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Abstract
Background  Diabetic macular edema (DME) is a leading cause of vision loss in diabetes, with variable responses 
to anti-vascular endothelial growth factor (anti-VEGF) therapy in DME patients. Current diagnosis relies on optical 
coherence tomography (OCT) imaging, but manual interpretation is limited. This study aims to integrate 3D-OCT 
features and clinical variables to develop machine learning (ML) models for predicting anti-VEGF treatment outcomes.

Methods and analysis  Medical records and 3D-OCT images of DME patients were included in this study. The 
3D-OCT images were categorized into good and poor visual response groups based on the best corrected visual 
acuity at one month after three consecutive anti-VEGF treatments. The images and clinical features were subjected 
to assessment by 11 automatic classification models for anti-VEGF treatment responses in DME patients. The top 3 
performing models were selected to build an ensemble model, and evaluated in the test dataset.

Results  This study included 142 patients with 3D-OCT images of 170 eyes. A total of 20 image and clinical 
features were selected for the model construction and test in DME patients responded to anti-VEGF therapy. 
Adaptive boosting (AdaBoost), GradientBoosting, and light gradient boosting machine (LightGBM) exhibited better 
performances than the remaining 8 models. The ensemble model constructed achieved a sensitivity of 0.941, 
specificity of 0.882, and accuracy of 0.912 in the test dataset, with an area under the receiver operating characteristic 
curve of 0.976.

Conclusion  This study established an ensemble ML algorithm based on 3D-OCT images and clinical features for 
automatic detection of treatment responses to anti-VEGF treatment in DME patients to predict the efficacy of anti-
VEGF treatment in DME patients and assist clinicians in optimal treatment decisions.

Keywords  Diabetic macular edema, Anti-VEGF treatment, Machine learning, Optical coherence tomography.
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Introduction
Diabetic macular edema (DME), a major complica-
tion of diabetic retinopathy (DR), is the leading cause of 
irreversible visual impairment and blindness in diabetic 
patients [1–3]. DR is an epidemic issue [4]. According 
to the International Diabetes Federation, approximately 
537  million adults aged 20 to 79 were diagnosed with 
diabetes in 2021, with 103  million affected by DR [5]. 
By 2045, the number of DR patients is expected to reach 
162 million, one-third of whom will develop DME [5–8].

At present, the most effective treatment for DME is 
intravitreal injection of anti-vascular endothelial growth 
factor (anti-VEGF) agents [9, 10]. Although anti-VEGF 
therapy showed better performances than retinal laser 
photocoagulation and steroids, approximately 30–40% of 
patients exhibit suboptimal or no response to the treat-
ment [11–13]. The high cost and frequent injections in 
anti-VEGF therapy impose significant economic and 
adherence challenges to the patients [14, 15]. Together 
with the variability in responses to the anti-VEGF treat-
ment it is warranted to develop an automated and 
accurate predictive system to predict the outcomes of 
anti-VEGF treatment.

Currently, DME diagnosis primarily depends on opti-
cal coherence tomography (OCT) images. However, the 
interpretation of the images is time-consuming and, even 
the experienced clinicians cannot fully explain the treat-
ment outcomes of all patients [16].With the advancement 
in artificial intelligence, machine learning (ML) has been 
demonstrated the effectiveness and efficiency in handling 
image analysis in ophthalmology [17]. In 2021, a deep 
learning (DL) model has been developed for automated 
diagnosis and classification of DME based on the OCT 
images from various OCT devices [18]. In 2022, various 
classification and prediction models to forecasting the 
responses to anti-VEGF treatment in DME patients have 
been developed, and they exhibited outstanding perfor-
mance in predicting structural and functional param-
eters and providing clinical recommendations up to six 
months in advance [19]. However, these models primar-
ily focused on imaging features and did not incorporate 
clinical indicators. Previous reports indicated that sys-
temic factors (gender, age, and hypertension) [20] and 
ocular structural changes (disorganization of the retinal 
inner layers (DRIL), hyper-reflective foci (HRF), exter-
nal limiting membrane/ellipsoid zone (ELM/EZ)) can be 
the influential predictors for the anti-VEGF treatment 
responses [21–29]. Herein, in this study, we aimed to 
integrate the three-dimensional (3D)-OCT imaging fea-
tures and clinical variables to construct ML models to 
predict the visual outcomes to the anti-VEGF treatment 
in DME patients.

