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Abstract

Diabetic Retinopathy, a silent threat to vision, is one of the major causes of vi-
sion impairment worldwide, where the retina of the eye is damaged before notice-
able symptoms appear. Accompanying DR (Diabetic Retinopathy), DME (Diabetic
Macular Edema) frequently develops, stating both are overlapping ocular conditions
threatening visual acuity that can be effectively diagnosed by analyzing retinal im-
ages. However, relying only on a single modality has proven inadequate accuracy in
distinguishing between DME and DR. Traditional diagnostic methods are employed
primarily on fundus imaging, OCT (Optical Coherence Tomography), or OCTA (Op-
tical Coherence Tomography Angiography). To date, single modality alone fails to
provide a complete contextual understanding necessary for precise classification.This
work proposes to offset the limitation by developing deep learning architectures
that leverage several image modalities to improve classification performance and
yield context-aware outputs. Specifically, the work proposes to develop personalized
Convolutional Neural Networks (CNNs) driven mainly by superior fusion methods
such as Multi-Head Self-Attention (MSA) Fusion, Gated Fusion, and Feature-wise
Linear Modulation (FiLM) Fusion, with model interpretability at each step. The
multimodal DR and DME classification strategy proposed architecture fuses two
forms of image data or biomarkers so that the model may accommodate both struc-
tural and context-specific differences. Our proposed architecture has achieved an
impressive accuracy of 95.52% and an F1-score of 0.975, outperforming the existing
benchmark. Furthermore, this accuracy is achieved with a lower parameter count
of 1.75 million and 2.57 million, with faster inference times of 19.289 ms and 19.843
ms for the two architectures, respectively, setting a state-of-the-art benchmark in
the medical field.

Keywords: Diabetic Retinopathy (DR), Diabetic Macular Edema (DME),Fundus
Photography, Optical Coherence Tomography (OCT), Optical Coherence Tomogra-
phy Angiography (OCTA), Good Health and Well-being(SDG 3), Industry Innova-
tion and Infrastructure(SDG 9), Convolutional Neural Networks (CNNs), Multi-
Head Self-Attention (MSA) Fusion, Gated Fusion, Feature-wise Linear Modulation
(FiLM) Fusion
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Chapter 1

Introduction

1.1 Background

DR and DME have become one of the most critical causes of vision impairment
and blindness in the modern world. DR and DME are vascular complications of
diabetes. This condition results from the dysfunction of retinal blood vessels caused
by chronic hyperglycemia. Approximately 34.6% of diabetic patients’ eyes can be
affected by DR, with a vision-threatening rate of 10.2% [54]. Statistics [12] reveal
that it is the fifth leading cause of global blindness. The World Health Organiza-
tion (WHO) conducts a survey to determine the number of individuals affected by
this particular disease. As per their report from 2013, around 382 million diabetic
patients have been affected by this ocular disease with an alarming increasing rate
[15]. Also, DME is a severe version of DR, which occurs due to fluid leakage in the
retina, which is responsible for blurry vision. Over the years, numerous studies and
advancements have been made in the field of DR and DME, which primarily rely on
traditional retina imaging, specifically the fundus image of the retina. Among them,
there are some works that focus on DR and DME lesions, specifically on the state
of the lesions for early disease detection. Additionally, studies related to DR and
DME focus on quantitative biomarkers for classifying the severity levels of DR and
DME. In short, all these approaches are based on the early detection and severity lev-
els. Currently, further technological advancements are needed in this medical sector.

1.2 Rationale of the Study Motivation

DR and DME have become one of the most significant challenges in global blind-
ness. In a study, it was proven that after 20 years of diabetes, 99% of patients with
type 1 diabetes mellitus will develop DR, and 60% of patients with type 2 diabetes
mellitus will develop DR [83]. If we can detect this condition early, then we can
intervene in a timely manner. Even if it is too late, we can help classify the sever-
ity levels and the growth factor of that particular level. With the increasing need,
technology is now changing the dimension of this medical diagnosis process. In par-
ticular, computer vision has the highest impact on this technological development.
Earlier, SVM, random forest, and traditional neural networks had been used. In
recent years, deep learning neural networks, such as CNNs, have made significant
advances in this process. For feature extraction, several pre-trained models are also
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being used. By analyzing fundus images, these models demonstrate good perfor-
mance with high accuracy and minimal cost. However, relying solely on fundus
images may miss important features, resulting in an incomplete evaluation. More-
over, researchers emphasize that models trained using unimodal techniques can lack
external validation and exhibit spectrum bias [11]. Furthermore, manual screening
of fundus images by ophthalmologists can be biased and complex. These findings
suggest that a robust approach is needed that takes other data into account, includ-
ing fundus images. In our research, we are focusing on fusing the same instances
of retinal fundus images with OCT images and OCT quantitative biomarker data
to establish a multimodal system for the classification of DR and DME. Since most
previous approaches by other researchers focus solely on the retinal fundus image,
which has various limitations due to the variability among different patients.

1.3 Problem Statement

Although there have been numerous studies related to DR detection, it still remains
one of the major causes of vision impairment and global blindness. Therefore, ad-
vancement in this research field remained necessary. Previous methodologies that
focused on DR and DME detection have some limitations. For instance, overreliance
on fundus images can lead to inaccurate early detection and classification. The rea-
son for this is the variability and diversity of patients. Additionally, fundus images
provided by ophthalmologists can be subjective and may miss important signs. Fur-
thermore, there is a huge data gap in the clinical context. There are other important
data points that can influence the result, such as Clinical Scores and Biomarker Data.
These key factors are often ignored in unimodal approaches. This gap is addressed
through our research by introducing a multimodal method. This research utilizes
the latest tools and methods, leveraging current advancements in computer vision
by introducing a fusion-based custom hybrid architecture. It generates more reli-
able and accurate results by fusing the outputs with attention mechanisms, such as
cross-attention and self-attention networks.

1.4 Objective

The objective of this study is to develop, evaluate, and analyze a multimodal deep
learning system that fuses fundus images, OCT scans, and biomarkers for the ac-
curate classification of DR and DME within the specified research timeline. This
research intends to provide explainable and interpretable predictions that can as-
sist the medical personnel with decision-making, resulting in medical relevance and
improved diagnostic accuracy.

1.5 Methodology in Brief

Using deep learning methods, fundus images, OCT, OCTA, CFP, and ICGA can
be analyzed to train the deep models to automate the DR and DME detection and
staging process. The most popular deep learning networks are known as CNNs that
contain several convolutional fully connected layers. In our research, we are trying

2



to use retinal fundus images, OCT images (3D images). Alongside image data, we
also need tabular biomarker data and clinical data for multimodal fusion methods.
We are also trying to extract the DR and DME lesions, which can help us in the
decision-making of detection and classification.

The techniques we are going to use are deep learning architectures and transfer learn-
ing architectures like ResNet18/50 [44], [59], InceptionV3 [21] and EfficientNetB0/10
[42], and some separate Custom CNN Encoders. Multiple models will be utilized
during the project, including a retinal image model, a clinical data/biomarkers model
and a fusion model.

1.6 Scopes and Challenges

1.6.1 Scopes

This research helps to improve the accuracy and efficiency of DR and DME detec-
tion through a multimodal deep learning framework. Addressing the limitations of
previous models and facing challenges like variability in patient data and imaging
consistency, we work to make the model more accurate than the existing models.
The research uses the latest advancements, including multimodal models that have
the ability to process multimodal data efficiently and architectures that allow for
seamless integration of textual and imaging data, making them better suited for this
research. Our research prioritizes affordability and ease of use so that people can
use it at a small cost. As our research is now primarily based on public datasets
such as OLIVES for training and testing, in the future, this opens paths for further
research. In the future, real-world data can be added to make our research better
and has the potential to improve medical image analysis, which helps prevent vision
impairment in diabetic patients globally.

1.6.2 Challenges

The main challenge in our research is to integrate or fuse the various data domains
into one multimodal network and ensure their availability. If it is available, ensuring
patient data privacy and security is important. The availability of the dataset is
the main challenge because the difficulty of getting a multimodal dataset is very
high, and most datasets that have patients’ fundus images have no clinical data
provided. Medical records often contain errors and missing values; therefore, data
pre-processing requires significant expertise. Combining data from various sources
and tracking patients to gather extensive data requires patient cooperation and
significant resources. In other words, most of the data is image data focusing on
DR and DME fundus images and lesions. On the other hand, even if we manage to
get a multimodal dataset or create multimodal data using various datasets, there is
high computational complexity in the proposed framework.

3



1.7 Thesis Contribution

Every researcher wishes to make a significant contribution to their specific area of
study. The main purpose is to introduce something new, whether it’s a new concept,
an improved approach, or improved comprehension of an existing problem.

Our research also has some major contributions. First of all, we work on a fusion-
based multimodal deep learning framework that integrates retinal fundus images,
clinical patient data, and subsequently relevant biomarkers to detect DR and DME.
A simple but effective combination approach is proposed for integrating information
from various data sources, allowing the system to understand both the visual as well
as clinical aspects associated with the disease. Furthermore, our proposed architec-
ture has achieved an impressive accuracy and F1-score. Our research also highlights
the way multimodal fusion could be helpful in more accurate AI-based diagnosis.
The study highlights how AI could potentially help doctors in early identification
and treatment planning, which could decrease the chance of blindness and improve
the condition of patients’ eyes.

In short, our research strengthens diagnostic accuracy, makes DR and DME de-
tection at a lower cost, and establishes a solid foundation for future studies.

1.8 Thesis Organization

This research paper is organized into eight chapters. First of all, in the introduc-
tion chapter, research background, study motivation, problem statement, research
objective, methodology, scopes and challenges are provided. Then, in the literature
review chapter, our research preliminaries, reviews of existing papers are provided.
This chapter mainly highlights earlier studies and points out the research gap that
this study is trying to resolve. We reviewed some survey papers, papers related
to the unimodal deep learning approach, as well as the multimodal deep learning
approach. Furthermore, in the requirements, impacts and constraints chapter, it
has functional requirements, non-functional requirements, constraints, and compli-
ance. Also, this chapter contains societal impact, risk management, environmental
impact, economic analysis, and ethical issues.

Additionally, in the dataset chapter, everything about the dataset we used is pre-
sented. Also, the concept of data pre-processing steps, dataset splitting, formatting
etc. is given. Again, the methodology chapter contains the methodology, ablation
study, and details about our proposed architectures. Our proposed architectures
are Dual Vision V1/V2 architecture and OCTbiO architecture. Moreover, the ar-
chitecture configurations and results chapter provides the architecture configuration,
Setup, and results of the architectures. Meaning, the results of Dual Vision V1/V2
architecture and OCTbiO architecture are given. Again, the architecture explain-
ability chapter highlights the explainability of the Dual Vision V1/V2 architecture
and the OCTbiO architecture. Lastly, the conclusion chapter gives ideas about con-
tributions to the field, limitations of the research and recommendations for future
work.
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Chapter 2

Literature Review

2.1 Preliminaries

This research focuses on building a multimodal framework that includes retinal im-
ages, clinical data, and systemic biomarkers. The theory behind our approach is
that there is significant variability among patients, and this variability cannot be
addressed or introduced solely by fusing different modalities of the retinal image.
In addition to them, we need clinical data and a systemic biomarker to introduce
variability. Some research theories, such as lesion-based DR and DME detection,
and patient medical records, can improve the possibility of early detection.

In the medical sector, multimodality refers to the concept of integrating different
types of modalities within the same class or across multiple classes, which can fa-
cilitate more precise and comprehensive diagnosis. All research in DR and DME
detection and classification has found different image modalities, which have several
limitations due to the lack of information about the unique individuality. For this,
we introduce multimodal architectures that focus on normalizing values from differ-
ent modalities and aligning all metadata corresponding to these modalities.

The models used for the detection and classification of DR and DME include
ResNet18/50 [44], [59], the cascade R-CNN model [33], EfficientNetB4 [33], a single
pre-trained ConvNet [23], VGG16 [23], NASNet [23], FusionNet [23], [51], Xception
[23], Inception [21], and MM-RAD [77]. OCT, fundus retinal images and Electronic
Health Records (EHR) using the Long Short-Term Memory (LSTM) model [68] are
suitable for sequential data processing, and feature extraction in this research is per-
formed using Local Binary Pattern (LBP) [68], which enhances the retinal features
such as blood vessels and other structural abnormalities.

2.2 Review of Existing Research

After determining the problem statement, we review some renowned research papers
to better understand this field. These articles can be divided into three parts based
on research objectives. Firstly, we review some survey papers to learn about DR
and possible existing technologies (old and new) for DR detection. Then, we obtain
some papers that utilize the unimodal deep learning approach. Finally, we find
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some literature where the multimodal deep learning approach outperforms existing
methods.

2.2.1 Survey Papers

A survey article [40] mentions common retinal diseases such as DR and AMD, where
traditional methods such as CFP, FAF, OCT, and OCTA, with CFP being the
gold standard, and detection approaches including SVM, random forest, and 2-layer
neural networks. Models such as AlexNet, VGG16, ResNet, and others are effec-
tive for transfer learning, addressing the challenge of insufficient training datasets.
Filters such as Gaussian, median, wavelet, and spatial domains are used for data
preprocessing and noise reduction. Future improvements could involve integrating
AI models into mobile applications to improve accessibility and detection efficiency.
Deep learning methods for medical image segmentation, focusing on three categories
(FCN, ROI, and weakly supervised methods), are discussed by Qureshi et al. [50]
FCNs do not require domain experts, while ROI methods do, as experts are famil-
iar with the regions of interest, and weakly supervised methods are semisupervised.
The authors highlight that deep learning algorithms are highly accurate in detecting
retinal features and lesions. This survey paper [73] focuses on deep learning tech-
niques for DR using fundus images and highlights the effectiveness of deep learning
models such as ResNet, VGGNet, InceptionV3, DenseNet, and ensemble methods in
binary and multiclass DR classification. Multiclass classifications, such as ResNet50
and DenseNet, achieve high accuracy with the aid of certain methods, reaching a
95% accuracy for severity classification. Compared to previous and older techniques,
deep learning models offer higher sensitivity. Preprocessing techniques, such as im-
age enhancement, argumentation, and GAN-based data generation, improved the
performance of the model. The study [61] by Christensen et al. finds that a higher
retinal venular length-diameter ratio (LDR) and arteriolar fractal dimension (Fd)
predict a lower chance of full treatment response (FTR) in neovascular age-related
macular degeneration (nAMD). The study sample size is small and future research
should focus on larger, longer-term studies to validate these findings and explore
personalized treatment regimens based on retinal vascular markers.

2.2.2 Unimodal Papers

Now that we have gathered ideas about the overall process, we review some papers
that implement the models on real datasets. Firstly, numerous studies try to solve
the problem by relying on a single modality, be it fundus images, OCT, or UWFFA.

For example, Mohammad T. et al. [41] classify DR using an unimodal approach
with OCT/OCTA analysis to reduce the logistic challenges and costs. They make
their dataset from the Casey Eye Institute, USA. The SSADA algorithm is imple-
mented to detect the blood flow for each volumetric OCT/OCTA. Motion artifacts
are reduced through two raster scans that are merged by an orthogonal registration
algorithm. A 3D CNN architecture is employed for DR classification, and batch
normalization is applied after each convolutional layer. The model performs slightly
better for rDR than vtDR. The overall accuracy for DR classification is 91.52%, and
for vtDR, it is 87.39%. Again, in this paper [49], they use the ViT (Vision Trans-

6



former) model, which is designed for the automatic classification of DR. This model
is trained using the FGADR dataset to determine an image’s global context, and the
model has been optimized with AdamW. This model achieves superior results. The
accuracy of this model is 0.825. Lesion splitting is not handled by their ViT model.
Furthermore, another research [65] combines Explainable AI (XAI) with deep learn-
ing models that analyze retina images to determine signs of DR. Retina pictures
are preprocessed to improve quality and avoid noise. The diagnostic accuracy of
this model is 94% better than traditional methods. However, the limitation of this
research is that XAI’s technical addition could increase computational complexity.

A paper [36] introduces an AI-based app for early detection and diagnosis of diabetic
retinopathy (DR). The app is built on TensorFlow deep learning, helps patients pre-
dict DR severity levels, and provides results via email. The app achieves an accuracy
of 91.44%, 91.35% specificity, and 92.51% sensitivity. Abbood et al. [35] introduce
an Algorithm to improve the quality of retina images by reducing the noise and
improving the contrast. This model has 2 main stages: crop images to remove
irrelevant details, conduct a circle crop, and then apply Gaussian blurring. CNN
is used here to diagnose diabetic retinopathy and improve retinal pictures. This
proposed work is 92% accurate on the Kaggle dataset and 93.6% accurate on the
MESSIDOR dataset. However, this method fails to solve the illumination problem.
On the other hand, in this article [27], Al-Antary et al., alongside their teammate,
design a computer program MSA-Net (Multi-Scale Attention Network) to observe
eye images, in big pictures with small details to find signs of DR. They implemented
it on two popular accessible datasets, APTOS as well as EyePACS. The accuracy of
EyePACS is MSA-Net with MM & without MM, respectively 0.799, 0.775. Kappa
score of EyePACS is MSA-Net with MM & without MM, respectively 0.878,0.842.
Furthermore, the accuracy of APTOS is MSA-Net with MM & without MM, 0.846,
0.821. Kappa score of EyePACS is MSA-Net with MM & without MM, respectively
0.896,0.857.

Additionally, researchers [34] show that during the initially applied treatment of
DR, the 7-standard area picture using ultra-wide-field fundus scanning beats both
the optic disc as well as macula-centered picture statistically. Their ETDRS 7SF
based on photos DR identification technique establishes accuracy of 83.38 ± 0.47.
On the other hand, the ETDRS F1–F2 based on photos DR identification technique
establishes accuracy of 80.60 ± 0.54.The limitation of their study is that, in the
UWF photography, they come up with a ROI based on the entire retinal region’s
DR recognition by the ETDRS 7SF. Some unimodal approaches have even proven
themselves better at training with fewer images. Sahlsten et al. [21] focus on five
grading systems as well as clinical methods used by doctors. In this paper, they
build a model using the Inception-v3 deep learning framework. It needs fewer im-
ages to train compared to older models but can perform better as this model has a
sensitivity of 89.6% and specificity of 97.4% for detecting DR, which is better than
models from previous studies. Jabbar et al. [59] implement a deep learning-based
and severe state lesions approach for the classification of DR severity levels by us-
ing GoogleNet and ResNet models based on an adaptive particle swarm optimizer
(APSO). APSO is utilized for enhanced feature extraction and refined model tuning
to improve the model’s performance. They use the hybrid models to extract features
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from lesions, learn the lesion’s pattern, and feed it into different machine learning
classifiers like the Decision Tree, SVM etc. EyePACs dataset is used and all images
of this dataset are preprocessed into (224 x 224 x 3). Their radial SVM overall per-
formance accuracy is 94%, precision is 97%, and F1-score is 96%. Ultra-widefield
fluorescein angiography (UWF-FA) is also useful for identifying the severity level of
DR. In another research, Attiku et al. [43] examine the difference between a com-
plete UWF picture of non-stereoscopic UWF pictures and the DR level of severity
that is established when only the ETDRS 7-field region has been taken into consid-
eration. By analyzing 157 patients, they discovered that the severity of DR can be
influenced by looking at the retina as an entire thing instead of only the ETDRS 7
regions.

Alyoubi et al. [26] proposed a system that combines CNN512 and YOLOv3 models
and shows promise in advancing DR diagnosis. They present a fully automatic sys-
tem for diagnosing DR using deep learning models, achieving great accuracy. The
need for sizable datasets for training, which might not be easily accessible in all clin-
ical settings, and the possibility of decreased performance on images with different
lighting and quality conditions are some of this study’s limitations. There is a scope
to enhance the system’s robustness by incorporating more diverse datasets and im-
proving lesion localization accuracy to assist ophthalmologists in clinical practice.
There are also several types of research to detect the severity level of DR using a
single modality. A related work [57] has used UWF-FA, which helps them iden-
tify and quantify relative biomarkers related to DR severity. The biomarkers they
identified, nonperfusion (NP) and neovascularisation (NV), play a pivotal role in
DR severity. These biomarkers enable the detection of DR severity based on the
location and size of the NP and NV, identification of high-risk patients, and moni-
toring of DR progression. For instance, this study [76] uses the Multi-frame Medical
Image Distillation (MMID) method, which significantly improves multi-label classi-
fication accuracy without requiring additional annotations. However, the research
acknowledges several limitations, including the reliance on a single-direction scan
image that cannot accurately diagnose certain diseases and the need for experienced
ophthalmologists to interpret OCT images. Furthermore, Chen et al. [53] study the
association between the retinal age gap (chronological age) and the risk of devel-
oping DR. It is validated that retinal age is one of the non-invasive biomarkers for
aging. Even after adjusting for the confounding factor, this study found there is a
7% increase in the risk of DR in every additional year. Therefore, for a profound
and robust analysis, feature fusion strategy or multimodal approaches can be more
reliable which take these factors into account.

