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ABSTRACT

Predicting Branch Retinal Vein Occlusion Development: A Multimodal
Deep Learning Using Pre-onset Retinal Vascular Hemisection Images

Purpose: Branch retinal vein occlusion (BRVO) is a major cause of visual impairment in
working-age individuals. In addition to systemic vascular risk factors, retinal vascular features are
considered predisposing factors for BRVO. However, predicting BRVO occurrence based solely
on retinal vascular features remains elusive. We aimed to develop a deep learning model for BRVO
prediction using pre-onset, metadata-matched pairs of fundus hemisection images.

Methods: We retrospectively collected fundus images obtained before disease onset,
including 27 paired hemisection images from affected and 81 from unaffected eyes, to use as
fundamental learning data. A U-net model was constructed to segment the retinal optic disc and
blood vessels (BVs). Fundus and BV segmented images were divided into upper and lower halves
based on the optic disc center and labeled according to BRVO occurrence. A BV-enhanced
multimodal convolutional neural network model for BRVO prediction was developed using 108
fundus and 108 BV hemisection images.

Results: The BV-enhanced multimodal model achieved an area under the receiver operating
characteristic curve (AUC) of 0.76 (95% confidence interval [CI], 0.66—0.83) and accuracy of 68.5%
(95% CI, 58.9—77.1%), outperforming the unimodal models based solely on fundus (AUC=0.68)
or BV images (AUC=0.72). The multimodal model mainly focused on the retinal vascular arcade,
particularly arteriovenous crossing sites.

Conclusions: Incorporating U-net BV segmentation enabled the development of a deep
learning model for predicting BRVO occurrence using a metadata-matched dataset. The BV-
enhanced multimodal model could predict BRVO occurrence from fundus images. Compiling a
learning dataset of fundus images obtained before BRVO onset through a multicenter study is

expected to improve the model’s predictive performance.

Key words : arteriovenous crossing, blood vessel segmentation, branch retinal vein occlusion,
convolutional neural networks, deep learning, retinal vascular features
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[. INTRODUCTION

Retinal vein occlusion (RVO) is the second most common retinal vascular disorder after
diabetic retinopathy, representing an important cause of visual impairment among the working-age
population.! Branch RVO (BRVO), characterized by the occlusion of one of the main branches of
the central retinal vein, is the most prevalent form, with a reported global prevalence of 4.4 per
1000 individuals and 5-year incidence rate of 0.6% in the United States.?> The severity of visual
impairment due to BRVO largely depends on the location, extent, and duration of the occlusion.
Ischemic BRVO is associated with an average visual acuity of 20/50, while nonischemic BRVO
reduces visual acuity to 20/60.4 Acute BRVO, characterized by intraretinal hemorrhage and
cystoid macular edema, can cause visual field defects, which may spontaneously resolve in some
cases.’ However, chronic macular edema, ischemic maculopathy, and neovascularization, which
are secondary complications of BRVO, can lead to severe and irreversible visual acuity
reduction.5 Despite the use of intravitreal anti-vascular endothelial growth factor agents,
periocular or intravitreal corticosteroids, and laser photocoagulation for managing these secondary
complications, vision recovery remains limited even with aggressive local treatments.®

Old age has been identified as a prominent risk factor for BRVO.” According to prior
research, the development of BRVO is more closely associated with various cardiovascular high-
risk conditions than with ocular factors.! Ocular risk factors for the development of BRVO include
retinal vascular abnormalities, particularly arteriovenous crossing patterns and nicking.®°
Arteriovenous crossing refers to the intersecting of retinal arteries and veins within the retina,
while arteriovenous nicking indicates compression of a retinal vein by a retinal artery. These
vascular abnormalities can cause venous stenosis, increasing the risk for impaired venous flow and
thrombus formation, potentially contributing to BRVO development.'?

Despite the identification of various systemic and ophthalmic risk factors associated with
BRVO, accurately predicting the risk for BRVO occurrence remains challenging. Furthermore,
predicting the location of BRVO onset based solely on fundus images is currently deemed nearly
impossible. In most cases, BRVO is confined to the arteriovenous crossing of either the superior or
inferior vascular arcade of a single eye, with a limited probability of subsequently affecting the
other eye of approximately 10%.'"1? This tendency of BRVO occurring only in specific regions of
one eye may be due to the intraindividual differences in retinal vascular features, particularly in
individuals with specific systemic risk factors. Therefore, we hypothesized that employing deep
learning techniques to extract relevant retinal vascular features from fundus images obtained
before BRVO onset could be used to predict the occurrence of BRVO.