Methods
This is a single-center cross-sectional study. The dataset 
was obtained from the patients diagnosed with DME and 
treated with anti-VEGF agents at the Joint Shantou Inter-
national Eye Center (JSIEC) of Shantou University and 
the Chinese University of Hong Kong from January 2019 
to January 2023. The anti-VEGF agents used included 
ranibizumab (Novartis Pharma Schweiz AG, Switzer-
land), aflibercept (Bayer AG, Germany) and conbercept 
(Chengdu Kanghong Biotech Co., Ltd., China). The data-
set was divided into training set and test set in a ratio of 
8:2. This study has been approved by the Human Medical 
Ethics Committee at JSIEC, which is in accordance with 
the Helsinki Declaration.

Data collection
The data collection included 3D-OCT images of the 
macular area before and after anti-VEGF treatment, and 
basic clinical information, including age, sex, eye later-
ality, best-corrected visual acuity (BCVA), examination 
time, diagnosis, diabetes stage, hypertension, lipid levels, 
and medications. The 3D-OCT images used in this study 
were obtained from Topcon DRIOCT Triton (Topcon 
Corporation, Japan), Topcon 3D-OCT 2000 (Topcon 
Corporation, Japan), and Cirus HD-OCT 5000 machines 
(Carl Zeiss Meditec, Germany). The imaging using Top-
con DRI OCT Triton adopted the 3D Macula scanning 
mode with a 6 × 6 mm scan area centered on the macula, 
512 A-scan and 256 B-scan signals, a scanning speed of 
50,000 scans/second, a scanning depth of 2.3 mm, and a 
longitudinal resolution of 5–6  μm. The scanning mode 
for Topcon 3D OCT 2000 and Cirus HD-OCT 5000 
instruments was 512 × 128, with an axial resolution of 5 
rm. The 3D images centered on the fovea were generated 
after imaging. All 3D-OCT images collected in this study 
were captured by the experienced technicians.

The inclusion criteria of the study subjects included:
(1) Patients aged > 18 years old; (2) Diagnosed with 

diabetes mellitus and DME; (3) Received three consecu-
tive injection of anti-VEGF agents within three months 
(with a 4–6-week interval), with baseline clinical param-
eters and 3D-OCT images before and at the final follow-
up after the third injection, and the final follow-up time 
at one month and five days after the third injection; (4) 
Series of 3D-OCT images centered on the fovea, with no 
deviation from the foveal center, clear and complete reti-
nal layer structures, no significant masking signals in the 
macular area, no other lesions or artifacts, and grayscale 
image channel selected; and (5) The 3D-OCT images 
with a quality score > 20 for Topcon DRIOCT Triton and 
Topcon 3D-OCT 2000 or signal value ≥ 4/10 for Cirrus 
HD-OCT 5000.

 
The exclusion criteria included:
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(1) Concomitant other types of fundus diseases, includ-
ing but not limited to Vogt-Koyanagi-Harada syndrome, 
retinal vein occlusion, Coats’ disease, retinal artery occlu-
sion, Eales disease, retinal detachment, and retinitis pig-
mentosa; (2) Anterior segment diseases affecting vision, 
such as keratitis, corneal opacities, and trachoma; (3) 
Received ocular surgery within six months before anti-
VEGF treatment or during the study period, including 
cataract, glaucoma, vitreoretinal, and corneal surgeries; 
(4) Incomplete macular area structure or deviation of 
the image center from the foveal center in the 3D-OCT 
images; and (5) Despite passing the image quality assess-
ment, various reasons resulted in missing sequences of 
two-dimensional tomography, leading to incomplete 
macular area structure or masking signals in the macu-
lar area. Image quality less than 20 for Topcon DRI OCT 
Triton and Topcon 3D OCT 2000, and image quality 
score less than 4/10 for Cirrus HD-OCT 5000.