2.2.3 Multimodal Papers

We then review some research to learn how the introduction of multimodality
changed the dimensions of this field.

El Habib Daho et al. [44] approach a multimodal framework that uses two different
image modalities, which are OCTA (3D image) and UWF-CFP (2D image) with
the help of the Resnet50 model, 3D Resnet50 model, and Squeeze-and-Excitation
(SE) blocks for extracting relevant features to predict DR severity. Also, they use
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Manifold Mixup to avoid overfitting. This paper [23] proposes a new feature blende
feature extraction method that is a multimodal approach (features from different
CovNets like VGG16, NASNet, Xception, and Inception ResNetV2). For model
training, for DR identification, they have used binary cross-entropy, and for DR
classification, they have used categorical cross-entropy. Their model performed very
well in the APTOS2019 dataset, achieving an accuracy of 97.41% for DR identi-
fication and an accuracy of 80.96% for DR severity classification. This researcher
Bodapati et al. [23] use both unimodal and multimodal approaches in which they
introduce a single pre-trained ConvNet. VGG16, NASNet, Xception and Incep-
tion ResNetV2 models are used for transfer learning, where Xception and Inception
ResNetV2 outperform other models. DNN with dropout is introduced to handle
overfitting. VGG16-fc2 has a better kappa score of 70.2. This model is suitable for
lesion extraction. For DR detection, the multimodal blending of VGG16-fc1 and
VGG16-fc2 has a kappa score of 91.89 in max pooling, which outperforms others.

This article [33] studies multimodal deep learning techniques for multiple retinal vas-
cular disease detection and anti-VEGF treatment requiring case identification using
retinal images: fundus photography, OCT, FA with/without ICGA. The method of
multimodality is introduced in DME, nAMD, mCNV, BRVO, and CRVO detection.
This research uses a cascade R-CNN model for the detection phase. For classifica-
tion, they use EfficientNetB4 as CNN. The AUCs of the model are 0.987 and 0.969,
respectively, for retinal vascular diseases and treatment-requiring disease prediction.
Bidwai et al. [51] focus on DR detection enhancement, where optical coherence to-
mography Angiography (OCTA) and fundus images are used. These two types of
images are then fused, and the feature map from OCTA images is generated using
RESNET101. Then, the fused images are processed by an AI-based Light Gradient
Boosting Machine (GBM), which classifies the image as normal or abnormal retina.
In this paper, the Dynamic Knowledge Sharing Algorithm (DKSA) and LightGBM
classifiers are used.

Wardhani Kasim Erianda Hassan et al. [68] use a fusion approach using Optical
coherence tomography (OCT), fundus retinal image & EHR using the LSTM model
are suitable for this sequential data processing, and feature extraction of this re-
search is done by LBP, which enhances the retinal features such as blood vessels
and all other structural abnormalities. In this case, the multimodal fusion approach
performs well using all these methods; the AUC is 0.99, demonstrating excellent gen-
eralization as well as sensitivity. Moreover, another researcher Manikandan et al.
[47] improves the accuracy of DME detection using Retinal Images such as fundus
Images and OCT images. They found that OCT images have a sensitivity of 96%
whereas Fundus Images have a sensitivity of 94%. After a combination of both types
of methods, accuracy is high and improved. However, the study has limitations in
image quality and dataset size. This paper [67] reviews the use of deep learning
and artificial intelligence in multimodal ophthalmology. Their study highlights the
advantages of multi-modal AI, which provides more details and comprehensive in-
formation for diagnosis. Some models, such as FusionNet and MM-RAF, perform
significant improvements, achieving high accuracies, such as AUC scores of 0.97 for
glaucoma detection and 96% for AMD classification using modalities. AlFahdawi et
al. [56] use a publicly available OIA-ODIR dataset from Shanggong Medical Tech-
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nology Co. The CLAHE method with a median filter is used to improve contrast and
noise reduction. For feature extraction, HRNet block and the Attention block are
used. For quality and robustness improvement, the SENet block is used. For clas-
sification tasks, the DRBM model associated with the softmax layer is introduced.
For the evaluation process, they use F1-score, kappa score, and AUC. Off-site test
sets had an accuracy of 88.5%, 88.9% and 99.7% respectively. On-site test sets have
an accuracy of 89.1%,88.9% and 99.8%.

In this paper [32], the researchers have implemented an incremental learning ap-
proach known as knowledge distillation, mainly focusing on DR lesions. They have
improved the segmentation accuracy and efficiency because a very minimal amount
of annotations is being used, which overcomes the challenge of catastrophic forget-
ting. This research paper [77] focuses on the improvement of the medical anomaly
detection and localization (MADL) such as retinal diseases, more likely retinal artery
occlusion (RAO), by using OCT images and fundus images. Then they improve a
model called MMRAF, which combines information from both types to give good
accuracy and results. ANoGAN and f-AnoGAN only work on single types of images,
whereas MMRAD is better, gives accurate results, and is better at finding problem
areas. This paper [37] from Information Fusion states a novel approach for detecting
retinal microaneurysms (MAs) using deep neural networks (DNNs) and generative
adversarial networks (GANs). Their methodology aims to provide a straightfor-
ward detection method that processes complete raw images without preprocessing
the data. Although the performance depends on the availability of high-quality
multimodal images for pre-training, while the method shows promising results, its
generalisability to other datasets is to be evaluated considering low computational
complexity. A journal [19] of healthcare engineering presents a machine learning
algorithm that combines OCT and color fundus images to diagnose glaucoma with
high accuracy. It has the potential to detect early glaucoma. The algorithm achieved
a 10-fold cross-validation AUC of 0.963. The study has its limitations, including a
relatively small sample size and samples collected from one ethnicity, which will
affect the generalizability of the results.

2.2.4 Fusion Model Papers

Ghouali et al. (2022) [36] introduce an AI-based app for early detection and di-
agnosis of DR. The app, built on TensorFlow deep learning, helps patients predict
DR severity levels and provide results via email. The app achieves an accuracy of
91.44%, 91.35% specificity and 92.51% sensitivity. Research [52] tries to identify
technical failures in DR screening, and the main finding is that technical failures
occur for upgradability and delay diagnosis of retinal images. They use the method
of a logistic regression model, primarily and then secondarily making a subset of spe-
cific cases and analyzing them separately to identify specific causes. They find that
on average the TF rate is 4.9, with a decreasing rate in recent years. The significant
agents for TF they find are patient age, disease duration and presence of cataracts.
52% of cases are for cataracts. Again, a research [72] discusses extracellular vesicles
(EVs), which play a vital role in DR by mediating cellular communication and dis-
ease progression through their specific cargo. Monitoring EV quantity and content
offer can be a potential for DR diagnosis. EVs, particularly those from mesenchymal
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stem cells (MSCs) show promise as therapeutic agents for retinal and other complex
diseases in preclinical studies.

Rivera-De-la-Parra et al. (2023) [64] discuss the relationship between uric acid (UA)
levels and sight-threatening DR in type 2 diabetes patients aged 18-70. UA is an-
alyzed as a continuous and dual variable, with ≥ 7.8 mg/dL being the excellent
threshold, and results show that higher UA levels are associated with referable DR.
The study [54] discusses the relationship between blood vitamin A levels and DR
risk in participants aged 40 and older. The study found that higher serum vitamin
A levels (0.51–0.64) reduce the risk of DR, with great results observed in males
and individuals under 60. Vitamin A’s anti-angiogenesis and anti-inflammatory
properties help prevent DR progression. Hasan et al. (2023) [45] propose a self-
supervised segmentation-driven classification framework and focus on retinal lesions
for retinopathy grading. Compared to previous or existing methods the frame-
work achieves notable results in mean intersection over union F1-scores. Validation
on seven public datasets highlights its potential for advancing autonomous retinal
screening systems.

In this research [70], Gated fusion makes sure the model always concentrates on the
most helpful spatial patterns by automatically adjusting how much information to
extract from Graph Convolutional Network (GCN) and Graph Attention Network
(GAT) features. The combined details are then sent to the temporal modeling block
following gated fusion, which improves how the traffic changes over time. Again,
in this article [18], for the purpose of improving low-resolution and blurry images,
the gated fusion module determines how much should be taken from the “deblur”
and “super-resolution” branches. Clear images are then produced by passing the
combined features through an image reconstruction module. Furthermore, in order
to improve medical images, this model employs two paths: a Transformer to figure
out the overall structure and a CNN to collect small details. By cleverly combining
both outputs, the gated fusion technique generates medical images that are sharper
and more precise [80].

In this research [84], features derived from two spectroscopy techniques, such as
Raman and FTIR, are combined using bilinear fusion. It helps to diagnose benign
and malignant thyroid tumors more accurately. Additionally, this paper [46] chooses
bilinear fusion because it makes the feature representation more powerful, allowing
the system to distinguish finger veins more accurately. It improves recognition ac-
curacy by capturing subtle correlations between smaller details and the overall vein
structure.

This paper [62] emphasizes the correspondence between images of different modali-
ties of the same patient by implementing cross modal attention (CMA) mechanism.
The dataset contains CFP and OCT images of patients with retinal disease. Self-
attention mechanisms on multimodal data can result in huge computational over-
head and the ability to leverage relevant information from different modalities is
often absent. They used CRD-net architecture that uses two independent CNNs for
feature extraction and then performs an interactive fusion by CMA. This technique
helps to focus on those features that cause disease such as affected lesions. On the
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MMC-AMD dataset, this architecture outperformed the existing self-attention ap-
proach on multimodal data by achieving 84.66% F1-score, 79.57% kappa score and
85.62% acc.

This research[69] fuses CFP and IFP images by implementing dual system archi-
tecture Cross-Fundus Transformer (CFT) for more accurate DR grading. CFP and
IFP are considered as highly correlated and often complementary data in DR de-
tection. IFP remains clear by gray fog and CFP provides better color information.
So a multimodal interaction between these two modalities can be useful for diagno-
sis. They designed a CFA (Cross Fundus Attention) module to integrate the patch
embedding representation of the two modalities. This research performed several
experiments on CIDR dataset by single modalities, self-attention of CFP and IFP
and finally cross-attention of CFP and IFP. The final result concludes that the cross
attention outperforms all other approaches by achieving a kappa score of 84.44%,
acc of 73.47% and F1-score of 65.51%. Thus, this proves the superiority of this
attention mechanism for DR grading.

Oahidul et al. worked on research [58] for retinal image classification using multihead
self-attention by using Vision transformer models. To achieve an accurate diagnosis
in lesser time without dependency on degeneration, their VIT model proved to be
applicable in this task. A single matrix multiplication makes the input dimensions
smaller and generates a series of patches and goes to the transformer encoder with
positional embedding. This proposed methodology ensures that the spatial connec-
tions among several patches are retained. They achieved an accuracy of 96.13%,
F1 rating of 0.93, ROC-AUC of 0.969 and recall of 0.95. Future research should
work with a variety of training datasets and create more efficient iterations of vision
transformers.

Dulal et al. worked on cattle identification using the MSA feature of CNN and
transformer [75]. Their primary goal was to capture the connection of different
fusing features while retaining the originality unchanged. Their proposed system
improves the accuracy in addition and concatenation. Their research found the op-
timal performance of fused features by combining the Q,V for transformers and K for
CNN. For feature extraction, they used a modified model of ResNet50 for local fea-
tures and ViT for lower layers. Feature fusion through multihead self-attention was
conducted for a single and unified representation of features from different sources.
Multihead self-attention helped to focus on the feature maps specifically. Across the
spatial domain, their model helped to focus on the important spatial regions. This
model was validated by 2 datasets flower12 and CIFAR10 and they got an accuracy
of 99.76 and 99.46. And proves the usage of MHSA technique to be beneficial to
capture the complex dependencies of CNNs and vision transformers.

This work [30] enhanced the understanding of collaborative multi-head attention
layers that learn shared projection by using multiple heads. They conducted an
experiment that concludes the possibility of re-parametrize of a pretrained multihead
attention layer into the collaborative layer. Their model reduced the size of the
projection in one fourth while keeping the same performance and speed. A typical
attention mechanism concatenates the heads to obtain multihead, while this work
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improved the capacity of the model by combining the heads. The proposed system
learns key/value projection for every head at a single time and after that the heads
use re-weighting of the projections. This methodology introduced a parameter and
computation efficiency. This method optimized the redundant learning of key/query
representations of concatenated multihead attention models.

2.3 Summary of Key Findings

After reviewing the existing research papers, we find some interesting patterns.
Firstly, relying on a single modality for classifying and staging DR is not feasible.
So, a multi-modal fusion process will be a good solution to build a more accurate,
feasible, and robust system. Secondly, using a dataset containing multiple types of
imaging data alongside the patient’s age and medical history, instead of only imag-
ing data will give more reliable output. Finally, introducing transfer learning will
be a smart approach to solving our problem.

The following table 2.1 summarizes the key findings of the existing research, which
highlights author and year published, modality type, method used, dataset and
results.

Author and
Year Pub-
lished

Modality
Type

Methods/ Mod-
els Used

Datasets Results

Nazih et
al.(2024) [49]

Unimodal ViT(Vision Trans-
former), opti-
mizer: AdamW.

real-world
FGADR
dataset

F1-score, accu-
racy, precision,
recall is 0.825
and balanced
accuracy, AUC,
and specificity
is respectively
0.826, 0.964
and 0.956

Jabbar et
al.(2024)[59]

Unimodal GoogleNet,
ResNet model,
adaptive particle
swarm optimiser
(APSO), Decision
Tree, SVM

EyePACs
dataset

accuracy: 94%
, precision:
97%, and F1-
score: 96%

Zang et
al.(2022)[41]

Unimodal SSADA algo-
rithm, orthogonal
registration al-
gorithm, DR
classification : 3D
CNN architecture

Casey Eye
Institute,
USA

rDR classifica-
tion : 91.52%
, vtDR was
87.39%.
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Author and
Year Pub-
lished

Modality
Type

Methods/ Mod-
els Used

Datasets Results

Shahzad et
al.(2024)[65]

Unimodal Explainable AI
(XAI) with deep
learning models

Diagnosis
of Diabetic
Retinopa-
thy By
CNN (Py-
Torch)

accuracy of this
model is 94%

Sahlsten et
al.(2019)[21]

Unimodal Inception-v3 deep
learning frame-
work

Digifundus
Ltd, DR
screening
and mon-
itoring
services in
Finland.

sensitivity of
89.6% and
specificity of
97.4%

Daho et al.
(2023)[44]

Multimodal Resnet50 model,
3D Resnet 50
model, Squeeze-
and-Excitation
(SE) block, Mani-
fold Mixup

(EviRed)
project

mild NPDR
(0.8566), mod-
erate NPDR
(8037), se-
vere NPDR
(0.7922), PDR
(0.8820)

Bidwai et
al.(2024)[51]

Multimodal RESNET101,
Light Gradient
Boosting Machine
(GBM),Dynamic
Knowledge Shar-
ing Algorithm
(DKSA)

Natasha
Eye Care
and Re-
search
Institute
database of
Pune Ma-
harashtra

(AUC) of 0.911

Bodapati et
al.(2020)[23]

Multimodal Single pre-trained
ConvNet, VGG16,
NASNet, Xcep-
tion and Inception
ResNetV2

APTOS
2019

VGG16-fc1 and
VGG16-fc2 had
a kappa score of
91.89
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Author and
Year Pub-
lished

Modality
Type

Methods/ Mod-
els Used

Datasets Results

Wardhani et
al.(2024)[68]

Multimodal Long Short-Term
Memory (LSTM),
Local Binary Pat-
tern (LBP)

Diagnosis
of Diabetic
Retinopa-
thy (Kag-
gle),
DRYAD
dataset,
Diabetic
Retinopa-
thy Retinal
OCT Im-
ages“ by
Gholami,
Roy, and
Lakshmi-
narayanan
(2018).

OCT and LPB:
AUC of 0.98,
Fundus and
LPB: AUC of
0.96, Multi-
modal: AUC of
0.99

Kang et
al.(2021)[33]

Multimodal Cascade R-CNN,
EfficientNetB4 as
CNN

fundus pho-
tography,
OCT, and
FA/ICGA
(2013 -
2019) col-
lected from
Chang
Gung
Memorial
Hospital,
Linkou
Medical
Center

retinal vas-
cula r diseases
AUC : 0.987
treatment-
requiring
disease pre-
diction AUC:
0.969

Li et
al.(2024)[77]

Multimodal Segment
Anything
Model(SAM),
MMRAD

DRIVE,
AIDE,
OCT

MMRADAUC:
0.825
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Author and
Year Pub-
lished

Modality
Type

Methods/ Mod-
els Used

Datasets Results

ALFahwadi
et
al.(2024)[56]

Multimodal DRBM model
with softmax
layer

OIA-ODIR
dataset
Shanggong
Medical
Technology
Co

offsite Test
Set: (F1-scores
: 88.56 %,
Kappa scores :
88.92 %, AUC
: 99.76%, final
scores: 92.41
%) and onsite
test set: (F1-
scores : 89.13
%, Kappa
scores : 88.98
%, AUC : 99.86
%, final scores:
92.66 %)

Table 2.1: Summary of related works on unimodal and multimodal
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Chapter 3

Requirements, Impacts and
Constraints

3.1 Final Specifications and Requirements

The research objective is to develop an effective and explainable multimodal fusion
model for classifying DR and DME. The system uses three types of data: Fundus
images, OCT scans, and biomarker data. By combining these different data sources,
the model aims to outperform single-modality models. The combination of struc-
tural and functional retinal data through this combination ought to present a more
comprehensive and credible diagnosis that can be utilized in clinical practice.

3.1.1 Functional Requirements

• Data Handling: The system must be able to load and pre-process the data
and must be capable of handling the noisy and missing data. Additionally, the
system should be capable of undergoing contrast enhancement, normalization,
and resizing.

• Model Development: The system should be able to train the deep learning
model by extracting and learning from each feature. Also, the models should
optimize parameters using a defined loss function.

• Model Evaluation: System shall evaluate model performance by the stan-
dard metrics such as accuracy, F1-score, AUC, specificity, sensitivity, precision,
recall, and so on.

• Inference and Deployment: The System should accept unseen data and
give a prediction for those. The system also generates a visual representation
of the prediction.

• Reproducibility: The configuration of experiments, the training history
records, and the performance metrics are stored in the system.

3.1.2 Non-Functional Requirements

• Scalability: The model should be flexible enough to include new data sources
or imaging types in the future with minimal changes.
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• Efficiency: Training and testing time should be optimized so that the model
can be applied in real clinical settings.

• Generalizability: The model must be effective in patients of various back-
grounds and images of various devices.

• Interpretability: The system must clearly show how it reaches its decisions,
helping doctors trust and understand the results.

• Security and Privacy: Training should be done anonymously with all in-
formation about patients. The system must adhere to the regulations on data
protection and local medical ethics.

3.1.3 Constraints and Compliance

One of the main challenges of this project is the limited availability of paired mul-
timodal datasets. Fundus, OCT, and biomarker information should be aligned in
each patient record. The need decreases the overall quantity of available data and
is potentially relevant to the generalization of the model. This study aims to utilize
the time series quality of the dataset to manage this problem.

3.2 Societal Impact

Our suggested multimodal fusion model for DR and DME classification is an im-
portant advancement toward more dependable and accessible ophthalmic diagnosis.

