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ABSTRACT 

Purpose: Diabetic macular edema (DME) is a primary cause of irreversible vision loss in 

individuals with diabetes mellitus (DM). We aimed to develop and validate a deep-learning (DL) 

based system that can classify DME (center-involved DME [CI-DME], non-CI-DME or normal), 

and non-DME retinal abnormalities (presence or absence of other retinal abnormalities) obtained 

from three types of commercially available optical coherence tomography (OCT) devices. 

Methods: Two versions of multi-task networks, one based on 3D ResNet34 and one based on 

2D ResNet18, with uncertainty-driven deep multiple instance learning (UD-MIL) pipelined for 

images obtained from 3 commercially available OCT devices, were trained for classifying DME 

and other retinal abnormalities in the training/validation dataset of 73,746 OCT images (3,788 

volumetric scans from Cirrus HD-OCT, 30,515 B-scans from Spectralis OCT, and 39,443 B-

scans from Triton OCT) from 2,444 eyes of 1,238 subjects with DM from Hong Kong. External 

testing was performed on 7 unseen datasets of 26,981 images (3,218 volumetric scans from 

Cirrus HD-OCT, 18,295 B-scans from Spectralis OCT, and 5,468 B-scans from Triton OCT) 

from 3,402 eyes of 1,868 subjects with DM from Singapore, Hong Kong, US, China, and 

Australia. 

Results: For the classification of presence versus absence of any DME, the DL system achieved 

the area under the receiver operating characteristic curve (AUROC) of 0.937, 0.958, and 0.965 in 

primary datasets obtained from Cirrus, Spectralis, and Triton OCTs, respectively, and 

AUROCs > 0.906 in external unseen datasets. For classifying CI-DME versus non-CI-DME, the 

AUROCs were of 0.968, 0.951, and 0.975 in primary datasets obtained from Cirrus, Spectralis, 

and Triton OCTs, respectively, and AUROCs >0.894 in the external datasets. In addition, the DL 

system classified presence versus absence of other retinal abnormalities with AUROCs of 0.948, 



0.949, and 0.938 in primary datasets obtained from Cirrus, Spectralis, and Triton OCTs, 

respectively, and AUROCs >0.898 in the external datasets.   

Conclusion: The excellent performance achieved with this multi-task DL system for automated 

classification of DME and other retinal abnormalities in OCT images, highlighted its potential as 

an efficient and effective DME screening tool that can save resources and speed up workflow 

substantially.



INTRODUCTION 

Diabetic macular edema (DME), a primary cause of irreversible vision loss in individuals with 

diabetes mellitus (DM), can develop at any stage of diabetic retinopathy (DR).1 Routine 

screening, mostly based on single or two fields of retinal photographs, for early detection and 

timely treatment of DME and advanced stage of DR, is essential in diabetic eye care.2-8 Notably, 

eyes with center-involved DME (CI-DME) are more likely to have visual impairment compared 

with those with non-CI-DME, and different management strategies (e.g. intraocular injections of 

anti-vascular endothelial growth factor [VEGF] and corticosteroids) were proposed to gain better 

visual prognosis.9 However, DME is a 3-dimensional (3D) condition that involves edematous 

thickening of the macula; screening for DME using fundus photographs are leads to very high 

false-positive rates (e.g. >86% in Hong Kong and >79% in UK) and cause suspected DME cases 

to be unnecessarily referred to ophthalmologists.10, 11 These unnecessary referrals should 

therefore be reduced, allowing limited specialist resources to be better utilized and hospital wait 

times to be shortened, thereby more efficiently managing diabetic eye complications in the 

community. 