Accordingly, in this study, we aimed to develop a deep learning model that can predict the
occurrence of BRVO through analysis of fundus images. When collecting image data to construct
a deep leaning model, some image data, such as retinal vascular features, may be overlooked due
to various factors, including changes caused by age or systemic diseases like hypertension or
diabetes mellitus. Therefore, we used a metadata-matched hemisection dataset for model
construction. Deep learning using fundus data with matching metadata will be able to predict
BRVO development by focusing on structural factors of retinal images. Identifying potential
predictors of BRVO in fundus images can enable early prediction and promote targeted
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interventions before disease onset. Consequently, the findings of this research are expected to have
significant implications for advancing medical knowledge related to BRVO and improving
personalized preventive care.

I I. MATERIALS AND METHODS
2.1. Study Design and Population

The study was approved by the Institutional Review Board of Severance Hospital (approval
no. 4-2023-1366) and conformed with the tenets of the Declaration of Helsinki. The requirement
for informed consent was waived due to the retrospective design and use of anonymized data.

A retrospective analysis of imaging data was conducted using fundus images obtained before
disease onset in patients diagnosed with unilateral BRVO at the Ophthalmology Departments of
Severance Eye Hospital and Gangnam Severance Hospital between 2005 and 2023. BRVO is a
condition in which the eye presents a retinal hemorrhage or other biomicroscopic evidence of
RVO, such as telangiectatic capillary bed or dilated venous system in one quadrant or less of the
retina drained by the affected vein.'3

The study population included adults aged 20 years and older with healthy fundus
examination results before their BRVO diagnosis. Due to difficulties in identifying vascular
structures on the nasal side of the optic disc in fundus photography centered on the macula, we
selectively included only BRVO cases occurring in the temporal region, the primary vascular
arcade area that feeds the macula. Cases with the presence of other retinal diseases or significant
media opacity that obscures retinal vascular features were excluded from the study population. The
research team directly collected and anonymized fundus images from the institutional database
through the Severance Clinical Research Analysis Portal according to the inclusion criteria,
ensuring the absence of any personally identifiable information. At least two board-certified
ophthalmologists confirmed that the fundus images obtained before and after BRVO onset
belonged to the same person by comparing their blood vessel (BV) and optic nerve morphologies.
Low-quality images of the fundus in which BVs could not be identified were excluded.

We obtained bilateral fundus images of each eligible patient and divided them into upper and
lower halves (hemisections) based on a horizontal line passing through the optic disc center.
Retinal vascular features, including arteriovenous crossing pattern (arterial or venous
overcrossing) and arteriovenous distance, were analyzed using the integrated calipers (Heidelberg
Eye Explore software) in each hemisection image independently. The intersection angles at
arteriovenous crossings were independently measured in each hemisection image using Imagel
software (National Institutes of Health, Bethesda, MD, USA).

2.2 Data Processing

2.2.1. Deep learning model for image segmentation

The overall data processing flow is shown in <Fig 1>. A development set was prepared based
on fundus image data collected from patients with BRVO before disease onset. PyTorch (Python
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library) and Google Colaboratory development environments were employed for deep learning
design and training.

Fundus photography ROI setting

Optic disc segmentation

Four data samples |
were generated
from each eye of

one person.

Follow-up

Vessel segmentation
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<Fig 1> Data processing in a deep learning prediction approach using fundus photography data from
those who showed branch retinal vein occlusion (BRVO) during a follow-up period.

We adopted the U-net deep learning segmentation model to extract optic disc and retinal BV
images and to calculate the position of the optic disc center.'* U-net stands out as a fundamental
deep learning model, demonstrating robust image segmentation capabilities, particularly in the
medical domain. The U-net architecture and related tasks are illustrated in <Fig 2>.
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<Fig 2> Top and bottom separation process of retinal images based on optic nerve location and data
augmentation.

As depicted in Appendix 1, we developed a segmentation model for each task by leveraging
well-known external datasets. BV segmentation was trained using the DRIVE and FIVES
datasets.!>!¢ For optic disc segmentation training, we used the REFUGE challenge dataset.!” Models
trained on these datasets were subsequently applied to the present dataset, resulting in the generation
of BV and optic disc segmented images.