Early and proper detection of DR, DME may drastically decrease the rate of vi-
sion loss and blindness in diabetic patients. Automated, multimodal AI systems
can help diagnose patients in hospitals and eye screening initiatives, especially in
areas where professional ophthalmologists are relatively few. This immediately ben-
efits public health by increasing both the availability and affordability of advanced
eye disease identification.

3.3 Environmental Impact

Our research has minimal noticeable environmental impact in this stage because
it produces no physical products, chemicals or waste from the laboratory. But, in
the future, this study could potentially have a good environmental impact. Early
and precise identification of DR and DME might prevent excessive imaging tests,
hospitalizations, and treatments. This reduces the total environmental effect of
medical diagnostics, the overall amount of energy used in healthcare systems, and
the need for medical equipment.

3.4 Risk Management

There are several risks involved in developing and running a multimodal medical
artificial intelligence system. These risks should be carefully evaluated. The first
and foremost challenge is the possibility of data being incorrect and imbalanced.
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Image quality, acquisition settings, and modality availability can vary across mul-
timodal datasets. Incorrect results could be obtained through the fusion method
whenever one modality is absent or performs poorly. In order to tackle these dif-
ficulties, researchers make sure that strategies that allow the model to gracefully
handle missing modalities are utilized along with strong pre-processing, normaliza-
tion, and data augmentation procedures.

Another key component of risk management is ensuring the security of personal
data and confidential information. It is crucial to guarantee that each patient’s
data is handled properly since healthcare AI systems are trained on sensitive data.
Our recommended approach doesn’t involve private data, such as patient names,
ages, BMI, and so on. Only medical data related to eye health, such as fundus
images, OCT scans, and biomarker readings, are utilized. Our method guarantees
the highest level of privacy of the patient’s personal data while maintaining ethical
and regulatory information security requirements.

3.5 Economic Analysis

In ophthalmology, the use of a multimodal artificial intelligence technology has
tremendous economic benefits. Automated AI evaluation techniques allow hun-
dreds of images to be evaluated quickly and accurately. Additionally, it significantly
reduces the workload for ophthalmologists. This reliability enables clinical profes-
sionals to focus on more complex problems that require human judgment. So, it
raises the healthcare organization’s productivity. Again, by identifying the progres-
sion of the illness early on, patients can take advantage of timely treatment. Also,
it minimizes the need for expensive procedures like intravitreal injections and laser
therapy.

From a technological point of view, establishing multimodal AI frameworks may
additionally promote the expansion of the medical technology industry, opening up
new opportunities for emerging companies, research collaborations, and AI-powered
health products. Thus, economically, our suggested method not only lowers the
long-term financial burden of diabetes blindness but also encourages the establish-
ment of sustainable, cost-effective health service ecosystems.

3.6 Ethical Issues

Ethical considerations are the fundamental basis of all medical AI research. Our
suggested multimodal system has been developed and executed, complying with the
principles of privacy, fairness, and transparency. Our suggested approach doesn’t
demand any personal information; it simply needs medical data on eye health, such
as fundus images, OCT scans, and biomarker readings. Another ethical factor is
transparency and human monitoring. In medical diagnostics, doctors need to know
how an AI system makes its decisions before relying on it. Importantly, the AI
model wasn’t developed to replace ophthalmologists, but rather to supplement their
decision-making by providing an additional viewpoint that improves diagnosis qual-
ity.
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Additionally, the ethical responsibilities include ensuring equal opportunity. Our
plan is, advantages of multimodal AI need to be spread beyond advanced health-
care centers to rural and underprivileged areas as well. Ensuring affordability and
availability can help to prevent a technological gap in medical services, which will
unlock AI’s true potential for benefiting everyone.
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Chapter 4

Dataset

4.1 Introduction

The OLIVES dataset, or Ophthalmic Labels for Investigating Visual Eye Semantics,
is a rich medical dataset developed to advance research in diagnosing and treating
eye diseases, particularly DR and DME. It is a joint project between Georgia Tech
scientists and ophthalmologists of Retina Consultants of Texas. In this paper, the
OLIVES dataset is introduced as a structured set of data that promotes clinical
research in computer vision and machine learning for ophthalmic diagnosis [39].
The data were generated from two real clinical trials, PRIME and TREX-DME,
conducted between 2013 and 2021. What is special about OLIVES is the magnitude
of data it presents in a single location. It has fundus photos, OCT scans, and other
clinical measurements with expert annotations that doctors would refer to when
evaluating eye health. The eyes of each patient were followed during numerous
visits, in some cases as many as 16 in a year or more. Images and test results
were gathered at each visit, and then graders (with training) added labels. This
combination of images, clinical scores, and disease labels renders OLIVES one of
the first datasets to correlate all of these aspects within a single, cohesive entity.

4.2 OLIVES Dataset MAP

The OLIVES dataset offers a multimodal resource on retinal diseases, complement-
ing high-resolution imaging with a structured clinical background and expert manual
biomarker annotations. A visit is enhanced using carefully marked out 16 biomark-
ers, including fluid accumulation, structural disruptions, and other pathological
signs, totaling 150,528 labels. The combined approach of quantitative and qual-
itative validation of disease indicators would facilitate both the conventional sta-
tistical study of retinal pathology and the construction of more complex models.
The dataset combines three types of data: OCT scans, fundus images, clinical data,
and biomarker labels. The following writings provide more information about these
three types.

4.2.1 Optical Coherence Tomography (OCT)

The number of OCT scans that were added per visit was approximately 49 per eye
for each patient’s weekly visit. It reached a total of 78,189 OCT scans in the dataset.

21



OCT is the most data-rich imaging modality in this research, since it offers accurate
cross-sectional viewing of the retina.

Figure 4.1: Examples of OCT slice images

4.2.2 Fundus Photography

There were 2 fundus images per eye (OD and OS) for each patient visit. The dataset
comprises a total of 1,268 fundus images. Fundus images would add a superficial
examination of the retina to the structural information available in OCT.

Figure 4.2: Examples of fundus images

4.2.3 Biomarker and Clinical Data

There were multiple biomarkers related to the OCT images of each patient. 49 OCT
slices correspond to their OCT Biomarker Tabular values. The Biomarker tabular
values consist of 13 unique biomarker binary presences and 2 unique clinical eye
scores. A total of 15 biomarker and eye score values, each strongly correlated to the
OCT image modality and the Disease labels. The biomarkers are listed below with
their details:
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Biomarker
Name

Correlation with OCT Images Dataset
Value

IR hemorrhages Blood Spots inside retinal layers which are small 0/1

IR HRF Bright Spots inside retinal layers which are small 0/1

Partially at-
tached vitreous
face

The Gel situated at the back surface of the vitreous
face

0/1

Fully attached
vitreous face

Attached vitreous face to the Retina 0/1

Preretinal tis-
sue/hemorrhage

Blood and Abnormal tissue which is located at the
frontal part of the retina

0/1

Vitreous debris Found in the vitreous face as floating particles 0/1

VMT disorder where the vitreous pulls on the mac-
ula (central retina), causing vision distortion and
edema.

0/1

DRT/ME A widespread enlargement of the retinal tissue that
typically results from fluid leakage

0/1

Fluid (IRF) fluid pockets (cyst-like areas) that form inside the
layers of the retina.

0/1

Fluid (SRF) Fluid buildup beneath the retina 0/1

Disruption of
RPE

RPE layer disruptions or anomalies 0/1

PED (serous) Fluid accumulation beneath the RPE layer causes
it to peel away from the underlying Bruch’s mem-
brane.

0/1

SHRM An abnormal substance under the retina that
shows up as light on OCT, such as blood, scar
tissue, neovascular membranes, or fibrin

0/1

Table 4.1: Biomarker feature table

Eye Score
Name

Correlation with OCT Images Dataset Value

CST With corrective lenses (glasses or contacts), a
patient can attain the finest vision possible.

Min score = 156
Max score = 715

BCVA Measured on OCT, the average retinal thick-
ness in the middle 1-mm region (macula) is
used to track edema.

Min score = 41
Max score = 97

Table 4.2: Visual eye score feature table
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The OLIVES dataset is a combination of two large long-term eye studies named
PRIME and TREX-DME. The PRIME study involved a sample of patients with
DR of 40 patients. These patients have visited the clinic for two/three years, also
these visits were designated as W0, W4, W8, etc., up to W104. Images of both eyes
(OD for right, OS for left) were obtained by the doctors at every visit. The number
of visits exceeded 20 for some patients, allowing us to make a profound observation
of how their eye condition evolved over the years.

Figure 4.3: OLIVES dataset structure and mapping

TREX-DME was a study of individuals with DME and involved 56 patients.
These patients were divided into three smaller groups: TREX, GILA and Monthly.
Their check-ups were coded as V1 to V25, and they came in almost every month.
This provided extremely precise information over time, which assisted researchers
in examining both short-term and long-term changes in the eye.

4.3 Single Patient Image Availability

In our dataset, each patient is categorized into two major folders: the right eye
(OD) and the left eye (OS). In each of the folders, there are two modalities of
retinal imaging. The former is a fundus image, providing a global overview of the
retina that encompasses surface-based anatomies. The second modality is OCT B-
scans, the cross-sectional images performed across the retina in sequence. In each
volume of OCT, there are 49 slices, ranging from 0 to 48, that span the two edges of
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the macula. Thus, one OD/OS folder contains a total of 50 images, i.e., one fundus
picture and 49 OCT slices.

Figure 4.4: Full OCT volume with 1 fundus

4.3.1 Formatting 1

For our Dual Vision Architectures, we propose an approach that utilizes only a
subset of the 49 OCT slices for each instance. Instead, we format our OCT data
in such a way that it will generate approximately the same quality of fused data.
Meaning the fused OCT image will extract features with a decent result. This ap-
proach will overcome our computational limitations. To achieve this goal, we built
our data structure in 8 different ways. First, we worked with only 3 OCT slices
out of 49. Then we used 5,7,9,11,13,15 and 24 OCT slices. For example, for the 5
OCT structure, we used 5th, 15th, 25th, 35th and 45th OCT images. The overall
structure is the same except for this minor change. After formatting our dataset in
this approach, we observed the changes in our results. Surprisingly, we encountered
a minor, gradual improvement in our model’s performance and from this, we pro-
posed a hypothesis that if we did not encounter processing limitations, our model
would perform well.
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4.3.2 Formatting 2

For our OCTbiO architecture, we need to consider only each patient’s first week
and last week either OD folder data or OS Folder data. So for a single patient we
get combined first and last week’s total 98 OCT slices and each 98 OCT slices has a
tabular 98 sets of Biomarker values shown in the Biomarker Feature table. Each set
has 15 unique Biomarker Presence values. But we are not using the fundus image
in any OS or OD 50 image folder sets because this formatting is only based on the
OCT slices and their biomarker values.

4.4 Data Pre-processing

Before training the model, we clean up the images to make them as stable as possible.
OCT and raw fundus scans often exhibit significant noise, uneven lighting, and
distracting backgrounds. For this reason, we execute a sequence of pre-processing
steps. These are used to slice in around the central part of the eye, improve contrast,
reduce noise, and adjust brightness. We also put all images to the same size so the
model can only see the useful parts and learn more effectively.

4.4.1 Fundus Pre-processing

Once the fundamental pre-processing stages were set up, we focused on the fun-
dus images and applied specific techniques to remove unwanted background and
highlight the most important retinal features, enabling the model to learn more ef-
ficiently.

Figure 4.5: Step-by-step pre-processing pipeline for fundus images

• Green Channel Extraction

The green channel in fundus images usually shows better contrast for the
retinal tissue absorbs green light, which helps make the blood vessels clearer
[7], [81]. On the other hand, the RGB channel often has more noise and is
usually weaker, so the green channel is preferred in ophthalmology centers. In
our process, we focus the green channel to filter out extra information and
make vessels more distinct than in RGB image.
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• Contrast Limited Adaptive Histogram Equalization (CLAHE)

CLAHE helps to fix low contrast and uneven lighting in retinal scans by equal-
izing small regions and preventing overexposure [1], [25]. It can highlight ex-
udates, vessel boundaries, and microaneurysms, making it suitable for DR
screening and vessel segmentation. We applied an 8x8 grid and a clip limit of
2.0, which improved vessel patterns and lesion visibility while reducing noise
for subsequent steps.

• Gaussian Blur and Unsharp Masking

Gaussian blur reduces noise in retinal scans, and unsharp masking enhances
vessel edges by using a blurred copy of the image [24], [79]. This process
smooths the background while making vessels and lesion boundaries more
identifiable without adding artificial effects. To improve lesion margins and
vessel visibility, we applied a 55x55 Gaussian blur with weighted addition.

• Gamma Correction

Gamma correction helps adjust brightness in retinal scans by using a nonlinear
mapping to improve mid-tone contrast and reveal small details [10], [28]. It
is widely used in medical imaging to balance illumination and make it easier
to detect tiny vessels or lesions. In our work, we applied 1.2 to preserve sharp
edges and enhance mid-tones, highlighting vascular structures.

• Circular Masking and Cropping

It removes the dark background in fundus photos by keeping only the retinal
field of view [2][3], [8]. It prevents the model from non-retinal parts or learning
noise and improves classification. We applied a centered mask and cropped
tightly to include the retina region.

• Fundus Resizing and RGB Conversion

For all fundus images, resize them to the same dimensions so that the model,
which receives a fixed input, also does not misclassify [4], [9]. It helps to make
a balance between detail preservation with computational cost and is standard
in retinal image processing pipelines. For our work, we resized all images to
224x224 px and converted them to 3-channel RGB by replicating the greyscale
channel.

4.4.2 OCT Pre-processing

After finishing the pre-processing steps for the fundus images, we moved on to the
OCT scans. These scans show the detailed structure of the different layers in the
retina, but they often come with some challenges such as the scans are typically
noisy, having low contrast, and varying in resolution. To overcome these problems,
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we implemented a custom cream artillery pipeline specifically adapted for OCT
slices.

Figure 4.6: Step-by-step pre-processing pipeline for OCT images

OCT Resizing

If we don’t normalize OCT scans, it can make training unstable because they come
in different sizes and shapes [6], [17]. Resizing needs to preserve fine anatomy
visibility while maintaining consistent inputs for CNNs. For our work, we resized
each OCT slice to 224x224 px so small features remain detectable with manageable
computation.

Contrast Limited Adaptive Histogram Equalization (CLAHE)

OCT scans often have uneven lighting and low contrast, which makes it harder to see
retinal layers and detect disease signs [6]. Applying this improves local contrast by
enhancing small tiles while limiting over-bright areas and noise. We applied CLAHE
to make retinal boundaries, structures, and lesions clearer for automated detection
and segmentation.

Median Blur Denoising

OCT images often show speckle noise from the light source, which makes it difficult
to see thin retinal layers and small problems [5]. To reduce this, we used a median
blur, where each pixel is replaced with the middle value of its neighbors, which
smooths the noise while keeping the edges sharp. We applied a 3x3 median filter
in OpenCV, which removed much of the speckle while keeping the retinal borders
clear.

4.5 Time Series Data

A time series is a series of data observed or measured at a series of time intervals,
usually spaced at fixed intervals, to study patterns and relationships. In time series
data, the data is collected sequentially at different time steps with some temporal
dependencies. [16], [38], [55].

Now, the formatted data we are using in our model can be categorized a time
series data. Because data were collected on a weekly basis for each patient visit to
monitor the gradual progression of the patient. Therefore, for different time steps,
the labels differ. We proposed utilizing this data collection pattern in our preferred
manner. We have sufficient data, but the number of unique patients is very low
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in this dataset. So, we need to increase the uniqueness to get a good result. The
data collection pattern of the OLIVES dataset helped in our proposed approach.
We considered one weekly data point as a single data point consisting of 50 images.
This way allowed us to treat the weekly images of the same patient as a unique
point. Thus, one patient contributed by providing multiple data points. Therefore,
we addressed the issue of a smaller number of unique patients by focusing on the
weeks as the key to uniqueness.

4.5.1 Methodological Implementation and Output Valida-
tion

Extraction and Structuring

This final dataframe contains 3,029 time series data points. A data point represents
a special combination of patient eye visits and is captured at a specific week. DR
and DME are dynamic and progressive diseases. Therefore, the clinical features
and imaging components will naturally differ over time. Time series construction
in this work was performed using a carefully designed data extraction pipeline, as
confirmed by the results of Jupyter notebooks. The procedure follows:

• Goes through each patient directory (patient ID) followed by each available
visit per patient and eye (OD, OS) by week number.

• On each visit-eye tuple, aggregates all image and metadata data and admits
only ones that have full records (one fundus, all 40 slices of an OCT scan).

• Stores results as rows of a consolidated DataFrame: each row is a visit-eye,
each column a tabulated feature (e.g., OCT1path, label), in strictly-temporal
order per patient.

4.5.2 Output-Driven Verification

• The DR patient’s statement attests to the resulting number of 1,281 complete
time series values, as many as are independent visits to an eye of an eye patient.

• It is also correct, displaying the temporal, multimodal, and labelled organisa-
tion of every record and the fact that key attributes (visit order, patient ID)
are being stored as such in the downstream sequential model.

4.5.3 Scientific Advantages

By organising the ophthalmic clinical and imaging data into time series, it is possible
to:

• Disease trajectory models: This is used to predict retinopathy severity or
time to treatment need (or negative outcome) using the complete record of
the disease.

• Dynamic risk estimation: Traditional risk profiles, which have received
new visits, are updated.
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• Personalised medicine: Letting algorithms learn using specific, temporal
interactions in people, instead of only using cross-sectional comparisons that
are fixed in advance in the cross-section [38], [55].

This methodology supports current models of automated progression modelling
in diabetic retinopathy (e.g., the Deep DR system) and has been viewed as the most
cutting-edge in predictive medicine and clinical science [55].

Concluding, while multimodal, visit-specific ophthalmic records of patients and the
eye are being converted to a time series format, all the disease trajectories of indi-
vidual patients and eyeballs are captured, which makes it feasible to enable granted
time initiative operations along with forecast modelling, which are all based on rig-
orously verified output of data engineering principles [16], [38], [55].

4.6 Dataset Splitting

The dataset is divided into two primary categories: the Test set and the Train +
Validation set. Inside the Train + Validation set, another step is applied, which is
stratified K-fold cross-validation. This technique divides the Train + Validation set
into five equal groups: Split1, Split2, Split3, Split4, and Split5.

Figure 4.7: Train-Val and Test splitting Figure 4.8: K-Fold splitting

One fold is chosen as the validation set, and the other folds are utilized as the
training set in each training loop. For every loop, it selects training data (K-1 splits)
and validation data (1 split). So, each fold has one opportunity to be used as the
validation set during the K times of this process.

Through this rotation, the model is trained and validated multiple times, and
the performance is averaged across all folds. After training is complete and the best-
performing model is chosen, the completely untouched test set is used to measure
the model’s true accuracy and generalization ability.

After applying K-fold, our data distribution across the training folds in Dual
Vision V1,V2 architecture is displayed in the Table 4.3 below:
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Fold Number of data

fold1 train 2108

fold2 train 2160

fold3 train 2092

fold4 train 2164

fold5 train 2064

Table 4.3: Number of data in Dual Vision training folds

Data distribution across the validation folds in Dual Vision V1,V2 Architecture
is displayed in the Table 4.4 below:

Fold Number of data

fold1 val 539

fold2 val 487

fold3 val 555

fold4 val 483

fold5 val 583

Table 4.4: Number of data in Dual Vision validation folds

After applying K-fold, our data distribution across the training folds in OCTbiO
Architecture is displayed in the Table 4.5 below:

Fold Number of data

fold1 train 6396

fold2 train 6397

fold3 train 6397

fold4 train 6397

fold5 train 6397

Table 4.5: Number of data in OCTbiO training folds

Data distribution across the validation folds in OCTbiO Architecture is displayed
in the Table 4.6 below:
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Fold Number of data

fold1 val 1600

fold2 val 1599

fold3 val 1600

fold4 val 1600

fold5 val 1600

Table 4.6: Number of data in OCTbiO validation folds

After splitting our data by the K-fold method, we checked if any patient data
overlapped for each fold. We verified that there are no overlapping patients. We also
verified if there are any duplicate rows across the different folds. Again, we got a
positive outcome. For each fold, we save the performance metrics (such as accuracy
or loss). Ultimately, we calculate the average score across all folds. This is a good
choice because the model is tested more fairly; it reduces the chance of getting a
biased result from a single lucky split, and every data point is used for validation
only once.
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Chapter 5

Methodology

In our initial phase of the research, we reviewed various surveys and modality-wise
papers related to ocular diseases, identifying the types that are particularly crucial
for eye healthcare. After researching, we found that DR and DME are much more
vision-threatening and crucial due to their overlapping patterns, and we began to
look for datasets related to DR and DME. Most previous research focuses on a single
modality or multimodal approaches, but not specifically on DR with DME.

