limitations and their
remedies.

1) Comparison with SOTA Methods: Table VIII reports
the comparison of the proposed framework with state-of-the-
art solutions across each dataset. It should be noted here
that we used the same test sets for those state-of-the-art
methods, whose source codes were publicly available, in order
to compare their performance with the proposed scheme.
However, for those methods whose source codes were not
publicly available, their performance scores are taken from
their corresponding papers. We have highlighted such methods
with ‘*’ within Table VIII. Apart from this, for the methods
whose scores are missing in Table VIII under any metric, their
performances were actually not reported for that particular
metric in their paper, and their codes were also not publicly
available for us to test. Also, it should be noted that the SOTA
methods reported in Table VIII for each dataset are different.
The reason for having different state-of-the-art methods across
each dataset is because, to the best of our knowledge, there
are very limited works that were thoroughly tested together
on all six publicly available datasets. Moreover, from Table
VIII, we can observe that the proposed framework achieved
better results in most of the metrics across each dataset.
For example, on Zhang dataset [20], the proposed frame-
work achieved 3.39% better performance than the second-best
method in terms of F1 score. On the BIOMISA dataset [38],
the proposed framework achieved 2.36% better performance
than the second-best method in terms of F1 score. Similarly,
across Duke-1 [35], Duke-2 [13], Duke-3 [36] and Rabbani
[37] datasets, the proposed framework also outperformed state-
of-the-art methods in terms of F1 score. These performance
improvements stem from the fact that the proposed framework
leverages the clinical manifestations encoded within the textual
features to screen retinal diseases depicted within OCT scans,
and such an approach greatly eliminates the false positives
and false negatives in a self-supervised manner. Apart from
this, Figure 3 (A-L) reports the attention maps generated by
the proposed framework from the OCT scans. From Figure 3
(A-L), we can observe that for each type of retinal disease,
the proposed framework was able to focus on its clinically
significant manifestations. For example, for the DME patholo-
gies, the proposed framework was able to focus on the hard
exudates, intra-retinal and sub-retinal fluid regions. For AMD
pathologies, the proposed framework looks for the presence
of drusen and choroidal neovascularization (CNV) to screen
the scans correctly. These areas, highlighted in the attention
maps, represent the clinically significant lesion pathologies
that clinicians analyze within the clinical settings to screen
for DME and AMD diseases.

2) Scanner-specific Screening of Retinal Diseases: We con-
ducted another series of experiments to evaluate the per-
formance of the proposed framework for screening retinal
diseases represented within the OCT scans acquired with
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Table VIII: Performance comparison of the proposed framework with state-
of-the-art methods across each dataset. Bold indicates the best performance,
while the second-best scores are underlined. ’-’ indicates that the metric is not
computed by the respective method. ’*’ indicate those methods whose source
codes are not publicly available. Hence, their results are reported from their
original papers.

Dataset Method Recall Precision F1
Zhang [20] Proposed 0.9128 0.9471 0.9296

RAG-FW [6] 0.8942 0.9015 0.8980
LightOCT [15]* 0.9450 - -
f-AnoGAN [47] 0.5021 0.6982 0.5841
CycleGAN [48] 0.8025 0.9341 0.8633
Ganimorph [49] 0.7897 0.9321 0.8550

WeaklyGAN [50]* 0.8374 0.9671 0.8976
LACNN [10] 0.8680 0.8620 0.8640

BIOMISA [38] Proposed 0.9308 0.9564 0.9434
RAG-FW [6] 0.9053 0.9281 0.9165
STGS [12] 0.8929 0.9186 0.9053
ICDA [17] 0.9085 0.9341 0.9211

Duke-1 [35] Proposed 0.8951 0.9148 0.9048
RAG-FW [6] 0.8738 0.8863 0.8794

IR [51]* 0.8872 0.8945 0.8908
SR-GAN [16]* 0.8543 0.8724 0.8632

Semivariogram [52]* 0.8498 0.8516 0.8506
Duke-2 [13] Proposed 0.8729 0.9042 0.8882