Spectral-domain or Fourier-domain optical coherence tomography (OCT), imaging 3D layered 

retinal structure within seconds non-invasively, is widely used as a tool to detect and manage 

DME in eye clinics and is being piloted for screening DME in the screening programs.12-14 

However, identification of DME from OCT still requires expertise from ophthalmologists or 

professional graders by reviewing cross-sectional OCT B-scan images slice-by-slice manually 

from the volumetric data cube as there is no information regarding specific eye diseases from 

current OCT classification and artifacts on OCT scans are common. In addition, the current 

diagnostic capability based on retinal layered thickness (e.g. macular thickness, central subfield 



thickness) and built-in normative databases may not be entirely reliable, as OCT-measured 

thickness is affected by various factors including demographic (e.g. age), ocular anatomy (e.g. 

length of eyeball) and image quality.15, 16 Furthermore, the OCT-measured thicknesses cannot 

compare across OCT modalities because of the different implanted algorithms and the normative 

databases derived from different populations.17, 18  

Automated grading systems based on deep-learning (DL) technologies for DME detection and 

segmentation of fluid in DME from OCT images have been developed over the last few years.19-

25 These studies demonstrated that the proposed DL algorithms could detect DME from OCT 

images, and it has potential to enhance clinical workflow by improving availability of 

professional graders through automated image interpretation.19 However, these proposed DL 

algorithms were mainly trained and tested by images obtained from OCT devices in their own 

centers, with a lack of external datasets to test for further generalizability. In addition, treatment 

and management strategies for DME eyes involving or not involving the center of the macula is 

different.1, 26 Further classification into CI-DME and non-CI-DME among eyes with DME 

during screening will help to triage patients into different referral intervals or specialized clinics 

efficiently.  

In this study, we developed a novel multi-class DL system, applying segmentation-free 

classification approach, for automated classification of DME from OCT images obtained from 3 

commercially available OCT devices (Cirrus HD-OCT, Spectralis OCT, Triton OCT). 

Specifically, according to different scanning protocols in each device, we first trained a DL 

convolutional neural network (CNN) using 3-dimensional (3D) volumetric images from Cirrus 

HD-OCT, and another CNN using a series of 2-dimentional (2D) images from Spectralis OCT 

and Triton OCT for the classification of DME, with further classification of CI-DME or non-CI-



DME. Second, we also trained CNNs to detect retinal abnormalities other than DME (e.g. 

epiretinal membrane, drusens, central serous retinopathy, macular hole) using images from these 

3 OCT devices.  

METHODS 

Datasets 

Primary Dataset 

The primary dataset for training, testing and primary validation was retrospectively drawn from 

the Chinese University of Hong Kong-Sight Threatening Diabetic Retinopathy (CUHK-STDR) 

study from November 2015 to June 2019, which were an observational clinical study for 

studying DR in subjects with type 1 or type 2 DM recruited from CUHK Eye Centre, Hong Kong 

Eye Hospital, Hong Kong.27 We extracted macular OCT images which obtained with the 

following devices and protocols from all participants in the CUHK-STDR study: 1) Cirrus HD-

OCT 4000 (Carl Zeiss Meditec, Dublin, CA) with 6mm × 6mm 3D macular cube (128 B-scans, 

512 A-scans each over 1024 samplings) scanning protocol; 2) Spectralis OCT (Heidelberg 

Engineering, Heidelberg, Germany) with high-resolution 6.3mm × 6.3mm (25 B-scans, 1024 A-

scans each) and high-speed 6.5mm × 4.9mm (19 B-scan, 1024 A-scan each) scanning protocol; 

and 3) Triton OCT (Topcon, Inc, Tokyo, Japan) with high-resolution radial 9mm × 30◦ (12 B-

scans, 1024 A-scans each) scanning protocol. 

External Testing Datasets 

We additionally obtained 7 independent retrospectively collected datasets of OCT images from 

different centers from patients with type 1 or type 2 DM to validate the performance of the DL 



system in classification of DME and other retinal abnormalities (i.e., non-DME retinal 

abnormalities). These include: 

External datasets 1, 2, and 3 (referred as External-1, -2, and -3) were collected from the Singapore 

Integrated Diabetic Retinopathy Programme (SiDRP), Singapore; the eye clinic in the Alice Ho 

Miu Ling Nethersole Hospital (AHNH), Hong Kong; and the Byres Eye Institute at the Stanford 

University Medical Center, USA, respectively, using Cirrus HD-OCT with the same scanning 

protocol as the primary dataset. 