For classifying DR and DME, we utilize the OLIVES dataset, which contains only
patients with DR and DME. Since we plan to work with multimodality, OLIVES
data is the only option because we need to trust more than one modality for an
accurate diagnosis. This research aims to distinguish these two ocular conditions
by using a multi-modal fusion-based approach. In our ablation study, we employ
a dual-branching design that combines each patient’s fundus data and OCT data
using concatenation fusion. For this Dual Branching, we have pretrained CNN mod-
els for each modality, such as ResNet18/50, EfficientNet-B0/10, and Inception-V3.
However, there are some limitations to using pretrained models with concatenation
fusion, and to overcome these, we aim to use custom CNN encoders for each modal-
ity with various kinds of communication-based fusion mechanisms.

Figure 5.1: Methodology of our research
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Following our ablation study and key insights of Dual Branching results, we now
aim to create two distinct architectures, each focusing on a different format of the
dataset. Dual Vision architectures focus on utilizing the dataset format 1, which
includes fundus and OCT slices of the same patient. On the other hand, OCTbiO
architectures focus on utilizing the dataset format 2, which includes OCT slices and
their respective biomarkers of the same patient. In the ablation study design, we
have the same pre-processing method for both modalities, but after analyzing the
key differences of each modality, we have different pre-processing approaches for each
image modality (fundus and OCT) after several trials of pre-processing techniques.

In Figure 5.1 for the fundus modality, we have the fundus model, which is a CNN
encoder, and for the OCT modality, we have an OCT model, which is also a CNN
encoder. On the other hand, we have a biomarker encoder for each OCT’s respec-
tive biomarker. We aim to train, validate and test the fundus encoder and the OCT
encoder together for dual-vision architectures with different fusion mechanisms such
as gated fusion and MSA fusion. On the contrary, we also aim to train, validate and
test the OCT encoder with the biomarker encoder with different fusion mechanisms
such as gated fusion, MSA fusion and FiLM fusion. After the end-to-end classifica-
tion, we plan to perform a result verification explainability check and visualization
for each of our architectures to see how much each modality performs by itself and
after fusion.This visualization can help us find key insights into how each modality
interacts and how each modality contributes to the final classification decision. We
will compare our each model and architecture metrics, which include parameters,
FLOPS and inference time. In addition, we will compare our qualitative and quan-
titative results with dataset benchmarks.

5.1 Dual Branching Design (Ablation Study)

For multimodal approaches, dual-branched designs perform well because they in-
troduce richer understanding and flexibility [60], [66], [78]. In our Dual Branching
Design, we have a fundus branch and an OCT branch. Later, we have a fused branch
to fuse the output of the dual branches. Each branch has a separate workflow de-
pending on the image modality. In our dataset (OLIVES), we have approximately
40 selected patients among all instances. Each patient has fundus image data and
OCT image data from multiple weeks. Below, we will be focusing on all branches
of our preliminary approach:
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Figure 5.2: Dual Branching diagram

• Fundus Branch: For each patient, we have a grayscale fundus image. Each
fundus image indicates a certain label. So, if a patient has gone through 10
weeks of treatment, we have 10 images of his/her left eye fundus image and 10
images of his/her right eye fundus image. All images of that particular patient
indicate the same label. So, the fundus image is pre-processed by the fundus
pre-processing block and then fed into the Inception-V3 architecture. Then it
creates a feature vector, which is the output of the fundus branch.

• OCT Branch: For each patient, we have a grayscale OCT image. Each OCT
image corresponds to a specific label. So if a patient has gone through 10
weeks of treatment, then we have 40 images of his/her left eye OCT image
and 40 images of his/her right eye OCT image, considering 4 OCTs per left or
right eye. Here, the OCTs are being stacked on each other. That being said,
all images of that particular patient indicate the same label. So, the OCT
image is pre-processed by the OCT pre-processing block and then fed into the
EfficientNetB0 architecture. Then it creates a feature map which enters the
OCT Attention Block. Then it creates a feature vector which is the output of
the OCT branch.

Figure 5.3: OCT attention block diagram

The OCT Attention Block is for highlighting the most important and infor-
mative OCT features between the 4 slices of OCT images. It helps to focus
on the most relevant features and picks them for later classification.

• Fused Branch: The output of the Fundus branch and OCT branch which is
their respective feature vector is later fused in the Fused Branch and passed to
the classifier for the classification of DR severity level. Here, for fusion, we are
using concatenation-based fusion. In other words, we are applying late fusion.
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But this architecture has overfitting tendencies as from the very first epochs it starts
with high training and validation accuracy. Also, the validation loss was less than
the training loss from the very start at each progressing epoch, which is also a major
issue. There could be several reasons behind this. First, we are using the same pre-
processing for both OCT and fundus images. Then the OCT Attention Block might
cause this issue or concatenation-based fusion can result in memorization rather
than picking on the actual pattern. So, based on this, we have a totally different
approach for our final proposed architectures.

In our new proposed fusion-based architectures, we have different fusion modifi-
cations. These modifications are based on our previous Dual Branching proposed
architecture (ablation study) results and methods. Our main objective was to design
the architecture based on the data modalities we have and what type of data each
image modalities offer. Most ocular disease based architectures are built in a way
that only find patterns over the ocular surface, but for an architecture to generalize
over an ocular disease, we need surface-level information alongside layer-level infor-
mation. On the other hand, OCT slices contain valuable biomarker information.
Since we have each OCT slice biomarker tabular values that indicate if that specific
biomarker is present or not in that specific OCT slice. Keeping in mind these meth-
ods and modalities, we have proposed two multimodal fusion based architecture that
introduces variability between two types of modalities that combine both layered,
surfaced information of an ocular image as well as their biomarker values.

5.2 Dual Vision V1 Architecture

Our Dual Vision V1 architecture has five parts. Each part has a certain objective and
in each part we are introducing something new from the previous design. The parts
are each patient image modality part, pre-processing part, CNN models (fundus
model, OCT model) part, fusion mechanism part and lastly a classification part.
Despite the number of OCT images, our architecture remains pretty much the same.
We are experimenting with a variable number of images per patient and got different
types of results which will be discussed later. Below we have our main proposed
Dual Vision V1 architecture:
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Figure 5.4: Dual Vision V1 architecture diagram

In our Dual Vision architecture, we have one fundus image per patient and mul-
tiple OCT images per patient. Here we are trying at least 3 OCT images per patient
with a certain interval or gap. As we already mentioned, we have a maximum of
49 OCT images. An OCT scan of a certain eye is not a single image. All 49 slices
together are considered a single OCT image. In other words, all 49 slices make a 3D
OCT volume and these slices are 2D slices. Now, as already mentioned, if a patient
had 49 slices, we are taking a minimum of 3 slices in 15 intervals. In other words,
we took slice 15, slice 30 and slice 45. If it is 4 slices per patient, then slice 0, slice
15, slice 30 and slice 45. So, for a single patient, we have a minimum of 4 images (1
Fundus image, 3 OCT slices) and a maximum of 50 images (1 fundus image, 49 OCT
slices). So, in each patient modalities part, the data format should be like this to
work with our fusion-based architecture. Now, in the pre-processing part, we have
a separate pre-processing block for the fundus image and OCT slices. Previously,
we had the same pre-processing strategies for both image modalities. That worked
well with OCT images, but the fundus image became much noisier for the model to
catch the pattern. Now we have a fundus pre-processing block for the fundus image
and OCT pre-processing block for the OCT slice. Each block has different steps for
each modality to identify their pattern well. We have already discussed how each
pre-processing block works and its outputs in the dataset pre-processing section.
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5.2.1 Encoders and Attention Blocks

Now we have two custom CNN models that are totally separate. One is for fundus
images and one is for OCT images. The reason we had two different CNN models
is the imaging capabilities they offer. Fundus images mostly offer a retinal surface-
level overview, whereas OCT images offer layered retinal thickness. So, there is
mostly disjoint but correlated information between the fundus image and the OCT
slice. We later dive into the medical level model interpretation based on the image
modality. So, for fundus images, we have a fundus encoder and for OCT slices, we
have an OCT encoder. For a single sample, a fundus image goes into the fundus
encoder and each multiple OCT slice goes into the OCT encoder.

Fundus Encoder

Our Fundus encoder requires an image size to be 224 x 224 (height x width). So, at
the pre-processing last step, we resize our fundus images into this required size for
the model. Here (B,3,224,224) means (Batch size, Input Channels, Height, Width).
Even though the input images were grayscale, which is a single channel, we converted
them into 3 different channels because most of the CNNs require all three channels
to be present. So, finally, after resizing and RGB channel conversion, all the images
enter our fundus encoder. Below the fundus encoder diagram is given:

Figure 5.5: Fundus encoder diagram

In our fundus encoder, we have multiple sequential convolutional blocks like
Conv2D (Input channel, output channel, kernel, padding) blocks with attention
blocks. The input shape is (B,3,224,224). Firstly we have Conv2D Block1 (3, 32,
3x3, 1) followed by a ReLU layer. The output shape of this is (B,32,224,224). Then
a Conv2D Block2 (32, 64, 3x3, 1) followed by a ReLU layer. The output shape of
this is (B,64,224,224).

Then, we have a SE Block1 (Squeeze and Excitation Block 1). Here, the out-
put of Conv2D Block2 enters SE Block1. Here, the input and output shape of
the SE BLock1 is the same because the Squeeze and Excitation attention method
does not change the spatial resolution. So, the output shape of this SE Block1 is
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(B,64,224,224). Then the copy of output is saved as SEBlock1Output and the real
output enters Conv2D Block3 (64, 128, 3x3, 1) followed by a ReLU layer. The out-
put shape of this block is (B,128, 224, 224). Then the output of Conv2D Block 3
enters Conv2D Block 4 (128, 128, 3x3, 1), followed by a ReLU layer. The output
shape of this consecutive block is (B,128, 224, 224).

Then, after this, the output enters a SE Block2. This block acts the same as the SE
Block1. Now the output of SE Block2 is residually connected with the copied output
from before, which is SEBlock1Output. Here, the SEBlock1Output dimension is (B,
64, 224, 224), but the SEBlock2Output dimension is (B, 128, 224, 224). But for
residual adding and matching the channels, we need to match the dimension size.
So, we have a Conv2D Residual Block. The SEBlock1Output enters this Conv2D
Residual Block, and the output size becomes (B, 128, 224, 224).

Now SEBlock1Output and SEBlock2Output are residually connected and passed
to Conv2D Block5 (B, 256, 224, 224). The output of Conv2D Block5 is (B, 256,
224, 224). These are all our convolutional blocks of fundus Encoder. Now after
the Conv2D Block5 the output of it enters a Adaptive Average pooling layer which
outputs a (B, 256, 1, 1) dimension. Then it enters a Flatten layer which outputs
a 1D feature vector per patient. The output shape is (B,256). Then it enters an
FC (Fully Connected) layer, which increases the dimensionality to (B,512). In other
words, it expands the dimensionality for global embeddings. This is the output of
our Fundus Encoder. There are total of 20 layers in our fundus encoder.

Squeeze and Excitation Block

Squeeze and Excitation Attention methodology is used for enhancing features and
giving attention to them channel-wise [20]. Squeeze and Excitation explicitly demon-
strates the relationships between channels to adaptively tune feature values at the
channel level helps finding patterns for DR or DME detection. There are 3 parts
of a SE block and each part has particular motives. Below, a SE Block diagram is
given:
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Figure 5.6: SE block diagram

The first part is the Squeeze step. In this part there is only one layer which is
GAP(Global Average Pooling). In order to reduce spatial dimensions, we averaged
them. In other words, it averages over all the spatial positions and compresses them.
So, we obtain each channel’s global description. The output of the GAP layer is (B
x 1 x 1 x C). Then comes the second part which is the Excitation. Excitation has
four steps which are FC Layer 1,ReLU layer, FC Layer 2, Sigmoid Layer. FC Layer
1 is the reduction layer which reduces the channel dimension. Before it was C then
after it became C/r where the r is the reduction ratio. So, the output of the FC
Layer 1 is (B, C/r, 1, 1). Then comes the ReLU layer that helps the model to learn
complex dependencies by introducing non-linearity to the model. After ReLU we
have FC Layer 2. The objective of FC layer 2 is to expand the dimension back to C.
So the output of the FC layer is (B, C, 1, 1) again. Then, lastly the output of FC
Layer 2 goes into a Sigmoid Layer which compresses the values between [0,1]. Now
we have per channel weights. Since we have the weights our excitation part is done
and now comes the last part which is to Scale. In the Scale part, we re-calibrate
the channel features. We have the channel features at the first and after we get the
excitation weights we multiply the weights with the channel features. Here, after
getting multiples, we only get the features of each channel that are important and
suppress the less important ones. Also, the input and the output of the SE block
remains in the same dimensionality which is (B, C, H, W). Since DR or DME lesions
can appear anywhere on the Fundus image and in any shape, GAP ensures global
detection. Then the FC bottleneck in the SE block ensures feature suppression. If
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hard exudates are large and appear more than once, it can ignore the noise of the
thin vessels.

OCT Encoder

Our OCT Encoder requires image size to be 224 x 224 (height X width). So at the
OCT pre-processing, we resize our OCT images into this required size for the model.
Here (B,3,224,224). So, if there is a patient who has (3 + n) number of OCTs where
n = 0,1,2...46 we resize every one of them to the same size.

For each OCT slice per patient, we are not creating a copy of the OCT encoder.
To clarify, if a patient has 5 OCT slices, we are not creating a single OCT encoder
for the exact OCT slice. Rather than all OCT slices going through a single shared
Encoder. The reason behind it was, if we make a copy of the OCT encoder for each
OCT slice, then the total model parameters will also increase with the number of
increased OCT slices per patient. So, a patient who has 5 OCT slices will have 5
OCT encoders and a patient who has 49 OCT slices will have 49 OCT Encoders,
which seems to be redundant and heavy. It increases the model parameters by a
lot. So, to resolve this problem, we have a shared OCT model, and for each patient,
no matter how many OCT slices, each one goes through the single shared OCT
encoder. So, as the number of slices increases the model parameters stay the same
for each format. There are total of 12 layers in our OCT encoder.

Figure 5.7: OCT encoder diagram

In our OCT encoder, we have multiple sequential convolutional blocks like Conv2D
(Input channel, output channel, kernel, padding) blocks with attention blocks. Here
like the fundus encoder, we do not have any skip connection/residual connection
from one layer to another. We are keeping the OCT encoder a little bit simple.
Firstly, we have Conv2D Block1 (3, 32, 3x3, 1) followed by a ReLU layer. The
output shape of this is (B, 32, 224, 224). Then a Conv2D Block2 (32, 64, 3x3, 1)
followed by a ReLU layer. The output shape of this is (B, 64, 224, 224).

Now after this, we have a Conv2D Block3 (64, 64, 3x3, 1) again followed by a
ReLU layer. The input and output dimension sizes are the same for this block. The
output shape of this is (B, 64, 224, 224). Here, the output shape does not change
between Conv2D Block 2 and 3. Then a Conv2D Block4 (64, 128, 3x3, 1) followed
by a ReLU layer. The output shape of this is (B, 128, 224, 224).
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After 4 consecutive convolution layers, we have the SE Block, like the fundus en-
coder. Here, the input and output shape of the SE BLock1 is the same because the
squeeze and excitation attention method does not change the spatial resolution. So,
the output shape of this SE Block1 is (B, 128, 224, 224). This SE block acts the
same which is to highlight the strong and important features and suppress the less
relevant ones or noises. SE block is pretty much necessary here because OCT slices
are very noisy. So in order to remove or decrease noise after pre-processing we need
this SE Block.

Then a Conv2D Block5 (128, 128, 3x3, 1) followed by a ReLU layer. Here, the
output shape does not change between SE Block and Con2D Block 5. Now after
the Conv2D Block5 the output enters an Adaptive Average pooling layer, which
outputs a (B, 128, 1, 1) dimension. Then it enters a flatten layer, which outputs a
1D feature vector per patient. The output shape is (B,128). Here, for the n number
of OCT slices of that certain sample, we get n number of 1D feature vectors that
layer goes into a fusion mechanism.

5.2.2 Fusion Mechanisms

Now, In our fusion mechanism Part we have two different types of fusion. In com-
puter vision methodologies, fusion mechanisms are used to connect different modal-
ities (Image, text, sound etc). But here we are not using sound based data in this
architecture. We only have relevant image data and tabular data. Since we have
two different types of images per patient, which are fundus Image and OCT slice,
we have done a different type of fusion between these two in order to connect their
feature map for better understanding. We have tabular values of each patient but
we can connect them with OCT slices only for image-tabular multimodal fusion.
That’s why our Dual Vision V1 architecture is based on image-image multimodal
fusion.

Multihead Self-Attention Fusion

Since we have multiple OCT slices per patient, we are doing this fusion between the
OCT Slices. Assuming that a patient has n OCT Slices, each of them goes into the
OCT encoder and outputs n different features maps. So, we are performing MSA
Fusion between these n features maps. This fusion methodology’s main architecture
was actually described in this study [14] where they integrated the MSA Fusion
block in their Transformer architecture.

In our code, we have a stack consisting of n OCT slices. Our target is to fuse
them through a self-attention technique. Meaning, from the feature vectors ex-
tracted from the OCT slices, we will apply a self-attention mechanism to examine
which feature vector should focus on which other OCT slices for making a decision.
Later we will apply a gated fusion with the fundus encoded feature vector and the
fused OCT we got from the MSA fusion. This is how we can use the knowledge of
multimodality to know how much focus or attention we should put. In this fusion
method, we have 7 Steps for the fusion to work on n OCT Slices. The steps diagram
are given below with explanation of each step:
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Step 1 and 2: Q,K,V Projection and Multiple Head Generation

For simplicity we assume each patient has n OCT slices. Then after each slice
goes into the OCT encoder we get n different feature vectors (x1,x2,x3,x4 ...xn).
Here, we consider each feature vector as a Token meaning each token carries their
feature vectors.

Figure 5.8: Step 1 and 2 diagram

For step 1, X = [x1, x2, x3, x4 ...xn] = [Token 1, Token 2, Token 3, Token 4
...Token n]. Now each token goes into the (Q, K, V) Projection layer like shown
in Figure 5.8. Here Q means Query, K means Key and V means Value. Q means
what the token is asking. K means what the token offers what others do not possess
and V means what the token actually has. Now we have Wq, Wk and Wv which
are randomly initialized by pytorch and are the learnable weight matrices. Also, we
have bq, bk and bv which are the bias terms of nn.Linear Layers. The output of (Q,
K, V) projection is calculated by the formula below:

The projection layer has three separate linear layers, each with its own weight ma-
trix + bias:

• Query projection:
Q1 = x1WQ + bQ

• Key projection
K1 = x1WK + bK

• Value projection
V1 = x1WV + bV

So, for x1, we calculate (Q1, K1, V1). To simplify, Q1 is what the exact token1
(x1) is asking for, K1 is what token1 (x1) can offer as an identifier and V1 is what
the token1 (x1) actually has.

For step 2, we declare num of heads = 4 since we are doing MSA Each head might
focus on different sets of perspectives. Since we have n tokens for head 1, we will
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have n different Q,K,V projections of head 1. To clarify, we will have (Q1 h1, K1 h1,
V1 h1) for token 1 (Q1, K1, V1) to (Qn h1, Kn h1, Vn h1) for token 1 (Qn, Kn,
Vn). Then for head 2 we will have n different Q, K, V projections of head 2. Like,
we will have (Q1 h2, K1 h2, V1 h2) for token 1 (Q1, K1, V1) to (Qn h1, Kn h1,
Vn h1) for token 1 (Qn, Kn, Vn). So for each 4 heads we will have the same cal-
culation. Now head wise Q,K,V projections are ready, then we will proceed to the
next step.