Image quality classification: The 3D-OCT images were 
classified into good quality, qualified quality, and unac-
ceptable quality. The images with unacceptable quality 
were excluded, while the images with good or qualified 
quality were included, with each set of images including 
three images before and after the anti-VEGF treatments 
at center fovea for annotation. The study initially involved 
160 DME patients received three anti-VEGF treatments, 
resulting in a total of 190 eyes with 190 sets of 3D-OCT 
images. After quality screening, 142 patients with 170 
eyes and 170 sets of 3D-OCT images were included.

Image preprocessing and annotation
The 3D-OCT images were obtained from three dif-
ferent OCT machines, each with varying dimensions. 
The images were processed using the Canny algorithm, 
Gaussian denoising, and pixel filling. The dark regions at 
the top and bottom of the images were cropped, retaining 
only the central region of interest. Finally, all images were 
cropped into a size of 384 × 384 pixels.

Two experienced readers independently annotated the 
3D-OCT images from the Cirrus OCT reader or Top-
con OCT reader. If their annotations were consistent, it 
became the final result. In cases of any inconsistency, the 
annotations were reviewed by a senior retinal special-
ist, and his annotation became the ultimate result. The 
annotations included the response classification, DME 
subtype, and definitions and annotations of biological 
markers on the OCT images (Table 1).

Variable analysis
To select the variables from the 21 parameters, we con-
ducted the variable selection based on the correlation 
measures. For continuous variables, the Pearson corre-
lation coefficient test was adopted. For categorical vari-
ables, Cramer’s V test was applied. High correlation was 

defined as > 0.9, and we excluded the variables with high 
correlations. The remaining variables were included as 
independent variables in the model construction.

Model training and evaluation
The 170 selected sets of 3D-OCT images were used to 
establish the anti-VEGF treatment response classification 
models using three commonly used convolutional neu-
ral network algorithms (Google Inception-v3, Xception, 
Inception-ResNet-V2). The dataset was split into training 
and test sets in an 8:2 ratio according to the number of 
patients. Each model generated a predicted probability 
of a good visual response. Eleven ML algorithms were 
used to construct the ML models based on the image 
prediction probabilities, corresponding clinical informa-
tion, and annotated content. The selected ML algorithms 
included: logistic regression (LR), Naïve Bayes, support 
vector machine (SVM), K-Nearest neighbors (KNN), 
RandomForest, ExtraTrees, extreme gradient boosting 
(XGBoost), light gradient boosting machine (LightGBM), 
GradientBoosting, adaptive boosting (AdaBoost), and 
multi-layer perceptron (MLP) [30–41]. The ML models 
were evaluated on the test set by the accuracy, sensitiv-
ity, specificity, F1 score, and area under the receiver oper-
ating characteristic (ROC) curve (AUC). To test for the 
accuracy of different ML models in anti-VEGF treatment 
response prediction and to select the ML models with 
outstanding performance, the ROC curve and the AUC 
were used as the comprehensive evaluation metrics.

Results
In total, the macular 3D-OCT images of 170 eyes from 
142 DME patients were included. The mean age of the 
patients was 58.1 ± 10.9 years old, with 62 males (43.7%) 
and 80 females (56.3%). There were 81 left eyes (47.6%) 
and 89 right eyes (52.4%), with 87 sets of images from 
Topcon DRI OCT Triton, 59 sets from Topcon 3D OCT 
2000, and 24 sets from Cirrus HD OCT 5000 (Table 2).