Retinal and BV segmented images were divided into upper and lower halves based on the y-
coordinate of the pixel center of the optic disc segmentation result (Appendix 3). Each hemisection
image was resized into a square with dimensions of 224x224 pixels for deep learning input and used
as one training datum, and labeled according to BRVO occurrence, as verified by follow-up data.
This enabled us to use the conventional deep learning architecture, which has a state-of-the-art
classification performance, without modifying its structure. Subsequently, convolutional neural
network (CNN)-based deep learning classifiers were trained to predict the risk for BRVO occurrence
using the labeled hemisection images.

2.2.2 Deep learning model for predicting BRVO occurrence

Two CNN models were constructed, one utilizing fundus and one utilizing BV hemisection
images (<Fig 3>). Each unimodal model was built using EfficientNetB0 as the backbone, the most
recently employed CNN architecture in this field (Appendix 4).'%!” Each image datum assigned to
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the training set underwent a data augmentation process to mitigate overfitting and enhance the
generalization ability of the prediction model. Various data augmentation methods were applied,
including left and right flipping, random rotation within a +/- 30-degree range, blurring, brightening,
darkening, random noise insertion, horizontal movement cropping, and random enlargement and
reduction within a +/- 10% range.

(A) U-net segmentation models
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Concatenation
networks

Future BRVO . Future BRVO
H”D prediction = I:Il]l:l prediction H
Future BRVO

CNN classifier ‘ CNN classifier prediction
(EfficientNetB0) (EfficientNetB0)
5 D
CNN classifier
(EfficientNetB0)

<Fig 3> Deep learning model architectures used in this study. (A) U-Net for optic disc segmentation
and vessel segmentation. (B) Fundus photography image-based future branch retinal vein occlusion
(BRVO) prediction. (C) Vessel segmentation image-based prediction. (D) Multimodal approach
using both fundus photography and vessel segmentation images.

Subsequently, an additional BV-enhanced multimodal model combining the two image
domains was constructed using a concatenation network following the protocols from previous
studies.?*?! For concatenating the CNN outputs, the last layers of the two trained EfficientNetB0
models for each image domain were substituted with modified fully connected network layers (512,
128, and 52 nodes with dropout) and two SoftMax functions for the two classes (future BRVO
occurrence or not). These functions set the output of the prediction score to a range of zero to one,
corresponding to the prediction probability (Appendix 5). The concatenation network was further
trained using pairs of fundus and matched BV hemisection images.

The EfficientNetBO models were initially pretrained on ImageNet data and then imported into
the workspace. The EfficientNet series trained on ImageNet are models that have achieved state-of-
the-art performance in image classification problems, and the weights of the models are all publicly
available, allowing them to be used in various domain-specific tasks. The models were stably trained
on a small dataset through a transfer learning approach.?? All network training procedures were
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optimized using stochastic gradient descent (SGD) with a momentum algorithm (SGD learning rate
=0.0001) and a mini-batch size of 20 over 100 epochs, which are standard fine-tuning parameters
for transfer learning. Using the gradient-weighted class activation map (Grad-CAM) technique for
each trained EfficientNetBO model, attention maps were generated from the last layers of the
SoftMax and activation convolutional layers. This Grad-CAM visualization indicates whether the
deep learning model was properly trained with a focus on features related to the occurrence of BRVO.
Model development and validation were conducted using PyTorch.

2.3. Statistical Analysis

The segmentation models were assessed using the intersection-over-union (IoU) and Dice
coefficient. The performance of the BRVO prediction models was evaluated using binary
classification metrics, including the area under the receiver operating characteristics curve (AUC),
accuracy, sensitivity, and specificity. Youden’s index was adopted to select the diagnostic threshold,
assigning equal weights to sensitivity and specificity.

As illustrated in <Fig 4>, the performance evaluation of the BRVO prediction models was
conducted using the leave-one-out cross-validation method. This approach involves creating a total
of N models (equals the number of samples), excluding only one sample when building each model,
calculating test set performance with the excluded sample, and averaging the performance of the N
trained models.”* Leave-one-out cross-validation is a technique that avoids random sampling,
providing a better estimate of model performance when the dataset is small. This technique is
effective for evaluate the generalization ability of deep learning models and avoids overfitting and
underfitting when small datasets are used.?* The softmax outputs from each leave-one-out cross-
validation were collected to plot the receiver operating characteristic curve.