Step 3: Generating Score Values

As we already know, we have 4 heads. For each head, we have to calculate scores
separately. So for simplicity, let’s assume we are working with head1. For head1 we
have QKV head1 matrix: [(Q1 h1, K1 h1, V1 h1), (Q2 h1, K2 h1, V2 h1), (Q3 h1,
K3 h1, V3 h1), (Q4 h1, K4 h1, V4 h1),........,(Qn h1, Kn h1, Vn h1)]. Now, from
using the values of Q and K, we generate scores.

Figure 5.9: Step 3 diagram

For generating score values, we need to perform a dot product between a Query
and a Key. Here, from QKV head1 matrix we have(Q1 h1, Q2 h1, Q3 h1, Q4 h1
... Qn h1) and (K1 h1, K2 h1, K3 h1, K4 h1 .... Kn h1). We need to perform dot
products between each one of these pairs as shown in the Figure 5.9. The score dot
product formula is given below:

dh =
D

H
.

For each head, compute the similarity between queries and keys:

score[i, j] =
Qi ·Kj√

dh
.

• Input: Q,K ∈ (B,H, n tokens, d h)

• Output: Scores ∈ (B,H, n tokens, n tokens)
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Here, there is a score generated for (Q1 h1 and K1 h1) and also for (Q1 h1 and
K1 h1). We are doing it because we want to know how much each token or fea-
ture should attend to another token. Also, these score values are a communication
between each token. Each Token’s query value is attending another n number of
tokens key value. So, if we have a 4 token system, we will generate 16 score values
(S11, S12, S13, S14, S21,... S43, S44). Since, we have n number of tokens where n
can range between [3,48]. We will have a minimum of 9 score values and a maximum
2304 (S11..Snn) score values. All these score values are the primary interaction be-
tween each token.

Step 4: Score to Softmax Attention Weights

Since we have n number of scores we have to turn them into softmax attention
weights. Here, before going to softmax, we have to arrange each score to their par-
ticular query number. To determine which score belongs to which query number
(Q1, Q2, Q3, Q4, ...,Qn), we need to get back their score calculation query contri-
bution.

Figure 5.10: Step 4 diagram

So, if a score is calculated by Qn value shown in figure 5.9, then that Qn is the
query contributor of that score. To elaborate, for S11 to be calculated, we performed
a dot product between Q1 h1 and K1 h1. So Q1 h1 has a contribution meaning for
token 1, Q1 h1 paying attention to K1 h1. Same for Snn, meaning Qn hn has a
contribution. Qn h1 paying attention to Kn h1. This way we arrange each score by
its particular Query number.

Wi,j =
exp (Si,j)
n∑

k=1

exp (Si,k)

Now, we insert row wise score values into the softmax equation like shown in the
softmax equation. This softmax equation turns them into probabilities . The shape
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of this softmax probability matrix is the same as the score matrix of the Q1. Now we
have (W11, W12, W13, W14 .. W1n) weights for Q1 and for Q2 we will have (W21,
W22, W23, W24 .. W2n) and for Qn will have (Wn1, Wn2, Wn3, Wn4 .. Wnn) like
shown in the figure 7. Here, between (W11,W12,W13,W14. . .W1n) if W14 has the
highest score that means after softmax equation Q1 will put much higher weight to
the key associated with that score which is K4 h1.

Step5: Each Head Output Generation

Now for each head we have (Q1, Q2, Q3, Q4 .. Qn) sets of weights. For example
for Q1, (W11, W12, W13, W14 .. W1n) set of weights. Now since we have matrix
weights per query, we have to perform a matrix multiplication with the Vales(V1 h1,
V2 h1, V3 h1, V4 h1, ...Vn h1). We are performing row-wise multiplication. Each
row wise multiplication will produce a Output value (O1, O2, O3, O4, ....On)

Figure 5.11: Step 5 diagram

For each head: Oi =
L∑

j=1

Wij · Vj

Here, (O1, O2, O3, O4, .... On) is per per-head output. Here, the purpose of
this matrix multiplication is to blend the information of the value with the weights.
The weights here are how much a token i is asking of token j and values are what
the token j actually has. Their Matrix multiplication gives us spatially relevant em-
bedding of token i of other tokens.

Step 6 and 7: Head Wise Output Concatenation and Projection

At the start of step 6 we have each head output sequence. For example, (O1,
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O2, O3, O4, ....On) is the output of head 1. Same for other heads , we will have the
same sequence of outputs which will be (O1, O2, O3, O4,.... On). We know that
each head will learn something different from each other. So, if head 1 is local lesion
context aware where head 2 and others might be global lesion context aware. Each
head needs to share their perspectives.

Figure 5.12: Step 6 and 7 diagram

For each token i,

Oi =
[
O

(1)
i ∥O(2)

i ∥O(3)
i ∥O(4)

i

]
For each head we are concatenating their ith output. So, all O1 from each head

will be concatenated like figure 5.12. Then the same for O2, O3, O4 ...On. After
all concatenations, we will get n number of concat values (concat 1, concat 2, con-
cat 3, concat 4 ...concat n). These are the final headwise perspective of the fusion
mechanism so far. After this, in step 7 we have to project the concatenation values
through a liner projection layer. After the projection layer it goes into a pooling
layer followed my a FC layer which outputs a single fused vector consisting of mul-
tiple head point of view of the shared token information.

Now, the reason why we choose this fusion strategy rather than other fusion strategy
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at this point is that we knew each OCT slice did not have to carry enough informa-
tion. Let’s assume among 3 OCT slices the 2nd OCT slice had 60 percent relevant
information in it but other relevant information were in 1st (30 percent) and 3rd
(10 percent) OCT slices. So communicating and sharing information between OCT
slices, as what they have and what they can offer to each other is a medically correct
approach. Also, another reason behind it was OCT images are normally a little bit
noisier than other image modalities. So, using only one OCT per patient was riskier
and that’s why using MSA fusion can help us rely on more than one option [30].

Gated Fusion

After the fundus encoder, we have a fundus feature vector and after the OCT encoder
followed by MSA fusion we have a fused OCT fused feature vector. Now since
we have two different image modality feature vectors we have to fuse them using
gated fusion. A gate (learnt weights ranging from 0 to 1) determines, per feature
dimension, how much information to extract from each input modality in the feature-
combination method known as the Gated fusion. [82] So, now using this fusion idea
we can determine between the fusion modalities, which modality is more trustworthy
or they have equal importance. Normally, for classifying DR or DME, one can use
any of these images but together they provide us different context and depending on
the sample, sometimes we might depend on only one modality or partially on both.

Figure 5.13: Gated fusion diagram

Here, F1 and F2 in Figure 5.13 are two feature vectors and in our case F1
is fundus feature vector and F2 is final OCT feature vector which is MSA fused
before. Each F1 and F2 has a shape of [B,d]. Here, B = Batch Size and d =
Dimension of feature. Firstly, we need to concatenate them. The concatenation
helps the gate to focus on each modality side by side. After the concatenation, the
output size becomes [B,2d]. Then this concatenated feature vector is passed into a
Linear Sigmoid Layer.

σ(x) =
1

1 + e−x

z = σ(W · fusion+ b)
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Here in this formula of z value, the fusion variable is the concatenated feature vec-
tor of Fundus and OCT. Now, (W,B) are the learnable parameters. Sigma (σ) is
the softmax variable function. Sigma is dealing with the z value because each gate
value needs to be represented as a weight to be between F1 and F2. The z value
is a vector of length d consisting of all z values of the whole fusion mechanism. So,
the Z value shape is [B,d]. Since we have two modalities of image, for the fundus
feature vector, we are going to represent the value z for it and for the OCT feature
vector we are going to represent the (1 - z) value. Then the z value is multiplied by
the actual fundus feature vector which is from before the Linear Projection layer.
Also, the (1- z) value is multiplied by the actual OCT feature vector which is from
before the Linear Projection layer. The output shape of both the fundus feature
multiplication and OCT feature multiplication is [B,d]. Now, since we have fundus
feature multiplication matrix and OCT feature multiplication matrix we have to
add them up and the output will be a Fused feature map. The actual formula from
z value to fused feature map is given below:

Fused = z ⊙ F1 + (1− z)⊙ F2

• F1 = Fundus features (B, d)

• F2 = OCT features (B, d)

• z ∈ (0, 1)d = gate values (per feature dimension)

Now In this formula if a gate value, z for fundus feature is 1 then (1 - z) for
OCT feature becomes 0 meaning we have to completely depend on fundus features.
Also, if a gate value, z for fundus feature is 0 then (1 - z) for OCT feature becomes
1 meaning we have to completely depend on OCT features. But if the expected z
value per batch is [0.1,0.3,0.5,0.7,0.9] which is all fraction values, we can interpret
like this:

• For z = 0.1, 1− z = 0.9 (mostly have to trust OCT feature)

• For z = 0.3, 1− z = 0.7 (more trust on OCT feature)

• For z = 0.5, 1− z = 0.5 (equal trust on both features)

• For z = 0.7, 1− z = 0.3 (more trust on fundus feature)

• For z = 0.9, 1− z = 0.1 (mostly have to trust fundus feature)

So, the z value determines which modality to trust more and also pro-vides us
that for a single sample which modality is contributing and dominating for the exact
decision. That’s why we are using the gated fusion at this point because we might
not for a single sample which modality is trustworthy. There could be a situation
where for a sample the OCT slices are more noisy and extract-ing information from
even after proper pre-processing is hard, then the fusion has to either focus on fundus
image more or only. Also, There could be another situ-ation where the Fundus image
pattern could not be figured out by the encoder for any single sample, so that feature
map is not trustworthy and we have to rely on OCT features then. The most perfect
scenario is that both modality z values range between [0.4,0.6] where we can trust
both modality and the decision comes through both of their feature patterns.
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5.2.3 Classifier Head

Last Part is the classifier part where after the fused fundus with OCT feature pat-
terns enter the MLP (Multi Layer Perceptrons) classifier . MLP classifiers are com-
puter vision networks which are fully connected, In other words it is a feed forward
Neural Network which will output hard labels (0 or 1) for a fused feature vector.

Figure 5.14: MLP classifier diagram

The input shape of this MLP classifier is [B,512] meaning a fused feature vector
having 512 D. So, the first linear layer takes it as input and compresses it into [B,256].
Then it enters a ReLU block where it introduces non-linearity for complex decision
boundaries. After the ReLU the shape remains the same. Then a Dropout layer
for regularization. Here, Dropout( p = 0.3 ) meaning 30 percent of the neurons will
be disabled which is a moderate regularization value. This dropout is for tackling
overfitting during training. After dropout, the shape remains the same and it enters
another linear layer which outputs a shape [B,2]. These are the logit scores and this
enters the softmax layer from the CrossEntropyLoss function which outputs softmax
probabilities for the predicted classes which is in our case, DR vs DME.

5.3 Dual Vision V2 Architecture

Our Dual Vision V2 architecture has the same five parts as Dual Vision V1 archi-
tecture. In Dual Vision V1 architecture, if a patient has n OCT slices then, we
perform an MSA fusion among the n OCT slices and here in V2 we are performing
a gated fusion between n OCT slices. Then in V1, we are performing Gated fusion
between fused OCT feature vector and fundus feature vector but here in V2, we are
performing an MSA fusion between fused OCT feature vector and fundus feature
vector. So, the core difference between the two versions is that at which point we
are using a fusion mechanism between modalities. Rather than the swapping of the
fusion mechanism and the structure of the fusion mechanism, everything else in this
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architecture version is pretty much the same. Below the Dual Vision architecture
V2 diagram is given below:

Figure 5.15: Dual Vision V2 architecture Diagram

Here, we can see that each patient modality part, pre-processing part, CNN
encoders (Fundus encoder, OCT encoder) part and classifier Part are the same but
the only part which is different is fusion mechanism Part.

5.3.1 Fusion Mechanisms

For n OCTs , we are performing a gated fold fusion which is different from the
normal gated fusion we have described before. The fusion mechanisms between
these two modalities are set this way so that we want to see which fusion at what
point lets the both modality communicate better between them. Gating helps when
we cannot fully trust a single modality, where MSA helps when we can totally trust
each modality. Here, by trusting we are saying that our architecture will be biased
towards a single modality for decision making. Even gating mechanisms do not
silence a particular modality, each fused feature vector has at least a little amount
of influence so that we can capture the true essence of multimodality.
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Gated Fold Fusion

This fusion strategy is a bigger and more complex version of the previous gated
fusion mechanism [82]. The Previous gated fusion mechanism we are using in Dual
Vision V1 architecture was to fuse only two inputs/modalities (OCT fused feature
and fundus features). But here we are trying to perform a gated fusion between
variable OCTs meaning if a patient has n number of OCT slices, then we have n
number of OCT feature vectors. So, the number of inputs becomes n for the gated
fusion. But the actual gated fusion shown in Figure 5.13 has Gate1 (Z value) and
Gate2 (1 - Z) value meaning we can take only 2 inputs at a time and perform a
gated fusion among the pair.

So, to deal with this issue, we are constructing a looping gated fusion first. Meaning
if a patient has n OCT slices feature vector we are going to perform n-1 time gated
fusion between them. To clarify if a patient has 5 OCT slices then after OCT en-
coder we get 5 OCT slice feature vectors and at first perform a gate fusion between
OCT slice 1 feature vector and OCT slice2 feature vector and get a OCT slice12
feature vector. Then we again perform a gated fusion between OCT slice12 feature
vector and OCT slice 3 feature vector and get an OCT slice123 feature vector. Then
we again perform a gated fusion between OCT slice123 feature vector and OCT slice
4 feature vector and get an OCT slice1234 feature vector. Lastly, we again perform
a gated fusion between OCT slice1234 feature vector and OCT slice 5 feature vector
and get an OCT slice12345 feature vector. So, we had to perform the fusion 4 times.
But there is an issue with this looping fusion strategy. Here, the earlier slices will be
more dominated than the later slices meaning slice 1,2,3 will be focused more than
4,5. Since all OCT slices together make a full OCT volume, we do not know which
slices are the most effective one. The effective ones may occur last or in the middle
with certain or uncertain slice intervals. Again, another issue is if the number of
OCT slices is less than it may not be a problem, but for larger numbers of OCT
slices, it will be a huge problem because later OCT slices will be directly neglected
due to the dense earlier fused slices.

Figure 5.16: Forward fold diagram

To address this problem we have designed a new Gated Fold Fusion method
which has a bi-directional point of view of OCT slices. To elaborate, rather than
just forward traversal, we also rely on backward traversal as well. So, we are dividing
the fusion mechanism into two folds. The forward fold which traverses forwardly
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and a backward fold which traverses backwardly. Now, the forward traversal starts
with earlier OCT slice 1 and 2 feature vectors and gradually moves to slice 3,4,5. .
. to later n-1,n feature vectors.

Figure 5.17: Backward fold diagram

On the other hand, the backward pass starts with later OCT slice n and n-1
feature vectors and gradually moves to earlier slice 3,2,1. We are giving the model
the positional understanding of each OCT slices in both forward and backward
folds to understand the arrival order of the OCT slices. To elaborate, we have a
pos forward variable which determines forward traversal position value of each slice
. Its is calculated by the given formula:

posfwd(i, N) =
i

max(1, N − 1)

Here, N is the total number of slices and i is a value from [0,N-1]. N-1 means this
number of calculations is going to happen for each gated fusion in a single passing
fold. The max(1,N-1) used for division by zero cases. Now the value of pos forward
will range from 0.0 to 1.0 for any variable number of slice systems. So, if we have
each patient 5 OCTs then the value list will be [0.0, 0.25,0.5,0.75.1.00]. Each value
in the list corresponds to their position. But the calculation of Backward is different
because we want the fusion to give importance on the later slices more because of
the earlier slice gated fusion density. For this we have a pos backward variable which
determines forward traversal position value of each slice . Its is calculated by the
given formula:

posbwd(i, N) =
(N − 1)− i

max(1, N − 1)
= 1− posfwd(i, N)

So, i is a value from [0,N-1]. N-1 means this number of calculations is going
to happen for each gated fusion in a single passing fold. The max(1,N-1) used for
division by zero cases. So in other words, pos backward = 1- pos forward. Then
we put the pos forward and pos backword into a logit calculating function which
calculates the score values of each slice position. Here, in the calculation of logits or
l t, we have a Weight Matrix W, Bias b and Recency strength. Initially, W is b is set
0 and 1 respectively. Later the W and b changes dues to models learning progresses
on each epoch. On the other hand the Recency strength is a scaler value that
determines for each fold traversal how much the gate prefers the arriving slices or
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later slices. This value changes per sample traversal. Recency strength is initialized
with value 0.3 and it changes in model back propagation. So, if Recency strength
grows mean that the later slices are helpful. On the other hand, if Recency strength
decreases meaning later slices are not that helpful and lastly if Recency strength
is equal to 0 meaning the order or position does not matter. The formula is given
below:

ℓt︸︷︷︸
logits

= W [ht−1, xt, post] + b+ recency strength · post

zt = σ(ℓt), ht = (1− zt)⊙ ht−1 + zt ⊙ xt

Later these logit values enter a sigmoid function and produce z t and using z t
value we calculate the h t. Now for 5 OCT slice cases, the number of h t values
are 5 (h 0, h 1, h 2, h 3,h 4). Each h n value is calculated with the help of their
z t and previous h n-1 value. So for forward fold we have h0 to h n values and the
last h n value is the final feature vector of the forward fold. Then doing the same
for the backward fold, for 5 OCT slice cases, the number of h t’ values are 5 (h 0’,
h 1’, h 2’, h 3’, h 4’). So for backward fold we have h0’ to h n’ values and the last
h n’ value is the final feature vector of the backward fold. After the two types of
traversals, we have a forward feature vector and backward feature vector like shown
in the Figure 5.14 and Figure 5.15. But now we have two different point of view
feature vectors , one from forward and one from backward. To help the model to
rely on either one point of view or partially on both we need to perform a simple
gated fusion one last time between them. Below is the diagram and formula:

Figure 5.18: Gated fold diagram

fused = g ⊙ f + (1− g)⊙ b.

Here, like the traditional gated fusion we have a g value which according to Figure
5.13 is z value. This value is calculated by a linear projection followed by a sigma
function. Here, f is the actual forward feature vector and b is the actual backward
feature vector. This formula calculates the final feature vectors which determine the
forward and backward dependencies separately or together. So, this the new gated
fold fusion mechanism which helps the model to understand bi-directional point of
view of OCT slices occurrence.
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Multihead Self - Attention Fusion

Here, like the traditional MSA fusion we are using in the Dual Vision V1 architecture,
does the same. Just the number of input tokens becomes two only which are the
fundus feature vector token and fused OCT slices token. Otherwise the number of
heads remains the same so the calculation steps are also the same for Dual Vision V2
architecture. The reason behind performing an MSA fusion between OCT images
and Fundus images is, fundus images provides us a surface level point of view and
OCT slices provides us a layered point of view of that Fundus image. Surface level
lesion strongly corresponds to the disruptions among multiple layers in OCT slices.
So that the model understands the relationship between each modality dynamically.
In simple words, because of the query,key, value methodology we can get the context
of exactly which part of the Fundus image directly communicates with which part
of the OCT image.

5.4 OCTbiO Architecture

In Our OCTbiO architecture, we are focusing on how to use the OCT slices with
their biomarker values. As far as we know, having 96 unique patients in our whole
dataset . The dataset potential based on image was far much very good. But, When
it comes to using biomarker values, we are using less amount of images. The reason
behind this is the limitations of multimodal datasets on ocular diseases.

Figure 5.19: OCTbiO architecture diagram
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In this proposed architecture, we have per row one OCT slice and its respective
biomarkers related to that DR or DME. The biomarker tabular values not only con-
tain the biomarker presence indication but also have two types of score values. These
are the BCVA (Best Corrected Visual Acuity) and CST (Central Subfield Thick-
ness) scores. These are the test scores used in ophthalmology which are strongly
correlated to the Fundus and OCT slice modality.

This architecture is quite similar to our Dual Vision V1,V2 Architecture but here we
are applying FILM fusion strategy. For preprocessing we have again used the same
OCT pre-processing block from the Dual Vision architecture since exactly that flow
of OCT pre-processing steps are effective for the model to understand the pattern.
On the other hand, for biomarkers we have a Biomarker Pre-processing block which
normalizes biomarker test scores, handles null values with imputation and checks
correlation between the biomarker values.