External datasets 4, 5 and 6 (referred as External-4, -5, and -6) were collected from the eye clinics 

of the AIER medical group at Guangzhou, China, the Westmead Hospital, Sydney, Australia; and 

the United Christian Hospital (UCH), Hong Kong, respectively, using Spectralis OCT with the 

same scanning protocols as the primary dataset.  

External dataset 7 (referred as External-7) was collected from the retina clinic of Joint Shantou 

International Eye Center (JSIEC), Shantou, China, using Triton OCT with the same scanning 

protocol as the primary dataset.  

Ground truth labelling 

All de-identified OCT scans were labeled by trained doctors in the CUHK Ophthalmic Reading 

Centre, following reference standard and grading definitions. The positive cases were 

adjudicated by a panel of retina specialists.   

A gradable image was defined as good image quality (artifacts free) to assess macular 

morphology. An acceptable image was defined as fair quality due to artifacts (e.g., low signal 

strength, signal loss and poor centration) but macular morphology was still assessable for 

subsequent pathology labelling. An ungradable image was defined as poor and insufficient image 



quality due to any artifacts that macular morphology cannot be assessed. Ungradable images 

were not included in the training. 

Presence of DME was defined as an apparent retinal thickening or hard exudates in the macula 

from clinical examination. Among eyes with DME, CI-DME was defined as a retinal thickening 

in the macula that involved the central subfield zone (1-mm in diameter); non-CI-DME was 

defined as a retinal thickening in the macula that did not involve the central subfield zone.28 

Retinal thickening was defined according to DRCR.net protocol-defined thresholds (≥ 320µm 

for men or ≥305µm for women on Heidelberg Spectralis; ≥305µm for men or ≥290µm for 

women on Zeiss Cirrus) or Moorfields DME study (≥350µm on Topcon OCT). 

Presence of other retinal abnormalities was defined as an abnormal appearance on OCT other 

than DME (e.g., age-related macular degeneration, epiretinal membrane, central serous 

retinopathy, and macular hole, etc.).  

The study presented here was conducted in accordance with the 1964 Declaration of Helsinki 

and was approved by the local research ethics committees. Because it was a retrospective 

analysis of fully anonymized OCT images, informed consent was not required. 

Development of the deep learning system 

Multi-task Convolutional Neural Networks 

In this study, we designed two versions of multi-task network with uncertainty-driven deep 

multiple instance learning (UD-MIL) pipelined for OCT data obtained from different OCT 

devices.29 Specifically, a 3D multi-task CNN was built for analyzing 3D OCT volumetric scans 

imaged by Cirrus HD-OCT, and a 2D multi-task CNN was built for analyzing a series of 2D B-

scan images obtained from Spectralis OCT and Triton OCT. Figure 1 illustrates the architectures 



of the CNNs, consisting of three components: a shared feature extraction module, a “DME 

classification” module, and an “other retinal abnormalities classification” module. In both two 

types of the network, we employed the residual network (ResNet) as the backbone. For the 3D 

CNN, we used a 3D version of the ResNet-34 with the last fully connected layer removed as the 

feature extraction module. Note that the kernel size in the original setting was halved to reduce 

the computational cost. In terms of the 2D CNN, we employed ResNet18 with the last fully 

connected layer removed as the feature extraction module.  

In the modules, the fully connected layer with softmax activation accepts feature from the feature 

extraction module and outputs class probabilities. Our 3D network and 2D network were trained 

by minimizing the objective function L below: 
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where LDME is the cross-entropy loss for DME classification task, and LABNis the binary cross-

entropy losses for the abnormality classification task, θ = 9 are the model parameters, x is the 

input image, yDME and yABN are the corresponding labels for DME and abnormality, respectively. 

C is the number of classes (i.e., 3) in the DME classification task. A regularization term is added 

to the objective function to prevent the overfitting problem. λ controls the trade-off between the 

loss terms and the regularization term, which is set as 3×10-5. 

Our CNNs were implemented using Keras package (https://keras.io/) and Python working on a 

workstation equipped with 3.5 GHz Intel (R) Core (TM) i7-5930K CPU and GPUs of Nvidia 



GeForce GTX Titan X. The learning rate was set as 0.0001. The weights of the networks were 

optimized with Adam stochastic gradient descent algorithm. 