No BRVO No BRVO

J AN
..-.“ -

No BRVO BRVO No BRVO BRVO

N EEENENER :
KT EEENER :
Leavel-on_e-out ‘ 1 ‘ 2 | 3 | 4 | 5 ‘ o
validation
EEENENEEER
Performance
I:l : Test set : Training set evaluation
(Data itation

+ Model development)

<Fig 4> Schematic diagram of data processing using leave-one-out algorithm for studying top-
bottom separation and multimodal analysis of retinal images.
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III. RESULTS

Among 2,673 patients diagnosed with unilateral BRVO whose images were initially collected,
only 31 had available unaffected fundus images obtained before BRVO diagnosis. Four patients
were excluded from the training dataset because the retinal BVs in the macula could not be
accurately extracted due to wide-field imaging or poor image quality. Hence, the final training
dataset consisted of fundus image data from 27 patients with BRVO. The demographic and clinical
characteristics of these patients are summarized in Appendix 2. Each fundus image was segmented
into upper and lower halves, referred to as hemisections. Three pairs of unaffected hemisections
were derived for each BRVO-affected hemisection. Consequently, the training dataset comprised 27
hemisections affected by BRVO in the future and 81 paired hemisections that did not develop BRVO.
The matched pair design with metadata control ensured that both BRVO-affected and unaffected
data were collected from the same patients. This approach eliminated the influence of demographic
and systemic clinical factors on the deep learning model analysis. Therefore, it was not feasible to
construct a prediction model, such as logistic regression, using metadata.

<Table 1> presents the performance of the segmentation models. For the BV segmentation task,
the performance of the U-net model trained on data from DRIVE and FIVES was evaluated using
the respective validation sets (Appendix 6). The trained model exhibited IoU and Dice coefficient
values 0f 0.805 and 0f 0.921 in the DRIVE test set, and 0.824 and 0.947 in the FIVES validation set.
For the optic nerve segmentation task, the U-net model trained on the REFUGE set demonstrated an
IoU value of 0.933 and Dice coefficient of 0.962 in the validation set. Using these trained
segmentation models, we successfully generated segmented upper and lower hemisection fundus
and BV image datasets for BRVO prediction. Examples of retinal BV segmentation using the trained
U-net model are shown in <Fig 5>.

<Table 1> Segmentation performance using U-Net for retinal vessel segmentation and optic disc
segmentation.

Model Validation set IoU Dice coefficient
U-net for vessel DRIVE test set ! 0.805 0.921
segmentation FIVES dataset (randomly 0.824 0.947
selected 20% for validation)
16
U-net for optic disc ~REFUGE test set !’ 0.933 0.962
segmentation

ToU, intersection-over-union.
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<Fig 5> Example of retinal blood vessel segmentation results applying the trained U-net model.

The receiver operating characteristic curves, drawn using the prediction results extracted from
the leave-one-out cross-validation, are presented in <Fig 6>. The multimodal model achieved an
AUC value of 0.755 (95% confidence interval [CI], 0.664—0.829), outperforming the two unimodal
models based on fundus and BV hemisection images, which achieved AUC values of 0.684 (95%
CI, 0.588-0.771) and 0.718 (95% CI, 0.623-0.800), respectively. All three models demonstrated
significant predictive power for BRVO (P < 0.05), with 95% CI intervals of the AUC values of
random sampling greater than 0.5.
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<Fig 6> Leave-one-out validation performance of the developed models to predict BRVO.
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development. (A) Receiver operating characteristics (ROC) curves comparison. (B) The ROC curve
of the multimodal deep learning prediction model.

The details of the performance evaluation of the prediction models are presented in
<Table 2>. The BV-enhanced multimodal CNN model demonstrated the highest accuracy
of 68.5% (95% ClI, 58.9-77.1%), with a sensitivity of 77.8% (95% CI, 57.4-91.4%) and
specificity of 65.4% (95% CI, 54.0-75.7%). The accuracy, sensitivity, and specificity of
the unimodal CNN models were 45.4% (95% CI, 35.8-55.2%), 100.0% (95% CI, 87.2—
100.0%), and 27.2% (95% CI, 17.9-38.2%) for the fundus image-based model, and 50.0%
(95% CI, 40.2-59.8%), 100.0% (95% CI, 87.2—-100.0%), and 33.3% (95% CI, 23.2-44.7%) for the
BV image-based model, respectively.