5.4.1 Encoders and Attention Blocks

Here, we have a custom CNN model for OCT slices. This Custom model is the
same as the OCT encoder we are using in the Dual Vision V1,V2 architecture. So,
for each sample, an OCT image slice enters the OCT encoder and outputs an OCT
feature vector. Then, respective to that OCT slice, we are passing its biomarker
presence tabular values, CST and BCVA scores. How the images are passed to the
OCT encoder of the Dual Vision architecture and OCTbiO architecture is different
because for each sample or datapoint, the Dual Vision architecture OCT encoder
requires n number of OCT slices together. Here, n is minimum 3 and maximum
49. In other words , all n OCT slices shared the same OCT encoder for a single
sample. But here for each sample we have one OCT slice for OCTbiO architecture
OCT encoder. The SE Block used here has the same design as the OCT encoder
of the Dual Vision architecture to capture the mid level relevant patterns. On the
other hand, the MLP classifier is same as the Dual Vision V1,V2 architecture.

Biomarker Encoder

Now for each OCT slice we have their respective biomarker presence values. For the
biomarkers we have made a simple MLP encoder which is named Biomarker encoder
in the OCTbiO architecture. We have totally 14 biomarkers and 2 score columns so
before entering the Biomarker encoder, for each patient we have a 16 column long
tabular values which are preprocessed. The Biomarker encoder diagram is given
below:
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Figure 5.20: Biomarker encoder diagram

Firstly we have a linear layer which has an input shape of B, number of features
. Here, B is the batch size and number of features means the tabular biomarker
number of columns. For example:

tab cols = [“IR hemorrhages”, “IR HRF”, “Partially attached vitreous face”, “Fully
attached vitreous face”, “Preretinal tissue/hemorrhage”,“Vitreous debris”, “VMT”,
“DRT/ME”, “Fluid (IRF)”, “Fluid (SRF)”, “Disruption of RPE”, “PED (serous)”,
“SHRM”, “BCVA”, “CST”]

Each column is a feature. So , in our case the number of features is 15. The
output shape is [B, hidden]. Here, hidden is the size of the hidden layer which is by
default 128. This enters a ReLU layer for non-linearity where the output size does
not change. So the ReLU output shape is [B, hidden]. Then we have a dropout
layer where Dropout = 0.1 and the output size remains the same . Dropout helps
to prevent overfitting. After Dropout we have another Linear layer which has an
output size of [B, output dimension]. Here, output dimension is by default 64. In
other words each row of our biomarker dataset transforms into an encoded dense
embedding vector of size 64. Then it enters another ReLU for non-linearity and this
last ReLU layer outputs the final encoded embedding vector of each Biomarker row
sample.
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5.4.2 Fusion Mechanisms

We are trying three different Fusion mechanisms. To clarify, we are not using all of
these three fusion mechanisms altogether. In the Dual Vision V1 architecture, we
are using MSA fusion on OCT slices and then later gated Fusion between fundus
image and the output of MSA fusion on OCT slices and in V2 we have the reverse
option. So, we are using double fusion together one by one. But here, for each try we
are using only one single fusion mechanism among three fusions. Each mechanism is
based on how OCT slices are connected to their respective biomarker values and how
they depend on each other for the model to understand the relationship between
ocular image and ocular tabular data. In our OCTbiO architecture, we are using
gated Fusion, MSA fusion and FiLM fusion.

FiLM Fusion

FiLM means Feature-wise Linear Modulation. This fusion strategy is used to mod-
ulate one modality with the help of another [71]. Here, our two modalities are OCT
images and OCT Biomarker tabular values. So, OCT slices are being modulated
by their OCT biomarkers tabular columns. Traditional fusions like concatenation
Fusion, gated Fusion, or MSA fusion usually work with the final output of the CNN
models or encoders. But FiLM fusion techniques help with conditional modulations
with mid CNN layers. Here, by modulating we mean that biomarker tabular fea-
tures that enter the Biomarker encoders and output a dense encoded embedding
vector , they help to shift and scale the OCT Encoder mid layers. Here, shifting
and scaling is the conditional representation learning of the OCT clinical values.

In our FiLM fusion block, we apply it after two of our OCT encoder Layers. The
first FILM Block is placed after the Conv2D BLock3 followed by the ReLU layer.
The output of the ReLU layer, which is the mid-layer OCT Slice feature map, enters
FiLM Fusion Site1. We represent the OCT slice feature map as X3. Now, on the
other hand, we have that exact OCT biomarker tabular encoded embedded vector
which enters the FiLM 1 Generator Block. The embedded vector shape is [B,d].
Here, B is the batch size and d is the dimension. In the FiLM 1 Generator Block
we have a linear projection which outputs a shape [B,2C]. Here for Conv2D Block3
, C = 64 so the output shape becomes [B,128]. Now, we have to split this shape
into two parts. So after splitting, the shape becomes [B,C] = [B,64] again. These
two parts are gamma3 and beta3, each having the same shape. After that, we have
to reshape gamma3 and beta3 by unsqueezing in order to broadcast them. Now we
have the gamma3, beta 3, and X3, which is the OCT Slice feature map in hand, we
just need to modulate it.

FiLM(F | c) = (1 + γ(c))⊙ F + β(c)

• F = OCT feature map

• γ(c) = per channel scale factors (multiplicative modulation)

• β(c) = per channel shift factors (additive modulation)
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• ⊙ = channel-wise multiplication

Here, the gamma value represents the scale factor per channel and beta value
represents the shift factor per channel. In other words we have each channel modu-
lation values. To define some gamma and beta value scenarios:

• Case1: For gamma = beta = 0, the channel remains the same, meaning that
at that specific layer the biomarker tabular values have no impact on their
OCT slice, which is the safe case.

• Case2: For gamma > 0 , the channels are amplified or boosted. So, if any of
the biomarkers indicate hemorrhages, the channel’s strength of detecting the
hemorrhage area increases than before.

• Case3: For gamma < 0 , the channels are suppressed or inverted meaning
for a case where the clinical scores are normal then the channel will give less
attention to the OCT noise areas.

• Case 4: For beta > 0, the channels bias will increase

• Case 5: For beta < 0, the channels bias will decrease

• Case 6: For gamma = 0 and beta ̸= 0, then the channel will only get a spatial
constant shift

• Case 7: For gamma ̸= 0 and beta = 0, then the channel will only get a
positive or negative reactivation.

Depending on the gamma and beta value, gamma3, beta3, and X3 enter a FiLM
Apply block, which calculates the new channel-wise feature map X3’, which imme-
diately enters the next layer. Below The FilM fusion diagram is given with each
site:
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Figure 5.21: Film fusion diagram

According to the diagram, we have already discussed the FiLM Fusion Site 1.
The output of the FiLM Fusion Site 1 is X3’ and it enters the next convolutional layer
which is Conv2D Block 4 followed by the ReLU layer. The output of the ReLU layer
which is the mid-final layer OCT slice modulated feature map enters FiLM Fusion
Site2. We represent the OCT slice feature map as X4. Now on the other hand we
have that exact OCT biomarker tabular encoded embedded vector which enters the
FiLM 2 Generator Block. Here, the FiLM 2 Generator Block and the previous FiLM
1 Generator Block do not have the same modification because of their dimension
size, and they do not produce the same gamma and beta value. Now, the embedded
vector shape is [B,d]. Here, B is the batch size and d is the dimension. In the FiLM
1 Generator Block we have a linear projection which outputs a shape [B, 2C]. Here
for Conv2D Block3 , C = 128 so the output shape becomes [B,256]. Now, we have to
split this shape into two parts. So after splitting the shape becomes [B, C] = [B, 128]
again. These two parts are gamma4 and beta4, each having the same shape. After
that we have to reshape gamma4 and beta4 by unsqueezing in order to broadcast
it. Now we have the gamma4, beta 4 and X4 which is the OCT slice modulated
feature map in hand, we just need to modulate it. Depending on the gamma and
beta value, gamma4, beta4 and X4 enters a FiLM Apply block which calculates the
new channel wise feature map X4’. Here, X4’ is the new modulated mid-final level
OCT feature map and again it is passed into later OCT Encoder final layers. After
that we are not using any FiLM methodology in any other layers because X4’ enters
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a SE Block followed by the last convolution block.

Gated Fusion

This fusion strategy is the same one that we are using in the Dual Vision V1 archi-
tecture. In Dual Vision V1 architecture, we are gated fusing each sample fundus
feature vector and fused OCT slices vector because we know there could be chances
that for a single sample we might need to either binary trust any modality or frac-
tionally trust both modality. Here, we are following the same method. We are
projecting the OCT biomarkers as the same as the OCT slices dimensions for ap-
propriate gated fusion.

There could be a situation where for a sample the OCT slices are more noisy and
extracting information from even after proper pre-processing is hard then we need
to wholly trust the biomarker tabular features. But since for OCTbiO architecture,
we have each patient only 2 weeks of biomarker data meaning each patient has first
week 49 OCT slices and last week 49 OCT slices. So total 98 OCT slices with 98
sets of biomarker tabular features. Even if all are from a single patient but these
are not same week data these are time series data with a large time gap and patient
medical treatment. And each OCT slice of 49 ones from a certain week is different,
there could be a chance of repeated biomarker tabular features. That’s why we
are using a gated fusion so that even if there is very much less chance of repeated
biomarkers, they cannot harm the decision boundary because gated fusion will nul-
lify their repeated presence. As a result the model will be less likely to memorize
any biomarker values.

Multihead Self - Attention Fusion

This fusion strategy is the same one that we are using in the Dual Vision V1,V2
architecture. In Dual Vision V1 architecture, we are performing between multiple
OCT slices since each patient had 49 OCT slices so that the OCT slices could com-
municate between them. Here, the fusion is happening between each OCT slice and
its respective biomarker tabular values. We are projecting the OCT biomarkers as
the same as the OCT slices dimensions for appropriate MSA fusion.

The OCT slice vector itself is a token and its respective biomarker embedded en-
coded biomarker is a token. Both OCT token and Tabular Biomarker token size is
[B,D] where B is the batch size and D is the OCT encoder output dimension size
which is 128. These two tokens enter the MSA block and output. Here, num of
heads = 4 meaning each of our tokens is divided into 32 size dimension sub parts in
order to get multiple points of view to the fusion. The actual fusion diagrams and
steps are shown in Figure 5.8 to Figure 5.12.

61



Chapter 6

Experiment Configurations and
Results

6.1 Experiment Configuration and Setup

Based on three different architectures, they have nearly identical training configu-
rations. The LR (Learning rate) is initially set to 1× 10−4 = 0.0001. For updating
the model’s weight, the LR helps the optimizer to adjust the step size. WD (Weight
Decay) is initially set 1 × 10−5 = 0.00001. This WD is a hyperparameter for L2
regularization. It helps the model penalize larger weights, preventing the model
from overfitting. For the Dual Vision V1 and V2 architectures, the batch sizes are
4 and 8. Then for OCTbiO architecture, the batch size is 8 and 16. The reason
behind the two different batch sizes is that the Dual Vision V1 and V2 architectures
have many more images compared to the OCTbiO architecture. That’s why, for the
NVIDIA Tesla P100 GPU efficiency, a smaller batch size is used in the Dual Vision
V1 and V2 architectures.

Moreover, the criterion variable is initialized with a loss function known as Cross-
Entropy Loss. In most classification tasks, this loss function is employed. It deter-
mines how much a single sample (x)s, the actual distribution y, and its probability
distribution y’ matches [48]. The true label distribution here is binary or one-hot
coded, meaning 0 or 1, but label smoothing prevents the model from being overcon-
fident in its decision. So, if the true label distribution is for a 3-class system [class1,
class2, class3] = [1, 0, 0], then after label smoothing, it becomes [0.95, 0.025, 0.025].
This highlights that the label smoothing, which distributes 0.05 from class 1 among
classes 2 and 3, is preventing the model from becoming overconfident in predicting
class 1. Thus, if we have a batch size = N, with label smoothing = ε and total K
classes, the smoothed target distribution formula is given below:

y
(smooth)
ik =

{
1− ε if k = ci (correct class)

ε
K−1

if k ̸= ci

Here, ci is the actual true class of a sample i in that batch. So, using this value,
we can calculate the smoothed Cross Entropy Loss function with the given formula
below:
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LLS = − 1

N

N∑
i=1

K∑
k=1

y
(smooth)
ik · log(ŷik)

Here, the loss is slight when a model predicts a class that is correct with high
probability, and the loss is high otherwise. In our case, the label smoothing value
is set to 0.05. For optimization, we are using the Adam Optimizer and passing the
LR and WD to it. The Adam Optimizer is one of the popular optimizers for weight
updating [13]. The Adam Optimizer formula is given below:

1. Gradient computation
gt = ∇wL(wt)

2. Exponential moving average of gradients (momentum)

mt = β1mt−1 + (1− β1)gt

3. Exponential moving average of squared gradients (RMS scaling)

vt = β2vt−1 + (1− β2)g
2
t

4. Bias correction
m̂t =

mt

1− βt
1

, v̂t =
vt

1− βt
2

5. Weight update rule

wt+1 = wt − η · m̂t√
v̂t + ϵ

− η · λwt

Where:

• mt = moving average

• wt = current parameter (weight or bias)

• η = lr = learning rate

• λ = weight decay (L2 penalty term)

• β1, β2 = decay rates (default: 0.9, 0.999)

• ϵ = stability constant (1e-8)

As declared, the LR initially 1 × 10−4, it needs to be controlled later as epochs
go by. For that, a scheduler is used that controls the LR over later epochs. The
reason behind this is that the model need to converge at every point, and that’s
why the LR needs to be reduced a little at each step to avoid any local minima
being stuck. In the scheduler, we are passing the optimizer (Adam) because its
LR needs to be updated based on the model training and validation loss. The fac-
tor parameter is set to 0.2, as when the factor is triggered, then the current LR
will be multiplied by 0.2 to make it smaller than before. The minimum LR is set as
1×10−7, meaning the LR will be reduced to a minimum of 1×10−7 and not exceed it.
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Next, for each training fold, the default number of epochs is 30 for Dual Vision
V1, V2 architecture. The number of epochs is 50 for the OCTbiO architecture,
meaning there will be at most 30 or 50 epochs for each fold. After various attempts,
we observed that most of the folds are overfitting by an average of 30 epochs. To
prevent extensive overfitting, we are using early stopping. The early stopping value
is set to 5, meaning that while training and validation, the training loop will be
stopped if the validation loss per epoch does not decrease.

6.2 Experiment results

For each architecture, K-fold validation is used, resulting in a total of 5 folds. The
same training and validation configuration is done for all folds. For each fold, we
initialize our model, and that model is trained using that exact fold’s train set
and validation set. For testing the data, we are using all the fold models for
prediction. For instance, we are assembling the prediction knowledge from ev-
ery fold model. Since we have 5 folds, we have model fold1.pt, model fold2.pt,
model fold3.pt, model fold4.pt and model fold5.pt. Instead of relying on a single
fold model’s decision, we can utilize the soft average, which incorporates every fold’s
decision. The test F1-score, recall, precision, support, AUC and ROC (Receiver Op-
erating Characteristics) curve formula.

• Precision:

Precision =
TP

TP + FP

• Recall:

Recall =
TP

TP + FN

• F1-Score:

F1 = 2 · Precision · Recall
Precision + Recall

• Support:

Supportclass=c = Number of samples with true label = c

For binary:

Support for class 1 = TP + FN

Support for class 0 = TN + FP

• True Positive Rate (TPR):

TPR =
TP

TP + FN

• False Positive Rate (FPR):

FPR =
FP

FP + TN
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• ROC Curve:

ROC = {(FPR(τ), TPR(τ)) | τ ∈ [0, 1]}

• AUC:

AUC =

∫ 1

0

TPR(FPR) d(FPR)

6.2.1 Dual Vision V1 Architecture Results

The 5 fold based (Train vs Validation) accuracy and loss with DR and DME classi-
fication report, ROC curve and confusion matrix are shown in figure 6.1:

(Train vs Validation) Acc and Loss:

Figure 6.1: Mean loss and accuracy curve among 5 folds ( Dual Vision V1 )

From the training and validation curves of the Dual Vision V1 architecture, we
can see strong generalization as the curves show effective convergence. The loss curve
decreases steadily. We can notice the sharpest decline in the first 6-8 epochs be-
fore stabilizing. In the accuracy curves, we can observe a consistent improvement,
resulting in high accuracy at the end. There is a minimal gap between training
and validation accuracy curves, indicating that weight decay, label smoothing and
LR scheduler controlled the overfitting. However, we showed this curve until 16
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epochs because, as we triggered early stopping to prevent overfitting, the number
of epochs is not the same for every trial. Therefore, for the sake of comparative
analysis, we used the minimum number of epochs obtained, which is 16. However,
the smooth mean curve confirms that the Dual Vision V1 architecture is stable and
well-generalizing.

Classification Report:

precision recall F1-score support

DR 0.95 0.95 0.95 170

DME 0.96 0.96 0.96 212

accuracy 0.96 382

macro avg 0.95 0.96 0.95 382

weighted avg 0.96 0.96 0.96 382

Table 6.1: Classification report of Dual Vision V1 architecture

From the classification report of the Dual Vision V1 architecture, we can see
a strong predictive performance for both classes. For DR and DME classification,
the model achieves a precision, recall and F1-score of 0.95 and 0.96, respectively,
for 382 data points in total. The overall accuracy is 96% with macro average and
weighted average maintaining similar percentages. This proves the effectiveness of
classification.

Figure 6.2: ROC curve of Dual Vision
V1 architecture ( DR vs DME )

Figure 6.3: Confusion matrix of Dual Vi-
sion V1 architecture ( DR vs DME )

From the confusion matrix, we can see that, for a balanced support (170 vs 212),
the data is not biased towards one class. Among the 170 DR classes, the model
correctly predicted 162 classes as DR. Similarly, among the 212 DME classes, the
model correctly predicted 203 classes as DME. 8 DR classes and 9 DME classes
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were misclassified as false positives. The ROC curve visualizes how well the model
separates the DME class from the DR class. From the ROC curve, we can see
the model achieves an AUC of 0.9632. The curves are close in the top left corner,
indicating a high sensitivity for class distinction. The high AUC value indicates
clinical reliability of this architecture.

6.2.2 Dual Vision V2 Architecture Results

The 5 fold based (Train vs Validation) accuracy and loss with DR and DME classi-
fication report, ROC Curve and Confusion matrix are shown in figure 6.4:
(Train vs Validation) Acc and Loss:

Figure 6.4: Mean loss and accuracy curve among 5 folds ( Dual Vision V2 )

For the Dual Vision V2 architecture, the loss and accuracy curves for training
and validation show consistent convergence across all five folds. This indicates the
model is learning and the effectiveness of the Adam and Scheduler optimizer. The
narrow standard deviation band indicates the robustness across fields. The over-
fitting is also controlled as the validation curve closely follows the training curve.
This shows the effectiveness of weight decay, label smoothing, and the LR scheduler.
Overall, the loss and accuracy curves suggest that the model is competent for DR
vs DME classification.
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Classification Report:

precision recall F1-score support

DR 0.95 0.99 0.97 171

DME 0.99 0.96 0.98 212

accuracy 0.97 383

macro avg 0.97 0.98 0.97 383

weighted avg 0.97 0.97 0.97 383

Table 6.2: Classification report of Dual Vision V2 architecture

According to the classification report for the Dual Vision V2 architecture, we
observe strong predictive performance for both classes. For DR classification, the
model achieves a precision of 0.95, a recall of 0.99, and an F1-score of 0.97, resulting
in a total of 171 DR classes, which can be considered excellent performance. Again,
for DME classification, we can see an outstanding performance of the model, with
precision, recall, and F1-score of 0.99, 0.96, and 0.98, respectively, for 212 support.
The overall accuracy is 97%, with both the macro average and weighted average
maintaining a high performance of 0.97 for a total of 383 classes.