The predications of the 3D CNN are at per-volumetric scan level. For the 2D CNN, the 

predictions are at B-scan level. To obtain subsequent per-volumetric scan level results for 

Spectralis OCT and Triton OCT by the 2D CNN, we applied a presence-based strategy: 1) If 

there are any B-scan images predicted as CI-DME, the whole scan is classified as CI-DME; 2) If 

1) does not hold, and there is at least one B-scan image predicted as non-CI-DME, the whole 

scan is classified as non-CI-DME; 3) If both 1) and 2) do not hold, the whole scan is classified as 

no DME.   

Data pre-processing and data augmentation 

For the 3D volumetric scan obtained from Cirrus HD-OCT, we first applied the Otsu’s method,30 

a traditional automatic image thresholding algorithm, to obtain the region of interest (ROI) (i.e., 

the retina area) in the volumetric data. It can enforce the network to focus more on learning 

discriminative patterns without the disturbance caused by other irrelevant areas. Besides, it can 

dramatically reduce the computational cost. The input size of our 3D DL system was set as 128 × 

512 × 512, we applied random cropping or zero paddings to the ROIs during the pre-processing 

phase.  

For the 2D OCT B-scan images obtained from Spectralis OCT and Triton OCT, we set the input 

size of our 2D CNN as 496 × 496 × 3 and 992 × 1024 × 3, respectively. Resizing was applied to 

the images obtained from Spectralis OCT as two scanning protocols were used. 

We further applied standardization and normalization on all input data (both 3D volumetric scans 

and 2D B-scans).  More concretely, we standardized the input data to have zero mean and unit 



variance, and then normalized them to the range of [0, 1]. For the primary dataset in each OCT 

device, we split them for training (60%), testing (20%), and primary validation (20%) at random 

at the patient level. 

During the training phase, we used data augmentation techniques (i.e., random flipping at all 

axes) to enrich the training samples, which was able to alleviate the over-fitting problem. 

Heatmap generation 

We employed a widely-used technique, the Class Activation Map (CAM),31 to generate the 

heatmaps, which can highlight the discriminative object parts detected by the CNN model. More 

specifically, the CAM of a particular class implies the informative image regions used by the 

CNN to identify that class. We projected back the weights of the output layer (predicted class 

scores) on to the convolutional feature maps ahead of the global average pooling layer. Each 

value at the spatial location denotes the unit of the presence of a certain visual pattern. Therefore, 

the CAM is exactly the weighted linear sum of the presence of these visual patterns at different 

spatial locations. As the CAM has a smaller size than that of the input image due to the 

convolution and pooling operations, we simply up-sampled the CAM to the original input size. 

In this manner, we could readily identify the image regions most relevant to the particular class.  

For better visualization, we used the Python library Matplotlib32 to plot the CAM overlapped 

with the corresponding original input B-scan by adjusting the transparency. In particular, for the 

OCT volumetric scan imaged by the Cirrus device, we first produced the heatmaps of the B-scan 

images, then we utilized Fiji, a popular image processing package bundling a range of plugins,33 

to ensemble these B-scan heatmaps from the same volume into the 3D heatmap. Due to the large 

number of B-scan images in each Cirrus OCT volumetric scan, it takes a much longer time and 



much more computational power to process a single OCT volumetric scan than a B-scan imaged 

by Heidelberg or Triton OCTs, resulting in difficulties to generate heatmaps of Cirrus OCT 

volumetric scans.  

Statistical analysis 

Wilcoxon rank sum test was used for numerical data, and the chi-square test was used for 

categorical data to analyze demographic characteristics of all the participants and data variances 

of different datasets. Area under the receiver operating characteristic curve (AUROC) with 95% 

confidence intervals (CI), sensitivity, specificity, and accuracy were used to evaluate the 

discriminative performance (presence or absence of DME, CI-DME or non-CI-DME, presence 

or absence of other retinal abnormalities) of the DL system. The statistical analyses were 

performed by RStudio Version 1.1.463 (2009-2018 RStudio, Inc.). All the hypotheses tested 

were 2-sided, and a p-value of less than 0.05 was considered as statistically significant. Each 

validation dataset in this study was weighted with ranges of 2%–92%, 57%-94%, and 3%-26% 

positive cases for presence of DME, CI-DME, and other retinal abnormalities, respectively. To 

detect an AUROC of 0.7 or greater with more than 80% power (α 0.05), we estimated that 17-

174, 36-252, and 17-23 cases would be needed for each dataset.  