<Table 2> Leave-one-out validation performance of the developed models to predict future branch
retinal vein occlusion.

Deep learning AUC Accuracy Sensitivity Specificity
models (95% CI) (95% CI) (95% CI) (95% CI)
CNN based on 0.684 45.4 100.0 27.2
fundus images  (0.588-0.771) (35.8-55.2) (87.2-100.0) (17.9-38.2)
CNN based on 0.718 50.0 100.0 333
vessel images (0.623-0.800) (40.2-59.8) (87.2-100.0) (23.2-44.7)
Multimodal 0.755 68.5 77.8 65.4
CNN (0.664-0.829) (58.9-77.1) (57.4-91.4) (54.0-75.7)

AUC, area under the curve; CI, confidence interval; CNN, convolutional neural network

<Fig 7> presents model attention maps based on the Grad-CAM technique in the prediction of
BRVO. Each hemisection of the fundus and BV segmented images was analyzed to visualize where
the model focused. In 74.1% of true-positive BRVO cases among hemisection BV images, the
decision was made by focusing on the retinal vascular arcades, including the arteriovenous crossing
site (Grad-CAM signal more than 0.75). However, in the remaining cases, no specific pattern was
identified. As depicted in <Fig 8>, arteries and veins crossed at small angles in the retinal vascular
arcade, and a coarse BV segmentation area at the crossing site was frequently associated with BRVO
occurrence. To further analyze the deep learning model’s focus on the arteriovenous crossing area,
we examined all arteriovenous crossing angles in each hemisection. The average arteriovenous
crossing angle was 21.9 + 13.3° in the area where BRVO occurred, 33.2 + 20.8° in the counter
hemisection, and 31.3 + 11.6° in the contralateral eye. The angle in the area where BRVO occurred
was significantly smaller than that in the counter hemisection (P=0.0391) and the average of the
contralateral eye (P=0.0072).
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<Fig 8> Input fundus image, retinal blood vessel segmentation image, and prediction result of the
final multimodal deep learning model. True positive, false positive, false negative, and true negative
cases were sampled.

IV. DISCUSSION

In this study, we developed a multimodal deep learning model enhanced by retinal BV
information for predicting BRVO using fundus images collected from patients who later developed
BRVO. We could predict future BRVO occurrence in pre-onset healthy eyes by analyzing retinal
vascular features alone, using paired fundus hemisection datasets. This paired hemisection dataset
was perfectly matched in terms of metadata, enabling the development of deep learning models that
focus exclusively on the retinal vasculature structure. The multimodal model predicted BRVO
development with fairly high accuracy, primarily by focusing on retinal vascular features. Our BV-
enhanced multimodal model has two main features in design. First, we utilized U-net to segment
retinal BVs; this allows the CNN model to focus on the running structure of arterial and venous
vessels, known to be associated with BRVO occurrence.8 Second, the unimodal models predicted
BRVO from either the fundus or BV segmented images; on the contrary, the BV-enhanced
multimodal model used a combination of both predictions. The clinical significance of this study
lies in the creation of a model capable of predicting BRVO occurrence based on normal fundus
images. Because we used fundus images obtained before BRVO onset as training data, the
segmentation models were developed from a dataset adjusted for age and cardiovascular disease risk.
Although the accuracy of the unimodal models in predicting BRVO occurrence was not high, the
BV-enhanced multimodal model demonstrated a significant improvement in prediction performance.

The strength of this study is that we used fundus images of patients with confirmed diagnosis
of BRVO obtained before disease onset and leveraged deep learning to extract vascular structural
features—known risk factors for BRVO—for prediction. Studying the morphological features of
retinal BVs in eyes with developed BRVO is challenging due to the tortuous dilation, capillary
nonperfusion, collateral formation, and obscuration by retinal hemorrhage and edema.! Previous
cohort studies have prioritized cardiovascular risk factors over the morphological features of retinal
BVs in relation to BRVO development.?>2” However, with advancements in technologies like
optical coherence tomography (OCT) and OCT angiography, morphological characteristics such as
vascular crossing or stenosis were found to be significant risk factors for BRVO.?%2° Moreover, this
study is strengthened by the composition of the training dataset, which consisted of paired fundus
hemisection images from the same patient, presenting both BRVO-affected and unaffected areas.
This allowed us to focus on the structural aspects of retinal BVs within data that was perfectly
matched for metadata. The significance of this approach is that it facilitated metadata-matched deep
learning prediction. Considering that BRVO is significantly influenced by age and systemic chronic
diseases, the design of this dataset addressed critical challenges commonly faced by deep learning
models analyzing fundus images.