Figure 6.5: ROC curve of Dual Vision
V2 architecture ( DR vs DME )

Figure 6.6: Confusion matrix of Dual Vi-
sion V2 architecture ( DR vs DME )

From the ROC curve of the Dual Vision V2 architecture, we achieved an AUC of
0.9749 which can be considered as an outstanding performance of the model. This
indicates that the model can distinguish between the DME class and the DR class
with very high accuracy, as the curve approaches the top left corner of the ROC.
From the confusion matrix, we can see that for 383 data points, the model correctly
predicted 169 classes as DR with a misclassification for only 2 cases. And for DME,
the model correctly predicted 204 courses with a misclassification of 8 cases. The
lower rate of misclassification indicates that this architecture is highly reliable, and
the changed fusion mechanism actually has a positive effect on the model’s overall
performance.
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6.2.3 Dual Vision V1,V2 Architecture Hypothesis

As our Dual Vision V1, V2 architecture is focusing on using one Fundus image and
n OCT slices per patient, for each case, we are using different OCT count examples.
For each case, we are adding two more OCT slices. So, our experiment cases in this
architecture are:

Fundus images OCT slices Total Images

1 3 4

1 5 6

1 7 8

1 9 10

1 11 12

1 13 14

1 15 16

1 24 25

Table 6.3: Fundus + n OCT slice experiment cases

We are experimenting with a minimum of 3 OCT slices and a maximum of 24
OCT slices per patient. For each system, all patients are in the same configuration.
The OCT images taken for 3 OCT systems are the same as the OCT images taken
for 5 OCT systems, meaning the previous OCT slices are reserved with two new
slices. The reason behind this methodology is that we wanted to prove a hypothesis
that more OCT images can not necessarily lead to better accuracy.

• Null Hypothesis (H0): A larger number of OCT slices does not necessarily
lead to better accuracy.

• Alternative Hypothesis (H1): A larger number of OCT slices always leads
to better accuracy.

So, based on our Null hypothesis and Alternative hypothesis, we have tried all
Fundus + n OCT slice Experiment Cases table 1 and got the results below:
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Figure 6.7: All experiment ROC curves

Figure 6.8: All experiment F1-scores

Here, by looking at Figure 6.7, the AUC value does not have an increasing trend,
meaning a system where fewer OCT Slices are integrated can give a better AUC
value than a system where more OCT Slices are integrated. In figure 6.8 we ob-
serve the same trend for F1-scores across all systems, which also do not exhibit any
increasing trend, indicating that we do not require more OCT slice integration for
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improved results. Since we are choosing each slice at an interval, choosing the cor-
rect interval to pick the right OCT slice can lead to better results than integrating
all without any reason. Here, the training and validation times also increase as the
number of slices increases, and we cannot use larger batch sizes due to GPU memory
restrictions. Based on the results, we can support our null hypothesis, which states
that a larger number of OCT slices does not necessarily lead to better accuracy.

In real-life scenarios, having more OCT slices means having more points of view
for the models, which theoretically results in better accuracy. Since we are picking
OCT slices in an interval, there could be a scenario where we might integrate such
OCTs, which are part of the volume but noisier, and that affects our accuracy. Since
we are performing the same pre-Processing for all OCT slices, there could be a sit-
uation where any one or two of the OCT slices are pre-processed negatively, which
can also affect our accuracy, potentially leading to our Null hypothesis being proven.

6.2.4 OCTbiO Architecture Results

The 5 Fold based (Train vs Validation) Accuracy and Loss with DR and DME clas-
sification report, ROC Curve and Confusion matrix are shown in Figure 6.9:

(Train vs Validation) Acc and Loss:

Figure 6.9: Mean loss and accuracy curve among 5 folds (Gated Fusion)
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Figure 6.10: Mean loss and accuracy curve among 5 folds (MSA)

Figure 6.11: Mean Loss and Accuracy Curve Among 5 Folds (FiLM Fusion)

From the above mean loss and accuracy curves of the OCTbiO architecture,
which fuses OCT images using gated fusion, MSA and FiLM fusion, we can observe
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that MSA exhibits a smooth and steady decrease in both loss curves, with minimal
fluctuations. Additionally, the accuracy curve rises rapidly, indicating rapid conver-
gence, strong generalization, and minimal overfitting. The architecture using FiLM
fusion also shows a steady decline, but a bit noisy validation loss and accuracy curve.
This indicates a slightly slower learning compared to multihead self-attention. In
contrast, the architecture using gated fusion shows a higher loss in training and
validation with slightly lower accuracy.

Classification report:

precision recall F1-score support

DR 0.86 0.96 0.91 588

DME 0.97 0.89 0.93 824

accuracy 0.92 1412

macro avg 0.92 0.93 0.92 1412

weighted avg 0.93 0.92 0.92 1412

Table 6.4: Classification report of gated fusion (DR vs DME)

precision recall F1-score support

DR 0.96 0.98 0.97 588

DME 0.98 0.97 0.98 824

accuracy 0.97 1412

macro avg 0.97 0.97 0.97 1412

weighted avg 0.97 0.97 0.97 1412

Table 6.5: Classification report of MSA fusion (DR vs DME)

precision recall F1-score support

DR 0.90 0.97 0.93 588

DME 0.98 0.92 0.95 824

accuracy 0.94 1412

macro avg 0.94 0.95 0.94 1412

weighted avg 0.94 0.94 0.94 1412

Table 6.6: Classification report of FiLM fusion (DR vs DME)

According to the classification report, after implementing three fusion strategies,
the total support is 1,412, comprising 588 DR classes and 824 DME classes. The
precision, recall, and F1-score for DR classification are 0.86, 0.96, 0.91 for gated
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fusion, 0.96, 0.98, 0.97 for MSA, and 0.90, 0.97, 0.93 for FiLM fusion. For DME
classification, the precision, recall and F1 score are 0.97, 0.89, 0.93 for gated fusion,
0.98, 0.97, 0.98 for MSA, and 0.98, 0.92, 0.95 for FiLM fusion. The overall accuracy
is 0.93, 0.97 and 0.94, respectively, for the 3 fusion strategies. In short, using MSA
fusion to fuse the OCT images yields the best performance among the three OCT-
biO architectures, with high precision, recall, F1-score, overall accuracy, as well as
macro average and weighted average.

Figure 6.12: ROC curve of gated fusion
(DR vs DME)

Figure 6.13: Confusion matrix of gated
fusion (DR vs DME)

Figure 6.14: ROC curve of MSA fusion
(DR vs DME)

Figure 6.15: Confusion matrix of MSA
fusion (DR vs DME)

74



Figure 6.16: ROC curve of FilM fusion
(DR vs DME)

Figure 6.17: Confusion matrix of FilM
fusion (DR vs DME)

From the ROC curves and confusion matrix, we can see that applying MSA fu-
sion outperforms the other two fusion mechanisms. The AUC for gated fusion is
0.979. MSA achieves an AUC of 0.998, while FiLM fusion yields an AUC of 0.988.
The second ROC curve is closer to the top left corner. However, the other two
fusion mechanisms also give a decent output. In the confusion matrices, we can see
that there were a total of 1412 data points with both DR and DME classes. On the
OCTbiO with gated fusion architecture, 567 data points were correctly classified as
positive DR, and 731 data points were correctly guessed as positive DME. But the
model misclassified 21 cases as DR, but in reality, they were cases of DME.

Additionally, there were 93 cases where the model incorrectly predicted DME, but
they were actually cases of DR. The false positive DR and DME cases for OCTbiO
with an MSA fusion architecture are significantly lower. There were 14 cases where
the model failed to predict a DME case and 22 cases were incorrectly predicted as
DR class. But the model gave an outstanding performance in predicting true DR or
true DME cases. A total of 574 cases were correctly predicted as DR and 802 cases
were correctly predicted as DME. Finally, the confusion matrix of OCTbiO with
FiLM fusion architecture shows that 572 and 757 cases were correctly predicted as
DR and DME, respectively, with 16 and 67 cases misclassified. However, despite
achieving outstanding performance from all three architectures that utilize OCT
images and biomarkers, the real-life applicability for automated diagnosis remains
low because the biomarkers themselves are labels collected by annotators.

6.2.5 Comparative Analysis of all Architectures

All Architecture Metrics Comparison

Before building our architecture, we worked with only one modality too and applied
some pretrained models (ResNet50, EfficientNetB0, Inception V3) on fundus and
OCT images separately. Then we used MLP on the biomarkers. After this, we
developed two distinct architectures, each with its own versions based on the fusion
mechanisms employed. In total, there are 5 models. Then, we built custom CNN
models and added variations with different fusion techniques in various ways. Below
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are comparative metrics (Parameter Count, FLOPs considering end-to-end pipeline,
which includes pre-processing, and Inference Runtime) given in tabular format for
batch size 1 and image size 224x224:

Encoders/Architectures
Parameter

Count
FLOPs

Inference
Runtime

Fundus Encoder 678,668 27.30 G FLOPs 5.299 ms

OCT Encoder (1 OCT
Slice)

279,368 13.90 G FLOPs 2.804 ms

Dual Vision V1 1,746,774 86.80 G FLOPs 19.289 ms

Dual Vision V2 2,568,668 93.43 G FLOPs 19.843 ms

OCTbiO Gated Fused 364,430 27.81 G FLOPs 3.070 ms

OCTbiO MSA Fused 728,330 27.81 G FLOPs 3.143 ms

OCTbiO FiLM Fused 348,170 27.84 G FLOPs 3.265 ms

Table 6.7: Comparison of efficiency metrics

All Encoder/Architecture Accuracy Comparison

The accuracy, F1-score with AUC comparison table is given below:

Modality Model/ Architecture Accuracy F1-score AUC

ResNet50 76.89% 0.794 0.840

Fundus EfficientNetB0 79.22% 0.806 0.856

Inception V3 82.89% 0.855 0.911

Fundus Encoder 55.87% 0.6236 0.5415

Biomarker MLP 84.48% 0.859 0.926

ResNet50 94.24% 0.943 0.969

OCT EfficientNetB0 94.56% 0.942 0.963

Inception V3 95.32% 0.950 0.965

OCT Encoder 94.64% 0.948 0.984

Fundus + OCT Dual Vision V1 95.52% 0.961 0.963

Dual Vision V2 97.39% 0.975 0.974

OCTbiO Gated 91.93% 0.928 0.979

OCT + Biomarker OCTbiO FiLM 94.12% 0.948 0.988

OCTbiO MSA 97.45% 0.978 0.998

Table 6.8: Comparison of evaluation metrics

Implementing pretrained models on fundus and OCT images separately was a
part of our ablation study. For fundus images, ResNet50, EfficientNetB0, and Incep-
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tion V3 achieved accuracies of 76.89%, 79.22%, and 82.89%, respectively. Applying
these models to OCT images only had a better performance of 94.24%, 94.56% and
95.32% accuracy.

Additionally, we developed custom fundus and OCT encoder models, which we
also utilized in our multimodal architecture. The fundus encoder gave an accuracy
of 55.87%, F1-score of 0.6236, and AUC of 0.5415. On the other hand, the OCT
encoder model achieved an accuracy of 94.64%, an F1-score of 0.948, and an AUC
of 0.984. Implementing MLP on OCT Biomarkers showed an accuracy of 84.48%.
However, integrating more than one modality on the same dataset outperforms the
results of a single modality in accuracy, F1-score, and AUC, which proves our claim
that multimodal deep learning improves the overall performance than relying on a
single modality.

The ablation study with single-modality experiments highlights the limitations of
relying solely on fundus, OCT, or biomarkers. The results of the pre-trained models
on OCT slices are better than those on fundus images. Furthermore, the OCT en-
coder also gives a better performance than the fundus-only encoder. This suggests
that OCT slices can capture richer layered structural information and offer greater
reliability for diagnosis. Yet, our custom CNN models, which incorporate modali-
ties, demonstrate that multimodality outperforms the single modality experiments.
Also, surpassing the OCT encoder which already has good performance.

Now, as our multimodal system has a great success in this multimodal ocular dis-
ease research, we explored different architectures and created different versions of
them. OCT slices fused with biomarkers showed an accuracy of 91.93%, 94.1%,
and 97.45%, with an F1-score of 0.928, 0.948, and 0.978, respectively. They also
achieved AUC of 0.979, 0.988, and 0.998, respectively. Our numbers show that our
architectures do show high performance. On the other hand, the OCT biomarkers
are directly annotated from the OCT slices by the experts. Despite good results,
we also need this approach for real-life end-to-end diagnosis. This application has
limited applicability compared to Dual Vision architectures. However, trying and
experimenting with these architectures helped us compare the effectiveness of the
fusion strategies.

Finally, our Dual Vision V1 architecture has 95.52% accuracy, a 0.961 F1-score,
and a 0.963 AUC. These values demonstrate the superiority of multimodal ap-
proaches that utilize both fundus images and OCT slices. The Dual Vision V2
architecture has 97.39% accuracy, a 0.975 F1-score, and a 0.974 AUC. The step
towards multimodality significantly improved diagnostic performance, confirming
the hypothesis that combining fundus and OCT enhances the model’s ability. This
success also highlights the effectiveness of its advanced bi-directional gated fusion
strategy, which ensures balanced feature contributions across multiple OCT slices.
This special gated fusion strategy reduces the biases of earlier slices and captures
both positional relevance from backward and forward traversals. Also, the MSA
enhanced the integration with fundus features. This strategy helped the model fo-
cus on the most critical features through communicating and keeping their spatial
order out of influence. Therefore, Dual Vision V2 architecture provides the most
practical, reliable, and robust solution for DR vs DME classification.
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Qualitative Analysis with existing papers

The currently existing benchmark datasets and research papers generally focus on
binary classification of the presence of DR in imaging data. Chen et al. [29] ex-
perimented with the NASNet-Large pretrained deep learning model on the widely
recognized EyePACS dataset, validating its performance across multiple indepen-
dent datasets and demonstrating generalization. Abdussamed et al. [31] reported
near-perfect results on Kaggle DR and MESSIDOR datasets. Although these studies
proposed capable methods of detecting the presence of DR with less complex and
reproducible architectures, a near-field study of differentiating vision-threatening
macular edema among the DR patients remains less explored. This classification
provides specific insights and richer structural information. Our study aims to fill
this research gap by analysing subtle fluid accumulation and detecting retinal layer-
level distortions. Although the overall complexity of this research’s architecture is
higher, our study addresses a research gap by contributing novel insights. Our study
is important since it supports clinical prioritization and advanced decisions.

Another qualitative component of our study is using a dataset that allows multi-
modality. Numerous works in this medical field have utilized single-modality data.
Bressler et al [74] worked on AI-based autonomous screening for detecting DME
with fundus photography only. While Zhu et al [85] used 7146 3D OCT images to
detect DME presence on DR patients using a 3D CNN. Both of them performed
well with a comparatively high accuracy. However, these approaches extract only
one type of feature information and predict the presence of modular edema among
DR cases. In our ablation study, we executed a similar approach. However, we
found that DR and DME are overlapping diseases. For instance, DME is the vision-
threatening instance on the DR spectrum. So, separating these two classes relying
on a single modality may not fulfill our research objective. Following the successful
contribution of multimodality in the latest deep learning architectures, we tried to
solve the classification using a more insightful approach. Our research aims to pro-
vide more holistic insights into the problem by combining complementary features
from multiple sources. This approach allows the integration of both surface-level
and cross-sectional cues, making it a more robust, reliable, and resilient approach.

Moreover, pretrained models show strong performance in these clinical classifica-
tion tasks. However, for medical-based research, despite having a lower complexity,
custom CNN models have been proven to have less computational overhead than the
pretrained models. The task-specific custom CNN models offer computational effi-
ciency, lower parameters, and FLOPS [63]. Taking this into account, in the ablation
study of this research, pretrained models such as RestNet, EfficientNet, and Incep-
tionV3 were used. With a target of lowering the parameters and making the model
lightweight, in our proposed architecture, we worked with a task-specific custom
CNN model that is domain-specific, fully tailored. By offering us high flexibility,
the models performed well in terms of quantitative metrics.

In short, this research not only considers quantitative parameters but also quali-
tative standards.
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Quantitative Comparison with existing benchmark

The novelty of our research is that our model classifies between DR vs DME in a
multimodal approach. Also, we are using multiple and unique fusion mechanisms
with introducing explainability based on the fusion mechanisms.

Below are comparative tables of our best architecture with the existing works in
related fields.

Study
Experiment

Data
Architecture Accuracy Specificity Sensitivity Test Bed

Prabhushankar
Study [39]

OCT ResNet18 70.15% 0.608 0.794 NVIDIA
GeForce

GTX TITAN
X (12GB)

Biomarker MLP 79.87% 0.826 0.771

OCT +
Biomarker

ResNet18 + MLP with
late fusion

82.33% 0.742 0.904

Our Study

OCT OCT Encoder 94.64% 0.959 0.934

NVIDIA
Tesla P100
(16GB)

Biomarker MLP 84.48% 0.896 0.808

OCT +
Biomarker

OCT Encoder + MLP
with Gated fusion

92.57% 0.964 0.887

OCT +
Biomarker

OCT Encoder + MLP
with FiLM fusion

94.57% 0.972 0.918

OCT +
Biomarker

OCT Encoder + MLP
with MSA fusion

97.47% 0.976 0.973

OCT +
Fundus

Dual Vision V1 95.52% 0.952 0.957

OCT +
Fundus

Dual Vision V2 97.39% 0.988 0.962

Table 6.9: Comparison of evaluation metrics with benchmark

This paper experimented with the OLIVES dataset with multiple strategies. The
RestNet model is used on the OCT images only, which acquired a balanced accuracy
of 70.15%, specificity of 0.608, and sensitivity of 0.794. In comparison, our OCT
encoder provided an accuracy of 94.64%, specificity of 0.959 and sensitivity of 0.934,
which are significantly higher than the current benchmark. Moreover, in this pa-
per, the MLP achieved a balanced accuracy of 79.87%, a specificity of 0.826, and a
sensitivity of 0.771. Our model surpassed this performance again. Our MLP model
has an accuracy of 84.48%, specificity of 0.896, and sensitivity of 0.808. Lastly, this
study fused these two modalities through late fusion or feature-level concatenation.
This strategy enhances its performance by achieving a balanced accuracy of 82.33%,
a specificity of 0.742, and a sensitivity of 0.904. On the contrary, our proposed archi-
tecture with three different fusion strategies achieved a balanced accuracy of 92.57%,
94.57% and 97.47% for gated fusion, FiLM fusion and MSA fusion, respectively. We
significantly surpassed this benchmark in both specificity and sensitivity. Our pro-
posed architectures provide specificities of 0.964, 0.972 and 0.976, sensitivities of
0.887, 0.918 and 0.973 for the three fusion strategies, respectively. The results of
this paper, as well as our OCTbiO architectures, reflect the success in adopting the
multi-modal approach again. However, Prabhushankar’s experiment was conducted
on an NVIDIA GeForce GTX TITAN X with 12GB GPU memory. In contrast, we
used NVIDIA Tesla P100 with 16GB GPU memory. Since these metrics are val-
idated over separate GPU configurations, the comparison may introduce inherent
biases due to memory bandwidth, clock speed and computational capability.

Following the absolute success of our OCT encoder and OCTbiO models over the

79



benchmark of this dataset for the classification, we compared the Dual Vision V1
and V2 architectures with the existing current best work. Although this work did
not work with the fundus images, but our proposed architectures prove that incor-
porating fundus images with the OCT slices provides the best result for diagnosis
with an accuracy of 95.52%, a specificity of 0.952 and a sensitivity of 0.957 for Dual
Vision V1 architecture and an accuracy of 97.39%, a specificity of 0.988, and a sen-
sitivity of 0.962 for Dual Vision V2 architecture.

In all aspects, our proposed model demonstrated strong performance, achieving bet-
ter accuracy and sensitivity than Prabhushankar’s approach, making our research
the new state-of-the-art for DR vs DME classification on the OLIVES dataset.
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Chapter 7

Architecture Explainability

After all numerical results and graphs, we are also showing the visual explainability
of our methods. This visual explainability is based on how each architecture is
made and which fusion mechanism we are choosing here. In computer vision tasks,
the output with visual reasoning is superior to others because it helps the viewer
better understand the decision. Here, for image visuality, we are using Grad-CAM
(Gradient weighted Class Activation Mapping) explainability. This method is widely
used for Explainable AI (XAI) methods [22]. So, using Grad-CAM we can visualize
a heatmap or a focusing area in a certain image. So, we have to pick a layer of our
CNN models and pass its information to Grad-CAM and it will output a heatmap
of the image based on the weights of that certain layer of the CNN model. This
method is used for layer interpretability. In medical computer vision areas, It helps
the clinicians to interpret the models output performance, checking even if the model
is focusing on the right pathologies.