 

RESULTS 

A total of 100,727 OCT images (7,006 volumetric scans from Cirrus HD-OCT, 48,810 B-scans 

from Spectralis OCT, and 44,911 B-scans from Triton OCT) from 4,261 eyes of 2,329 subjects 

with DM were used for training, testing, primary validation and external testing. Table 1 shows 

the characteristics of the study participants in each dataset. 



Table 2 shows the discriminative performance of the DL system for DME classification 

(presence vs. absence of DME) in primary and external testing datasets. In primary dataset, the 

DL system achieved the AUROCs of 0.937 (95%CI, 0.920-0.954), 0.958 (95%CI, 0.930-0.977), 

and 0.965 (95%CI, 0.948-0.977), with sensitivities of 87.4%, 92.7%, and 94.3%, specificities of 

100%, 98.9%, and 98.6%, and accuracies of 96.4%, 96.3%, and 96.9% in images obtained from 

Cirrus, Spectralis, and Triton OCTs, respectively. For classifying CI-DME and non-CI-DME 

among eyes with any DME, the DL system achieved AUROCs of 0.968 (95%CI, 0.940-0.995), 

0.951 (95%CI, 0.898-0.982), and 0.975 (95%CI, 0.947-0.991), with sensitivities of 95.8%, 

92.3%, and 98.9%, specificities of 97.8%, 97.9%, and 96.2%, and accuracies of 96.3%, 94.4%, 

and 98.0% in images obtained from Cirrus, Spectralis, and Triton OCTs, respectively. In the 

external datasets, the discriminative performance of the DL system in different OCT devices was 

performed similarly to that in primary dataset. In classifying presence or absence of DME, 

AUROCs, sensitivities, specificities and accuracies ranged 0.906 to 0.956, 81.4% to 100.0%, 

89.7% to 100.0%, and 92.6%-99.5%, respectively. In classifying CI-DME and non-CI-DME, the 

AUROCs, sensitivities, specificities and accuracies ranged 0.894 to 1.000, 87.1% to 100.0%, 

85.7% to 100.0%, and 91.3% to 100.0%, respectively, 

Table 3 shows the performance of the DL system for classifying presence or absence of other 

retinal abnormalities. In primary dataset, the AUROCs of the three OCT modalities were 0.948 

(95%CI, 0.930-0.963), 0.949 (95%CI, 0.901-0.996), and 0.938 (95%CI, 0.915-0.960), with 

sensitivities of 93.0%, 93.1% and 97.2%, specificities of 89.4%, 96.6% and 90.3%, and 

accuracies of 89.9%, 96.3%, and 91.0%. The performance in external datasets remained 

excellent. The AUROCs, sensitivities, specificities and accuracies ranged from 0.901 to 0.969, 

84.2% to 99.6%, 80.6% to 98.8%, and 91.0% to 98.0%. 



Figure 2 and Videos 1, 2, and 3 shows examples and corresponding heatmaps of eyes with 

DME of the three types of OCT devices, demonstrating that our DL system was able to pay 

attention at lesions related to DME identification. 

In the supplementary analysis, we further evaluated the performances of classifying DME 

(Supplementary eTable 1) and presence of other retinal abnormalities (Supplementary eTable 

2) at the B-scan level using images collected from Spectralis and Triton OCT. Moreover, we also 

evaluated the performance of DME classification among eyes with other retinal abnormalities 

(Supplementary eTable 3), and the performance of other retinal abnormalities among eyes with 

DME (Supplementary eTable 4) in the primary dataset was evaluated. Similar performances 

were demonstrated.  