According to the Grad-CAM analysis and prediction results, the deep learning model in this
study predicted BRVO occurrence mainly by focusing on arteriovenous crossings at acute angles.
This pattern is particularly prominent in the CNN prediction results based on BV segmented
hemisection images. BRVO development has been associated with venous compression at sites of
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arterial or venous overcrossing at arteriovenous intersections.>?*3° Previous retrospective studies
analyzing fundus images obtained before BRVO onset have identified specific BV characteristics in
cases where BRVO occurred, including arteriovenous crossings, smaller arteriovenous crossing
angles, double vessel crossings with venous stasis, and crossings near retinal vein bifurcation.®!°
Quantitative analysis of each of these morphological BV features in individual fundus images is
challenging, but these features could be learned from images using the BV-enhanced multimodal
deep learning algorithm for predicting BRVO.

When evaluating the performance of the multimodal model for BRVO prediction, we observed

instances of false-positive and false-negative predictions (<Fig 8>). Predicting the occurrence of a
disease, usually influenced by various factors, using limited biomarkers is a challenging task. As
our goal was to predict BRVO occurrence solely through deep learning extraction of vascular
features from fundus images, other demographic and clinical factors were not considered. Generally,
incorporating correlated covariates as learning data can enhance the prediction accuracy of the
model. Nevertheless, in this study, the number of patients with fundus examination completed before
BRVO onset was rather small, resulting in a small learning dataset; thus, various covariates could
not be considered.’! The diminished predictive power of the model is also attributed to the low
quality of fundus images. As depicted in <Fig 8>, incomplete retinal BV segmentation occurred in
blurry or dark areas of the images. Moreover, accurate segmentation of retinal BVs was hindered by
interference from visible choroidal vessels, even in eyes with myopic retinal changes.
In this study, the BRVO prediction performance significantly improved with a multimodal method
enhanced by BV segmentation. The approach of dividing and extracting necessary image
information using U-net and then adopting a multimodal strategy instead of directly analyzing the
original image using CNN has demonstrated great efficacy in previous studies on medical image
analysis.’> With deep learning models using OCT images, higher accuracy in predicting retinal
diagnosis was achieved by segmenting the normal retinal layer and lesion area.’® Even in glaucoma
diagnosis models using fundus images, the diagnostic performance could be enhanced through a
multimodal approach involving an optic nerve segmentation model.>* The method of obtaining
overall higher performance on limited datasets by combining the image pattern recognition ability
of CNN with the structural segmentation ability of U-net can be extended to various diagnostic areas
in the future.

The primary limitation of this study lies in its foundation on a small development dataset for
deep learning-based research. Developing models with limited datasets often raises concerns
regarding potential performance limitations and the risk of overfitting. To mitigate these issues, our
approach utilized bilateral fundus divided into upper and lower halves, forming a metadata-matched
paired dataset. This method enabled pairing each BRVO-affected hemisection with three unaffected
hemisections, thereby quadrupling the dataset while maintaining control over metadata other than
the images. Data augmentation was also leveraged, applying ten transformations to all input images
to maximize both the quantity and diversity of the training data. Despite these efforts on the dataset,
the overall size of the training data remained relatively small for the demands of deep learning. To
address these constraints, the study employed several strategies throughout the model development
process. A multimodal approach was implemented to incorporate retinal blood vessel features as
crucial supplementary information alongside fundus images. The use of EfficientNetBO, pre-trained
on ImageNet, facilitated stable learning from the small dataset. Furthermore, transfer learning was
applied in the segmentation of retinal blood vessels, employing a proven U-net segmentation model
trained on an external open dataset to generate accurate retinal blood vessel images from our limited
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number of fundus images.

Given the rarity of pre-onset fundus photographs for BRVO, it is noteworthy that this study
was able to compile a significant dataset spanning 19 years of medical records from two institutions.
This effort marks an important step towards developing a predictive model for BRVO, laying the
groundwork for future research. With the potential to gather more extensive data from multicenter
studies or health examination databases, there is an optimistic outlook for enhancing the accuracy
and clinical applicability of the model using the presented multimodal framework. Future research
could also explore various methods for integrating the two unimodal structures, as well as
developing an advanced segmentation model that can distinguish between retinal arteries and veins,
thereby further refining the model’s predictive capabilities.