7.1 Dual Vision V1 Architecture Explainability

In the Dual Vision V1 architecture, we have a 4-stage XAI method for whole archi-
tecture interpretation. Each stage is based on how the exact part of the architecture
outputs the correct pathological patterns or not, and even it helps the viewer to un-
derstand or not. Every stage provides us with numerous rich insights that can be
leveraged in the future to refine or tune our architectures for enhanced multimodal
integration.

7.1.1 Stage1: Fundus Explainability

We have a fundus encoder in our Dual Vision V1 architecture, which outputs a
fundus feature vector for each patient. This fundus feature vector represents the lo-
cal highlighted patterns from the fundus images. So, Stage 1 is fully focused on the
fundus features outputted from the fundus encoder. But, since we have a K-fold sys-
tem with 5 different folds, we have different fold models, which are model fold1.pt,
model fold2.pt, model fold3.pt, model fold4.pt and model fold5.pt. So, the explain-
ability will be an ensembled explanation because that gives a better interpretation.
The last layer of our fundus encoder is Conv2D Block 5, and after that, the final
convoluted features enter the next step, so this final layer is the deciding layer for
the fundus encoder. In order to capture the gradient and activations we have a
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forward hook and a backward hook for Conv2D Block 5 layer. The formulas are
given below:

αc = mean over (H,W ) of gradientsc

where αc=Channel Importance

CAM =
∑
c

αc · activationc

where activationc= Channels Activation Map

CAM = ReLU(CAM)

CAMnorm =
CAM−min(CAM)

max(CAM)−min(CAM) + ϵ

where CAMnorm = Normalized CAM

After completing all the calculations, we need to overlay the CAM onto the original
fundus image, which then converts into a heatmap. In the case of 5 folds, we are
averaging the normalized CAM values from all 5 folds for a robust explanation.
Representative fundus image examples are shown below:

Figure 7.1: DME cases stage 1 visualization
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Figure 7.2: DR cases stage 1 visualization

We can see that our fundus encoder is focusing on different patterns for DME
and DR cases. That’s why the Grad-CAM is producing different color patterns for
each class.

7.1.2 Stage2: OCT SCI Explainability

We have an OCT encoder in our Dual Vision V1 architecture, which outputs an
OCT feature vector for each patient. This OCT feature vector represents the local
highlighted patterns from the OCT slices. Now we have a shared OCT encoder for
n OCT slices in the Dual Vision V1 architecture, so if a patient has n OCT slices
for each patient, this encoder outputs n OCT slice feature vectors. So, for each
OCT slice respectively first we have to perform Grad-CAM each time. To clarify, if
we have 5 OCT slices we have to calculate [CAM1, CAM2, CAM3,CAM4,CAM5].
But these are CAM values and our main motive is to calculate a value that tells us
which slice is contributing how much. We have a numerical score which is SCI (Slice
Contribution Index). This score ranges between [0,1] and tells us how much that
specific slice contributed to the model’s decision for any certain class. So, in a 5 OCT
system, we have CAM1−5, we need to calculate the energy of each slice by summing
the CAMi matrix values. After summing, we will get [energy1, energy2, energy3,
energy4, energy5]. The given formula is for CAMi energy and SCIi calculation.

CAM Energy =
H∑
i=1

W∑
j=1

CAM[i, j]

SCIi =
energyi∑5
j=1 energyj

For each slice, we will get a SCIi score value representing OCT slice score values
[SCI1,SCI2,SCI3,SCI4,SCI5]. Now these values are all fraction values between 0
to 1 and we can see that adding all SCIi values will result in 1 because it is a relative
comparison. Below are some SCI values examples:
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Figure 7.3: DME cases stage 2 SCI visualization

Figure 7.4: DR cases stage 2 SCI visualization

We can see that the SCIi changes or varies between each class case. Some
effective cases are:

• Case1: Only group of later slices dominates

• Case2: Only group of earlier slices dominates

• Case3: Only group of earlier with later slices dominates
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• Case4: Only group of Middle slices dominates

This insight can help us in the future to pick on the slices dominance patterns
and pick effective slices that matter for our models to be trained on, so that we do
not have to use redundant slices that can increase training time and computation
power.

7.1.3 Stage3: Attention Fused OCT Explainability

This stage is for after fusion explainability. For Dual Vision V1 architecture, we
are performing an MSA fusion between n OCT slices. So, this fusion mechanism
outputs a final fused vector among n OCT slices. In other words, this fused OCT
feature vector has a mix of all information among n OCT slices. But we have to
know among these slices how much they contributed for the final fused vector. The
formulas are given below:

ffused = Fuse(X) ∈ R512

Here, X is the stack of 5 OCT slices feature vectors. So, ffused is the MSA fused
output.

g =
∂Sc

∂ffused

γ = ReLU(g ⊙ a) ∈ R512

Here, g is the gradient of the ffused vector a is the fused vector activation. Now we
calculate gamma(y) which is the element wise fused vector Grad CAM.

c = W⊤
fc · γ ∈ R128

wi = x⊤
i · c

ŵi =
wi −min(w)

max(w)−min(w) + ϵ

We have W⊤
fc which is the FC layer weight matrix after the fusion and we multiply it

with gamma(y) to get c which is the slice feature space of projected CAM. Now, using
c value, we calculate wi which is weight of that exact slice and then we normalize
it to get ŵi. This weight is the value that tells us how much weight that specific
slice has for contributing for the final OCT fused vector. Below some examples are
shown:
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Figure 7.5: DME cases stage 3 slice weight visualization

Figure 7.6: DR cases stage 3 slice weight visualization
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Looking at the DME and DR cases, we can see that W means the weight value.
Here, the image which has no heatmap or blank means that that specific slice has no
weight so W = 0. It means that specific slice is not at all contributing for the final
fused vector. This tells us that not all slices can contribute to the fusion mechanism.
Some contribute mostly and some do not at all. Since MSA fusion in this method is
about sharing information among slices or communication between slices, here some
for all cases there are some slices which either cannot share their information or do
not have any valuable to offer at all.

7.1.4 Stage4: OCT vs Fundus Gated Explainability

Now, after the fundus feature vector and the fused OCT feature vector, we are per-
forming a gated fusion. According to this fusion, we may need to either fully trust
a single modality or partially trust both modalities. So, each modality has a contri-
bution value here, and exactly what we are showing is each modality’s contribution
value in this stage. We have a fundus contribution value λf and OCT contribution
λo value. The formula below is how the fused gated vector is being calculated:

g = Sigmoid (W · [ffundus, foct]) ∈ R512

ffused = g ⊙ ffundus + (1− g)⊙ foct

Now here ∇ffundus is the fundus feature vector gradient and ∇foct is the OCT fused
fracture vector gradient, we have to calculate each modality energy value by this
given formula:

Efundus =
∑

|∇ffundus · ffundus|

Eoct =
∑

|∇foct · foct|

Now, as we have the energy values, we have to calculate λ f and λ o by the given
formula:

λf =
Efundus

Efundus + Eoct

λo = 1− λf

This λf and λo value is a fractional weight between [0,1], meaning that together
they sum to 1. If the λf is high, then the fundus feature vector has contributed
more in predicting that class, and vice versa for λo. A diagram for DR and DME
cases for gated fusion contribution is given below:
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Figure 7.7: DR and DME contribution stage 4 visualization

We can see that for some DR cases fundus modality has better or equal contri-
bution than OCT slices and on the other hand, for almost all DME cases OCT slices
are fully contributing and dominant. This tells us that the dataset equality and the
fusion mechanism lead us to trust the OCT modality more than the fundus image
and for DR cases, both modality has equal contribution. This contribution value
is a good insight for the clinicians because there will be cases when a pathological
decision needs to be taken after going through three stages will be mixed, where the
last stage can be the cherry on top, giving the viewer a multi-visual point of view.

7.2 Dual Vision V2 Architecture Explainability

In Dual Vision V2 architecture, we have a 2 stage XAI method for whole architecture
interpretation. Each stage is based on how the exact part of the architecture outputs
the correct pathological patterns or not and even it helps the viewer to understand
or not. Every stage provides us with many rich insights that can be used in the
future to modify or tune our architectures for much better multimodal integration.
We are not showing fundus image or OCT slice explanation here because we have
shown that in the Dual Vision V2 architecture stage 1,2. Again, we are performing
a 5 fold ensemble explanation.

7.2.1 Stage1: Gated Fold Explainability

In Dual Vision V2 architecture, we are using a gated fold fusion mechanism for n
OCT slices and this mechanism is different from normal gated fusion. We have a
forward pass and backward pass for n OCT slices, meaning it is a bi-directional
point of view. So, in this stage, we have a forward and backward fold explainability.
In other words, we are going to explain which pass mattered the most for each class
and in that particular pass, which slices contributed how much by showing SCI. For
each step i, we have to calculate the gate logits:

ℓt = W · [ht−1, xt, post] + b+ a · post
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Then, with the value of gate logit we have to calculate the gate activation and state
update:

zt = σ(ℓt), zt ∈ (0, 1)D

ht = (1− zt)⊙ ht−1 + zt ⊙ xt

Now to measure the SCI. Given are the formulas for SCI calculation normalization:

z̄t =
1

D

D∑
j=1

zt,j

∆t = ∥xt − ht−1∥2
SCIt = z̄t ·∆t

ŜCIt =
SCIt∑N
k=1 SCIk

Here, z̄t is the gate strength and ∆t is the Euclidean distance. So, doing this

calculation for both forward and backward pass we get ŜCI
fwd

t and ŜCI
bwd

t . Now,
for forward and backward contribution pie chart, we have their final hidden states
as hfwd

N and hbwd
1 . Now the formulas below are for the final steps:

u =
[
hfwd
N , hbwd

1

]
Starting with the concatenation of the final hidden states, we compute the gate and
later, after merging we get the mean of gates across five folds:

λfwd = mean(g), λbwd = 1− λfwd

Below are some visual examples of DR and DME:

Figure 7.8: DME cases stage 1 forward vs backward pass with SCI visualization
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Figure 7.9: DR cases stage 1 forward vs backward pass with SCI visualization

We can see that for the majority cases the middle slices matter the most, meaning
they carry much more info. But there could be other cases where earlier slice or later
slices matters in a single passing fold. The overlapping bars in forward and backward
slices mean that no matter which direction, that particular slice is important. Then
the pie chart indicated that for almost all cases the backward pass is a little bit
dominating, meaning that the backward sequence of gated fold fusion is giving a
little bit more information than the forward fold pass. This tells us when to rely on
which point of view scanning of multiple OCTs.

7.2.2 Stage2: OCT VS Fundus MSA Explainability

After the OCT fused vector form gated fold fusion, we are fusing the fundus feature
vector with it using an MSA fusion. This fusion is for modality communication and
fused contribution. But we need to see which modality has contributed how much
here. For that, we have to calculate the modality contribution score for fundus
modality (λf ) and OCT modality (λo). For that, the given formulas are how we do
it:
We have input tokens T = [f ; o] ∈ R2×D then we have to perform an attention
calculation using the softmax function based on Q, K and V:

Attn(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V

Then, using this attention value, we have to calculate contribution weights and
normalize them:

cj =
2∑

i=1

Ai,j, j ∈ {0, 1}
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λf =
c0

c0 + c1
, λo =

c1
c0 + c1

As we have the contribution weight, now we can plot them based on the 5 fold
ensemble system. A DR and DME attribution chart is given below:

Figure 7.10: DR cases stage 2 Figure 7.11: DME cases stage 2

Here, we can see that for DR cases, the fundus images contribute less or share less
information. Where, for DME cases is vice versa. The Black bars are the variation
among 5 folds, which means how much the folds disagree. So, we find a pattern of
contribution for each class which is a heart clinical interpretation for the experts to
identify the reasons for that certain class predictions.

7.3 OCTbiO Architecture Explainability

In this architecture, we are trying three different types of fusion. Among them, we
are going to explain only the FiLM Fusion part since gated and MSA explainability
are pretty much the same as the Dual Vision architectures. Talking about FilM, we
are using the biomarker tabular features to modulate the OCT encoder layers. This
is a type of mid-level fusion where the OCT encoder’s performance gets modulated
based on the biomarker densely embedded tabular features. So, here we have two
stage explainability based on the architecture’s workflow.

7.3.1 Stage1: Integrated Gradient Explainability

In stage 1, we have calculated IG (Integrated Gradient) for each biomarker, tabu-
lar and clinical features of each patient. This IG helps clinicians understand which
biomarker tabular values have contributed to the model prediction. In other words,
IG indicates each trait’s contribution to the model’s progression from a baseline pa-
tient to the current patient. Since we have a K-fold system with 5 different folds, we
have different fold models, which are model fold1.pt, model fold2.pt, model fold3.pt,
model fold4.pt and model fold5.pt. So, the IG explainability will be an ensembled
explanation because that gives a better interpretation. Below, the IG calculation
flow is given:

First, we have to pick a reference input as x0 = 0 or x0 = µ, which is the zero
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baseline or mean baseline, respectively. Then we have to gradually slide from base-
line to input and IG by these formulas:

x(α) = x0 + α(x− x0), α ∈ [0, 1].

IGi(x) = (xi − x0,i) ·
∫ 1

0

∂y(x(α))

∂xi

dα

Here, (xi − x0,i)· is the change in the exact feature and with respect to that exact
feature, we have to multiply it by its average gradient. Now, since we have a 5 fold
system where each model is trained on that particular fold, we have to ensemble
average among 5 folds and normalize for plotting. The formula is given below:

IG
(m)
i (x), m = 1, . . . , 5.

IGi,mean(x) =
1

5

5∑
m=1

IG
(m)
i (x),

IGi,std(x) = StdDev
(
IG

(1)
i , . . . , IG

(5)
i

)
.

IGi,disp =
IGi,mean∑
j |IGj,mean|

After all calculations, we will get all IG values related to the Mean and Std (Standard
Deviation). Below we have some DR and DME examples for the IG Explanability.

Figure 7.12: DME cases stage 1 IG visualization

Figure 7.13: DR cases stage 1 IG visualization
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Here, by looking at the IG Values, we can see that for both DR and DME cases
BCVA, CST, DRT/ME, Fully attached vitreous face, Partially attached vitreous face
features have either positive impact or negative impact on the models decision. The
x-axis values are the attribution (IG mean, ±std). Here, blue bars are the IG mean
and the black lines are IG std. The black bars (IG std) mean folds agreement or
disagreement for that particular feature. This helps the clinicals to understand for
which class cases the relevant feature is important or not.

7.3.2 Stage2: Channel Influence Explanibility

Stage 2 focuses on the channel influence explanation. As we know that the FiLM
fusion is responsible for channel modulations, we are using it in our Conv2D Block
3 and Conv2D Block 4. For each layer, there are multiple channels and these chan-
nels are being modulated with the help of FiLM fusion by the tabular biomarker
embedded vectors. First, we have to calculate the channel importance score.

∂yc
∂Ak

ij

αk =
1

H ×W

∑
i,j

∂yc
∂Ak

ij

First, we have to calculate the channel gradient and average it spatially. Here, ∂yc
∂Ak

ij

is the gradient of that channel and αk is the channel k’s Grad-CAM weight. Then
we have to perform a FilM modulation by using this given formula:

Ak 7→ (1 + γk)A
k + βk

• γk = multiplicative scaling (boost or suppress the channel)

• βk = additive shift

sk = αk · (1 + γk)

Lastly, we get sk which is the final score for that particular channel k after con-
sidering the importance of that channel and how FiLM fusion has boosted it or
suppressed it. Some cases are given below for visual explainability:
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Figure 7.14: Stage 2 Conv2D Block 3 channel modulation visualization
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Figure 7.15: Stage 2 Conv2D Block 4 channel modulation visualization
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Here, we can see that the channels are either boosted or suppressed by the
tabular features in Conv2D Block3 and Conv2D Block4. The number of channels
is greater in Conv2D Block4 than in Conv2D Block3. This figure also tells us that
certain tabular features can drift, which channels, and it does not matter if the drift
is negative, meaning suppressed, or positive, meaning boosted, because for a model
to generalize better, both are needed. Here, in the x-axis we have, we have the
final score sk. The left side of 0 on the x-axis indicates that the specific channel is
contributing to the prediction of the class, and the right side of 0 means that the
specific channel is suppressed.
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Chapter 8

Conclusion

8.1 Summary of Findings

This research is based on multimodal DR and DME detection, utilizing image data
and biomarker data that interact with several pre-processing techniques, incorpo-
rating multiple layers of CNN models, and fusing the results from several pipelines.
The previous studies commonly focused only on retinal fundus images or only on
OCT slices. These methods are proven insufficient for patients with a variety of
conditions and other medical complications. From Table 6.9, it is noticeable that
introducing multi-modality with various fusion mechanisms increases this research’s
test accuracy rate for the classification of DR and DME. Additionally, this method
is affordable, reliable, robust, and feasible.

8.2 Contributions to the Field

Proper classification of ocular diseases enables doctors to provide their patients with
adequate treatment. At present, there has been minimal research to distinguish
between DR and DME, as these two diseases overlap. So we aim to contribute to
this medical field with the benchmark accuracy for class identification. The blindness
rate will decrease with this approach because our methodology not only classifies
the ocular condition but also provides a reason for that exact classification. This
research would be helpful for doctors to distinguish between mild and severe DR
patients. Since we are using more than one modality, determining which modality
is most important in each case provides valuable information. It helps clinicians
know when to look into which modality and how to investigate each modality. Our
research provides a visual explanation for clinicians to look into the insights of the
mixed modalities. Also, our research enhances diagnostic accuracy, makes DR and
DME detection more affordable, and establishes a solid foundation for future studies.
In short, this study uses a multimodal strategy for classification and provides visual
explanations.

8.3 Limitations in Our Research

The primary obstacle in multi-modal medical research is the limited number of
datasets. Each sample must contain data for every modality to establish a signifi-
cant relationship between two or more modalities. If a patient only has an OCT or
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fundus image, we can use that single piece of data for classifying their eye condition.
Meanwhile, our research covers a variety of modalities, which is why we need both
OCT and fundus images for every patient. Unfortunately, such multi-modal ocular
data are not widely available. Therefore, it becomes challenging for models to train
smoothly on these unorganized datasets.

We discovered the OLIVES dataset during our research, which contains a signif-
icant number of images with patient occurrences that overlap across modalities.
But the OCT images contain a particular amount of noise and disruption. Thus,
randomly choosing OCT slices does not allow the model to practically prove our
alternate hypothesis that a larger number of OCT slices leads to better accuracy.

Additionally, we fused the OCT modality with the biomarkers and successfully
surpassed the benchmark of the OLIVES dataset. However, the biomarkers are
annotated data created by the annotators who used OCT slices. So, fusing these
two modalities has a limitation in real-life applicability.

8.4 Recommendations for Future Work

In order to obtain more accurate outcomes, our research utilizes the resources of
the well-known public dataset known as OLIVES, which offers real-world data. In
the future, if a hospital is comfortable sharing their ocular database with additional
modalities publicly, researchers can use this knowledge to improve these research
outcomes.

This research’s approach is affordable, but we can further improve its usability and
affordability. Researchers may explore and treat other eye conditions in the near
future using the same methodology. But it is necessary to ensure that the classes
are balanced for every single eye condition when we get additional data.

We primarily classify DME and DR in our current research study. But there are
a lot of additional conditions related to the eye, including RVO, AMD, Glaucoma,
CNV, and CSC. Furthermore, future research can include disease progression anal-
ysis or classification of disease severity level with proper labeled dataset.

In the future, this research can contribute to the software industry. Technology-
based companies can create telemedicine-based software. This will reduce the need
for patients to travel to specialized hospitals, thereby lowering healthcare expenses
and indirect charges such as transportation. An additional feature can be added to
receive clinical decision feedback and integrate the system with the overall clinical
workflow.

The overall outcome of our study opens up many opportunities for other researchers
and provides valuable information for those interested in investigating multimodal
fusion-based approaches.
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