Based on the final BCVA improvement of log-
MAR > 0.1, the 3D-OCT dataset was divided into good 
and poor visual response. We observed that there were 84 
sets of 3D-OCT images with good visual response with, 
and 86 sets of 3D-OCT images with poor visual response. 
In the training set, there were 72 sets of 3D-OCT images 
classified as good visual response and 12 sets of 3D-OCT 
images classified as poor visual response. In the test set, 
there were 66 sets of 3D-OCT images classified as good 
visual response and 20 sets of 3D-OCT images classified 
as poor visual response (Supplementary Table 1).

For the 21 clinical and OCT features, high correlation 
was found for triglycerides, and it was not included for 
further analysis. The remaining 20 clinical and OCT fea-
tures were included in the model construction.
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The performance analyses of each model in the train-
ing and test sets revealed that Gradient Boosting (accu-
racy of 0.912, AUC of 0.939, and F1 of 0.914), AdaBoost 
(accuracy of 0.853, AUC of 0.965, and F1 of 0.828), and 

LightGBM (accuracy of 0.794, AUC of 0.948, and F1 of 
0.774) showed better performances in the test set (Sup-
plementary Table 2). These three models were further 
selected for the construction of the ensemble algorithm, 

Table 1  Annotations of OCT images and clinical features
Abbreviations Full Terms Classification Criteria
Annotations of OCT Images
Eye Eye laterality 0: Left; 1: Right
CFT1 Central foveal thickness of patients before treatment, µm -
Cystic cavity Maximum cystic cavity diameter / maximum macular 

thickness
0: ≤30%; 1: 30%~60%; 2: ≥60%

Maximum cystic cavity diameter Maximum cystic cavity diameter, µm -
ELM_EZ External limiting membranes /ellipsoid zone in 1 mm diam-

eter of fovea
0: The first and second outermost bands 
on OCT are visible;
1: Defect ≤ 200 μm;
2: Defect > 200 μm.

ELM_EZ integrity Integrity of the external limiting membrane/ellipsoid zone 
within a 1 mm diameter of the fovea,, µm

-

DME Morphous Diabetic macular edema morphous 1: Diffuse macular thickening;
2: Macular cystoid edema;
3: Serous retinal detachment;
4: More than two types.

DRIL Disorganization of retinal inner layers 0: No;
1: Yes

HRF Hyper-reflective foci 0: None;
1: 1 ~ 10;
2: More than 10

SF Subretinal fluid 0: No;
1: Yes

Diagnosis Staging of diabetic retinopathy 0: Non-Proliferative Diabetic Retinopathy;
1: Proliferative Diabetic Retinopathy

Clinical Features
Sex Patient’s sex 0: Female; 1: Male
Age Patient’s age, years -
logMar1 Vision of patients before treatment -
Drugs Medications used for intravitreal injection in patients 1: Conbercept;

2: Aflibercept;
3: Ranibizumab

Hypertension Hypertension, mmHg -
Cholesterol Cholesterol, mmol/L -
HDL High-density lipoprotein, mmol/L -
CR Creatinine, ummol/L -
LDT Low-density lipoprotein, mmol/L -
Triglycerides Triglycerides, mmol/L -

Table 2  Clinical data from 3D-OCT dataset
Topcon DRI OCT Triton Topcon 3D OCT 2000 Cirrus HD OCT 5000 Total Cohort

Patients, No. 70 52 20 142
Sex, No.(%)
Male 30(48.40) 21(33.86) 11(17.74) 62
Female 40(50.00) 31(38.75) 9(11.25) 80
Study eye, No.(%) 87 59 24 170
Left 39(48.15) 28(34.57) 14(17.28) 81
Right 48(53.93%) 31(34.83) 10(11.23) 89
Age, mean (SD), y 60.68(8.96) 56.49(9.84) 52.46(15.82) 58.12(10.91)
3D-OCT image, No. 87 59 24 170
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which achieved an accuracy of 0.912, AUC of 0.976, and 
F1 score of 0.914 in the test set (Table 3). In the test set, 
the ensemble algorithm achieved a sensitivity of 0.941, 
specificity of 0.882, accuracy of 0.912, and AUC of 0.976 
(0.937-1.000) (Fig. 1).