V. CONCLUSION

The present study demonstrated the feasibility of predicting BRVO occurrence through BV-
enhanced multimodal deep learning analysis of retinal BV features in fundus images using a paired
hemisection dataset. Collecting fundus images before BRVO onset posed challenges but provided
valuable learning data. The multimodal architecture was adopted to focus on utilizing structural
information of retinal BVs, achieved through BV segmentation based on transfer learning pretrained
on the appropriate open datasets. While the prediction performance was not exceptionally high, we
verified the potential for predicting BRVO risk using only fundus images obtained under normal
conditions. Consistent with existing knowledge, we identified the importance of vascular structures,
particularly the arteriovenous crossing area, for BRVO prediction. Incorporating the U-net
segmentation model, grounded in medical evidence, contributed technically and academically to the
deep learning prediction of a major retinal vascular disease, BRVO. Collecting sufficient data
through multicenter studies or population-based surveys, with separate extraction of retinal arteries
and veins and consideration of cardiovascular risk factors, holds promise for developing a more
accurate BRVO occurrence prediction model.
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APPENDICES

APPENDICES 1. Datasets used to develop model for fundus image segmentation tasks.

Task Segmentation Summary
training dataset

Vessel segmentation DRIVE dataset Fundus photographs and matched
(Digital Retinal binary vessel images

Images for Vessel
Extraction) 1

Total 40 pairs (20 for training and 20
for test)

FIVES dataset '¢

Fundus photographs and matched
binary vessel images
Total 800 pairs

Optic disc segmentation

REFUGE dataset
(optic disc detection)
17

Fundus photographs and matched
binary optic disc images

Total 400 pairs (320 for training and 80
for test)

17



APENDICES 2. Demographics and clinical characteristics of the study population (N = 31).

Age, years 69.6+11.3
Gender, female 20 (65)
Underlying comorbidties and past history, N

Hypertension 18 (58)
Diabetic mellitus 10 (32)
Hyperlipidemia 7(23)
Cardiovascular diseases 8 (31)
Cerebrovascular diseases 5(16)

Any cancer history 6 (19)
History of anti-coagulant use 8 (26)
Ever smoking* 3(9.7)
Ophthalmological information for affected eyes

Presenting visual acuity, logMAR 0.38+0.41
Spherical equivalent, diopters -0.80 +2.29
Intraocular pressure, mmHg 150+£5.2
Complications associated with BRVO, yes

Macular edema 23 (74)
Retinal ischemia 7 (23)
Neovascularization 1(3.2)
Vitreous hemorrhage 1 (3.23%)
Pattern of BRVO lesions

Laterality, right 14 (45)
Location

Superotemporal 18 (58)
Inferotemporal 13 (42)
Mean area, mm? 193+ 11.8

Distance from the optic disc center of the starting point, pm

20349 +£1217.5

Optical coherence tomography parameters

Central macular thickness, pm 427.3 +166.1
Subfoveal choroidal thickness, pm 204.6 + 121.8
Fundus fluorescein angiography parameters

Area of nonperfusion area, disc diameters 0.6+£1.6
Ischemic maculopathy, yes 5(16)

Continuous variables are presented as means and standard deviations, while categorical variables
are presented as frequencies and percentages. *Smoking at least 100 cigarettes in his/her lifetime.
BRVO, branch retinal vein occlusion; LogMAR, the Logarithm of the Minimum Angle of
Resolution.
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APENDICES 3. Centroid coordinate extraction to create image hemisections after optic

disc segmentation.

- I; X
: X Vi
¥ i Yeenter = Z : A .

i=1

YCEYL[ET

19

y;= pixel height

I; = 1, if inside optic disc area
= 0,if not

A = total area of optic disc



x4

x3

x2

Fundus hemisection image

APENDICES 4. Network architecture of EfficientNetBO for analysis of fundus

hemisection images.
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APENDICES 5. Network architecture configuration of concatenation network for
multimodal analysis for hemisection fundus and blood vessel images.

224 x 224 pixels

EfficientNetBO

Global average pooling

Fully connected layers
Softmax function

T 1280

Future BRVO
Dropout Dropout

" Dropout

Global average pooling

EfficientNetBO

224 x 224 pixels
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APENDICES 6. Example of segmented image results from DRIVE dataset using trained
U-net model.

0 0
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0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
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