 

DISCUSSION 

Accurate identification of DME and timely treatment can prevent vision loss.4, 34, 35 OCT is a 

powerful tool for detection of DME and its incorporation into screening programs was shown to 

be cost-effective.9, 14, 36 Nevertheless, current OCT classification does not provide information 

regarding specific eye diseases, and DME assessment from OCT still requires expertise from 

ophthalmologists or highly trained graders. In this study, we developed and validated a new DL 

system for automated classification of DME, covering both 3D and 2D OCT images depending 

on the type of OCT device, and obtained per-volumetric scan level results for each eye. 

Externally testing in unseen datasets collected from different centers was also performed. We 

showed that the proposed DL system had an excellent discriminative performance in classifying 



any DME, CI-DME and non-DME retinal abnormalities on images obtained from 3 widely used 

OCT devices.  

Most reported DL CNNs for DME detection on OCT were trained and tested mainly with 2D 

OCT images.20-24, 37, 38 For example, Kermany et al. and Lee et al. developed CNNs for 

classifying DME using 2D OCT images obtained from Spectralis OCT. Tsuji et al. and Thomas 

et al. also proposed DL systems trained with images from Cirrus HD-OCT, achieving 

sensitivities over 90%. In the present study, we trained a CNN model to detect DME using 3D 

volumetric images obtained from Cirrus HD-OCT with comparable performance. There are two 

advantages of training DL system using 3D volumetric scan-level OCT images. First, it is 

difficult and time consuming to label a large number of B-scans by experts to conduct such 

supervised training. Using volume-level labeled image for training through the proposed CNN 

reduced the burden of labeling work with maintaining the excellent performance. Second, 

comparing with 2D B-scans, 3D image enables volume measurement in the area of interest 

within the retina, allowing for more accurate quantitative measurement of retinal pathological 

changes. It has been suggested that increased macular thickness and volume on OCT may be 

predictive of diabetic patients progressing to clinical DME.39 The excellent performance of the 

proposed CNN trained by 3D OCT images indicated a possibility of accurate quantitative 

prediction of retinal volumetric data, and even prediction of DME development in the future. It 

should be noted that the per-volumetric scan results of Spectralis OCT and Triton OCT were 

obtained from the prediction of a series of B-scans according to the presence-based strategy 

described in the Methods section, because only separated B-scans were exportable from the raw 

files, unlike the Cirrus HD-OCT that the entire volumetric cube can be exported.    



In the present study, the presence of DME was further classified into CI-DME and non-CI-DME 

by the DL system. Indeed, the categories of DME determine the re-examination, referral to 

ophthalmologists, and treatment recommendations in different resource settings, according to the 

International Council of Ophthalmology (ICO) Guidelines for diabetic eye care. 9  For DME 

treatment, patients with non-CI-DME may be observed until progression to center-involved, or 

focal laser can be performed to treat leaking microaneurysms if DME is threatening the fovea. 

Where the patient demonstrates CI-DME and associated vision loss, intravitreal anti-VEGF 

treatment with ranibizumab, bevacizumab, or aflibercept therapy can be considered.9 Such 

classification of DME by the DL system will help to triage patients into different urgency level 

of referral and follow-up intervals efficiently. It will also save medical resources, especially in 

those low- or intermediate-resource regions or countries, by enabling ophthalmologists to 

provide priority medical service to those who need medical treatment immediately to prevent 

blindness, and better utilization of expensive specialist resources and shorter hospital waiting 

time. 

The proposed DL system showed excellent performance in detecting DME not only on the 

primary dataset, but also on all the external datasets (all AUROCs ≥0.90), demonstrating a high 

degree of generalizability that the DL system achieved. Sensitivities and specificities were 

slightly dropped on some of the external datasets. We identified three possible reasons for this. 

First, it might be due to the inter-dataset variation in OCT images obtained by different OCT 

model in the same manufacture (e.g. Cirrus HD-OCT 4000 and Spectralis OCT 1 were used in 

the primary dataset, while Cirrus HD-OCT 5000 was used in the External-2 dataset and 

Spectralis OCT 2 was used in External-4), such as differences in calibration and image intensity 

(e.g., background noise and brightness). Second, the discrepancy might be due to the 



racial/ethnic diversity between the primary and external datasets. It is reported that there are 

ethnic variabilities of retinal structure (e.g. foveal architecture40 and vascular morphology41) 

which may have a potential influence on the DL system in the DME classification. Despite these 

issues, the performance of our proposed DL system with sensitivity values >80% will be 

adequate for screening.34, 42 

Most of the previously reported DL systems focus on one disease only.21, 22, 37, 43, 44 Our study 

goes beyond previously published work by detecting non-DME retinal abnormalities additionally 

for individuals with DM, which will enhance the applicability in real-world clinical settings. 