RAG-FW [6] 0.8548 0.8895 0.8718
STGS [12] 0.8276 0.8403 0.8339

Duke-3 [36] Proposed 0.8846 0.9017 0.8930
RAG-FW [6] 0.8769 0.8941 0.8854

MS-CNN [53]* 0.8682 0.8876 0.8777
Rabbani [37] Proposed 0.9217 0.9382 0.9298

RAG-FW [6] 0.8736 0.8941 0.8836
WeaklyGAN [50]* 0.8468 - -

SC-CNN [54]* 0.8294 - -
RAGNet [55] 0.8547 0.8606 0.8576

different scanners, such as Bioptigen, Spectralis, and Topcon.
From Table I, we can observe that Duke-2, 3, and Zhang
datasets are acquired with the Spectralis machine. Moreover,
Duke-1 is acquired using a Bioptigen OCT machine. Similarly,
the BIOMISA [38] dataset is acquired using the Topcon OCT
machine. Therefore, we combined all of these datasets together
with respect to their acquisition machinery and passed them
directly to the proposed framework at the inference stage. The
results for this experiment are reported with ROC and PR
curves within Figure 2. From Figure 2, we can observe that
regardless of the scanner, the proposed framework is able to
produce promising results in screening retinal diseases. These
performance gains are again produced due to the ability of
the proposed framework to predict the disease label based on
the maximum correlation between the visual features and the
textual features that represent clinically significant embeddings
of the retinal biomarkers. The performance of the proposed
framework in Figure 2 also demonstrates the ability of the
proposed framework to be attached to these types of scanners
in clinical settings to mass screen retinal OCT scans against
these types of retinal diseases. Additionally, we verify this
ability further in blind test experiments reported in Section
V-D.

3) Comparison with VLM Models: In this section, we report
a series of experimentation through which we compared the
performance of the proposed framework with state-of-the-art
vision-language models (VLMs), such as CLIP [11], BLIP
[56], FLIP [57], CLIPS [58], and MedCLIP [59] for screening
AMD, DME, and healthy pathologies from OCT scans. Since
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Figure 2: Performance of the proposed framework in terms of ROC (up) and
PR (down) curves to screen retinal diseases from OCT scans acquired with
different scanners.

the proposed framework also belongs to the category of VLM
models, we conducted this set of experiments to showcase
how well the proposed framework performs against the state-
of-the-art models within the VLM territory. Here, to make the
comparison fair, we followed the same experimental protocol
reported in Section IV for training and evaluating each of
the models. The comparison is reported in Table IX from
which we can observe that, across each dataset, the proposed
framework outperforms the second-best model. For example,
across Zhang dataset [20], the proposed model achieves 1.72%
better performance in terms of F1 score. Across the BIOMISA
dataset [38], the proposed model achieves a 1.47% improve-
ment in terms of F1 score. Across the Duke-1 dataset [35],
the proposed model outperforms the second-best method by
2.54% in terms of F1 score. Across the Duke-2 dataset [13],
the proposed model outperforms others by 2.79% in terms
of F1 score. Across the Duke-3 dataset [36], the proposed
model achieves 1.01% performance improvements in terms of
F1 score, and across the Rabbani dataset [37], the proposed
model achieves 1.55% better performance than others in terms
of F1 score. These improvements stem from the fact that the
proposed framework uses vision language correlation to screen
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Figure 3: Visual examples showcasing the attention maps generated by the
proposed framework. The first and third column shows the original scans,
whereas the second and fourth column shows the attention maps overlaid on
the original scans. These attention maps highlight different retinal lesions,
such as intra-retinal fluid, sub-retinal fluid, hard exudates, drusen, and CNV,
contained within DME and AMD affected OCT scans.

retinal diseases as compared to its competitors, which uses
either cosine similarities [11], [58], [59], image-text matching
mechanism [56], or image masking [57]. Contrary to these
models, the vision language correlations allow the proposed
framework to generate contextual-aware alignment between
the visual and textual features in a robust and efficient manner,
from which the maximum correlation is obtained only when
the visual features are closely aligned with the clinically
significant textual features.
We also want to highlight that although the CLIP [11],
MedCLIP [59], and the proposed model are all VLMs. How-
ever, the way in which each of the models performs the
classification tasks is different. For example, CLIP [11] and
MedCLIP [59] adapt to multiple datasets in order to perform
the classification tasks through zero-shot transfer [11], [59].
Similarly, their performance toward solving the classification
tasks could be improved, especially for medical applications.
For example, CLIP [11] and MedCLIP [59] achieved the
best accuracy of 0.5055 and 0.7682, respectively, when they
were evaluated for screening pulmonary diseases from the
chest X-ray scans [59]. When CLIP [11] and MedCLIP [59]
are adapted to retinal datasets, they lag behind the proposed
model by 4.17% and 4.56% on Zhang dataset [20], 2.93%
and 2.66% on BIOMISA dataset [38], 5.72% and 5.31% on
Duke-1 dataset [35], 5.34% and 4.43% on Duke-2 dataset
[13], 4.42% and 3.03% on Duke-3 dataset [36], 4.67% and
3.10% on Rabbani dataset [37], respectively, in terms of F1
score. Therefore, considering the classification performance,
these models are not practical for deployment in the real
world for mass-screening retinal subjects despite being zero-
shot learning models. Contrary to them, the proposed scheme
promotes self-supervised learning where it utilizes its prior-
learned experiences to perform the classification tasks with
remarkable F1 scores of 0.9296, 0.9434, 0.9048, 0.8882,
0.8930, and 0.9298 on average across Zhang [20], BIOMISA
[38], Duke-1 [35], Duke-2 [13], Duke-3 [36], and Rabbani [37]
datasets, respectively (see Tables II to IX for more details).
Furthermore, the proposed scheme provides an optimal trade-