The results demonstrate that the model maintains high 
discriminative performance across different devices, par-
ticularly Topcon systems. The relatively lower AUC (0.67) 
observed with Zeiss devices may indicate performance 
variations, though further validation is needed due to the 
limited sample size.

For the ensemble algorithm construction, the contrib-
uting variables included the integrity of external limiting 
membranes/ellipsoid zone (importance score of 3.691), 
the vision before treatment (importance score of 3.452), 
subretinal fluid (importance score of 3.352), high-density 
lipoprotein-cholesterol (importance score of 1.668), med-
ications used for intravitreal injections (importance score 
of 0.668), low-density lipoprotein-cholesterol (impor-
tance score of 0.449), hypertension importance score of 
0.333), disorganization of retinal inner layers (impor-
tance score of 0.333), age (importance score of 0.035), 
creatinine (importance score of 0.006), maximum cystic 
cavity diameter (importance score of 0.005), and central 
foveal thickness before treatment (importance score of 
0.005). The remaining variables had an importance score 
of 0. Using 1.5 times the mean as the relative thresh-
old, variables with importance scores above this relative 
threshold were identified as effective variables, included 
the integrity of external limiting membranes/ellipsoid 
zone, the vision before treatment, subretinal fluid and 
high-density lipoprotein-cholesterol (Fig. 2).

Discussion
This study utilized 3D-OCT images from three differ-
ent OCT machines to build a comprehensive database, 
integrating 20 variables of clinical parameters and OCT 
features, to develop an ensemble ML algorithm for anti-
VEGF treatment response prediction in DME patients. In 
this study, after three consecutive anti-VEGF treatments, 
84 eyes (49.4%) showed good visual response. The pro-
portion of good visual response is consistent with previ-
ous studies [29]. Different response criteria selection may 
affect model performance. A previous study reported a 
model based on 10% decrease in total retinal thickness to 
predict the retinal thickness in DME patients after anti-
VEGF treatment, achieving an AUC of 0.866 [41]. More-
over, an anatomical response classification model based 
on 10% decrease in central foveal thickness before and 
after treatment achieved an AUC of 0.923 [42]. In addi-
tion, a predictive model for anatomical responses in DME 
patients based on 25% decrease or 50  μm reduction of 
central macular thickness achieved an AUC of 0.923 and 
accuracy of 75% [43]. In this study, we adopted the final Ta
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BCVA improvement of logMAR 0.1 as compared to the 
baseline BCVA as the classification criterion, achieved an 
AUC of 0.976 in the ensemble algorithm in the test data-
set (Fig. 1).

Among the 11 tested ML models, LightGBM, Gradi-
entBoosting, and AdaBoost were applied in the ensem-
ble model construction based on their performances. 
Consistently, a previous study developed an ensemble 
ML system comprising DL and CML models to predict 
central foveal thickness and BCVA after anti-VEGF treat-
ment in DME patients with integration of information 
from multiple sources achieved an AUC of 0.94 for CFT 
prediction and 0.81 for BCVA prediction [44]. Other 
studies also showed that the ensemble models perform 
better than the individual constituent models [45, 46], 

consistent with our results that the ensemble model by 
LightGBM, GradientBoosting, and AdaBoost demon-
strated better performance in classifying the responses to 
the anti-VEGF treatment in DME patients as compared 
to the individual ML models (Table 3).

