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Purpose: To develop and evaluate deep learning (DL) models for detecting 
multiple retinal diseases using bimodal imaging of color fundus photography 
(CFP) and optical coherence tomography (OCT), assessing diagnostic 
performance and generalizability.
Methods: This cross-sectional study utilized 1445 CFP-OCT pairs from 1,029 
patients across three hospitals. Five bimodal models developed, and the model 
with best performance (Fusion-MIL) was tested and compared with CFP-MIL 
and OCT-MIL. Models were trained on 710 pairs (Maestro device), validated on 
241, and tested on 255 (dataset 1). Additional tests used different devices and 
scanning patterns: 88 pairs (dataset 2, DRI-OCT), 91 (dataset 3, DRI-OCT), 60 
(dataset 4, Visucam/VG200 OCT). Seven retinal conditions, including normal, 
diabetic retinopathy, dry and wet age-related macular degeneration, pathologic 
myopia (PM), epiretinal membran, and macular edema, were assessed. PM ATN 
(atrophy, traction, neovascularization) classification was trained and tested on 
another 1,184 pairs. Area under receiver operating characteristic curve (AUC) 
was calculated to evaluated the performance.
Results: Fusion-MIL achieved mean AUC 0.985 (95% CI 0.971–0.999) in 
dataset 2, outperforming CFP-MIL (0.876, P < 0.001) and OCT-MIL (0.982,
P = 0.337), as well as in dataset 3 (0.978 vs. 0.913, P < 0.001 and 0.962,
P = 0.025) and dataset 4 (0.962 vs. 0.962, P < 0.001 and 0.962, P = 
0.079). Fusion-MIL also achieved superior accuracy. In ATN classification, AUC
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ranges 0.902–0.997 for atrophy, 0.869–0.982 for traction, and 0.742–0.976 for 
neovascularization.
Conclusion: Bimodal Fusion-MIL improved diagnosis over single-modal 
models, showing strong generalizability across devices and detailed grading 
ability, valuable for various scenarios.

KEYWORDS

deep learning, diagnosis, fundus photography, optical coherence tomography, retinal 
disease 

1 Introduction

  

  
  

  

  
  

     

    
    

  
      

    
    

    
      

Abbreviations: AMD, age-related macular degeneration; AUC, areas under 
receiver operating characteristic curves; CI, confidence interval; CFP, color 
fundus photography; DL, deep learning; DR, diabetic retinopathy; DRI, Deep 
Range Imaging; ERM, epiretinal membrane; FA, fluorescein angiography; 
ICGA, indocyanine green angiography; ME, macular edema; MM-MIL, 
multimodal multi-instance learning; OCT, optical coherence tomography; 
PM, pathologic myopia; SD-OCT, spectral-domain optical coherence 
tomography; SS-OCT, swept-source optical coherence tomography.

   

2 Methods

   

2.1 Datasets

2.1.1 Inclusion/exclusion criteria

   

 

2.1.2 Image annotation
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FIGURE 1
Datasets in the current study. ATN, A for atrophy, T for traction, N for neovascularization; CFP, color fundus photography; OCT, optical coherence 
tomography; PM, pathologic myopia.

  

   

2.1.3 Dataset composition
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2.2 Development of the DL models

    

 

    

  

   

 

2.3 Evaluation of the DL models and 
statistical analysis

   

 

   

3 Results

3.1 Demographics and datasets

   

3.2 Model selection
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FIGURE 2
A simplified schematic workflow diagram of the deep learning system. We used stacked multimodal multi-instance learning (MM-MIL) models to 
predict retina conditions with color fundus photography (CFP) and optical coherence tomography (OCT) images.

   
 

3.3 Performance evaluation

 

   

    

3.4 Visualization and additional analyses

   

 

Frontiers in Cell and Developmental Biology 05 frontiersin.org

https://doi.org/10.3389/fcell.2025.1665173
https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org


Gu et al. 10.3389/fcell.2025.1665173

TABLE 1  Patient demographics and dataset distribution for multiple retinal conditions across institutions.

Institution Peking union medical college hospital Hunan 
provincial 
People’s 
hospital

P value Guizhou 
provincial 
People’s 
hospital

P value

Dataset 
(Device)

Training 
dataset 

(Maestro)

Validate 
dataset 

(Maestro)

Test 
dataset 1 
(Maestro)

Test 
dataset 2 

(DRI)

Test 
dataset 3 

(DRI)

Test 
dataset 4 
(Visucam 
VG200)
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TABLE 2  Patient demographics and dataset distribution for ATN classification in pathologic myopia.

Institution Training dataset Validation dataset Test dataset
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TABLE 3  AUC (95% CI) of Fusion-MIL (CFP + OCT), CFP-MIL, and OCT-MIL model for each retinal condition in 4 test datasets.

Fundus 
condition

Test dataset
1

value Test dataset 
2

value Test dataset 
3

value Test dataset 
4

value

(Maestro) (DRI) (DRI) (Visucam + 
VG200)
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TABLE 3  ( ) AUC (95% CI) of Fusion-MIL (CFP + OCT), CFP-MIL, and OCT-MIL model for each retinal condition in 4 test datasets.

Fundus 
condition

Test dataset
1

value Test dataset 
2

value Test dataset 
3

value Test dataset 
4

value

(Maestro) (DRI) (DRI) (Visucam + 
VG200)

 

4 Discussion
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FIGURE 3
Receiver operating characteristic curves for all retinal conditions in test datasets. AUC, areas under receiver operating characteristic curve.
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FIGURE 4
Original images and their activation heatmaps of abnormalities detected by deep learning models demonstrating representative changes of various 
retinal diseases. Original color fundus photography and optical coherence tomography images (above) and corresponding activation heatmaps 
(bellow) are shown.
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TABLE 4  Complete accuracy and partial accuracy of MIL models in 4 test datasets.

Test dataset Diagnostic accuracy CFP + OCT CFP value OCT value

 
 

  

 

TABLE 5  AUC of Fusion-MIL for ATN classification of PM and therapy decision.

Atrophic 
component

AUC (95% CI) Tractional 
component

AUC (95% CI) Neovascular 
component

AUC (95% CI)
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