Table IX: Determining the optimal classification method to screen retinal dis-
eases from the OCT scan of each dataset. Bold indicates the best performance,
while the second-best scores are underlined. The abbreviations are: ZH: Zhang
[20], BO: BIOMISA [38], D1: Duke-1 [35], D2: Duke-2 [13], D3: Duke-3
[36], and RB: Rabbani [37].

Dataset VLM Recall Precision F1 AUC
ZH [20] Proposed 0.9128 0.9471 0.9296 0.9728

CLIP [11] 0.8769 0.9052 0.8908 0.9456
BLIP [56] 0.8941 0.9224 0.9080 0.9683
FLIP [57] 0.8952 0.9248 0.9097 0.9693

CLIPS [58] 0.8963 0.9316 0.9136 0.9687
MedCLIP [59] 0.8785 0.8962 0.8872 0.9473

BO [38] Proposed 0.9308 0.9564 0.9434 0.9805
CLIP [11] 0.9045 0.9273 0.9157 0.9572
BLIP [56] 0.9127 0.9368 0.9245 0.9624
FLIP [57] 0.9153 0.9414 0.9281 0.9658

CLIPS [58] 0.9169 0.9425 0.9295 0.9664
MedCLIP [59] 0.9084 0.9286 0.9183 0.9562

D1 [35] Proposed 0.8951 0.9148 0.9048 0.9246
CLIP [11] 0.8439 0.8625 0.8530 0.9015
BLIP [56] 0.8674 0.8846 0.8759 0.9238
FLIP [57] 0.8681 0.8894 0.8786 0.9235

CLIPS [58] 0.8723 0.8916 0.8818 0.9240
MedCLIP [59] 0.8496 0.8641 0.8567 0.9102

D2 [13] Proposed 0.8729 0.9042 0.8882 0.9182
CLIP [11] 0.8239 0.8584 0.8407 0.8759
BLIP [56] 0.8375 0.8761 0.8563 0.8962
FLIP [57] 0.8391 0.8789 0.8585 0.9012

CLIPS [58] 0.8436 0.8842 0.8634 0.9028
MedCLIP [59] 0.8325 0.8659 0.8488 0.8863

D3 [36] Proposed 0.8846 0.9017 0.8930 0.9208
CLIP [11] 0.8425 0.8649 0.8535 0.8873
BLIP [56] 0.8618 0.8857 0.8736 0.9062
FLIP [57] 0.8675 0.8896 0.8784 0.9103

CLIPS [58] 0.8721 0.8962 0.8839 0.9126
MedCLIP [59] 0.8563 0.8758 0.8659 0.8963

RB [37] Proposed 0.9217 0.9382 0.9298 0.9408
CLIP [11] 0.8752 0.8978 0.8863 0.9164
BLIP [56] 0.8916 0.9123 0.9018 0.9271
FLIP [57] 0.9041 0.9286 0.9161 0.9294

CLIPS [58] 0.9063 0.9245 0.9153 0.9365
MedCLIP [59] 0.8952 0.9068 0.9009 0.9182

off between computational complexity and class performance,
and it is a promising choice to be deployed in the clinical
setting to perform retinal screening tasks. We further want
to highlight that we have tested the proposed scheme in a
real clinical setting through a series of blind test experiments
against two expert clinicians, where it achieved a high corre-
lation with both clinicians’ gradings to screen retinal patients
(see Section V-D for more details).