In this study, four features, including the integrity of 
the external limiting membrane/ellipsoid zone, vision 
before treatment, subretinal fluid, and high-density lipo-
protein-cholesterol, were identified as effective variables. 
In previous studies, the integrity of the external limit-
ing membrane (ELM) and ellipsoid zone (EZ) has been 
widely recognized as an important indicator of the extent 
of retinal microstructural damage [47, 48]. Research has 
shown that structural disruption of the ELM and EZ is 
often closely associated with poor visual prognosis [49]. 
During anti-VEGF therapy, patients with intact ELM/EZ 
typically exhibit better treatment responses, suggesting 
that this region may play a critical role in photorecep-
tor functional recovery. Additionally, the concentration 
of high-density lipoprotein (HDL) is considered an inde-
pendent risk marker associated with the severity of DR 
in patients with type 2 diabetes [50]. It is involved in the 
inflammatory activation of vascular walls and is linked to 
vascular endothelial dysfunction [51, 52]. Vision before 
treatment (baseline best-corrected visual acuity, BCVA) 
is also an important prognostic indicator. Studies by 
John et al. [53] and Ozlem et al. [54] demonstrated that 
patients with lower baseline BCVA tend to show poorer 
visual improvement after treatment. This may be because 
severely impaired vision suggests advanced structural 
damage to the macula, thereby limiting the potential for 
improvement. The presence of subretinal fluid (SRF) has 
been associated with favorable visual outcomes follow-
ing anti-VEGF therapy. Jeff et al. [55] proposed that eyes 
with SRF exhibit higher VEGF levels and are therefore 
more likely to achieve significant anatomical and visual 
improvements after anti-VEGF treatment. Moreover, 
the resolution of SRF can serve as an indirect measure of 
treatment response. These clinical and imaging features 
not only emerged as effective variables in this study but 
also align with findings in the existing literature. This 
further validates their value as predictive factors in anti-
VEGF therapy and enhances the interpretability of our 
predictive model.

There were several limitations in this study. First, the 
sample size was relatively small, and an external test set 
was not included, which may limit the generalizabil-
ity of the findings. Second, although multiple studies 
have demonstrated varying treatment effects of differ-
ent anti-VEGF agents in DME patients [56, 57], we did 
not conduct separate analyses based on the type of anti-
VEGF agent used. Future studies could aim to develop 
algorithms that predict treatment outcomes for specific 
anti-VEGF agents. Third, although we normalized image 

Fig. 1  Performance comparison between the ensemble model and indi-
vidual constituent models
(A): ROC curves of each selected model and the ensemble model on the 
test set; (B): The confusion matrix of AdaBoost; (C): The confusion matrix of 
GradientBoosting; (D): The confusion matrix of LightGBM; (E): The confu-
sion matrix of the ensemble model; AUC: Area Under the Curve; AdaBoost: 
Adaptive Boosting; GradientBoosting: Gradient Boosting; LightGBM: Light 
Gradient Boosting Machine; ensemble: Ensemble Model; 1: Good Vision 
Response; 0: Poor Vision Response
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resolution and appearance during preprocessing, differ-
ences between imaging devices may still influence model 
behavior. Our stratified AUC analysis revealed that the 
model performed consistently well on Topcon 3D OCT-
2000 and Triton devices, but its performance was lower 
on the limited subset of Zeiss Cirrus HD-OCT images 
(n = 4, AUC = 0.667). This discrepancy may reflect differ-
ences in image characteristics or clinical profiles associ-
ated with each device and also underscores the challenge 
posed by the small sample size. In future work, we plan 
to explicitly incorporate device type as a feature in the 
model or apply domain adaptation techniques to further 
mitigate such effects.

Conclusions
In conclusion, we developed an integrated ML system 
based on 3D-OCT images and clinical features for auto-
matic detection of treatment responses to anti-VEGF 
treatment in DME patients to predict the efficacy of 

anti-VEGF treatment in DME patients and assist clini-
cians in optimal treatment decisions.
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Fig. 2  Feature importance score of predictions from the ensemble model. ELM_EZ: external limiting membranes /ellipsoid zone in 1 mm diameter of 
fovea; logMar1: Vision of patients before treatment; SF: Subretinal fluid; HDL: High-density lipoprotein; Drugs: Medications used for intravitreal injection in 
patients; LDT: Low-density lipoprotein; DRIL: Disorganization of retinal inner layers; CR: Creatinine; CFT1: Central foveal thickness of patients before treat-
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