Training a DL system using OCT images with multiple diseases in addition to DME may be 

difficult to achieve a good performance, because some pathological changes (i.e., epiretinal 

membrane, and drusen) show similar features with DME. However, developing the DL system 

using OCT images involving multi-diseases is more representative of the populations for routine 

screening. Our proposed DL system showed excellent performances in detecting DME not only 

among all cases, but also among those cases with other retinal abnormalities, and vice-versa 

(results are shown in Supplementary eTable 3 and 4), suggesting great potential of clinical 

utility.     

DL CNNs for DME detection on OCT trained and validated in images obtained from only one or 

two types of commercialized OCT modality have been well reported in the last few years.3, 19, 20, 

22, 37, 38, 45 In this study, we trained CNNs to detect DME with images obtained from 3 

commercial OCT devices. The proposed DL system represents a generalized platform that could 

potentially be applied to a wide range of OCT modalities to make clinical decisions. Although 

digital imaging and communication medicine (DICOM) standard make OCT images from 

different manufacturers reasonably consistent, it is a compressed format that may result in 



information lost. Therefore, we trained the DL system using raw data (i.e., IMG file exported 

from Cirrus HD-OCT, E2E file from Spectralis OCT, and FDS file from Triton OCT) exported 

from each OCT manufacturer.  

Previous studies trained their DL systems for detection of retinal pathologies, either focusing on 

segmentation of relevant pathological markers (i.e., macular fluid),19, 22, 24 or classification of 

presence or absence of specific pathologies on OCT scans.20, 21, 23 Although segmentation 

approach for fluid quantification provides visualized and quantitative outcomes, it requires a vast 

number of B-scan level ground truths (i.e., pathologies delineated from each B-scan) labeled by 

skilled technicians. Such detailed labels are often not available, and as such, limit the usability of 

the approach. In the present study, we trained our DL system to classify DME and other retinal 

abnormalities applying segmentation-free classification approach to reduce the time and 

manpower requirements for labeling work, making it possible to train and validate the DL 

system with large datasets (more than 100,000 OCT images) whilst maintaining the excellent 

performance. 

There were several strengths of the present study. First, our DL system can analyze OCT images 

from 3 commercially available OCT devices, and it was tested in unseen multi-center datasets 

including images from different racial/ethnic background and geographical locations (i.e., Hong 

Kong, mainland China, US, and Australia). Second, heatmaps were generated by the DL system 

to visualize the discriminative image regions and allowed for a better understanding of the 

features that the DL system used to perform the classifications. However, several limitations 

should be considered. First, we trained and tested our DL system only on gradable OCT images. 

Indeed, an initial gradeability assessment is essential, as it combines quality checks for image 

acquisition and inclusion, prior to disease classification. We have started developing a separate 



3D CNN for automated filtering of ungradable OCT volumetric scans obtained from Cirrus HD-

OCT.  In our preliminary analysis, the CNN for Cirrus OCT achieved an AUC of 0.884 with an 

accuracy of 0.873 to distinguish gradable or ungradable OCT volume (unpublished data; Ran 

AR, et al.). This will be incorporated in the next version of the DL system. Second, the types of 

other retinal abnormalities were relatively limited, and its numbers were small in the primary 

training dataset. Further expansion and refinement of the DL system are needed.  

In summary, we developed, validated and externally tested a multi-task DL system to identify 

DME, CI-DME, and other retinal abnormalities from images obtained from 3 commercial OCT 

devices with excellent performance. It offers an AI-based approach with the potential to be applied 

in clinical settings for complementing and enhancing existing DR screening programs, by saving 

resources and increasing workflow efficiency. 
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