C. Runtime Performance

In addition to comparing the classification performance of the
proposed framework with state-of-the-art methods to screen
retinal diseases, we also conducted another set of experi-
ments to evaluate the runtime performance of the proposed
framework and compared it with state-of-the-art models. The
runtime performance of the proposed framework is shown in
Table X. From Table X, we can observe that, on average, the
proposed framework screens a single scan across each dataset
in 22.5µs. Although it lags behind CLIP [11] by 1.33%, the
proposed framework still provides a better trade-off between
classification performance and computational efficiency com-
pared to CLIP [11] (see Tables IX and X). Moreover, the run-
time performance gain achieved by the proposed framework
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Table X: Runtime performance comparison between the proposed framework
and state-of-the-art methods. Bold indicates the best performance, while the
second-best performance is underlined. The runtime performance is reported
in microseconds to screen one OCT scan.

Dataset Proposed RAG-FW [6] BLIP [56] CLIP [11]
Zhang [20] 25.2 36.8 27.6 24.3

BIOMISA [38] 18.5 31.4 23.1 19.8
Duke-1 [35] 22.4 33.6 23.4 20.9
Duke-2 [13] 21.9 35.2 37.7 22.6
Duke-3 [36] 20.8 29.7 31.3 21.2
Rabbani [37] 26.6 38.1 29.4 24.5

Average 22.5 34.1 28.7 22.2

compared to the other state-of-the-art models stems from the
fact that the proposed framework uses lightweight backbone
models as a text and vision encoder, which strikes an optimal
balance between classification and runtime performance.

D. Blind Test Experiments

After thoroughly comparing the classification performance of
the proposed framework with the state-of-the-art methods, we
conducted another series of experiments to see how well it
grades the unseen samples in clinical settings compared to
the expert ophthalmologists. Here, the proposed framework
and the expert clinicians were randomly given 300 unseen
OCT samples reflecting each disease symptom. These unseen
OCT samples were acquired from Topcon and Spectralis OCT
machines, and both the clinicians as well as the proposed
framework were given the task to screen them based on their
knowledge. Afterward, the results of both the clinicians and
the proposed framework were correlated to see its poten-
tial and whether it can be deployed in the clinical setting
to mass screen retinal diseases irrespective of the scanner
specifications. The results of this blind test experiments is
shown in Table XI, where the proposed framework achieved a
success rate (accuracy) of 0.9473, and both clinicians received
a success rate of 0.9122, and 0.9298, respectively. The inter-
observer correlation, computed using Eq. 4, between clinician-
1 and clinician-2 came out to be 0.9031, and the correlation
of the proposed framework with clinician-1 and 2 came out
to be 0.9185 and 0.9529 with p < 0.05 in both cases,
highlighting the fact that the correlation scores between the
proposed framework and clinicians’ grading are statistically
significant. These results evidences the performance of the
proposed framework to screen retinal diseases in accordance
with the clinical standards and showcase its potential to be
deployed in the clinical setting for the accurate mass screening
of retinal diseases.

E. Failure Cases

Although the proposed framework is quite robust in screening
retinal diseases from the OCT scans, but if we fine-tune
the text encoder on an imbalanced set of prompts for each
disease type, the overall performance of the proposed frame-
work decreases slightly across each dataset. This performance
degradation is due to the fact that the text encoder (BERT [32])
is initially fine-tuned using the conventional cross-entropy loss
function, which is vulnerable to class imbalance problems.

Table XI: Results of the blind test experiment on the unseen OCT samples
acquired from the Topcon and Spectralis machines. ’IOC’ stands for inter-
observer correlation. IOC is the correlation computed between the gradings
of Clinician-1, and Clinician-2, and it comes out to be 0.9031 with p-value:
7.57×10−22. Moreover, the correlation coefficient r between Clinician-1 and
the proposed framework came out to be 0.9185 with p-value: 7.92× 10−24.
Similarly, the correlation coefficient r between Clinician-2 and the proposed
framework is 0.9529 with p-value: 3.54× 10−30.

Metric Clinician-1 Clinician-2 IOC
r 0.9185 0.9529 0.9031

p-value 7.92× 10−24 3.54× 10−30 7.57× 10−22

Metric Clinician-1 Clinician-2 Proposed
Success Rate 0.9122 0.9298 0.9473

However, we overcame this limitation by generating a bal-
anced set of clinical prompts for each class (retinal disease).
But, in the future, this limitation can be remedied in a better
way by using the class imbalance resistant loss functions, such
as focal loss [60], or balanced affinity [61], to fine-tune the text
encoder in generating distinct textual embeddings irrespective
of the imbalanced number of samples for each class.

VI. DISCUSSION

This paper presents a novel approach to screen retinal dis-
eases by analyzing the correlation between the textual and
visual features generated by the text and vision encoders,
respectively, in an angular space using the proposed Las loss
function. The main benefit of angular space loss function
Las is its ability to constrain the vision encoder toward
learning the retinopathy screening tasks in alignment with the
feature representations generated by the text encoder from the
clinical prompts. Moreover, while constrained by the Las loss
function, the proposed framework possesses the capacity to
screen retinal diseases by analyzing the clinical manifestations
as per the clinical standards irrespective of the dataset or
scanner specifications, unlike other state-of-the-art methods.
Similarly, the proposed framework possesses a high potential
to be deployed in clinics and hospitals to mass screen retinal
subjects on-the-fly, easing the loads of the clinicians in their
daily routine. To showcase the applicability of the proposed
framework to be deployed in clinical settings, we conducted a
series of blind test experiments through which we compared
the screening performance of the proposed framework with
two expert clinicians where it achieved a correlation coefficient
r of 0.9185 and 0.9529 having p < 0.05 with both clinicians,
respectively. Apart from this, the proposed framework has been
thoroughly tested on six public datasets, where across each
dataset, the proposed framework outperforms state-of-the-art
solutions in several metrics. Although, the proposed frame-
work is susceptible to slight performance degradation when
the text encoder is fine-tuned on the imbalanced set of clinical
prompts for each retinal disease category. This degradation
is due to the fact that the text encoder is constrained using
conventional categorical cross entropy loss function which
is vulnerable to class imbalance problem. We overcame this
problem by fine-tuning the text encoder on a balanced set of
prompts for each class. But this problem can be handled in
a better way in future by fine-tuning the text encoder using
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class imbalance resistance loss functions such as focal loss
[60], or the balanced affinity [61]. Apart from this, we also
believe that the feature resizing methods could be further
improved in the future by using an appropriate dimensionality
reduction scheme, such as Principal Component Analysis
[62] or Fisher’s Discriminant Analysis [63], rather than the
sub-sampling approach. Such an alteration could result in
further improvement in the classification performance of the
proposed scheme. In addition to this, we conducted a series of
experiments to compare the performance of the proposed Las

loss function with the triplet loss function Lt [43], soft nearest
neighbor loss function Lsn [44], MagFace loss function Lmf

[45], and the angular loss function La [46]. The results for
these experiments are reported in Table VI. Although, Las also
analyzes the angular relationship between the feature embed-
dings. But unlike La [46] and MagFace Lmf [45], the Las loss
function is specifically designed to constrain the VLM models
to adapt to the new datasets in order to perform the prior
learned tasks in a self-supervised manner. The self-supervision
here is established when Las minimizes the Euclidean distance
between the image features (anchor) and the textual features
(positives) in an angular space while maximizing the distances
between anchors and negatives (textual features not belonging
to the positive class). Moreover, MagFace Lmf [45] and La

[46], although work well for the vision encoders, they are not
inherently built to analyze the relationship between image and
text features. Due to this reason, their performance deteriorates
compared to the proposed Las loss function when constraining
the proposed VLM scheme to learn retinopathy screening tasks
across different multi-vendor datasets (see Table VI for more
details). Furthermore, in future, we also envisage evaluating
the proposed framework to recognize other types of diseases
across different medical domains.

VII. CONCLUSION

In this paper, we present a novel framework to screen retinal
disabilities from the OCT imagery by analyzing the maximum
vision-language correlations generated through the visual and
textual features, which inherently are produced by the vision
and language encoders, respectively. The proposed framework
has been thoroughly tested on six public datasets, where,
across each dataset, it outperforms state-of-the-art methods in
several classification metrics. The performance gain produced
by the proposed framework over state-of-the-art methods is
due to its ability to screen retinal diseases from the OCT scans
by analyzing their associated clinical manifestations extracted
from the text prompts, where the text prompts are carefully
crafted within the clinical settings. Furthermore, the proposed
framework requires one-time training, and afterward, it can
screen retinal diseases from the OCT scans irrespective of the
dataset or scanner specifications. This ability of the proposed
framework makes it an ideal choice to be deployed in clinical
settings for mass screening of retinal subjects. To showcase
this capacity of the proposed framework, we conducted a
series of blind test experiments through which we compared
the screening performance of the proposed framework with
the two expert clinicians, where the proposed framework and

the expert clinicians were randomly given different unseen
OCT scans acquired from different scanners for screening pur-
poses. The proposed framework under blind test experiments
achieved a statistically significant correlation coefficient r of
0.9185 and 0.9529 with both clinicians, respectively, which
is quite appreciable. In the future, we envisage testing the
proposed framework on extreme class imbalance scenarios
and evaluating its screening capacity across a wide variety
of medical applications.
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